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Abstract

We assess the career earnings losses that individual Swedish workers suffered when
their occupations’ employment declined. High-quality data allow us to overcome sort-
ing into declining occupations on various attributes, including cognitive and non-cognitive
skills. Our estimates show that occupational decline reduced mean cumulative earnings
from 1986-2013 by no more than 2-5 percent. This loss reflects a combination of reduced
earnings conditional on employment, reduced years of employment, and increased time
spent in unemployment and retraining. While on average workers successfully mitigated
their losses, those initially at the bottom of their occupations’ earnings distributions lost up
to 8-11 percent.
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1 Introduction

What are the career earnings losses that workers suffer when demand for their occupations de-
clines? This question is important for policy debates on responses to technologies that replace
workers (Acemoglu and Restrepo, 2019), and is relevant for broader discussions on labor market
transformations due to technological change (see for instance Brynjolfsson and McAfee, 2014,
Autor, 2015, and Caselli and Manning, 2019). New labor-replacing technologies no longer
threaten only machine operatives and clerical workers. Self-driving vehicles may reduce the
employment of drivers (Campbell, 2018), and artificial intelligence software challenges profes-
sionals such as lawyers and financial investors (Susskind and Susskind, 2015) and even fashion
designers (Scheiber, 2018). This is causing considerable angst. It is therefore important to
understand how costly occupation-replacing technologies are for workers, since this informs
our thinking about individual welfare, inequality, and human capital investments. It is also im-
portant for public policy decisions on taxation, redistribution, retirement, and education, and
may even have broader political consequences (Marx, 1867; Caprettini and Voth, 2017; Dal Bo,
Finan, Folke, Persson, and Rickne, 2019).

In this paper, we investigate the consequences for the career earnings and employment of
individual Swedish workers of large declines in demand for their occupations, which are driven
by technological change. We assemble high-quality population-level administrative data span-
ning several decades with a highly detailed occupational classification and a rich set of control
variables. Using these, we regress workers’ career earnings on an indicator for (large) occu-
pational declines, controlling for potential confounders as discussed below. We show that the
coefficient on the occupational decline indicator can be decomposed into the mean effect of
occupational decline on workers whose occupation declines relative to those whose occupation
does not, plus a selection term.

This selection term represents the mean difference in outcomes between workers whose
occupation declines and other workers in absence of any occupational decline. To address
this selection problem, we show that adding individual-level controls addresses individual-level
selection on cognitive and non-cognitive skills and parental backgrounds. We also control for
occupation-level characteristics, to address the concern that declining occupations would have
delivered different outcomes in absence of occupational decline.

To learn more about the mean effect of occupational decline on workers in declining occu-
pations, we consider how the underlying processes affect workers whose occupations do not de-
cline. Workers in non-declining occupations are likely to gain, at least on average, through two
channels: first directly, as demand increases for occupations that drive technological change;
and second indirectly, as rising incomes increase demand more broadly. Some workers in non-
declining occupations may still lose from technological change if their occupations experience

small falls in demand, a possibility we address by considering different cutoffs for declining



and non-declining occupations. Overall, we expect technological change to benefit the average
worker (Caselli and Manning, 2019; Humlum, 2021). During the period of our study, Swedish
workers’ incomes rose substantially (for example, Graetz, 2020, reports that the real growth
of median wages in Sweden was around 1.8 percent per year). Moreover, mean wages (and
earnings) in Sweden increased over the period we study not only in the aggregate, but also for
all subgroups formed by age-by-gender-by-education cells. In sum, therefore, our regression
estimates likely provide an upper bound on the magnitude of the losses incurred by workers
whose occupations decline. Across a range of specifications and robustness checks, we find
that this bound is around 2-5 percent of earnings from 1985-2013. This indicates that at least
on average, Swedish workers in declining occupations were able to avoid large income losses.

As our main measure of occupational decline, we use the US Occupational Outlook Hand-
books (Bureau of Labor Statistics, 1986, 2018, henceforth OOH), which allows us to identify
which occupations declined in the US since the mid-1980s; to check whether occupational
declines had likely technology drivers; and to gauge expectations of employment growth at the
time. For reasons that we discuss below, our baseline definition of occupational decline requires
that employment contracted by at least 25 percent since the mid-1980s, though we also explore
many alternative definitions, including declines using a range of thresholds as well as measure
computed using only the Swedish data. We match the occupational information from the OOH
to individual-level panel data on the entire Swedish population. Thus, we utilize the best aspects
of both countries’ data: the US data allow us to characterize occupational employment growth
and control for anticipated changes in demand, while the Swedish data let us follow individuals
who differ in their exposure to occupational declines, but were otherwise very similar.

Focusing on cohorts that were in prime working age from the mid-1980s till the mid-2010s,
we study how cumulative long-run outcomes (such as earnings and employment) differ for
those who in 1985 worked in occupations that subsequently declined. We control for the ini-
tial selection of workers into declining occupations by gender, age, education, income, and
location in 1985. We show that conditional on these controls, those in occupations that sub-
sequently declined had similar cognitive and non-cognitive skills and parental education and
earnings, and similar pre-1985 earnings, as other workers. In some specifications we add other
controls, including measures of occupation-varying life-cycle profiles and predictors of occupa-
tional employment growth, as well as broad occupation and industry dummies. We show using
pre-period data that our rich set of controls plausibly addresses the occupation-level differences
in outcomes in absence of occupational decline.

We confirm that both our OOH-based measure of occupational decline and the predicted
changes in US employment correlate strongly with the employment changes in Sweden. Specif-
ically, Swedish workers who started out in occupations that subsequently declined were exposed
to employment growth that was 20-40 log points lower than in non-declining occupations. We

find that relative to workers with similar characteristics in non-declining, those in declining oc-



cupations lost about 5 percent of mean cumulative pre-tax earnings and 2 percent of mean cu-
mulative employment. And compared to similar workers in similar occupations and industries,
the cumulative earnings losses were only around 2 percent, and the cumulative employment
losses were around 1 percent. The implied elasticity of relative employment losses with respect
to occupational employment growth ranges from 0.04-0.05, and that for earnings losses ranges
from 0.08-0.13.1:2

We also find that those in declining occupations were significantly less likely to still work
in their 1985 occupation in 2013, and the implied elasticity of remaining with respect to em-
ployment growth ranges from 0.71-0.95. If occupational demand curves slope downward, such
a strong mobility response likely mitigated the earnings losses for those who remained in de-
clining occupations.

While mean relative earnings losses from occupational decline were around 2-5 percent,
those in the bottom tercile of their occupation’s earnings distribution in 1985 suffered larger
relative losses, amounting to 8-11 percent. Those at the bottom (and possibly also the top) of
their occupation’s earnings distribution were also less likely to remain in their starting occupa-
tion than the median worker.

We further find that occupational decline increased the cumulative time spent in unemploy-
ment (accounting for roughly a third of lost employment) and retraining (accounting for just
under ten percent of lost employment). Moreover, occupational decline led to slightly earlier
retirement among middle-aged (in 1985) workers. While most of our analysis focuses on overall
occupational decline, we also investigate variation stemming from technological replacement
using three distinct methods, none of which is mechanically related to the other. We find that
all three measures of technological replacement are associated with employment and earnings
losses for individual workers that are broadly similar to those in our main estimates.

To frame our empirical analysis of the consequences of occupational decline, we construct
a qualitative Roy (1951) model with occupational demand shocks. As discussed above, we find
that the largest earnings losses from occupational decline in Sweden are incurred by those who
earned the least within their initial occupations. This finding is inconsistent with the frictionless

Roy model, but it is consistent with a version where occupational switching costs decline in the

Our paper focuses on changes that result in large-scale occupational declines, rather than task-replacing tech-
nologies that change the work done within occupations. Nevertheless, we note that workers performing similar
tasks may be exposed to similar demand changes. Indeed, we find that the difference in occupational employment
growth between declining and non-declining occupations decreases in magnitude when we control for broad occu-
pational categories. This is reflected in the implied elasticities. There may also be spillovers as workers move from
declining occupations into other occupations requiring similar tasks. In a robustness check, we find that spillovers
matter to an extent, but do not overturn our main conclusions.

2We estimate mean earnings and employment losses from occupational decline that are similar in magnitude
or possibly even smaller using micro data from the US (National Longitudinal Survey of Youth 1979); the NLSY
estimates are, however, noisier than those using Swedish data. Nevertheless, these findings suggest that our es-
timates of losses from occupational decline may generalize to settings beyond Sweden. See the earlier working
paper version for details (Edin, Evans, Graetz, Hernnis, and Michaels, 2019).



workers’ ability in the destination occupation. Moreover, our empirical analysis sheds light on
the nature of the occupational switching costs, as almost half of the employment losses we esti-
mate are accounted for by a combination of increased retraining and especially unemployment.

Our model can account for additional empirical findings when we also allow for worker dis-
placement. In this case, those with lower initial within-occupation earnings rank suffer larger
earnings losses from occupational decline; switchers’ earnings losses may be larger than those
of stayers; and switching probabilities are U-shaped in initial earnings, whereby low-earning
workers switch occupations if displaced, while high-earning workers switch regardless of dis-
placement when faced with occupational decline.

Taken together, our results suggest that most workers have coped well with occupational
decline, in part through successful occupational switching, which is an encouraging message
for workers facing the risk of technological displacement today. One exception to this generally
positive finding is that low-ranked workers suffer larger losses from occupational decline.

Occupational decline is a salient feature of the evolution of labor markets (Goldin, 2000).
But despite its importance, past work provides relatively little evidence about its consequences
for individuals’ careers. While there is a large literature on the costs of occupational mobility,
we are not aware of previous estimates of workers’ earnings losses from negative occupation-
level demand changes.>

Our paper is distinct from panel studies of workers who differ in the routineness of their
jobs.* A key difference is that we can compare similar workers, even doing similar work, with
different exposure to occupational decline.’

Our paper also differs conceptually from studies of mass layoffs. Occupational decline can
sometimes be managed through retirement and reduced hiring, allowing workers to change jobs
without leaving employment; and occupational decline need not entail severe spillovers for local
labor markets, unlike mass layoffs (Gathmann, Helm, and Schonberg, 2018). While magnitude
comparisons across studies should be interpreted with caution, the mean loss that we find from

occupational decline is generally lower than the loss from mass layoffs.® Finally, our paper also

3Cortes and Gallipoli (2017), Kambourov and Manovskii (2009), Pavan (2011), and Sullivan (2010) estimate
the human capital losses associated with switching occupations. An older literature, including Neal (1995) and
Parent (2000) studies the cost of moving across industries, while in other related work Gathmann and Schonberg
(2010) and Poletaev and Robinson (2008) focus on task-specific human capital. Changes in the task content of
existing occupations (for instance Spitz-Oener, 2006), while also potentially relevant, are outside the scope of our
study due to data limitations.

4See for example Cortes (2016), Autor and Dorn (2009), and Bachmann, Cim, and Green (2019).

3Also related is independent work by Schmillen (2018), who studies employment shocks faced by German
apprentices, although our paper differs in its research question, econometric inference, and outcomes.

6Studies of mass layoffs in Sweden find losses of 4-6 percent of annual earnings in the 5-10 years following
displacement (Eliason and Storrie, 2006; OECD, 2015). In the US losses from displacement are generally larger
and range from 7-14 percent of earnings (Davis and Von Wachter, 2011), or possibly even higher for workers who
were highly attached to their firms (Jacobson, Lal.onde, and Sullivan, 1993). Galaasen and Kostgl (2018) and Bana
(2019) explore how mass layoffs’ effects differ for occupations facing negative demand shocks, but their focus is
still on mass layoffs



differs from studies of trade shocks, which affect import-competing firms and industries, while
the changes we study typically affect individual workers within firms.

Our paper is also related to Dauth, Findeisen, Suedekum, and Woessner (2018), who ex-
plore how workers fare who are exposed to industrial robots; and to Battisti, Dustmann, and
Schonberg (2017), who investigate how firm-level technological and organizational change af-
fects workers’ careers. Our paper differs by exploring the consequences of a broader set of
changes in occupational employment. Furthermore, our paper is related to the literature on pos-
sible future displacement due to technological changes. Forecasts of occupational displacement
range from almost 50 percent (Frey and Osborne, 2017) to around 10 percent (Arntz, Gregory,
and Zierahn, 2017, who obtain a lower estimate by taking into account within-occupation het-
erogeneity in tasks). At the same time, Bessen (2016) concludes that technology has, at least
so far, not been a net destroyer of jobs. Even if this benign aggregate trend continues, how-
ever, some occupations may be replaced by technology, and our study offers a way to assess the
losses from occupational displacement.

We conclude the introduction with brief remarks on the setting we study. Sweden’s economy
and labor market institutions constitute the backdrop to most of our empirical analysis. During
the period of our study, the Swedish economy experienced a deep recession in the early 1990s
and a milder one in 2008 (Lindbeck, 1997; Gottfries, 2018), and we find that earnings losses
in declining occupations were worse during those recessions. Wage inequality in Sweden in-
creased during the 1980s and 1990s and remained relatively stable thereafter (Skans, Edin, and
Holmlund, 2009). Swedish labor market institutions have been characterized by strong labor
unions and substantial public spending on labor market policies. Unions have generally em-
braced technological changes to promote productivity and wage gains, while expecting that
active labor market policy will help displaced workers find work (Edin and Holmlund, 1995).
There is, indeed, some evidence that Sweden’s occupational retraining programs raise earnings
(Vikstrom and van den Berg, 2017), so they may have contributed to the modest losses from
occupational decline that we find.” At the same time, our finding of noisier but similarly mod-
est mean earnings and employment losses from occupational decline in the US (Edin, Evans,
Graetz, Hernnis, and Michaels, 2019), suggests that workers find ways to mitigate losses from
occupational decline even in other settings.

The remainder of our paper is organized as follows. Section 2 presents our model, Sections
3 and 4 discuss our data and empirical strategy, respectively, Section 5 presents our results, and
Section 6 concludes.

7 Another feature of Swedish labor market institutions are so-called employment security agreements reached
between labor unions and business associations, and administered by works councils. These agreements stipu-
late counselling of laid-off workers to minimize the duration of their unemployment. We do not consider these
agreements important in driving our results because, first, private sector blue-collar workers were only covered
from 2004 onwards, and second, a careful evaluation of these agreements does not find strong support for positive
treatment effects (Andersson, 2017).



2 Occupational decline in a Roy model

This section presents a simple model to help us frame our empirical investigation. We consider
two occupations, one of which is hit by a negative demand shock, and we qualitatively study the
resulting sorting of workers and the costs they incur. We investigate how workers’ likelihood
of leaving the affected occupation, and their earnings losses, depend on their initial earnings.
Starting from a standard frictionless Roy (1951) model, we successively introduce positive and
potentially heterogeneous costs of switching occupation; as well as the possibility that workers
are displaced from their jobs and incur a cost to find a new job even when remaining in their
initial occupation. Finally, we consider how workers’ sorting differs when the negative demand
shock is anticipated in advance. A complete, self-contained exposition of the model is given in
the online appendix. Here we only summarize the main elements.®

We consider a competitive economy with a continuum of individuals indexed by i who live
for two periods 7 € {1,2} and each supplies a unit of labor inelastically each period. There are
two occupations indexed by k € {A, B} for the workers to choose from. Workers’ per-period log
earnings are given by y;; = My + O — cirs, Where Ty, is the time-varying and stochastic (log)
price of a unit of output in occupation k, oy is the time-invariant (log) amount of output that
worker i produces in occupation k, and cj; > 0O is a time cost related to occupational switching,
which we discuss below.? There are no saving opportunities and earnings are consumed imme-
diately. We define the life-time expected utility function as E[y;1 + Byiz], where B > 0 is a
discount factor. In each period, workers choose the occupation that maximizes their expected
utility. As a normalization, we assume that workers always choose occupation A if indifferent.
Since we focus our analysis on relative wages, we define 7, = 7p, — Ty, and assume for sim-
plicity that 7; = 0. As we discuss in Section 4.1, our empirical analysis proceeds in two steps.
First, we characterize conditions for identifying the effect of occupational decline on those in
declining occupations relative to others. And second, we discuss the additional assumptions re-
quired to identify a bound on the absolute losses of those in declining occupations. The model is
focused on the first part. Prices are determined in equilibrium by supply and demand. However,
here we take them as given, and analyze the consequences of a change to prices occurring in
period 2 for occupational sorting and earnings. Note that the second period may be interpreted
as all periods following this change, so B could be larger than one. For simplicity, we assume
that o4 and o;p are independent and both uniformly distributed between zero and some finite
but possibly large number &. We explain in the online appendix that our main results are robust
to alternative assumptions about the joint skills distribution.

In period 2, there is a negative demand shock to occupation A such that 4y — 74 = —d and

8Gola (2021) provides a different but related theoretical analysis of technological change in a two-sector model.

9The time cost may reflect search or retraining (or both); we assume throughout that a worker’s wage equals
the value of her marginal product, e™ ™% We thus abstract from any job-level rents that may arise in the presence
of search frictions.



=d,d > 0. This may be due to labor-replacing technology becoming available, or cheaper,
in occupation A. We are interested in the consequences of the shock for the earnings of workers
who start out in occupation A, under various assumptions about switching costs and anticipation
of the price change. Formally, let [; = E[y;| 0, kit = A,Ds = 0] — E[yin|tia, kit = A, D = 1]
be the expected earnings loss in period 2 that results from the shock, conditional on worker i
starting out in occupation A, and conditional on her ability (and hence earnings rank) o4, where
the occurrence of the shock is indicated by Dy € {0,1}. Similarly, 5*'“" and I;'Y denote the
earnings losses further conditioned on leaving and staying, respectively, and p; is the probability
of switching.!” The overall loss is given by
= 5 = py (17 k). (1)
As long as there is no displacement then ll-S Y — d and by revealed preference ll.SW“Ch <d, so that
l; <d. Thus, switching enables workers to mitigate the losses from occupational decline. In the
online appendix we show that in each version of our model, %’Z; >0, 32 > 0 (with strict inequal-

ities for some i): the larger the drop in demand, the more workers switch, and the higher are

dli _ _ dp;i (gstay switch gIsviteh
earnings losses. Furthermore, 5 - an = " oa [ =1 + pi—j4—- In other words, losses
decrease with initial within-occupation earnings rank if the sw1tch1ng probability is increasing

qwuch

,aa > (0 and aa, < 0.

We start with the simplest case, where occupational prices 7, are revealed at the start of

and the loss of switchers decreasing in initial earnings rank

each period and there are no switching costs. Hence, occupational choice is a sequence of static
decisions that can be analyzed in isolation. Panel (a) of Figure 1 illustrates occupational choices
in the two periods as a function of workers’ skills. The set of workers who start out in occupation
A but then switch to B is indicated by the blue area in the figure. Given uniformly distributed
ap ’ [ >0, and

skills, the figure shows that < 0. We show in the online appendix that also al’
that 57 - o> 0: mean losses from occupational decline increase with initial earmngs

T0 understand the intuition for these results, call occupation A “typist” and occupation B
“cashier”, where typists suffer a negative demand shock. The worst typists could only become
the worst cashiers, otherwise they would have chosen to be cashiers in period 1. But the best
typists can at most become the best cashiers, and in general they will not all be the best cashiers.

Therefore, the best typists are less able to mitigate their earnings losses by becoming cashiers,

10Formallly,
I = li(04a,d) = Eli|oi, ki =A,Da =0] —E[yn|ttia, kit =A,Ds = 1],
prith = ysviteh (g, d) = Elyp|tia, kit =A,Da = 0] —Elyn|ti, ki = A,kip = B,Ds = 1],
Y = '™(oj,d) = Eln|tia, ki =A,Da=0]—Elyn|o, ki =Akp =A,Ds = 1],
pi = pi(aa,d) = Pkpn=Blki =A,044,Ds =1).



and they suffer larger losses than the worst typists. This argument suggests that switching
probabilities are decreasing and earnings losses are increasing in ability under a large set of
alternative assumptions on the skill distributions.

Next, we assume there is a constant switching cost ¢ € (0,d) for moving between occupa-
tions. Occupational choice is no longer a period-by-period decision. Instead, workers choose
in period 1 the occupation with the highest expected present discounted value of log earn-
ings, net of switching costs. Let us assume that occupational log prices follow a random walk,
E[m,] = ) = 0, where the last equality is due to our earlier simplifying assumption.!! Panel
(b) of Figure 1 shows that occupational choices are qualitatively similar to the baseline model,
except that the blue region marking the workers who switch is smaller than in panel (a). Again
we have 8(371,; > 0.

Instead of a constant switching cost, let us now assume that the cost for moving from A to
B equals C — g, with C > @ (symmetrically, the cost of moving from B to A equals C — ¢j4).
This structure of switching costs captures in a reduced form way the frictions that occupational
moves may entail: for example, job search may take time, and those more able in the new occu-
pation may find a job more quickly. We continue to assume that occupational log prices follow
a random walk. Panel (c) of Figure 1 shows that low-ability workers do not leave occupation

switch

A, and among high-ability workers, ;Tp; > 0. We show in the online appendix that aé’ o < 0

(taking into account earnings losses due to the time cost of switching), so that aiTl:A < 0: mean
losses from occupational decline (weakly) decrease with initial earnings.

In terms of the example above, in this case the worst typists do not switch, because their
initial choice of occupation A reveals not only low earnings potential in occupation B but also
a large switching cost. Among the best typists, however, many possess substantial earnings
potential as cashiers, as well as low switching costs. Therefore, the best typists are on average
better able to mitigate their earnings losses by becoming cashiers, and hence the earnings losses
from the demand shock are smaller for the best typists than for the worst typists.!?

Building on the previous case, we now explore a version of the model that includes involun-
tary job displacement. Suppose that workers experience job displacement with some probability
that 1s independent of skill, and incur a time cost C — @i, to find a job in occupation k, be it the

starting occupation or a different one. Here we have in mind exogenous job losses, for instance

"The random walk assumption is consistent with our scenario of occupation A experiencing an adverse shock
in period 2. Since occupations are completely symmetric ex-ante, this is without loss of generality. Instead of the
random walk assumption we could impose that demand changes are somehow otherwise perfectly unforeseen, for
instance due to adaptive expectations.

2While our model excludes occupation-specific human capital, it does allow us to think about some of its
potential implications. For example, if all workers accumulate occupation-specific human capital additively (in
logarithms) the effects are similar to adding constant switching costs, since switching means foregoing this cap-
ital. And if the accumulation of occupation-specific human capital is faster for those with higher ability in the
occupations they initially select, they become less mobile, in contrast to the case of heterogeneous switching costs
discussed above. Either way, adding occupation-specific human capital does not help to rationalize our empirical
findings.



due to plant closure, which are a standard feature of search models (see for instance Pissarides,
2000). There is a fraction of high-ability workers who switch occupation regardless of dis-
placement. In addition, now a fraction of low-ability workers also switch, but only if they are
displaced. This is illustrated by the yellow area in panel (¢’) of Figure 1. Moreover, the earnings
losses experienced by these displaced movers are larger than those of non-displaced, compara-
ble stayers. This is by revealed preference: a worker in the yellow region prefers to remain if
not displaced, so her non-displaced counterpart (with the same period-1 earnings) necessarily
incurs a lower earnings loss. We show in the online appendix that ﬁTl:A < 0, as before. Unlike
in the case without displacement, however, p; is U-shaped in initial earnings. This is because
the probability of a displacement-induced switch is decreasing, and that of a voluntary one is
increasing in initial earnings. The earnings loss /; is again decreasing in initial earnings, as the
costs of moving jobs—both within and across occupations—decrease with initial earnings.'3

As a final variation on our model, we consider a case where period-2 prices are revealed
to be T, = d at the start of period 1. In the presence of switching costs, some workers that
would otherwise have chosen occupation A in period 1 instead start out in occupation B. This
means that the fraction of workers switching after period 1 is smaller, and it could even be zero
if switching costs are large. Since there is less switching, earnings losses are larger than in the
case of unanticipated shocks, for a given d.

We conclude this section by summarizing the main results from our model. The baseline
frictionless model makes three predictions: the probability of leaving a declining occupation
is decreasing in initial earnings; earnings losses due to occupational decline are increasing in
initial earnings; and earnings losses of those who leave a declining occupation are less than
the losses of those who remain. Anticipating that these predictions are inconsistent with our
empirical findings, we consider how occupational switching costs can reconcile our results.
Introducing an occupational switching cost that is decreasing in the worker’s earnings in the
destination occupation, leads to a positive relationship between switching probabilities and ini-
tial earnings, and a negative relationship between earnings losses and initial earnings. Allowing
for displacement, together with a cost of switching jobs within an occupation, implies that
switchers’ earnings losses may be larger than those of stayers. Moreover, displacement can
cause switching probabilities to be U-shaped in initial earnings, whereby low-earning workers
switch involuntarily if displaced, while high-earning workers switch voluntarily regardless of

displacement. 4

13We have also analyzed displacement under constant switching costs, that is, when workers incur a time cost
¢ > 0 to find a new job in A, or a cost ¢ to find a job in B. This case is illustrated by panel (b’) of Figure 1, and
details are given in the online appendix.

14 An alternative model of occupational decline is the hierarchical Roy model of Cortes (2016). There are three
occupations that differ by skill intensity—there is only one dimension of skill—and the declining occupation is
assumed to be the middle-skilled one. Among middle-skilled workers, both the lowest and highest paid leave
the occupation, while the medium paid workers stay. As in any frictionless Roy model, stayers incur the largest
earnings losses when an occupation declines. Therefore, the model of Cortes (2016) cannot explain our finding

10



3 Data

Our main empirical analysis uses individual-level longitudinal administrative data covering the
entire population of Sweden for several decades, and various editions of the Occupational Out-
look Handbook (OOH) published by the Bureau of Labor Statistics (BLS). Here we discuss key
elements of the data we use, and leave many of the details to the online appendix.

3.1 Data sources

Our primary sources for measuring occupational decline are the 1986-87 and the 2018-19 edi-
tions of the Occupational Outlook Handbook (Bureau of Labor Statistics, 1986, 2018). The
OOH describes the nature of work, the number of jobs, and the projected employment growth
for hundreds of occupations. For a subset of these occupations, more details are reported, in-
cluding (among much else) data on whether technology is expected to affect—or has already
affected—the occupation in question, and if so in what way. In the 1986-87 edition, 401 occu-
pations are described, covering about 80 percent of US employment. Detailed information is
available for 196 of these occupations, covering about 60 percent of employment. !

Our main outcomes of interest come from Swedish micro data. We obtain basic demo-
graphic (year of birth, gender, education, and county of residence) and labor market (employ-
ment status, annual earnings, and industry) variables from the Integrated Database for Labour
Market Research (LISA), a collection of administrative registers. For 1985-2013, LISA con-
tains one observation per year for every individual aged 16-64 living in Sweden. Key variables,
such as employment status and industry (as well as county of residence) are measured each
November. We also use individual data from the Swedish Public Employment Service (PES),
which contain information on the number of days registered as unemployed and number of days
spent in retraining programs administered by the PES, for all individuals ever registered with
the PES from 1992-2013.

To assess balance between treatment and control groups in terms of pre-determined charac-
teristics, we use information on cognitive skills (an 1Q-type measure) and non-cognitive skills
(capturing psychological traits such as the ability to cope with stress) from the military en-
listment. These data are described in detail by Lindqvist and Vestman (2011). We also use
information on parents’ education and income from the 1985 version of LISA.

Our data on workers’ occupations come from the population censuses, which were con-
ducted every five years from 1960-1990, and from the Wage Structure Statistics (WSS) for the

that the lowest-paid within the occupation incur the largest losses. And naturally, that model cannot speak to our
findings about unemployment and retraining.

15The number of distinct occupations in the OOH, as well as the number of occupations covered in detail,
increased over time, so our crosswalk from the 1986-87 to the 2018-19 OOH is mostly, though not always, one-to-
many.
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years 1996-2013.16 The WSS contains the population of public sector workers and a sample of
about 50 percent of private sector workers. We apply sampling weights when working with the
occupation variable from the WSS.

A useful feature of our data is that in the 1985 and 1990 censuses, workers’ occupation
is coded using a 5-digit classification, YRKES, containing about 1,400 distinct occupations.
This allows us to accurately merge occupation-level information from the US, as we describe
below. Unfortunately, such detailed occupation codes are not available after 1990. From 1996-
2013, a 3-digit classification containing 172 distinct codes, SSYK96, is available in the WSS.
This classification is different from YRKES, and the cross-walk between YRKES and SSYK96
likely introduces measurement error in workers’ occupations after 1990. This limits our analysis
of occupational employment shifts and individual workers’ occupational mobility during 1985-
2013.

Finally, we use information from the 1960 census, which allows us to calculate prior oc-
cupational employment changes at the 3-digit level using the YRKE3 classification, a coarser
version of YRKES (there are 229 distinct codes that cover the period 1960-85).

3.2 Construction of key variables

To construct our measure of occupational decline we begin with the OOH data. Mapping occu-
pations across the 1986-87 and 2018-19 editions of the of the OOH, we calculate the percent-
age growth in employment 1984-2016.!7 If, after a careful search, a 1986-87 occupation has
no counterpart in the 2018-19 edition, we classify it as having vanished, and assign a percent-
age growth of -100.'® While few occupations actually disappeared, some occupations declined
sharply, including both white-collar (typists, drafters, and telephone operators), and blue-collar
(precision assemblers, welders, and butchers) jobs.

We also record the projected employment growth of each occupation from the 1986-87
OOH.' The BLS constructs these predictions using a careful and lengthy procedure.?® In the

ohl 3

1986-87 OOH, forecasts were reported in categories: “declining”, “little or no change”, “in-
creasing slower than average”, “increasing about as fast as average”, and “increasing faster than
average”. We create a cardinal predicted growth index assigning these categories the numbers
1-5 (where higher numbers correspond to more positive predicted employment changes). We

report results both from using this index and using the categorical outlook variable.

16We also use individual-level earnings data for 1975 and 1980 from the population censuses.

7The 1986-87 OOH reports employment for 1984, while the 2018-19 edition reports 2016 employment.

18Between the 1986-87 and 2018-19 editions of the OOH, some occupations were split or merged, which we
take into account when computing the percentage growth. See the online appendix for details.

9We use US rather than Swedish employment forecasts since the Swedish forecasts from the relevant time
period are only at the one-digit occupation level (Sweden, 1990).

20Veneri (1997) evaluates the ex-post accuracy of the projections used in the 1986-87 OOH, and concludes that
it correctly foresaw most occupational trends, although there were non-trivial cases of error.
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In order to merge the OOH-based variables to the Swedish data, we map the 401 1986-87
OOH occupations to the 1,396 5-digit Swedish occupation codes available in the 1985 census.
We successfully map 379 US occupations to 1,094 Swedish occupations—we are able to find
corresponding US occupations for 91 percent of Swedish workers in 1985. We map percent-
age changes in US employment 1984-2016, as well as 1986-87 OOH predictions (categorical
and index), to Swedish 5-digit occupations using our crosswalk, applying weights (OOH 1984
employment shares) in the case of many-to-one matches.

We define a Swedish 5-digit occupation as declining if the weighted employment growth
of its corresponding OOH occupations is negative and larger (in absolute magnitude) than 25
percent. We regard this as a sensible threshold: smaller observed declines may result from
measurement error from matching OOH occupations over time. At the same time, we report
robustness checks using a number of alternative thresholds. We also use information from the
OOH to determine whether technology likely played a role in the decline, as we further explain
in the online appendix. In 1985, 13 percent of Swedish employees worked in subsequently
declining occupations, and 8 percent worked in subsequently declining occupations where the
decline is linked to technological change. Examples of sharply declining occupations in Swe-
den include both blue-collar (Vehicle fitter, Assembler of metal products, Machine fitter, and
Clothing seamstress) and white-collar occupations (Office telephone operator, Data reader, Data
machinist, and Typist). 2!

We also classify occupations as having been susceptible to replacement by specific technolo-
gies. Unlike the declines linked to technological change, these occupations were categorized
without relying on actual employment changes in the US (nor Sweden). We identify relevant
technologies using two approaches: a ‘manual’ one and an ‘algorithmic’ one. For the manual
approach, we consider whether we know of a technology that replaced all or nearly all of tasks
in the occupation. For the algorithmic approach, we use a pre-specified Google search query
to identify mentions of technology replacing workers in the occupation. An occupation is con-
sidered to have been replaced if the technology identified was commercially viable during the
period we study. In both cases, technological replacement is strongly positively correlated with
occupational decline. In 1985, 5.4 (3.7) percent of Swedish employees worked in occupations
that were replaced, as classified using the algorithmic (manual) approach.

We construct several left-hand side variables that characterize workers’ career outcomes
spanning the years 1986-2013, that is, starting with the first year after we measure treatment
and ending with the last year available in our data. We start by summing up years observed as
employed and real annual labor earnings, obtaining the variables cumulative years employed
and cumulative earnings. Following Autor, Dorn, Hanson, and Song (2014), we measure nor-

malized cumulative earnings, which is the ratio of cumulative earnings to predicted initial earn-

2IThis list includes occupations with at least 5,000 workers in 1985; whose decline measure fell by 50% or
more; and with distinct names, as opposed to “Other within [a broader category]”

13



ings.2> We consider further earnings measures—such as rank, discounted cumulative earnings,
and earnings growth—in robustness checks.

Our measure of long-run occupational mobility is a dummy variable that equals one if the
individual worked in the same 3-digit SSYK96 occupation in 2013 as 1985. It equals zero if
the individual works in a different occupation or is not employed.?> Using the PES data, we
calculate cumulative days spent unemployed and cumulative days spent in retraining during
1992-2013. We define dummy variables for ever unemployed and ever having participated in
retraining. Finally, we calculate the retirement age, where we define retirement as a continuous

spell of zero annual earnings up to and including age 64.24

3.3 Sample restrictions

Our starting sample contains all individuals born between 1921-1969 and hence aged 16-64 (at
some point) in 1985; who were employed in November 1985; whose annual earnings in 1985
were no less than the “base amount” (Swedish: basbelopp) specified by the social security ad-
ministration; and for whom we have the relevant demographic and labor market information.?
There are 3,061,051 individuals fulfilling the above criteria.2® Our baseline sample further re-
stricts the sample to those aged 25-36 in 1985. We drop younger workers, who are less likely to
have settled on an occupation. And we drop middle-aged and older workers from our baseline
sample because we want to focus on workers who did not reach retirement age by 2013, the end

of our period of study, in our main analysis. We analyze these older workers separately.

22The prediction comes from a regression of log earnings on a quartic in age and dummies for gender, county,
and seven education categories, run separately for each 3-digit SSYK96 occupation in 1985. We divide by pre-
dicted rather than actual initial earnings to eliminate transitory earnings variation, which would introduce an im-
portant role for mean reversion into the distribution of normalized cumulative earnings. Autor, Dorn, Hanson, and
Song (2014) divide cumulative earnings by earnings averaged across four pre-treatment years for the same reason.
Since we do not have annual earnings information prior to 1985, we normalize by predicted earnings instead.

230ur measure of occupational mobility does not capture any temporary exits during the intervening years if
workers returned to their initial occupation. A limitation of our data is that they are not conducive to studying
high-frequency occupational mobility: During the years 1986-1989 and 1991-1995, we do not observe workers’
occupation. And during 1996-2004, the SSYK96 variable contains substantially fewer distinct codes than from
2005 onwards.

24The LISA database includes individuals older than 64 only during later years. Since we do not consistently
observe individuals beyond age 64, we assume for all years that individuals aged 65 or older have retired.

2 The base amount is used as an accounting unit when calculating benefits, and it is typically equal to about
three months’ worth of full-time work at the median wage. As we do not observe hours worked or fulltime status,
we use the base amount to exclude individuals with little labor market attachment.

26There were 5,281,382 individuals aged 16-64 in Sweden in 1985. Of those, 4,186,512 were employed in
November 1985, and among them, 3,648,034 earned no less than the base amount during 1985. The reduction
to 3,061,051 is due to missing education, industry, or occupation information, including cases where YRKES
occupations do not have matches in the OOH. Table OA 1 shows that dropping observations with missing education,
occupation, and industry has very little effect on the sample composition in terms of gender, age, and base earnings.
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4 Empirical strategy

4.1 The estimating equations and their interpretation

Our objective is to estimate the consequences of occupational decline for individual workers’
careers. To fix ideas we consider occupational decline brought about by technological change,
and later consider other potential drivers of occupational decline.

Consider a regression of cumulative career outcomes—such as cumulative years employed,
or cumulative earnings—on an indicator for working in 1985 in occupations that subsequently
declined, conditional on a set of controls. The probability limit of the regression coefficient
on the declining indicator can be expressed as a difference in conditional means, which in
turn can be decomposed into the difference between a treatment effect on workers in declining

occupations and a treatment effect on workers in non-declining occupations, and selection bias:
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Here, y;» is the outcome of interest, such as cumulative earnings of individual i (who is
employed in occupation k;; in 1985) in period 2 (1986 through 2013). Our notation separates
declining occupations (A) from non-declining ones (B). D is an indicator for occupational
decline, which allows us to consider the hypothetical situation where occupational decline did
not take place. We motivate our use of an indicator for occupational decline in Section 4.2
below. x;; is a set of (yet unspecified) controls, which we also revisit below.

In our model, the selection term equals zero due to the symmetry assumptions we make,
and there is no need for controls. In practice, the identifying assumption for the regressions
without controls is too strong, because the selection term reflects both differences in individuals
sorting across occupations as well as differences between occupations A and B even in absence
of occupation decline. Our empirical strategy aims to mitigate both of these types of selection

concerns.
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Our first step towards addressing the sorting of individuals is to control for a rich vector
of individual characteristics in period 1, that is, in 1985: gender, age, educational attainment
and county of residence dummies, and earnings. To address potential concerns about sorting
on other dimensions of skill, we use data on cognitive and non-cognitive skills from the mili-
tary enlistment, which are available for men of a subset of cohorts for whom military service
was compulsory. We also check whether workers in declining occupations differ in other back-
ground characteristics, namely parental education and pre-1985 earnings.

But even if the controls resolve concerns about sorting on individuals’ characteristics, the
selection term may still be non-zero if earnings growth in occupations A and B would have
been different in the absence of occupational decline—that is, if a worker’s occupation affects
her earnings growth even without occupational decline. To mitigate this concern, we use data
from 1985 to estimate expected occupation-specific lifetime earnings profiles, which we add as
controls to the regressions.

To further control for differences between declining and non-declining occupations, we use
information from the 1986-87 OOH. The BLS authors went to great lengths to accurately fore-
cast occupational employment changes. Once we condition on predicted occupational growth,
we likely remove much of the differences between declining and non-declining occupations
that are related to workers’ sorting in anticipation of future demand. Since the occupational
decline and the forecasts that we use rely on US data, we also control for each occupation’s
level of employment and pre-existing employment growth trends in Sweden. Together, this set
of controls removes predictable variation in the declining indicator, and in this sense gets us
closer to isolating unanticipated declines. In some specifications we use two additional sets of
controls: broad (1-digit) occupation dummies and (2-digit) industry dummies. Adding these
controls comes at the cost of reducing the variation in occupational decline, since it only uses
variation in occupational decline between very similar occupations.

Addressing the selection concerns allows us to identify the net effect of occupational decline
on workers who start out in occupations that subsequently decline, relative to the effect of
occupational decline on workers who start out in non-declining occupations (the difference of
the two middle terms in equation (2)). This difference is equivalent to —IE[/;] in the model and
is interpretable as the effect of occupational decline on inequality between occupations.

To view equation (2) as informing us about the effect on earnings of occupational decline
on workers who start out in declining occupations, we need to make further assumptions about
its effect on workers in non-declining occupations. There are reasons to think that this effect
would be at least weakly positive, even if not all non-declining occupations gain. Increased de-
mand due to technological change may raise demand for workers in non-declining occupations
and may open new employment opportunities (Autor, 2015), and technological change should
lead to higher average wages under general conditions (Caselli and Manning, 2019). On the

other hand, there may be a secondary effect due an inflow of workers from declining occupa-

16



tions to non-declining ones, but its magnitude is likely to be modest (for calculations based on
structural models that are consistent with this intuition, see Acemoglu and Restrepo, 2021 and
Humlum, 2021). Finally, we note that real earnings and wages in Sweden have indeed increased
substantially during our sample period (Graetz, 2020), and the most likely explanation for such
growth over long periods of time is a technology-driven increase in productivity. Moreover,
mean wages (and earnings) in Sweden increased over the period we study not only in the ag-
gregate, but also for all subgroups formed by age-by-gender-by-education cells.?” Under the
assumption that workers in non-declining workers do not, on average, lose from occupational

decline, we get an inequality:
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In words, the observed difference in conditional earnings means is a lower bound for the
effect of occupational decline on workers in declining occupations. Since, as we discuss below,
we find that the observed difference is moderate in magnitude, the loss for those in declining
occupations is even more moderate.

To implement the empirical methodology outlines above, our estimating equation takes the

form
yi2 = BDy,, + vxi1 + 6x, + €, “4)

where Dy, is an indicator for working in 1985 an occupation that subsequently declined; x;;
is a vector of individual characteristics, measured in 1985, as discussed above; xj is a vector
of occupational characteristics; and &; is the error term, which we conservatively cluster by
three-digit Swedish occupations.?®

We provide further evidence that our identification strategy plausibly addresses the selection
issues by considering two additional sets of outcomes. First, we examine the earnings of work-
ers in the years before the occupational decline that we study. Second, we study the cumulative
earnings during the first few years of our study, when the effect of occupational decline were
likely limited.

A different question regarding our approach is whether occupational decline that is specifi-

?TSpecifically, we break the population of workers into three age groups (25-36, 37-48, and 49-60, as we do
elsewhere in this paper), by five education groups, and by gender. For all the resulting 30 groups, real earnings and
real wage rates increased by at least 1.2 and 1.4 percent per year, respectively, from 1985-2013.

28 As discussed above, some specifications also control for industry fixed effects.

17



cally linked to labor-replacing technologies has distinct consequences from demand-driven oc-
cupational decline in general. To provide evidence on the role of technology, we restrict some
of the analysis to occupational declines that are explicitly linked to concrete new technologies,
such as personal computers and robots. We also examine measures of technological replace-
ment that are solely based on an occupation’s exposure to labor-replacing technologies without
incorporating any information on employment changes.

Returning to the potential causes of occupational decline, we note that losses due to in-
creased international trade or offshoring are likely to follow a similar logic to the one outlined
above for technological changes, although admittedly there is less evidence on this.

One final step in our empirical analysis is to consider how the costs of occupational decline
may fall differently on workers with different initial earnings rank within their occupations, in

line with the discussion in the model section.

4.2 Rationale for measuring occupational decline using US data

Prior literature has documented that shifts in occupational employment are strongly correlated
across countries, see for instance Goos, Manning, and Salomons (2014) documenting job po-
larization across European countries, and in particular Adermon and Gustavsson (2015) on job
polarization in Sweden. Here we explain why using measures of occupational decline from the
OOH is not only feasible, but also desirable.

We begin by explaining why we prefer this measure of decline to an alternative measure
using the SSYKO96 codes. First, there are 401 OOH codes compared to just 172 (three-digit)
SSYKO96 codes, and having more codes affords us more variation from small and declining
occupations. For example, it lets us separate typists, whose employment fell sharply, from sec-
retaries, whose employment grew. To use the OOH codes we match them to YRKES codes,
but since the YRKES are more numerous we do not lose much variation. Second, since the
SSYK96 codes were introduced from 1996 they reflect a judgement on an occupation’s impor-
tance made after the start of the occupational decline that we study. Consequently, SSYK96 are
more likely to pool occupations with low employment in 1996 (including declining ones) with
non-declining occupations. Because the 2018-19 OOH separately describes even occupations
with very low employment, this is less of a problem for our approach. Finally, using occu-
pational declines measured in Sweden as a regressor where the dependent variable is change
in earnings creates a problem of simultaneity. This problem is mitigated by using the OOH
measure.

At this stage readers may also ask: why do we report reduced form results using the OOH
decline measure rather than use it as an instrument for occupational decline measured in Swe-
den using SSYK96? Our rationale for the reduced form approach is that it preserves much more

of the variation that we are interested in, for several reasons. First, as noted above, if we use
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measures based on SSYK96 codes, we lose much of the variation in occupational decline be-
cause of the coarseness of the classifications and the lower likelihood of separating occupations
in decline. Second, 2SLS would exacerbate this problem, since it only uses part of the varia-
tion in the decline. Finally, as we show below, while we still have power to detect changes in
occupational decline in Sweden, once we control for predicted changes we are left with a weak
instrument.

Nonetheless, we sometimes report the implied elasticities of our outcome variables with
respect to occupational employment growth in Sweden as an additional way of assessing mag-
nitudes. Given the caveats just mentioned, these elasticities are likely upper bounds, as the
measured Swedish employment change is biased towards zero due to the absorption of declin-
ing occupations into broader categories in the SSYK96 classification.

Still another question is why we focus only on occupational declines instead of using the full
variation in OOH occupational change. Again there are several factors that influence our choice.
First, declines are interesting from the perspective of their social costs and policy implications.
Second, large declines in employment are likely driven by declines in labor demand, and we use
several alternative measures of technological replacement to corroborate our findings. Finally,
as we explain below, we use different cutoffs in the regressions as well as graphical evidence
to show that the costs of occupational change are concentrated among those who experience
substantial occupational declines; increases or moderate declines seem to matter little relative
to each other. Nevertheless, for completeness we also report estimates using the full variation
in occupational changes.

To conclude, we note that in order to better assess the quantitative importance of the es-
timated earnings losses, we relate them to the estimated impacts on occupational mobility, as

well as to Swedish occupational employment growth.

5 Empirical analysis

In this section we present the findings from our empirical analysis. First, we quantify occupa-
tional decline in Sweden and discuss sorting into declining occupations. Second, we study how
employment, earnings, and occupational mobility differed for workers in declining occupations.
Third, we investigate how the consequences of occupational decline differed by workers’ initial
within-occupation earnings rank. Fourth, we explore some of the mechanisms through which
occupational decline operates, including unemployment, retraining, and early retirement. Fifth,
we examine whether occupational declines with observed links to technology has distinct con-
sequences. At the end of this section, we interpret our findings through the lens of the theoretical

model from Section 2.
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5.1 Occupational decline and sorting across occupations

We begin by quantifying workers’ exposure to occupational decline. In Table 1 we report esti-
mates of equation (4), where the dependent variable is log employment change from 1985-2013
in each worker’s three-digit occupation. Panel A shows estimates for workers aged 16-64 in
1985, and Panel B focuses on our main sample of workers—those aged 25-36 in 1985. The re-
sults, which are similar across panels, suggest that workers in declining occupations are exposed
to a log employment change that is about 50 log points lower than for workers in non-declining
ones; about 40 log points lower when we compare observationally similar workers; and lower
by about 20-30 log points when we also include occupation and industry controls. It is impor-
tant to keep these results in mind when interpreting our findings from putting individual-level
career outcomes on the left-hand side of equation (4). While adding more controls reduces the
risk of omitted variables bias, the results in Table 1 show that this also leaves less variation
in exposure to occupational change. We also note, as discussed in Section 4.2, that these esti-
mates likely understate the employment decline for 5-digit occupations, which we are unable
to measure.”” Table OA2 reports similar estimates, aggregated by three-digit occupations and
weighted by 1985 Swedish employment shares, using our main sample of workers.

Having described the extent of occupational declines, we turn to the sorting of individu-
als in 1985 into subsequently declining occupations. Table 2 presents results from regressions
of several individual characteristics on an intercept and the declining indicator. The top panel
considers the entire working-age population with non-missing demographic and labor market
information, and the bottom panel focuses on our main sample. In both cases, the sorting pat-
terns are similar: those in occupations that subsequently declined were of similar age, and more
likely to be male, less educated, and more likely to be employed in manufacturing. Coinciden-
tally, the gender gap in earnings is offset by the differences in schooling, and on net, the workers
in subsequently declining occupations had similar earnings to others in 1985.

We next investigate whether there is sorting into declining occupations based on cognitive
skills, non-cognitive skills, and parental attributes, and if so, whether any differences in these
variables disappear once we control for the individual characteristics described in the previous
paragraph. Columns (1) and (4) in panel A of Table 3 show that in 1985, the cognitive and non-
cognitive skills of men in subsequently declining occupations were lower than those of the other
men by about 0.2-0.25 standard deviations. But the table also shows that our set of demographic
controls (columns (2) and (5)) and additional controls largely solves the selection problem, as

the estimates with controls are small and not statistically significant. Panels B and C repeat the

The difference of 50 log points translates into an employment decline of about 18 percent. Let y; be the log
employment change assigned to each individual based on her 1985 5-digit occupation, and D; be the declining
indicator. From the regression y; = a + B D; + & we obtain E[exp{y;}|D; = 1] = exp{a + B} E[exp{&}|D; = 1],
and plugging in our estimnates, exp{0.06 — 0.49} x 1.26 = 0.82. As we argue in the text, this likely understates
the actual average decline in the 5-digit occupations.
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analysis for mothers’ and fathers’ schooling and earnings in 1985, which have the advantage of
being available for women as well as men. The pattern is qualitatively very similar to that of
the military skill measures: working in a subsequently declining occupation is associated with
lower parental schooling and earnings, but these differences disappear once adding controls. In
sum, Table 3 suggests that, although there is negative selection into occupations that later de-
cline, most of this selection can be mitigated using suitable controls such as education and 1985
earnings. To the extent that minor negative selection persists in the regressions with individual
controls, these regressions may slightly overstate the negative effect of occupational decline on
workers, but this is not a concern once we add all the controls.

As a final check for sorting into declining occupations, we investigate earnings in 1980 for

the older cohorts in our baseline sample (individuals aged 25-31 in 1980).3°

Again we find
that conditional on individual-level characteristics, there are essentially no differences in prior
earnings, as seen in Figure OA2. Taken together, the results in this section suggest that con-
cerns about sorting into declining occupations are largely alleviated when we include suitable

controls.

5.2 Main results on employment, earnings, and occupational mobility

Table 4 reports results from estimating equation (4) using our main sample of workers aged 25-
36 in 1985. Panel A shows that workers in declining occupations spent about nine fewer months
(0.73 fewer years) in employment from 1986-2013 (column (1)). Once we add individual con-
trols, this estimate reduces to about six months, or about two percent of the sample mean of
about 23 years (column (2)). Next, we add more controls and compare those who experienced
occupational declines to observationally similar workers in similar occupations and industries.
These specifications suggests that the losses from occupational decline averaged about two
months (0.2 years) of employment, or about one percent of the sample mean (columns (3)-(6)).

Panel B of Table 4 reports results from using cumulative earnings 1986-2013 as the out-
come. Column (1) shows that working in a declining occupation was associated with 350,000
Swedish Krona (SEK) lower cumulative earnings, or about 5 percent of the sample mean.’!
When including individual controls, the estimated loss is similar, though the confidence inter-
val is much tighter (column (2)). Further adding occupational controls cuts the loss to less than
two percent of the sample mean.

In panel C we examine earnings losses from occupational decline using an alternative earn-

30Earnings data for the population of Swedish workers are not available at annual frequency prior to 1985. We
obtain prior earnings from the population censuses, which were carried out every five years until 1990.

3'We inflate all SEK figures to 2014 levels. Average annual earnings of Swedish workers, conditional on being
employed in November and earning at least the base amount during the year, were SEK190,200 in 1985 and
SEK330,800 in 2013, in terms of 2014SEK. We do not express these amounts in USD due to exchange rate
fluctuations. For instance, SEK1,000 were worth about USD150 in January 2014, but about USD130 in December
2014, and about USD110 in October 2018.
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ings measure: cumulative earnings divided by predicted initial earnings (see Section 3.2 for
details on the construction of this variable). Depending on the controls included, the estimated
losses in cumulative earnings range from around 100 to 220 percent of initial annual earnings,
or from 2.5-5.7 percent in terms of the sample mean, quite similar to the results in panel B.3?

In Figure 2, we present a dynamic counterpart to the results reported in panel B, columns (2)
and (6) of Table 4. Here we use as outcomes each year’s earnings and cumulative earnings from
1986 up to the year indicated on the horizontal axis of each chart. The top right panel of Figure
2 is suggestive of a smooth process of occupational decline, with earnings losses building up
gradually. However, the top left panel reveals that losses in annual earnings suffered by workers
in declining occupations were larger during the 1990s and late-2000s recessions.>> The picture
is similar when we divide the coefficients by the mean of cumulative earnings at each horizon
(bottom panels). As before, the losses are smaller when we include occupation and industry
controls.

Next, we investigate occupational mobility. Table 5 reports estimates of equation (4) with
indicators for working in 2013 in the same occupation as in 1985 (or in a similar ones) as
outcomes. As we do not want to condition the sample on being employed in 2013 (which
is also an outcome), we have that ‘not remaining’ in the same occupation could reflect either
occupational switching or non-employment, a point to which we return below.

Column (1) in panel A of Table 5 shows that the probability of remaining in the same 3-
digit occupation was around 14 percentage points lower in declining occupations, compared to a
mean of 29 percent in our sample. In other words, by 2013 a little over 70 percent of all workers
had left their 1985 occupations (or left employment altogether), and the probability of staying in
the same occupation was roughly halved for those starting in declining occupations. When we
compare observationally similar workers, occupational decline appears to reduce the probability
of remaining in the 1985 occupation by 11 percentage points, and when further restricting the
comparison to similar occupations and industries, the estimate falls to 4.5 percentage points.
Panels (B) and (C) of Table 5 show similar, albeit somewhat smaller, coefficients when we look
at the probability of remaining in more broadly defined (2-digit or 1-digit) occupations. It is
noteworthy that even when we consider 1-digit occupations, only about 40 percent of the sample
remained in the same broadly defined occupation over the 28-year period that we study.’*

Having presented our main results on career employment, career earnings, and occupational
mobility, we now return to the issues of interpretation alluded to in Section 4.1 and the question
of magnitudes discussed in Section 4.2. Our results from including individual, occupation, and

industry controls (column (6) in Tables 4 and 5) plausibly provide us with conservative esti-

¥Below we discuss results using alternative functional forms for cumulative earnings.

3These results are related to Jaimovich and Siu (2020), who find that recessions hit routine employment partic-
ularly hard.

34For related discussions of the importance of switching occupations in the presence of technological change,
see Cortes (2016) and Caselli and Manning (2019).
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mates of the losses from occupational decline—about 2 percent of mean cumulative earnings
over 28 years—given the balance of pre-determined characteristics conditional on these con-
trols, as well as the fact that no earnings losses appear in the first 5-10 years (Figure 2). As
argued in Section 5.1, the specification only controlling for individual characteristics (column
(2) in Tables 4 and 5) may slightly overstate the losses from occupational decline—35 percent of
mean cumulative earnings—as it leaves minor differences in some of the pre-determined char-
acteristics. In addition, Figure 2 shows earnings losses based on this specification already in the
years immediately after 1985. On the other hand, we have also seen that the extent of occupa-
tional decline is much reduced when including occupation and industry controls (columns (2)
and (6) in Table 1). This brings us to the discussion of magnitudes.

We calculate the elasticities of our outcome variables with respect to occupational employ-
ment growth in Sweden by taking the reduced form estimates reported in Tables 4 and 5 (ex-
pressed in percent of the outcome mean) and dividing them by the difference in occupational
employment growth between declining and non-declining occupations reported in Table 1. This
yields elasticities of 0.04-0.05 for cumulative employment, 0.08-0.13 for cumulative earnings,
and 0.71-0.95 for remaining in the initial occupation (the ranges again refer to columns (2) and
(6) in the relevant tables). Recall from the discussion in Section 4.2 that these numbers are
likely upper bounds on the true elasticities. Nonetheless, they support the interpretation that on
average, occupational decline results in a modest loss in career employment, a somewhat larger
but still modest loss in career earnings, and in contrast, a strong occupational mobility response.
These estimates potentially mask substantial heterogeneity, however, which we investigate in
Section 5.3.

5.2.1 Robustness of main results

Our first set of robustness checks relates to the choice of functional form of occupational de-
cline. The declining indicator is based on a 25-percent cutoff, conservatively identifying oc-
cupations whose (US) employment fell substantially since the mid 1980s. We also explore a
range of alternative cutoffs and find that higher cutoffs (in the sense of isolating larger employ-
ment declines) usually result in larger estimated losses and mobility responses. In addition,
our results are very similar when we exclude occupations that grew rapidly from the control
group (see Table OA3 for both sets of results). While we focus on a binary definition of oc-
cupational decline as motivated in Section 4.2, we also explore the relationships between our
key outcomes of interest and the full variation in US and Swedish employment growth. The
(residualized) associations of cumulative earnings and occupational mobility with occupational
employment growth are mostly flat apart from a drop in occupations that declined substantially
(see Figures OA3 and OA4, and corresponding regression results in Table OA4).

A second set of robustness checks adds fixed effects for the firms that workers worked for
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in 1985. This specification lets us compare two workers who started out in declining and non-
declining occupations, respectively, but worked at the same firm. Thus, we address the concern
that declining occupations may be systematically different in terms of the quality of firms,
which may differentially affect workers’ future careers. Reassuringly, as Table OAS shows, the
findings in Tables 4 and 5 are generally robust to adding fixed effects for workers’ starting firms.
The effects on employment losses and occupational stability are a little smaller in magnitude,
while those on earnings are a little larger. This suggests that, conditional on our other controls,
differential sorting into firms does not drive our estimates.

Finally, our conclusions about earnings losses are robust to using different functional forms

of earnings, as we discuss further in the next sub-section.

5.3 Heterogeneity by within-occupation earnings rank

We now examine how employment and earnings losses from occupational decline varied by
initial within-occupation earnings rank. We estimate equation (4) allowing the coefficient on
the declining indicator to vary by earnings rank, and report the results in Table 6. Panel A
shows that lower ranked workers suffered larger employment and earnings losses than average
as a result of occupational decline (columns (1)-(6)): the coefficients on the interaction of the
declining indicator with earnings rank are positive and precisely estimated. Moreover, these
estimates barely change when we add occupation and industry controls over individual-level
controls, though the main coefficients on the declining dummy—giving the employment and
earnings loss for the median worker—are affected by the inclusion of additional controls. The
magnitudes implied by the interaction coefficients are meaningful and imply, for instance, that
compared to the 25th-percentile, the 75th-percentile worker suffered a 5-percent lower employ-
ment loss and a 6.5-percent lower earnings loss (both in terms of the overall mean).

This pattern is robust to alternative specifications that replace the linear rank measures with
dummies for the bottom and top terciles. This specification also allows us to characterize losses
for low-ranked workers directly. Panel B of Table 6 shows that workers at the bottom tercile of
their starting occupations’ earnings distributions suffered employment losses of 1.2-1.4 years
(5.5-6.5 percent of mean employment in the bottom tercile) and earnings losses of around 8-11
percent of bottom-tercile mean earnings. Indeed, the estimates of mean losses reported in the
previous sub-section mask more substantial losses for low earners (within an occupation). Our
findings about earnings losses are robust to a number of alternative ways of measuring career

earnings, as shown in Table OA6.%

33We consider discounted cumulative earnings, applying a 5-percent discount rate; discounted cumulative earn-
ings normalized by initial earnings; the percentile rank in cumulative earnings; the log of cumulative earnings; and
the percentage change in earnings 1985-2013. As expected, the estimated losses in terms of discounted cumulative
earnings are somewhat smaller at 1.5-4.5 percent of the overall mean, depending on controls, as more weight is
put on earlier years in the career.
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The pattern for the probability of remaining in the initial occupation appears to be non-
monotonic: among the workers in declining occupations, both bottom-tercile and top-tercile
workers were less likely to remain in their starting occupations (panel B, columns (7)-(8)).
These interaction coefficients are larger than ten percent of the overall mean (although in the
case of the top tercile, not precisely estimated). This hump-shaped pattern of staying proba-
bilities (U-shaped in exiting probabilities) is intriguing from a theoretical point of view, as we
discuss below.

One potential challenge in interpreting the results of Table 6 is that those with low earnings
in their occupation may have differed from others along some observable dimensions, such as
gender, age, or geography. To mitigate this concern, we re-estimate the regressions using work-
ers’ within-occupation rank in residualized earnings, where the residuals come from a regres-
sion of earnings on female, cohort, and county-of-residence dummies. As Table OA7 shows,
in terms of employment and earnings losses the results are qualitatively unchanged, and the
magnitude of the interaction coefficients is only slightly reduced. However, using the residual-
based rank measure, there is less support for the conclusion that bottom-ranked workers were
less likely to remain in the initial occupation. Table OAS reports interactions using overall earn-
ings rank instead of within-occupation earnings rank. Large losses from occupational decline
for those in the lowest tercile again stand out as a consistently robust finding.3®

We consider three further dimensions of heterogeneity. First, we examine earnings losses
separately for those who remained in their initial occupation and those who did not. This purely
descriptive exercise is motivated by the prediction of our baseline model in Section 2 that leavers
should have lower losses than stayers. We estimate equation (4) with cumulative earnings as the
outcome variable, and add on the right-hand side a dummy for having remained in the initial
occupation, as well as its interaction with the declining dummy. Panel A of Table OA10 shows
that among all workers, those who remained in their initial occupation had higher cumulative
earnings, though in panel B we restrict the sample to those who were employed in 2013, and
the finding reverses.>” Importantly, in neither case is there evidence that those who remained in
declining occupations did significantly worse than those who left a declining occupation. The
same result holds when we focus on the bottom third (in terms of within-occupation earnings),
see panel C. We discuss the interpretation of these results in light of the model in Section 5.6
below.

Second, while we argue that our approach delivers an upper bound on the magnitude of
average losses due to occupational decline, we also explore heterogeneity related to workers

in non-declining occupations. Workers who leave declining occupations may flock to similar

36Table OA9 uses residualized overall earnings rank, again with similar results. Note that in the theoretical
model, within-occupation and overall earnings rank and their residualized counterparts are all identical.

3TWorkers classified as having remained are employed in 2013 by construction, whereas those classified as not
having remained might not have been employed in 2013 and thus have zero earnings in that year, and possibly in
preceding years also.
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non-declining occupations, depressing the wage in these ‘control’ occupations. And even in
the absence of such general equilibrium effects, employing a rich set of controls may cause
us to put more weight on groups of comparable occupations where there are roughly as many
declining as non-declining sub-occupations. In such cases, workers may have many substitute
occupations to choose from. To explore such issues, we run what we refer to as ‘doughnut’
specifications, namely the same regressions as those we report in Tables 4 and 5 but excluding
3-digit (SSYK96) occupations in which some but not all 5-digit occupations are declining. We
indeed estimate slightly larger earnings losses than in our baseline specifications, ranging from
3-6 percent of mean earnings (see Tables OA11 and OA12).

Third and finally, we explore heterogeneity by gender. As Table OA13 shows, occupational
decline results in larger losses of employment and occupational stability for women, while men
suffer larger earnings losses. Larger employment and earnings losses for those in the bottom
tercile are concentrated among men, although once we use residualized earnings rank (Table

OA14) the losses of women in the bottom tercile are roughly as large as men’s.

5.4 Unemployment, retraining, early retirement, and geographic stability

A natural question at this stage is to what extent the loss in years of employment due to occupa-
tional decline is accounted for by increased unemployment and retraining; as discussed above,
data on these last two outcomes are available for the final 22 years of our study. Table 7 re-
ports estimates using the main specifications from Tables 4 and 6 but this time using cumulative
days of unemployment (panel A) and state-sponsored retraining (panel B) as outcome variables.
Columns (1)-(4) of Panel A show that workers who started out in later declining occupations
were only very slightly more likely to ever be unemployed, and columns (5)-(8) suggest that
these workers accumulated 20-50 more unemployment days, though the estimates with more
controls are imprecise. However, we again find substantial heterogeneity, with bottom-tercile
workers in declining occupations spending 63 days more in unemployment, a substantial 20
percent of the mean.

Columns (1)-(4) of panel B suggest that occupational decline increased the risk of ever
enrolling in state-sponsored retraining by 9-27 percent. The estimates for cumulative days
spent retraining are similarly substantial, at least in relative terms (columns (5)-(8)). Our most
conservative specification including all controls suggest that the median worker spent six more
days in retraining, which amounts to 21 percent of the mean (ten days and 29 percent for the
bottom-tercile worker).

Our estimates for unemployment and retraining can only explain part of the estimated em-

ployment losses. For bottom-tercile workers, we conservatively estimate an employment loss
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of 1.16 years.® Of these, unemployment and retraining account for only 22 percent.’® The
remaining employment loss may be accounted for by job search that is not covered by unem-
ployment benefits; private retraining; or time spent outside the labor force. Unfortunately, we
lack the data to investigate this further.

There is however a group of workers for whom we are able to investigate the relationship
between occupational decline and exit from the labor force, namely, older workers. Recall
that workers in our baseline sample reached a maximum age of 64 in 2013. We now examine
employment, earnings, and retirement for two groups of older workers, most of whom reached
the usual retirement age of 65 well before the end of our sample period.

Panel A of Table OA15 considers workers who were aged 37-48 in 1985. The employment
losses among this group are a little larger than for our baseline sample: about 8 months (4
months) of a year of employment in the specification with individual (all) controls, or just under
4 percent (2 percent) of the group mean. About half of these employment losses are accounted
for by a slightly younger age of retirement for those in declining occupations. The estimated
earnings losses from occupational decline—about 6 percent (1.5 percent) with individual (all)
controls—are similar to those of the baseline group. Finally, for this group we also find positive
and significant interactions of the declining dummy with initial occupational earnings rank,
suggesting once more that those who earned least within their occupation to begin with lost
more years of employment from occupational decline.

Panel B of Table OA15 suggests that for an even older group, those aged 49-60 in 1985, the
occupational decline that we measure had more modest costs compared to the baseline group.
This likely reflects the fact that we are measuring occupational decline over a longer period, and
that these older workers had little exposure to the decline.*”

Finally, we study whether occupational decline results in geographic mobility across mu-
nicipalities, commuting zones, and counties. The results in Tables OA16 and OA17 suggest that
occupational decline does not, on average, reduce geographic stability. Workers in the bottom

tercile, however, are a little more likely to leave their location when their occupation declines.

5.5 Technology-related occupational decline

Consistent with much of the literature (Goos, Manning, and Salomons, 2014) we expect tech-
nological change to be a key driver of occupational decline, and especially occupational decline

that is common to the US and Sweden. Nevertheless, there could be other drivers, including

3From panel B, column (2) in Table 6 we obtain —0.03 — 1.13 = —1.16. To complete the calculation, we divide
the unemployment and retraining coefficients by 365 to get years, multiply them by 28/22 to account for the fact
that these variables are only available during 1992-2013, sum them, and divide by 1.16.

30f the mean employment loss, unemployment and retraining explain about a third and a tenth of the time
respectively.

40We verify that for the groups of middle-aged and older workers, our declining indicator does not predict
differences in prior earnings (1975 and 1980) conditional on controls, see Figure OA2.
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changes on the supply side (changes in demographics, trade shocks, or changes in government
policy) and in consumer demand. Bearing this in mind, we now focus on occupations that are
likely to have declined due to the introduction of labor-replacing technology, based on informa-
tion from the OOH, as described in Section 3.2.*!

We find that workers’ exposure to declines in Swedish occupational employment is of very
similar magnitude regardless of whether we consider all occupations classified as declining, or
only the ones we linked to technology (Table OA19, panel A, and Table OA20).4> Moreover,
technology-related occupational declines are not significantly different from other occupational
declines in their implications for years of employment, cumulative earnings, and the probabil-
ity of remaining in the initial occupation. One way to see this is by adding an indicator for
technology-linked decline to equation (4). We find that the coefficients on this indicator are
statistically indistinguishable from zero (columns (1) and (2) in panels B-D of Table OA19).
Alternatively, considering technology-related declines on their own, we see very similar point
estimates, both for the main effect and for the interaction with earnings rank, as for the full set
of declines (columns (3)-(5)).

Our second approach to investigating the consequences of technology-driven occupational
decline relies on the presence of relevant labor-replacing technologies, classified using our algo-
rithmic or manual approaches (as described in Section 3.2). Panel A of Table OA21 shows that
both measures of technological replacement are correlated with occupational decline, although
the estimates for the algorithmic measure is a little larger and (once we include all controls)
more precisely estimated.*> As Panel B shows, both measures of technological replacement
are also correlated with large employment declines at the coarse 3-digit level, although only
the algorithmic measure survives the inclusion of the full set of controls. Panel C shows that
at the individual level, both measures result in fairly moderate employment losses, with point
estimates that are all below half a year of employment—similar to our main measure of occu-
pational decline. Finally, Panel D shows that the cumulative earnings losses from technological
replacement are also quite similar to our main estimates: around 1-3 percent (imprecisely esti-
mated) for the algorithmic measure, and around 5-7 percent (precisely estimated) for the manual

measure.

41Some of what we classify as technology-related decline may still be influenced by other factors, and we cannot
rule out that technology played a role in the remaining declining occupations.

“2Workers starting out in 1985 in subsequently declining occupations, where we were able to identify a link to
technology, were statistically indistinguishable from those in the remaining declining occupations, as seen in Table
OA18.

43Both measures are (conditionally) balanced on the same set of characteristics that we report in Table 3—these
estimates are available on request.
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5.6 Interpreting our findings through the lens of the theoretical model

In our empirical analysis, we confirm that occupational decline was associated with earnings
losses and higher occupational exit rates. This is consistent with our model’s assumption that
occupational decline was largely driven by changes in demand.

The version of the model which best fits our empirical findings is the one with both dif-
ferential occupational switching costs and displacement. In this case, those with lower initial
within-occupation earnings rank suffer larger earnings losses as a result of occupational decline;
switchers’ earnings losses may be larger than those of stayers (as we find); and displacement
may lead to switching probabilities that are U-shaped in initial earnings, whereby low-earning
workers switch if displaced, while high-earning workers switch voluntarily.

Our empirical analysis also sheds light on the nature of the occupational switching costs
in the model. In practice we find that roughly a third of the employment years lost can be
accounted for by increased unemployment, and almost ten percent are due to retraining. The
stronger responses to occupational decline of unemployment and retraining among lower-ranked
workers further supports our interpretation of heterogeneous switching costs.

Finally, our model suggests that the effects of an adverse occupational demand shock may
differ depending on whether the shock was anticipated. Controlling for projected employment
growth—thus isolating unanticipated declines—generally leads us to estimate smaller earnings
losses and mobility responses. The former is consistent with our model, but the latter is not. A
possible explanation may be that conditional on predicted occupational employment growth, our
declining indicator isolates a lower level of exposure to actual Swedish employment declines
than in the unconditional regression, or the one only conditioning on individual characteris-

tics.*

6 Conclusion

In this paper, we study the long-run employment and earnings losses that workers suffer when
demand for their occupations declines. We begin by measuring anticipated and actual occu-
pational declines in the US, which we map into panel micro data on Swedish workers. We
find that even after controlling for key predictors of occupational decline, employment changes
in declining Swedish occupations were around 20-40 log points lower than in non-declining
occupations.

Despite this large fall in employment, we find that over 28 years, those who in 1985 worked
in declining occupations experienced earnings (employment) losses that were around 2-5 (1-2)
percent of mean cumulative earnings (employment), compared to those who initially worked in

non-declining occupations. We characterize conditions under which these figures are a plausible

“However, exposure declines by less than the mobility response, in relative terms. See columns (2) and (4) in
Tables 1 and 4.
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upper bound on the magnitude of the losses due to occupational decline. The earnings losses are
on the higher end of the above-mentioned range when we control only for individual covariates,
and lower when we also control for anticipated occupational changes and industry and occupa-
tion characteristics. Around a third of the cumulative employment losses are accounted for by
increased unemployment, and a further tenth by increased time spent in government retraining.

We find that workers in the bottom tercile of their occupations’ earnings distributions suf-
fered the largest losses (around 8-11 percent). Workers in the bottom tercile also lost more
years of employment and spent more time in unemployment and retraining. We find that those
in declining occupations were significantly more likely to leave their starting occupations. The
propensity to exit declining occupations was U-shaped in initial occupational earnings rank,
with those at the bottom (and to a lesser extent at the top) more likely to leave their starting
occupations.

We show that our findings are consistent with a Roy model with negative occupational de-
mand shocks, where workers may suffer displacement, and where finding reemployment takes
time. In the model, those at the bottom of a declining occupation also have low earnings ca-
pacity in other occupations, and therefore find it harder to find reemployment—whether in their
own occupations or in other occupations. Hence they lose most from occupational decline. The
model also rationalizes the U-shaped exit pattern that we describe above: those at the bottom of
their occupations’ earnings distributions are more likely to leave their occupations when they
are displaced, while those at the top are more likely to leave to avoid negative demand shocks.

Our findings suggest that the mean losses of occupational decline are lower than the losses
suffered by displaced workers that have been reported in prior literature. This is likely be-
cause occupational decline is typically gradual, and can be partly managed through retirements,
reduced entry into declining occupations, and increased job-to-job exits to other occupations.
Indeed, we document a response in terms of occupational mobility which, in terms of elastici-
ties, is much larger than our estimated earnings losses. Gradual occupational decline may also
impose fewer negative spillovers on local economies compared to large, sudden shocks, such as
plant closures.

At the same time, future occupational decline could still have substantial adverse conse-
quences for workers’ outcomes, for the following three reasons. First, our paper studies oc-
cupational decline that—while unanticipated early in workers’ careers—was nevertheless fairly
gradual. But if, for example, machine learning improves rapidly, occupational replacement may
happen faster, and may be accompanied by an overall worsening of employment opportunities
(Bostrom, 2014). Second, the occupational decline that we study largely spared the most skilled
occupations, but this may change with new technologies. Many professionals made sizeable in-
vestments in skills that are particularly useful in their occupations, and some may also benefit
from economic rents. It is possible that for these workers the earnings losses from future occu-

pational decline may be higher than those we estimate. Finally, and perhaps most importantly,
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our findings show that low-earning individuals are already suffering considerable (pre-tax) earn-
ings losses, even in Sweden, where institutions are geared towards mitigating those losses and
facilitating occupational transitions. Helping these workers stay productive when they face oc-

cupational decline remains an important challenge for governments.
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Notes: kj; denotes the occupation chosen by worker i in period 7. «;; denotes log productivity of
worker 7 in occupation k. d is the amount by which the relative occupational log price declines from
period 1 to period 2. The parameter values chosen are (@,d,¢,¢,C) = (1,0.5,0.25,0.25,1).

Figure 1: Sorting in a two-period Roy model
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Table 3: Balance of pre-determined characteristics

ey ) 3) 4) ®) (6)

A. Military test scores

Declining

Individual controls

Occupation & industry controls
Mean of dep. var.

Observations

Cognitive skills Non-cognitive skills

-0.24 -0.015 0.022 -0.20  -0.077 -0.022
(0.084) (0.035) (0.022) (0.062) (0.041) (0.021)
v v v v
v v
0.06 0.06
272,350

B. Mother’s characteristics

Declining

Individual controls

Occupation & industry controls
Mean of dep. var.

Observations

Mother finished high school Mother’s earnings (1985)

-0.059  -0.012  0.0033 -6.73 -2.31 0.079
(0.020) (0.0100) (0.0058) (2.41) (1.29) (0.84)
v v v v
v v
0.35 97.4
609,075

C. Father’s characteristics

Declining

Individual controls

Occupation & industry controls
Mean of dep. var.

Observations

Father finished high school Father’s earnings (1985)

-0.069 -0.0088  0.0075 -13.7 -1.38 2.26
(0.027) (0.012)  (0.0067) (6.67) (2.85) (1.99)
v v v v
v v
0.43 174.2
451,301

Notes: Results from regressions of various pre-determined characteristics on a dummy for working in 1985
in a subsequently declining occupation are shown. Test scores from the military enlistment are standardized
to have mean zero and unit variance within enlistment cohorts. The sample in panel A includes men born in
Sweden from 1952-1959 with non-missing test scores (more than 85 percent of men in each cohort), who were
employed and earned at least the base amount in 1985, and whose education, occupation, and industry are ob-
served. The samples in panels B and C are the same as that in panel B of Table 2, except that individuals with
missing information on mother’s or father’s education and income were dropped. Individual-level controls in-
clude female, cohort, county, and education dummies, as well as earnings in 1985. Occupation and industry
controls include predicted life-time income, predictors of occupational growth, occupation dummies, and in-
dustry dummies. Robust standard errors, clustered by 1985 3-digit occupation, in parentheses.
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A Theory appendix

Here we provide a self-contained exposition of the theoretical model discussed in Section 2 of the paper,
including all formal derivations. We consider two occupations, one of which is hit by a negative demand
shock. We investigate how workers’ likelihood of leaving the affected occupation, and their earnings
losses, depend on their initial earnings. Starting from a standard frictionless Roy (1951) model, we
successively introduce positive and potentially heterogeneous costs of switching occupation; as well as
the possibility that workers are displaced from their jobs and incur a cost to find a new job even when
remaining in their initial occupation. Finally, we consider how workers’ sorting differs when the negative

demand shock is anticipated.

A.1 Setting

We consider a competitive economy with a continuum of individuals indexed by i who live for two
periods ¢ € {1,2} and each supplies a unit of labor inelastically each period. There are two occupations
indexed by k € {A,B} for the workers to choose from. Workers’ per-period log earnings are given
by yikr = My + O — ciiy Where T, is the time-varying and stochastic (log) price of a unit of output in
occupation k, oy is the time-invariant (log) amount of output that worker i produces in occupation k, and
cite > 0 is a time cost related to occupational switching, which we discuss below.! There are no saving
opportunities and earnings are consumed immediately. We define the life-time expected utility function
as E[yi1 + Byirz], where B > 0 is a discount factor. In each period, workers choose the occupation that
maximizes their expected utility. As a normalization, we assume that workers always choose occupation
A if indifferent. Since we focus our analysis on relative wages, we define 7, = 7, — T4, and assume
for simplicity that 7; = 0.2 Prices are determined in equilibrium by supply and demand. However,
here we take them as given, and analyze the consequences of a change to prices occurring in period
2 for occupational sorting and earnings. Note that the second period may be interpreted as all periods
following this change, so B could be larger than one. For simplicity, we assume that a;4 and o;p are
independent and both uniformly distributed between zero and some finite but possibly large number
a. We explain in the following subsections that our main results are robust to alternative distributional
assumptions.

In period 2, there is a negative demand shock to occupation A such that 74, — 4 = —d and 7, =
d,d > 0. This may be due to labor-replacing technology becoming available, or cheaper, in occupation A.
We are interested in the consequences of the shock for the earnings of workers who start out in occupation
A, under various assumptions about switching costs and anticipation of the price change. Formally, let
l; =Elyn|tia, kit = A, D = 0] — Elyn|aia, ki = A, D = 1] be the expected earnings loss in period 2 that
results from the shock, conditional on worker i starting out in occupation A, and conditional on her ability
(and hence earnings rank) o4, where the occurrence of the shock is indicated by D4 € {0,1}. Similarly,

ll‘?WitCh and [} “Y denote the earnings losses further conditioned on leaving and staying, respectively, and p;

IThe time cost may reflect search or retraining (or both); we assume throughout that a worker’s wage equals the value of
her marginal product, e™ % We thus abstract from any job-level rents that may arise in the presence of search frictions.
2We do not claim to identify any aggregate gains from technological change, and we do not model them here.



is the probability of switching.? The overall loss is given by

I =1 — p, (ﬁ“‘y - z;wiwh) . (OA1)

1

As long as there is no displacement then I; “Y — d and by revealed preference l?WitCh <d,sothat[; <d.

Thus, switching enables workers to mitigate the losses from occupational decline. In the following

subsections we verify that, in each version of our model, %’0’; >0, % > 0 (with strict inequalities for

some i): the larger the drop in demand, the more workers switch, and the higher are earnings losses.
dl; __ dpi (stay  switch disviteh
(l > llsw1 C > p

Furthermore, -+~ = — 5t~ ;———. In other words, losses decrease with initial within-

s dogy \ i 00

occupation earnings rank if the switching probability is increasing and the loss of switchers decreasing
X switch

in initial earnings rank 9P~ () and 8(19' +— <0.

iA

> iy
In what follows, we investigate how mean earnings losses vary with o4, and hence with initial

earnings, under various assumptions about switching costs and anticipation of the price change. To char-
acterize switching behavior and earnings losses, we require a distributional assumption. For simplicity,
we henceforth assume that o;4 and ;g are independent and both uniformly distributed between zero
and some finite but possibly large number ¢&. We argue below that our results are robust to alternative

distributional assumptions.

A.2 Baseline model

We start with the simplest case, where occupational prices 7, are revealed at the start of each period
and there are no switching costs. Hence, occupational choice is a sequence of static decisions that can
be analyzed in isolation. The set of workers choosing occupation A in period 1 is characterized by the
inequality op < @4, and it lies on and below the main diagonal in panel (a) of Figure OA1 (blue and
red areas). The workers who switch in the second period must satisfy the inequalities o;p < o4 and
a;p > o4 — d, indicated by the blue area in panel (a) of Figure OA1.

To characterize switching probabilities and earnings losses, we need to distinguish two cases. Among
workers in occupation A with o4 < d, everyone switches and their period-2 log earnings, given unifor-
mity, are on average ;4/2, which is also the earnings loss they suffer. For those with o;4 > d, the
probability of switching is d/;4. The switchers’ log productivity in occupation B lies between oy — d
and a;4, so given uniformity their period-2 log earnings are on average a;4 — d/2, so that they suffer a

loss of d /2. Switching probabilities, and their derivatives with respect to initial skill, are thus

1 if ojp <d 5 0 ifaiAgd
- Pi _
Di= ., . o, J '
@ IfOC,'A>d7 _@<0 lfOC,'A>d,
3Formally,
L = li(0a,d) = Ep|ou, kit =A,Dp = 0] —Elyp|tia, kiy =A,Dy = 1],
pvith = pswitch (g0 @) = Elyn|oia, ki =A,Da = 0] —Elyp| s, kit =A,kp = B,Dsy = 1],
EY = FYou,d) = Elya|oia ki =A,Da=0]—Elyn|oia, kit = A,k =A,Dp = 1],
pi = pi(da,d) = Plkp=Blky =A,04,D4=1).
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Notes: ki denotes the occupation chosen by worker i in period ¢. oy, denotes log productivity of worker i in
occupation k. d is the amount by which the relative occupational log price declines from period 1 to period
2. The parameter values chosen are (@,d,c,c,C) = (1,0.5,0.25,0.25,1).

Figure OA1: Sorting in a two-period Roy model



and earnings losses are

% if o <d %>0 if g <d
_ A __
li = d . a0 d? .
dl{1——— if ogq > d, 72>0 if ogq > d.
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Given the above expressions, it is also straightforward to verify that dp;/dd > 0 and dl;/dd > 0. We

summarize our analytical results for the baseline model as follows.

Result 1 The probability of switching among those initially working in A is weakly decreasing in initial
earnings. Moreover, switchers’ earnings losses are also weakly increasing in initial earnings; and taken
together, mean earnings losses for workers starting out in occupation A are strictly increasing in initial

earnings.

To understand the intuition for these results, call occupation A “typist” and occupation B “cashier”,
where typists suffer a negative demand shock. The worst typists could only become the worst cashiers,
otherwise they would have chosen to be cashiers in period 1. But the best typists can at most become
the best cashiers, and in general they will not all be the best cashiers. Therefore, the best typists are less
able to mitigate their earnings losses by becoming cashiers, and they suffer larger losses than the worst
typists.

This argument suggests that switching probabilities are decreasing and earnings losses are increasing
in ability under a large set of alternative assumptions on the skill distributions. A sufficient condition for
earnings losses to be higher for the most able than for the least able is that there is finite support with
positive probability mass for all (@4, @;p) € [0,0] x [0, ]

A.3 Costs of switching between occupations

We continue to assume that the period-2 price change is unanticipated, but now we assume that there are
costs of switching occupations. We think of these costs as the time lost searching for a new job or spent
in retraining, and model them as additive in log terms. We start with the simple case where the time
cost is constant across workers (and thus proportional to earnings), and then consider a case where it is
decreasing in workers’ ability in the destination occupation. In both cases, we assume that the switching
cost is symmetric between occupations.

Occupational choice is no longer a period-by-period decision. Instead, workers choose in period
1 the occupation with the highest expected present discounted value of log earnings, net of switching
costs. Let us assume that occupational log prices follow a random walk, E[7,] = m; = 0, where the last
equality is due to our earlier simplifying assumption.* This means that expected payoffs are equal across
occupations apart from a worker’s skills. Therefore, in both cases considered in this section we have that

worker i chooses occupation A in period 1 if and only if o4 > op.

“4Instead of the random walk assumption we could impose that demand changes are somehow otherwise perfectly unfore-
seen, for instance due to adaptive expectations (in Section A.5 we consider the case where demand changes are anticipated).



A.3.1 Constant switching costs

Take first the case where the cost for moving occupations is a constant ¢ € (0,d); the case ¢ > d is
uninteresting since nobody would switch in response to the adverse shock, so we only consider the case
c<d.

Decisions at the beginning of the terminal period 2 are easily characterized, as before. After the price
change, worker i switches if and only if g —c > a4 —d. Given period-1 choices, the workers who
switch to occupation B after the price change satisfy the inequalities o4 < a4 and g > 0is — (d —¢).
Panel (b) of Figure OA1 shows a situation that is qualitatively similar to the baseline model, except that
the blue region marking the workers who switch is smaller than in panel (a). Deriving expressions for
the switching probability and earnings loss as a function of initial earnings follows along very similar
lines as in the proof of Result 1.

To characterize switching probabilities and earnings losses, we again to distinguish two cases. Among
workers in occupation A with o4 < d — ¢, everyone switches and their period-2 log earnings, given uni-
formity, are on average ;4 /2 — ¢, which gives an average loss of o4 /2 + c. For those with a4 > d —c,
the probability of switching is (d —c)/o4. The switchers’ log productivity in occupation B lies between
04 — (d — ¢) and o4, so given uniformity their period-2 log earnings are on average o4 — (d —c)/2, so
that they suffer a loss of (d 4 ¢)/2. Switching probabilities, and their derivatives with respect to initial

skill, are thus

1 if o <d-—c i 0 ifop <d-c
pi= d . m: d—c .
ﬁ if aja >d—c, — <0 ifapu>d—c,

iA

and earnings losses are

Gt ifou <d-—c ; 7>0 ifou<d-c
li= 2 = 2
, (d—c)? oo ) [d=c)
d R if oja >d—c, 202,

>0 ifapu>d—c.

Given the above expressions, as in the baseline model, dp;/dd > 0 and dI;/dd > 0. We summarize our

analytical results for the constant switching cost model as follows.

Result 2 Under a constant switching cost, we obtain the same qualitative conclusions as in Result 1:
The probability of switching among those initially working in A is weakly decreasing, switchers’ earnings
losses are weakly increasing, and mean earnings losses for workers starting out in occupation A are

strictly increasing, in initial earnings.

The same intuition as in the baseline model of Section A.2 applies: the best workers in the declining
occupation are less likely to be able to mitigate their earnings losses by switching occupation.
A.3.2 Heterogenous switching costs

Suppose instead that workers who wish to switch from A to B must pay a switching cost equal to C — o

and that workers who switch from B to A incur a cost C — ;4, with C > & (the condition C > & ensures



that all workers face a strictly positive switching cost). This structure of switching costs captures in a
reduced form way the frictions that occupational moves may entail: for example, job search may take
time, and those more able in the new occupation may find a job more quickly.

After the price change in period 2, worker i switches if and only if o5 — (C — o5) > otia —d. Thus,
the workers who switch to occupation B after the shock must now satisfy the inequalities a;p < 04 and
oig > a/2+ (C—d)/2, shown as the blue area in panel (¢) of Figure OA1l. The figure shows that
workers with o;4 below C — d do not switch, and that above C — d, the fraction switching is increasing

in ;4 due to uniformity. Thus,

0 ifoja <C—d o 0 if au < C—d
Tl ) e 0 ifou>C—d
27 204 ifoju >C—d, ah > if oy >C—d,
and
switch __ d C—0os aliswitch _ 1
li —2+ 2 5 8a,-A __2<0

where we used the fact that mean earnings of switchers equal 3044 /2 — (C+d) /2. Thus, if ajq > C —d,
we have by (OA1l) that dl;/da;s < 0 (and zero otherwise). It is also straightforward to verify that
dpi/dd > 0,9l;/dd > 0. To summarize:

Result 3 If the cost of switching occupations is decreasing in initial earnings, then the probability of
switching among those initially working in A is weakly increasing in initial earnings, and mean losses

conditional are (weakly) decreasing in initial earnings.

In terms of the example above, in this case the worst typists do not switch, because their initial choice
of occupation A reveals not only low earnings potential in occupation B but also a large switching cost.
Among the best typists, however, many possess substantial earnings potential as cashiers, as well as low
switching costs. Therefore, the best typists are on average better able to mitigate their earnings losses by
becoming cashiers, and hence the earnings losses from the demand shock are smaller for the best typists

than for the worst typists.>

A4 Job displacement

So far, we have been concerned with earnings losses as a function of initial earnings in the context of
a Roy model where any moves between occupations are voluntary. By revealed preference, losses of
movers must be less than those of stayers. Here we show that introducing job displacement and a cost of

finding a new job in the initial occupation may overturn this result.®

SWhile our model excludes occupation-specific human capital, it does allow us to think about some of its potential im-
plications. For example, if all workers accumulate occupation-specific human capital additively (in logarithms) the effects are
similar to adding constant switching costs, since switching means foregoing this capital. And if the accumulation of occupation-
specific human capital is faster for those with higher ability in the occupations they initially select, they become less mobile, in
contrast to the case of heterogeneous switching costs discussed above. Either way, adding occupation-specific human capital
does not help to rationalize our empirical findings.

6Recall that a large literature has documented substantial earnings losses due to job displacement (see for instance Jacobson,
Lalonde, and Sullivan, 1993) and even larger losses if such displacement coincides with switching occupation (Kambourov
and Manovskii, 2009).



Suppose that workers in either occupation experience job displacement with probability A at the end

of period 1. Occupations are still symmetric in expectation, so that period-1 choices are as before.

A.4.1 Displacement under constant switching costs

Displacement affects choices only in the presence of switching costs. First we assume that displaced
workers incur a cost ¢ > 0 to find a job in their starting occupation, and a cost ¢ to find a job in the
other occupation (the latter of course also applies to non-displaced workers). Here we have in mind
exogenous job losses, for instance due to plant closure, which are a standard feature of search models
(see for instance Pissarides, 2000). To ensure that displaced workers in occupation B do not wish to
switch to occupation A we assume that ¢ < ¢ +d.

The workers who are displaced switch occupation if and only if a; > a4 — (d — (¢ —¢)), and among
them are individuals who would remain if not displaced, op < s — (d — ¢). Workers not suffering
displacement switch voluntarily if and only if @ > o4 — (d — ¢). Thus, there is a set of workers who
switch occupation only if suffering displacement, as illustrated by the yellow area in panel (b’) of Figure

1. Given uniformity, we have switching probabilities

1 if g <d-—c 0 ifoq <d-—c
Pi=qA+(1-)%E ifd—c<au<d—(c—0) 5’5’;: —(1—A)da%”<0 ifd—c< oy <d—(c—70)
el if i >d—(c—0), — G Ay <0 ifa>d—(c-0).

The earnings loss in the first region is the same as in the case without displacement in Section A.3.1.
The calculations are more involved in the second and third regions. Let p,bl”e denote the probability

that a worker’s skill ;g lies in the blue region in panel (b’) of Figure OA1 (conditional on starting

yellow
i

out in occupation A and on 0y4), let l}?l“e be her expected loss, and analogously define p , p{ed and

BV 1% When d — ¢ < o < d — (c—¢), we have

yellow blue) _ B d—c d—c ( yellow blue) _ % d+c B d+c
(pl 7pl (1 (XlA I a[A Y ll 7ll A’ 2 + 2 +(1 A’)d7 2

and

__ pblue yellow [ ;yellow blue
li =" +p; =10,

where we note that llyeuow — e = 2% 4+ (1-2)4¢ > 0.

When o4 > d — (c —¢), we additionally define p/d and /¢ in the same sense as above, so we have

red jyellow | blue) _ 1_d—(c—8) i d—c (ﬂed IYCHOW [blue): Ad+2 1= )d.d §d+c
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and
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where l{ed — l?lue = % +Ac>0and liyellow - llbl”e = % + g > 0. Thus,

tec if oy <d—-c

h={des (1-4) (A% +(1-2)%%)  ifd—c<au<d—(c—0)
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It is also straightforward to verify that dp;/dd > 0 and dl;/dd > 0. To summarize:

Result 4 [f the cost of switching occupations is constant, if workers may be displaced from their jobs,
and if the cost of finding a new job in the starting occupation is also constant, then the probability of
switching among those initially working in A is (weakly) decreasing in initial earnings, and mean losses

are strictly increasing in initial earnings.

Displacement does not affect the qualitative results that we obtained before when assuming constant
switching costs (Section A.3.1). It is still the case that the most skilled among the workers starting out in

A are less likely to be in a position where they can mitigate their earnings losses by switching occupation.

A.4.2 Displacement under heterogenous switching costs

In the case of a heterogeneous cost of switching occupations, we introduce in symmetric fashion a cost
for finding a job in the starting occupation, if displaced. A worker starting out in occupation A incurs a
cost C — ¢ for moving to occupation B, and if displaced incurs a cost C — o4 for finding another job in
occupation A. For a worker starting in B, the costs are C — o4 and C — o, respectively.

Period-1 occupational choices are as before due to symmetry. Recall that workers not affected by
displacement switch voluntarily at the start of period 2 if and only if a;p > @ja /2 + (C —d)/2. Workers
that do suffer displacement switch occupation if and only if o > @4 —d /2, as illustrated by the yellow
area in (c’) of Figure 1. The figures suggests that, going from low to high values of a4, the switching
probability first equals A as all displaced workers switch and then falls below A and becomes a decreasing
function of a4, and possibly, eventually an increasing function of o4, since the incidence of voluntary
switching increases in ;4 for large values of 4.

Indeed, switching probabilities are characterized as

A if oy < 4 0 if g < 4
_ ) Ad e d Ipi _ Ad i d . _
Pi= g 2o, if 5 <oy <C—d Jo, = _2a§<0 if 5 <oy <C—d
- 1-A)C-d . 1-A)C—d > > .
N Yo ( 206 (1-A)CZd ifau>C—d.
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The expression for the switching probability for o4 > C —d follows from the fact that when o4 >
C — d, the probability of a worker being in the blue region in panel (c’) of Figure OA1 equals 1/2 —
(C—d)/(2044), and the probability of being in the yellow region is C/(2as) — 1/2. We see that for
a;y > C —d the switching probability is strictly increasing in ¢4 provided the shock is not too large,
d/C<1—-A.

The losses from occupational decline in this version of the model are

AC+(1-1)d if o < ¢
i=qA|C—aut+d—L|+(1-A)d ifd<an<C—d
E,‘ ifOC,'AZC—d,

where /¢; is to be characterized below. For a4 < d/2, workers move if and only if they are displaced,
and the expected loss of movers is constant at C, while the expected loss of stayers is constant at d.
Hence, the overall expected loss in this region equals AC + (1 — A)d and thus does not depend on 4.
For a4 € (d/2,C —d), the expected loss for those who are displaced and stay is C — o4 + d and for
those who are displaced and move it is C — a;4 +d /2 (all non-displaced workers stay). Together with the
switching probability, the result follows.

Finally, we consider the case o4 > C —d. Let p{ed denote the probability that a worker’s skill o;p
lies in the red region in panel (c’) of Figure OA1 (conditional on starting out in occupation A and on 04),

let 2% be her expected loss, and analogously define p?™'*", pPlee and /'Y, jblue We have

gi — l})lue + pired ( lired _ l}glue) + piyellow ( llyellow _ l?lue) ,

where

red yellow) — 1— d C— aiA (lred l?’EHOW lb]ue) — d A{ . d A, C— aiA g C— aiA
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and so

! d’ C—oai
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and
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Thus,’

0 if(XiAS%

KR l[%_l]@ ifd <au<C—d

8€i/<9a,-A<O<: %<% if iy >C—d.

Let us assume that d/C < min{2/3,1 — A }. This is a sensible assumptions, as it implies that the shock
is not huge—it does not come close to making the declining occupation vanish (recall that C > ). This
also is the case that gives rise to the richest patterns of switching behavior, as for instance the yellow
region of panel (c’) of Figure OA1 would not coexist with the blue region if d/2 > C —d. As before,
dpi/dd >0 and dl;/dd > 0. To summarize:

Result 5 If the cost of switching occupations is decreasing in initial earnings, if workers may be dis-
placed from their jobs, and if the cost of finding a new job in the starting occupation is also decreasing
in initial earnings, then the probability of switching among those initially working in A is U-shaped in

initial earnings, and mean losses are (weakly) decreasing in initial earnings.

Intuitively, the earnings loss is decreasing in initial earnings, as in the case with heterogenous switch-
ing costs without displacement (Section A.3.2), because the costs of moving jobs—both within and

across occupations—decrease with initial earnings.

A.5 Revelation of period-2 prices at the start of period 1

As a final variation on our model, we consider a case where period-2 prices are revealed to be T, = d
at the start of period 1. Without switching costs, decisions are again static and occupational choices
follow the same conditions as in the baseline model of Section A.2. Suppose however that there is
a constant (across individuals) switching cost ¢ € (0,d) for moving between occupations, as in the first
scenario considered in Section A.3. Workers choose an occupational path by comparing the deterministic
life-time utilities associated with the choices (A,A), (A,B), and (B,B). The life-time utilities are given
by Viaa = aia + B(0ia —d), Viap = aia + B(0ip — ¢), and Vigp = o + Bayp. First, let us assume that

switching cots are not too large, (1+ f8)c < d. Then we have:
o If oy < 04p — (d — ¢), the worker chooses (A,A).
e If ajp > aja — (d — ¢) and ap < a4 — B, the worker chooses (A, B).
* If oy > 0a — Bc, the worker chooses (B, B).

All workers with o > o4 — Be choose occupation B in period 1 and remain there. Thus, some

workers who otherwise would have started out in occupation A instead start in B to avoid the switching

"The sign of

a‘)offA is the same as the sign of its numerator. Since ;4 > C —d when [; = ¢;, the numerator is strictly less than

*+C(C—2d)(1-2) — (C—d)*(BA+1) = A (d2—4(C—d)2)

which is negative if d/C < 2/3. The expression is also negative if d/C > 2, but cases with d > C are uninteresting since they
imply that everyone leaves the declining occupation.
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cost, and the fraction of workers switching in the period when the shock hits is smaller than without
anticipation of the shock.

If switching costs are large instead, (14 8)c > d, then workers with a;p < otia — Bc choose (A,A) and
workers with o > o4 — Be choose (B, B), so that no switching occurs after period 1. To summarize:

Result 6 If period-2 prices are revealed already at the start of period 1, and under a constant occu-
pational switching cost, the fraction of workers starting out in occupation A, and the fraction of work-
ers leaving occupation A after the first period, are both smaller than in the case without anticipation
discussed in Section A.3.1. The fraction switching occupation after period 1 may even be zero if the

switching cost is large.

More generally, the model suggests that the set of workers who are in declining occupations may
differ for anticipated and unanticipated shocks. Different combinations of anticipation, general equilib-
rium responses, heterogeneity of occupational switching costs, and displacement, may lead to a range of

different outcomes.

A.6 Summary of theoretical results

We have modelled occupational decline using a Roy model, where employment in an occupation declines
as a result of a fall in occupational price caused by a technology shock. The model illustrates how
earnings losses due to occupational decline are mitigated by occupational switching.

Furthermore, our frictionless baseline model makes three predictions: the probability of leaving a
declining occupation is decreasing in initial earnings; earnings losses due to occupational decline are
increasing in initial earnings; and earnings losses of those who leave a declining occupation are less than
the losses of those who remain.

Anticipating that these predictions are inconsistent with our empirical findings, we have considered
several modifications to the model. Introducing an occupational switching cost that is decreasing in
the worker’s earnings in the destination occupation leads to a positive relationship between switching
probabilities and initial earnings, and a negative relationship between earnings losses and initial earn-
ings. Allowing for displacement, together with a cost of switching jobs within an occupation, implies
that switchers’ earnings losses may be larger than those of stayers. Moreover, displacement can cause
switching probabilities to be U-shaped in initial earnings, whereby low-earning workers switch involun-
tarily if displaced, while high-earning workers switch voluntarily regardless of displacement.

The importance of switching costs in our theoretical analysis motivates our empirical approach of
focusing not only on losses in career earnings incurred by workers starting out in declining occupations,
but also on losses in years employed, as well as on the incidence of unemployment and retraining. While
our model does not include a non-work sector, it could be shown that a negative demand shock would
trigger moves from the affected occupation into non-participation.

Finally, we have used our model to show that much of re-sorting in response to a technology shock
may occur before the shock hits if it is anticipated in advance, motivating our investigation of both

anticipated and unanticipated occupational decline.
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B Data appendix

B.1 Data sources

Our main analysis is based on individual-level longitudinal administrative data covering the entire pop-
ulation of Sweden 1985-2013, and on various editions of the Occupational Outlook Handbook (OOH)
published by the Bureau of Labor Statistics (BLS) in the US.

B.1.1 Occupation data

Our primary source for measuring occupational decline are the 1986-87 and the 2018-19 editions of the
Occupational Outlook Handbook (Bureau of Labor Statistics, 1986, 2018). The OOH contains a descrip-
tion of the nature of work, the current number of jobs, and projected employment growth for hundreds of
occupations. For a subset of these occupations, more detailed information is reported, including required
qualifications, pay, and the role of technology: whether technology is expected to affect—or has already
affected—the occupation in question, and if so, what the impact on employment will be or has been.
In the 1986-87 edition, 401 occupations are described, covering about 80 percent of US employment.

Detailed information is available for 196 occupations, covering about 60 percent of employment.’

B.1.2 Swedish microdata

The main outcomes we study come from Swedish microdata. We obtain basic demographic (year of
birth, gender, education, and place of residence) and labor market (employment status, annual earnings,
industry, firm identifier) variables from the Integrated Database for Labour Market Research (LISA),
a collection of administrative registers that is—like all our other Swedish data sources—provided by
Statistics Sweden. During the period 1985-2013, LISA contains one observation per year on every
individual aged 16-64 living in Sweden. Employment status and industry (as well as county of residence)
are measured in November each year.

We also use individual-level data from the Swedish Public Employment Service (PES), which contain
information on the total number of days registered with the PES, number of days registered as unem-
ployed, and number of days spent in retraining programs administered by the PES, for all individuals
ever registered with the PES during the years 1992-2013.

Our data on workers’ occupations come from the population censuses, which were conducted every
five years from 1960-1990, and from the Wage Structure Statistics (WSS) for the years 1996-2013.° The
WSS contains the population of public sector workers and a sample of about 50 percent of private sector
workers. Sampling is at the level of firms, and large firms are over-sampled. We apply sampling weights
when working with the occupation variable from the WSS.

A useful feature of our data is that, in the 1985 and 1990 censuses, workers’ occupation is coded using
a 5-digit classification, YRKES, containing about 1,400 distinct occupations. This allows us to accurately

merge occupation-level information from the US (see below). Unfortunately, such detailed occupation

8The number of distinct occupations in the OOH, as well as the number of occupations covered in detail, tends to increase
over time. This means that our crosswalk from the 1986-87 to the 2018-19 edition is mostly, though not always, one-to-many.

9We also obtain individual-level earnings data for 1975 and 1980 from the population censuses, which we use for falsifica-
tion checks.
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codes are not available after 1990. From 1996-2013, a 3-digit classification containing 172 distinct codes,
SSYKO96, is available in the WSS. This classification is of a different nature than YRKES, and the cross-
walk between YRKES5 and SSYKO96 likely introduces measurement error in workers’ occupations after
1990.19 This is an important caveat to our analysis of occupational employment shifts and individual
workers’ occupational mobility during 1985-2013.

Finally, adding the 1960 census allows us to calculate prior occupational employment changes at the
3-digit level using the YRKE3 classification, a coarser version of YRKES (there are 229 distinct codes
that cover the period 1960-85).!!

B.2 Construction of variables
B.2.1 Occupation variables (OOH)

Using the reported employment numbers from our two editions of the OOH, we calculate the percentage
growth in employment 1984-2016.'2 We manually map occupations across the two editions. If, after a
careful search, a 1986-87 occupation has no counterpart in the 2018-19 edition, we classify it as having
vanished, and assigned a percentage growth of -100.'> While few occupations actually disappeared,
examples of occupations that declined sharply include both white-collar occupations (typists, drafters,
and telephone operators) and blue-collar ones (precision assemblers, welders, and butchers).

We also record for each US occupation its projected employment growth from the 1986-87 OOH.
The BLS bases these predictions on (forecasts of) the size and demographic composition of the labor
force, aggregate economic growth, commodity final demand, industry-level output and employment, the
input-output matrix, and occupational employment and vacancies. The forecasts are not reported in

LT3 LT3

percentage terms but grouped into the categories “declining”, “little or no change”, “increasing slower
than average”, “increasing about as fast as average”, and “increasing faster than average”. We create
a cardinal predicted growth index assigning these categories the numbers 1-5 (where higher numbers
correspond to more positive predicted employment changes). We report results both from using this

index and using the categorical outlook variable.!*

B.2.2 Merging of OOH variables to Swedish microdata, and defining occupational decline

In order to merge the OOH-based variables to Swedish data, we map the 401 1986-87 OOH occupations
to the 1,396 5-digit Swedish occupation codes available in the 1985 census. We successfully map 379
US occupations to 1,094 Swedish occupations—we are able to find corresponding US occupations for
91 percent of Swedish workers in 1985. We map percentage changes in US employment 1984-2016,
as well as 1986-87 OOH predictions (categorical and index), to Swedish 5-digit occupations using our

crosswalk, applying weights (OOH 1984 employment shares) in the case of many-to-one matches.

10Within broad types of jobs, SSYK96 also distinguishes occupations by the skill level of the workers.

'The Swedish word yrke means occupation. SSYK stands for (the Swedish translation of) Swedish Standard Classification
of Occupations.

12The 1986-87 OOH reports employment numbers for 1984, while the 2018-19 edition reports 2016 employment figures.

13Between the 1986-87 and 2018-19 editions of the OOH, some occupations were split or merged, which we take into
account when computing the percentage growth. The details of this calculation are discussed later in this section.

4Veneri (1997) uses US employment data to evaluate the ex-post accuracy of the projections used in the 1986-87 OOH, and
concludes that they correctly foresaw most occupational trends, although there were also non-trivial sources of error.
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We define a Swedish 5-digit occupation as declining if the weighted employment growth of its cor-
responding OOH occupations is negative and larger (in absolute magnitude) than 25 percent. We regard
this as a sensible threshold: smaller declines may be the result of measurement error, as we had to exer-
cise judgment in matching OOH occupations over time. At the same time, we report robustness checks
using a number of alternative thresholds. We also use information from the OOH to determine whether
technology likely played a role in the decline.'> In 1985, 13 percent of Swedish employees worked in
subsequently declining occupations, and 8 percent worked in subsequently declining occupations where

the decline is likely linked to technology. We now provide more details on the process.

B.2.2.1 Assigning US OOH employment growth to Swedish occupations given a hypothetically un-
changing OOH classification

For clarity, we first describe what the calculation of employment growth would be if the OOH classifica-
tion had not changed between the 1986-87 and 2018-19 editions. We then describe the adjustments we
make given that the OOH classification did change.
The percentage change that we assign to each Swedish occupation s in the hypothetical case of an
unchanging OOH classification is given by
N, —N;
g, = s,20]1$ 3,19847 (OA2)
5,1984
where Ny, = Y e, Nis 18 the sum of all year-r employment in the k € Ky OOH occupations to which the
Swedish YRKES occupation is matched. This percentage change can alternatively be expressed as

8= 0 X g, (OA3)

IxK Kxl1
where the vector o is a vector of weights of length K, where K is the total number of OOH occupations
in the 1986-87 OOH. Each element o represents the share of OOH occupation k in the mapping to
Swedish occupation s, and it is based on the employment figures in the initial period 1984.!1® Thus,

O € [0, 1], the vector o differs between Swedish YRKES occupations and its elements always sum to

15To determine whether technology played a role in the decline, we proceeded as follows. We first applied the 25-percent
cutoft to the OOH data to identify the declining occupations in the US. For the declining occupations we searched their detailed
descriptions in the 1986-87 OOH for discussions of potential replacement of human labor by specific technologies, such as
computers or robots. For the occupations lacking detailed descriptions in the 1986-87 OOH, we further searched one and
two decades ahead, using the 1996-97 and 2006-07 editions (Bureau of Labor Statistics, 1996, 2006), since in some cases
occupations were re-grouped and so received detailed descriptions in those editions. Note that, while the OOH contains little
backward-looking information on technology’s role, it provides rich information on imminent technological changes expected
to affect occupations. Conditional on an OOH occupation being classified as declining, we regard this information as reliable
with respect to technology’s role in the decline.

For those OOH occupations that we identified to have undergone technology-related declines, we map employment growth
to Swedish 5-digit occupations creating a separate variable, technology-related employment growth. We define a Swedish
5-digit occupation as declining and linked to technology if the technology-related employment growth in the corresponding
OOH occupations is below negative 25 percent. All technology-related declining occupations are declining occupations by
construction, but some declining occupations may not be classified as having a technology link.

16Note that the 1986-87 OOH uses data from 1984. Thus, the initial period is 1984 as far as US employment figures are
concerned, but the data are extracted from a 1986 publication.
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one. The vector g is filled with the 1984-2016 growth rates of all K OOH occupations. Formally,

_ Tker, X Ni1984 _ Ni2016 — Nk, 1984

as,k = ’
Y kek, Nk,1984 Ny, 1984

The equivalence of (OA2) and (OA3) is easily shown:

_ Ny2016 — Nys,1984

8s =
N 1984

_ Yker, Ni2016 — Xiek, Ni1984
Y kek, Ni,1984

_ Ykek, Ni,1984 X 8k
Y kek, Ni,1984

Z Tker, X Ni,1984 X gk
T Likek, Ni,1984

= Zas,k X 8k
k

=0 xg.

B.2.2.2  Assigning US OOH employment growth to Swedish occupations given the changing OOH clas-

sification

The computation of the total changes in equation (OA2), or the weights and changes in equation (OA3)
would be straightforward if the OOH occupation classification remained constant between the 1986-87
and 2018-19 editions. Alas, it did not, and so we need to adjust the calculation for any splits and merges
that took place.

To see this, consider the following example: the OOH occupation “343 Metal pourers and casters,
basic shapes” had employment 12,000 in 1984. By 2016, it had been merged with sixteen other occu-
pations to “Metal and Plastic Machine Workers”, with employment 1,039,600. It is obviously wrong to
calculate the change in occupation “343 Metal pourers and casters, basic shapes™ as a more than 85-fold

increase:

1,039,600 — 12,000

12,000 = 85.63

8343 =
Instead, it is reasonable to sum the employment of all the seventeen merged occupations in 1984, with a
total employment of 1,457,000, and calculate the change as

1,039,600 — 1,457,000
1,457,000

8343 = = —0.286

obtaining a 28.6% decline.

However, what happens to the weights in o;? If we were to weight the “343 Metal pourers and
casters, basic shapes” by their adjusted employment figure for 1984 (1,457,000), this occupation would
seem 121 larger than it actually was (12,000). This creates problems when “343 Metal pourers and
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casters, basic shapes” is matched to a Swedish YRKES occupation that is also matched to other OOH
occupations.

Consider, for instance, the Swedish YRKES occupation “732.50 Precision founder” to which “343
Metal pourers and casters, basic shapes” is matched, together with another OOH occupation “344 Mold-

ers and casters, hand”.

Swedish YRKES occupation OOH occupation Employment Sk
in 1984
732.50 Precision founder 343 Metal pourers and casters, 12,000 -0.286

basic shapes

344 Molders and casters, hand 17,000 -1.000

“344 Molders and casters, hand” was larger than “343 Metal pourers and casters, basic shapes” in
1984, and disappeared completely between 1984 and 2016. It seems like we should assign the Swedish
YRKES occupation “732.50 Precision founders” a decline somewhere in between -28.6% and -100%,
but closer to -100% since the disappearing occupation dominates. However, if we were to use adjusted
employment figures when calculating the weights, “343 Metal pourers and casters, basic shapes” would

be weighted as follows:

1,457,000

= 0.988
1,457,000+ 17,000

O 343 =

That is, “343 Metal pourers and casters, basic shapes” would seem to account for almost all employment
in the Swedish YRKES occupation, instead of less than half. This means that the weighted change will

be mistakenly computed as

Ot 343 X 8343 + s 344 X 8344

=0.988 x (—0.286) 4+ 0.012 x (—1.00) = —0.295
Instead, we ought to use the original employment figures when calculating the weights. Then,

12,000

=0.414
12,000 + 17,000

O 343 =

i.e. the OOH occupation “343 Metal pourers and casters, basic shapes” makes up 41.4% of employment
in the Swedish YRKES occupation. Thus,

0343 X £343 + Ots 344 X 8344

=0.414 x (—0.286) +0.586 x (—1.00) = —0.704

That is, the employment growth assigned to ““732.50 Precision founders” should be -70.5%. We will thus

treat weights and growth rates separately: The weights ¢ are computed using the original employment
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figures, and the growth rates g, are computed using the adjusted employment figures,

gs = 0 X . (OA4)

The formal definition of our declining indicator is thus

Declining, = 1{0; x § < —0.25}.

It remains to specify how exactly the growth rates should be adjusted for splits and merges.'’

One-to-one: OOH occupations that were neither split or merged between the 1986-87 and 2018-19

editions of the OOH. No adjustment is needed, and the growth rate is defined as above,

So= g = Ni2016 — Nk, 1984
k=&k=—"—"".
Ni,1984

Many-to-one merge: Many 1984 occupations k € K (where K is a set of 1984 occupations) were
merged into one 2016 occupation k. 1984 employment figures of all merged occupations are

summed and compared to the 2016 figures.

Ny 2016 — Likek Ni,1984

gkeK =
Y ek Ni,1984

One-to-many split: One 1984 occupation k was split into many 2016 occupations k € K (where K
is a set of 2016 occupations). The 2016 employment figures of all resulting splits are added and
compared to the 1984 figures.

¢ Yick V2016 — Ni,1984
k p—

Ni 1984

Many-to-many: Many 1984 occupations k € K (where K is a set of 1984 occupations) were dis-
tributed into many 2016 occupations k € K (where K is a set of 2016 occupations). The 1984 and

2016 employment figures are added and compared.

Yick V2016 — Lkek Ni, 1984

gkeK =
Y ke Nk 1984

B.2.2.3 Identifying technology-related declines

Having calculated the adjusted employment growth g; for all occupations present in the 1986-87 OOH,

we concentrate on those that declined sharply, gx < —0.25, and check whether there is a probable tech-
nological driver behind the decline. For this we first consult the 1986-87 OOH, and if we find nothing

there,

we check in the 1996 OOH (BLS, 1996), and if we still find nothing, we check the 2006 version

17We have excluded four OOH occupations that were merged with or split into an unknown number of occupations: “71
Electroencephalographic technologists and technicians”, “203 Public administration — chief executives, legislators, and general
administrators”, “226 Customer service representatives, utilities” and “293 Electric meter installers and repairers”.
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(BLS, 2006).'8 Each OOH occupation thus is assigned an indicator variable for technological-related
decline, which equals zero whenever g; > —0.25, and may equal zero or one when g; < —0.25.
We can then decompose the employment growth assigned to each Swedish YRKES occupation as

follows:

g = oy x I{technology} x & + o x (I—1{technology})x § , (OAS5)

IxK KxK Kx1 1xK KxK Kx1
where 1{technology} is a diagonal matrix with the indicator for technologically-related decline on the
diagonal, and [ is the identity matrix. We define a Swedish YRKES as having undergone technology-
related decline if it is classified as declining and if the first component of the decomposition (OA5) is

less than —0.25, formally

[Declining (technology)], = 1{ ¢, x § < —0.25 and a, x 1{technology} x § < —0.25}.

B.2.2.4  Classification of replaceable occupations

To identify which Swedish 5-digit occupations were subject to replacement by specific technologies we
separately use a manual approach and an algorithmic approach. In the manual procedure, we asked
ourselves whether we could think of a technology that replaces nearly all tasks for each occupation. If
yes, the value is one and we write down the technology responsible. If no, the value is zero.

In the algorithmic procedure, we use a pre-defined search procedure on Google. For each occupation,
we translate the occupation’s title from Swedish to English. Within each YRKE3 category, there is an
YRKES occupation that encompasses workers within the 3-digit occupation that are not covered by any
of the YRKES occupations (e.g. “Other within 103”).!° These occupations were also excluded from this
procedure, and we return to them below.

For each of the 847 remaining 5-digit occupations, we conduct a Google search to identify articles
that pinpointed a specific technology. The search query comprised of three parts and excluded results
from replacedbyrobot.info, which considers only anticipated future changes. The query parts were: (i)
the exact phrase of the job title, with any necessary modifications as detailed below; (ii) the exact phrase

“replaced by”; (iii) and the word “jobs”. The first page of Google search results (10 results) as of

18 There were four heavily declining (§; < —0.25) OOH occupations where we found no information in the OOH editions
of 1986, 1996, or 2006, but we still suspected technologically-related decline. Therefore, we searched in other editions of the
OOH and other sources, and found potential technological drivers of occupational decline:

213 Radio operators “Laborsaving [sic] technical advances such as computer-controlled pro-
gramming and remotely controlled transmitters” (regarding Broadcast
and sound engineering technicians and radio operators, BLS 2004:260)

254 Telegraph and teletype operators Automatic routing of calls, voice message systems (regarding Tele-
phone operators, BLS 1994:291)

346 Motion picture projectionists Digital projection (Hess, 2014)
391 Service station attendants Self-service pumps at petrol stations (Emek Basker and Klimek, 2015)

19For some YRKE3 classifications, these workers were split into two “other” categories, in this case the later procedures
is implemented for each sub-category separately. Furthermore, some YRKE3 classifications are themselves workers ‘“not
otherwise classified” within an YRKE?2 occupation; here we use the employment-weighted average of all YRKES occupations
within the same YRKE2.
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December 2019 were consulted to whether an occupation had been replaced; future looking articles, job
postings, and forum posts were not considered.

While in most cases, the first part of the query was the exact translated job title, some modifications
were necessary. For job titles which included parentheticals (for example “Cleaner (public spaces, offices
etc.)”), the parentheticals were excluded from the search terms (i.e. only “Cleaner” was included in the
query). Others included an ‘or’ (for example “Mail sorting clerk or postman”), which were used to
separate the job title into two queries (i.e. “Mail sorting clerk” and “postman” were searched separately).
This procedure results in an indicator for replacement for each 5-digit occupations that we searched.

For an occupation to be considered as replaced by technology, the following criteria must be met:
a specific technology must be identified as materially affecting all of a worker’s job duties, and the
technology must be in commercial use during the period we study.

Finally, we return to the 206 above-mentioned 5-digit occupations representing miscellaneous work-
ers within each YRKE3 occupation (which together account for 16 percent of total employment in 1985).
For each of these 5-digit occupations we calculate the replacement index as the weighted mean level
of replacement in the 3-digit Swedish occupation that contains them, as calculated above, where the
weights are the employment-weighted shares of 5-digit occupations that we have classified above within
each 3-digit occupations. We implement this procedure for both the algorithmic and manual versions of

replacement.

B.2.3  Swedish micro-level variables

In addition to the occupational data, we construct several variables that characterize workers’ career
outcomes spanning the years 1986-2013; that is, starting with the first year after we measure treatment
and ending with the last year available in our data. We start by simply summing up years observed
as employed and real annual labor earnings, obtaining the variables cumulative years employed and
cumulative earnings.20 Following Autor, Dorn, Hanson, and Song (2014), we also create a normalized
measure of cumulative earnings, whereby we divide cumulative earnings by predicted initial earnings.
Cumulative earnings normalized in this way thus give the multiple of (predicted) initial earnings that a
worker receives during 1986-2013.2 We consider further earnings measures—such as rank, discounted
cumulative earnings, and earnings growth—in robustness checks.

We construct predicted cumulative earnings based on occupation-specific life-cycle profiles as fol-
lows. Separately for each 3-digit occupation, we regress log income on a quartic in age and dummies for
sex, county, and education. We generate predicted log income growth in each year by summing mean
real wage growth and the expected growth based on aging, calculated by applying the occupation-specific

coefficients on the quartic in age from the previous step. We calculate predicted income in each year by

20We define a worker as employed in a given year if they are identified as working in November (when employment status
is measured for the purposes of LISA) of that year and if annual earnings during that year are no lower than the base amount.
When we do not observe an individual in a given year—due to emigration or death—we set employment and earnings to zero.

21The prediction comes from a regression of log earnings on a quartic in age and dummies for gender, county, and seven
education categories, run separately for each 3-digit SSYK96 occupation in 1985. We divide by predicted rather than actual
initial earnings to eliminate transitory earnings variation, which would introduce an important role for mean reversion into the
distribution of normalized cumulative earnings. Autor, Dorn, Hanson, and Song (2014) divide cumulative earnings by earnings
averaged across four pre-treatment years for the same reason. Since we do not have annual earnings information prior to 1985,
we normalize by predicted earnings instead.
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adding predicted log income growth to the predicted log base year income and exponentiating. Cumu-
lative predicted income is the sum of predicted income from 1986-2013. This is the variable we add to
the regression when we say we control for life-cycle profiles.

Our measure of long-run occupational mobility is a dummy variable equaling one if the individual
worked in the same 3-digit SSYK96 occupation in 2013 as 1985. It equals zero if the individual works
in a different occupation or is not employed.??> Using the PES data, we calculate cumulative days spent
unemployed and cumulative days spent in retraining during 1992-2013. We define dummy variables
for ever unemployed and ever having participated in retraining. As the PES data are not available for
1986-1991, we cannot capture any unemployment or retraining in these early years of our sample period.
Finally, we calculate the retirement age, where we define retirement as a continuous spell of zero annual

earnings up to and including age 64.%3

B.3 Sample Restrictions

Our starting sample contains all individuals born between 1921-1969—hence aged 16-64 (at some point)
in 1985—who were employed in November 1985, whose annual earnings in 1985 were no less than the
“base amount” (Swedish: basbelopp) specified by the social security administration, and about whom
we have complete demographic (including education) and labor market information (including industry
and occupation). The base amount is used as an accounting unit when calculating benefits, and it is
typically equal to about three months’ worth of full-time work at the median wage. As we do not observe
hours worked or fulltime status, we use the base amount to exclude individuals with little labor market
attachment. There are 3,061,051 individuals fulfilling the above criteria.2* Our baseline sample further
restricts birth year to 1949-1960, or ages 25-36 in 1985. We drop younger workers as these are less
likely to be attached to the labor market and may not yet have settled on an occupation. And we drop
middle-aged and older workers from our baseline sample because we want to focus on workers who did
not reach retirement age by 2013, the end of our period of study, in our main analysis. We will analyze

workers born before 1949 separately.

22Qur measure of occupational mobility does not capture any temporary exits during the intervening years if workers returned
to their initial occupation. A limitation of our data is that they are not conducive to studying high-frequency occupational
mobility: During the years 1986-1989 and 1991-1995, we do not observe workers’ occupation. And during 1996-2004, the
SSYKO96 variable contains substantially fewer distinct codes than from 2005 onwards.

23The LISA database includes individuals older than 64 only during later years. As we do not consistently observe individuals
beyond age 64, we assume for all years that individuals aged 65 or older have retired.

24There were 5,281,382 individuals aged 16-64 in Sweden in 1985. Of those, 4,186,512 were employed in November 1985,
and among them, 3,648,034 earned no less than the base amount during 1985. The reduction to 3,061,051 is due to missing
education, industry, or occupation information, including cases where YRKES occupations do not have matches in the OOH.
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Notes: Coefficients on the declining indicator along with their 95-percent confidence intervals
(robust to clustering by 1985 3-digit occupation) are displayed, where the regressions vary the
sample, controls, and outcome variables. Coefficients are scaled by the mean of the outcome
variable in each estimation sample. ‘Post’ refers to cumulative earnings 1986-2013. ‘Pre’ refers
to the sum of earnings 1975 & 1980 for the middle and old, and earnings in 1980 for the young.
We dropped the 1956-1960 birth cohorts as they did not reach age 25 by 1980, and for a similar
reason we did not use 1975 earnings data for the young. ‘Individual controls’ are those used in
column (2) of Table 4, and ‘all controls’ are the ones from column (6) in that table.

Figure OA2: Earnings prior to occupational decline
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Notes: Each bubble represents one of 1,052 5-digit Swedish occupations. Bubbles are scaled according to 1985 Swedish employ-
ment. The percent change in employment is assigned based on the changes 1984-2016 in the corresponding US occupations(s).
Declining occupations are those that declined by more than 25 percent. Prior to aggregation, outcome variables were residualized
based on the regression models in columns (2) and (6) in Tables 4 and 5, but with ‘Declining’ times its coefficient added (the mean
difference between declining and non-declining occupations in the plots is thus exactly equal to the coefficients reported in the ta-
bles). The pairs of graphs on the right are truncated versions of those on the left.

Figure OA3: Main outcomes and percent change in employment (US)
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Figure OA4: Main outcomes and change in log employment (Sweden)
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C.2 Tables

C.2.1 Further descriptive statistics
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C.2.2 Alternative specifications
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Table OAS: Controlling for starting firm fixed effects

()] 2 3 “
A. Exposure to occupational employment growth (mean: 0.03)
Declining -0.40 -0.25 -0.22 -0.19
(0.11) (0.11) (0.10) (0.11)

B. Cumulative employment (mean: 23.4)

Declining -0.49 -0.37 -0.19 -0.28
(0.20) (0.14) (0.14) (0.11)

C. Cumulative earnings (mean: 6,926)

Declining -347 -476 -126 -169
(120) (104) (58) (43)

D. Cumulative earnings, normalized (mean: 38.7)

Declining -2.10 -2.18 -1.11 -1.45
(0.53) (0.40) (0.36) (0.34)

E. Remain in starting occupation (mean: 0.29)

Declining -0.11 -0.039 -0.045 -0.031
(0.041) (0.018) (0.020) (0.016)
Individual controls v v v v
Occupation-industry controls v v
Firm fixed effects v v

Notes: Results from regressions of the indicated outcomes on the indicator for occupational decline are shown. The samples are the same
as those used in Tables 4 and 5. Individual-level controls include female, cohort, county, and education dummies, as well as earnings in
1985. Occupation and industry controls include predicted life-time income, predictors of occupational growth, occupation dummies, and
industry dummies. Columns (2) and (4) additionally control for starting (1985) firm fixed effects.Robust standard errors, clustered by 1985
3-digit occupation, in parentheses.
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Table OA10: Cumulative earnings of leavers and stayers in declining and non-declining occupations

ey @) 3) (C))
A. All workers (553,170 observations)
Remain 335 303 305 284
(122) 1) (133) (101)
Declining =271 -126
(122) 90)
Declining x remain 177 189
(239) (184)
B. Employed in 2013 (404,046 observations)
Remain -398 -498 -439 -531
(115) (66) (124) (72)
Declining -356 -187
(123) (94)
Declining x remain 238 311
(231) (158)
C. Employed in 2013, bottom third (140,893 observations)
Remain -109 -286 -133 -307
(139) (85) (143) 81
Declining -417 -237
(145) (173)
Declining x remain -33 233
(596) (425)
Individual controls v v v v
Occupation & industry controls v v

Notes: The dependent variable is cumulative earnings 1986-2013 in thousands of 2014 SEK. ‘Remain’ is an indicator for working in the
same 3-digit occupation in 2013 as in 1985. Individual-level controls include female, cohort, county, and education dummies, as well as
earnings in 1985. Occupation and industry controls include predicted life-time income, predictors of occupational growth, occupation
dummies, and industry dummies. The sample is the same as that in Table 5, except for the restrictions indicated. Sampling weights are ap-
plied. Robust standard errors, clustered by 1985 3-digit occupation, in parentheses.
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Table OA11: Occupational decline and individual-level cumulative

2013—*‘doughnut’ specifications

employment and earnings 1986-

M @3] 3) (C)) 5 (0)
A. Cumulative years employed 1986-2013 (mean: 23.5)
Declining -1.46 -0.97 -0.97 -0.82 -0.35 -0.41
(0.53) (0.42) (0.42) (0.46) (0.28) (0.29)
B. Cumulative real earnings (’000 2014 SEK) 1986-2013 (mean: 6,612)
Declining -484 -403 -333 -140 -81 217
(608) (196) 177) (181) (158) (167)
C. Cumulative real earnings divided by predicted initial earnings (mean: 39.2)
Declining -5.40 -2.49 -2.56 -1.81 -1.18 -1.69
(1.33) (1.09) (0.98) (1.07) (0.82) (1.05)
Demographics & earnings v v v v v
Life-cycle profiles v v v v
Predictors of growth v v v
Occupation dummies v v
Industry dummies v

Notes: Results from regressions of the indicated outcomes on a dummy for working in
shown. The sample is the same as in Table 4, but excludes 3-digit occupations in which

1985 in a subsequently declining occupation are
some but not all 5-digit occupations are coded as

declining. Thus, within each 3-digit occupation, either all 5-digit sub-occupations decline, or none, leaving out intermediate cases (‘dough-

nut’). The number of observations is 488,484. Robust standard errors, clustered by 1985

3-digit occupation, in parentheses.

Table OA12: Occupational decline and individual occupational stability—‘doughnut’ specifications

(1 @3] 3) “ 5) (6)
A. Probability of working in same 3-digit occupation in 2013 as in 1985 (mean: 0.35)
Declining -0.25 -0.21 -0.21 -0.12 -0.17 -0.10
(0.046) (0.051) (0.052) (0.044) (0.046) (0.046)
B. Probability of working in same 2-digit occupation in 2013 as in 1985 (mean: 0.40)
Declining -0.21 -0.16 -0.16 -0.090 -0.12 -0.059
(0.038) (0.045) (0.046) (0.043) (0.045) (0.042)
C. Probability of working in same 1-digit occupation in 2013 as in 1985 (mean: 0.44)
Declining -0.19 -0.14 -0.14 -0.077 -0.11 -0.045
(0.036) (0.042) (0.043) (0.042) (0.043) (0.033)
Demographics & earnings v v v v v
Life-cycle profiles v v v v
Predictors of growth v v v
Occupation dummies v v
Industry dummies v

Notes: Results from regressions of the indicated outcomes on a dummy for working in

1985 in a subsequently declining occupation are

shown. The sample is the same as in Table 5, but with the ‘doughnut’ restrictions from Table OA11 applied. The number of observations is

333,357. Robust standard errors, clustered by 1985 3-digit occupation, in parentheses.
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C.2.3 Further outcomes
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C.2.4 Alternative treatments
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Table OA19: Occupational decline and individual-level cumulative employment and earnings 1986-

2013—technology-related decline

A. Change in log employment 1985-2013 in 3-digit occupation

Declining

Declining (technology)

(D 2) (3) 4)
043 0.25
(0.16) (0.09)

0.06 0.05 -0.38 021
0.17) (0.13) 0.12) (0.14)

B. Cumulative years employed 1986-2013 (mean: 23.4)

Declining -0.93 -0.45
(0.44) (0.24)
Declining (technology) 0.72 0.42 -0.21 0.01 -0.16
(0.45) (0.23) (0.16) 0.14) 0.12)
Declining (tech) x rank 1.31
(0.36)
C. Cumulative real earnings (’000 2014 SEK) 1986-2013 (mean: 6,926)
Declining -426 -181
(232) (93)
Declining (technology) 128 87 -303 -107 -122
(262) (102) 131) (65) (61)
Declining (tech) x rank 491
(155)
D. Probability of working in same 3-digit occupation in 2013 as in 1985 (mean: 0.29)
Declining -0.077 -0.029
(0.051) (0.022)
Declining (technology) -0.058 -0.025 -0.135 -0.053 -0.056
(0.044) (0.029) (0.043) (0.026) (0.026)
Declining (tech) x rank 0.019
(0.016)
Individual controls v v v v v
Occupation & industry controls v v v
Observations (population—sample) 877,324—553,787 836,057—532,422

Notes: Results from regressions of the indicated outcomes on indicators for working in 1985 in a subsequently declining occupation are
shown (see the notes to Table OA20 for a description of these indicators). Columns (1)-(2) are based on the same samples as the results in
Tables 4 and 5. Columns (3)-(5) exclude workers in occupations that are classified as declining without a technology link. Individual-level
controls include female, cohort, county, and education dummies, as well as earnings in 1985. Occupation and industry controls include
predicted life-time income, predictors of occupational growth, occupation dummies, and industry dummies. Sampling weights are used in
the regression reported in panel C. Robust standard errors, clustered by 1985 3-digit occupation, in parentheses.
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Table OA21: Technological replacement, exposure to decline, and career outcomes

(D 2 3) 4
A. Decline indicator
Replaced (algorithmic coding) 0.27 0.25
(0.16) (0.11)
Replaced (manual coding) 0.17 0.11
(0.15) (0.15)
B. Occupation-level employment growth
Replaced (algorithmic coding) -0.55 -0.28
(0.20) (0.14)
Replaced (manual coding) -0.31 0.04
(0.10) (0.14)
C. Cumulative employment
Replaced (algorithmic coding) -0.39 -0.16
(0.68) (0.31)
Replaced (manual coding) -0.32 -0.49
(0.31) (0.13)
D. Cumulative earnings
Replaced (algorithmic coding) -172 -96
(228) (113)
Replaced (manual coding) -479 -328
(132) (129)
Individual controls v v v v
Occupation-industry controls v v

Notes: Results from regressions of the indicated outcomes on indicators for occupation-level technological replacement are
shown. The sample is the same as that used in Table 4. Individual-level controls include female, cohort, county, and educa-
tion dummies, as well as earnings in 1985. Occupation and industry controls include predicted life-time income, predictors
of occupational growth, occupation dummies, and industry dummies. Robust standard errors, clustered by 1985 3-digit oc-
cupation, in parentheses.
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