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INDIVIDUAL  CONSEQUENCES  OF  OCCUPATIONAL  

DECLINE  

∗

Per-Anders Edin, Tiernan Evans, Georg Graetz, Sofia Hernn ̈as and Guy Michaels 

We assess the career earnings losses that individual Swedish w ork ers suffered when their occupations’ 
employment declined. High-quality data allow us to o v ercome sorting 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%. 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%. 
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hat are the career earnings losses that w ork ers suffer when demand for their occupations
eclines? This question is important for policy debates on responses to technologies that re-
lace w ork ers (Acemoglu and Restrepo, 2019 ), and is rele v ant for broader discussions on labour
arket transformations due to technological change (see, for instance, Brynjolfsson and McAfee,

014 , Autor, 2015 and Caselli and Manning, 2019 ). New labour-replacing technologies no longer
hreaten only machine operatives and clerical w ork ers. Self-driving vehicles may reduce the
mployment of drivers (Campbell, 2018 ), and artificial intelligence software challenges pro-
essionals such as lawyers and financial investors (Susskind and Susskind, 2015 ) and even
ashion designers (Scheiber, 2018 ). This is causing considerable angst. It is therefore impor-
ant to understand how costly occupation-replacing technologies are for w ork ers, since this
nforms our thinking about individual welfare, inequality and human capital investments. It is
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lso important for public policy decisions on taxation, redistribution, retirement and education,
nd may even have broader political consequences (Marx, 1867 ; Caprettini and Voth, 2017 ;
o et al. , 2023 ). 
In this paper, we investigate the consequences for the career earnings and employment of

ndividual Swedish w ork ers of large declines in demand for their occupations, which are driven by
echnological change. We assemble high-quality population-le vel administrati ve data spanning
everal decades with a highly detailed occupational classification and a rich set of control
ariables. Using these, we regress w ork ers’ career earnings on an indicator for (large) occupational
eclines, controlling for potential confounders as discussed below. We show that the coefficient
n the occupational decline indicator can be decomposed into the mean effect of occupational
ecline on w ork ers whose occupation declines relative to those whose occupation does not, plus
 selection term. 

This selection term represents the mean difference in outcomes between w ork ers whose
ccupation declines and other w ork ers in the absence of any occupational decline. To address
his selection problem, we show that adding individual-level controls addresses individual-level
election on cognitive and non-cognitive skills and parental backgrounds. We also control for
ccupation-level characteristics, to address the concern that declining occupations would have
eli vered dif ferent outcomes in the absence of occupational decline. 

To learn more about the mean effect of occupational decline on w ork ers in declining occu-
ations, we consider how the underlying processes affect w ork ers whose occupations do not
ecline. Workers in non-declining occupations are likely to gain, at least on average, through
wo channels: first directly, as demand increases for occupations that drive technological change;
nd second indirectly, as rising incomes increase demand more broadly. Some w ork ers in non-
eclining occupations may still lose from technological change if their occupations experience
mall falls in demand, a possibility we address by considering different cutoffs for declining
nd non-declining occupations. Overall, we expect technological change to benefit the average
 ork er (Caselli and Manning, 2019 ; Humlum, 2021 ). During the period of our study, Swedish
 ork ers’ incomes rose substantially (for example, Graetz, 2020 reported that the real growth of
edian wages in Sweden was around 1.8% per year). Moreo v er, mean wages (and earnings) in
weden increased o v er the period we study, not only in the aggregate, but also for all subgroups
ormed by age-by-gender-by-education cells. In sum, therefore, our regression estimates likely
rovide an upper bound on the magnitude of the losses incurred by w ork ers whose occupations
ecline. Across a range of specifications and robustness checks, we find that this bound is around
%–5% of earnings from 1985–2013. This indicates that at least on average, Swedish w ork ers
n declining occupations were able to a v oid large income losses. 

As our main measure of occupational decline, we use the US Occupational Outlook Handbooks
Bureau of Labor Statistics, 1986 ; 2018 , henceforth OOH), which allows us to identify which
ccupations declined in the United States since the mid-1980s, to check whether occupational
eclines had likely technology drivers and to gauge expectations of employment growth at
he time. For reasons that we discuss below, our baseline definition of occupational decline
equires that employment contracted by at least 25% since the mid-1980s, though we also
 xplore man y alternativ e definitions, including declines using a range of thresholds as well
s measure computed using only the Swedish data. We match the occupational information
rom the OOH to indi vidual-le vel panel data on the entire Swedish population. Thus, we utilise
he best aspects of both countries’ data: the US data allow us to characterise occupational
mployment growth and control for anticipated changes in demand, while the Swedish data let us
C The Author(s) 2023. 
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ollo w indi viduals who dif fer in their exposure to occupational declines, but were otherwise very
imilar. 

Focusing on cohorts that were in prime working age from the mid-1980s till the mid-2010s,
e study how cumulative long-run outcomes (such as earnings and employment) differ for those
ho in 1985 w ork ed in occupations that subsequently declined. We control the initial selection
f w ork ers into declining occupations by gender, age, education, income, and location in 1985.
e show that, conditional on these controls, those in occupations that subsequently declined

ad similar cognitive and non-cognitive skills and parental education and earnings, and similar
re-1985 earnings, as other w ork ers. In some specifications we add other controls, including
easures of occupation-varying life-cycle profiles and predictors of occupational employment

rowth, as well as broad occupation and industry dummies. We show using pre-period data that
ur rich set of controls plausibly addresses the occupation-le vel dif ferences in outcomes in the
bsence of occupational decline. 

We confirm that both our OOH-based measure of occupational decline and the predicted
hanges in US employment correlate strongly with the employment changes in Sweden. Specifi-
ally, Swedish w ork ers who started out in occupations that subsequently declined were exposed
o employment growth that was 20–40 log points lower than in non-declining occupations. We
nd that, relative to w ork ers with similar characteristics in non-declining occupations, those

n declining occupations lost about 5% of mean cumulative pre-tax earnings and 2% of mean
umulative employment. And compared to similar w ork ers in similar occupations and industries,
he cumulative earnings losses were only around 2%, and the cumulative employment losses
ere around 1%. The implied elasticity of relative employment losses with respect to occu-
ational employment growth ranges from 0.04–0.05, and that for earnings losses ranges from
.08–0.13. 1 , 2 

We also find that those in declining occupations were significantly less likely to still work in
heir 1985 occupation in 2013, and the implied elasticity of remaining with respect to employment
rowth ranges from 0.71–0.95. If occupational demand curves slope downward, such a strong
obility response likely mitigated the earnings losses for those who remained in declining

ccupations. 
While mean relative earnings losses from occupational decline were around 2%–5%, those in

he bottom tercile of their occupation’s earnings distribution in 1985 suffered larger relative losses,
mounting to 8%–11%. Those at the bottom (and possibly also the top) of their occupation’s
arnings distribution were also less likely to remain in their starting occupation than the median
 ork er. 
We further find that occupational decline increased the cumulative time spent in unemployment

accounting for roughly a third of lost employment) and retraining (accounting for just under 10%
1 Our paper focuses on changes that result in large-scale occupational declines, rather than task-replacing technologies 
hat change the work done within occupations. Nevertheless, we note that workers performing similar tasks may be 
xposed to similar demand changes. Indeed, we find that the difference in occupational employment growth between 
eclining and non-declining occupations decreases in magnitude when we control for broad occupational categories. 
his is reflected in the implied elasticities. There may also be spillo v ers as w ork ers mo v e from declining occupations 

nto other occupations requiring similar tasks. In a robustness check, we find that spillo v ers matter to an extent, but do 
ot o v erturn our main conclusions. 

2 We estimate mean earnings and employment losses from occupational decline that are similar in magnitude or 
ossibly even smaller using micro data from the United States (National Longitudinal Survey of Youth 1979); the NLSY 

stimates are, ho we ver, noisier than those using Swedish data. Nevertheless, these findings suggest that our estimates of 
osses from occupational decline may generalise to settings beyond Sweden. See the earlier working paper version for 
etails (Edin et al. , 2019 ). 

C © The Author(s) 2023. 
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f lost employment). Moreo v er, occupational decline led to slightly earlier retirement among
iddle-aged (in 1985) w ork ers. While most of our analysis focuses on o v erall occupational

ecline, we also investigate variation stemming from technological replacement using three
istinct methods, none of which is mechanically related to the other. We find that all three
easures of technological replacement are associated with employment and earnings losses for

ndividual w ork ers that are broadly similar to those in our main estimates. 
To frame our empirical analysis of the consequences of occupational decline, we construct a

ualitative Roy ( 1951 ) model with occupational demand shocks. As discussed abo v e, we find
hat the largest earnings losses from occupational decline in Sweden are incurred by those who
arned the least within their initial occupations. This finding is inconsistent with the friction-
ess Roy model, but it is consistent with a version where occupational switching costs decline
n the w ork ers’ ability in the destination occupation. Moreo v er, our empirical analysis sheds
ight on the nature of the occupational switching costs, as almost half of the employment
osses we estimate are accounted for by a combination of increased retraining and especially
nemployment. 

Our model can account for additional empirical findings when we also allow for w ork er dis-
lacement. In this case, those with lower initial within-occupation earnings rank suffer larger
arnings losses from occupational decline; switchers’ earnings losses may be larger than those of
tayers; and switching probabilities are U-shaped in initial earnings, whereby low-earning work-
rs switch occupations if displaced, while high-earning w ork ers switch regardless of displacement
hen faced with occupational decline. 
Taken together, our results suggest that most w ork ers have coped well with occupational

ecline, in part through successful occupational switching, which is an encouraging message
or w ork ers f acing the risk of technological displacement today. One exception to this generally
ositive finding is that low-ranked workers suffer larger losses from occupational decline. 

Occupational decline is a salient feature of the evolution of labour markets (Goldin, 2000 ).
ut despite its importance, past work provides relatively little evidence about its consequences

or individuals’ careers. While there is a large literature on the costs of occupational mobility, we
re not aware of previous estimates of w ork ers’ earnings losses from ne gativ e occupation-lev el
emand changes. 3 

Our paper is distinct from panel studies of w ork ers who differ in the routineness of their jobs. 4

 key difference is that we can compare similar workers, even doing similar work, with different
xposure to occupational decline. 5 

Our paper also differs conceptually from studies of mass layoffs. Occupational decline can
ometimes be managed through retirement and reduced hiring, allowing w ork ers to change jobs
ithout leaving employment; and occupational decline need not entail severe spillovers for local

abour mark ets, unlik e mass layoffs (Gathmann et al. , 2018 ). While magnitude comparisons
cross studies should be interpreted with caution, the mean loss that we find from occupational
3 Kambourov and Manovskii ( 2009 ), Sulli v an ( 2010 ), Pavan ( 2011 ) and Cortes and Gallipoli ( 2017 ) estimated the 
uman capital losses associated with switching occupations. An older literature, including Neal ( 1995 ) and Parent ( 2000 ), 
tudied the cost of moving across industries, while in other related work Poletaev and Robinson ( 2008 ) and Gathmann 
nd Sch ̈onberg ( 2010 ) focused on task-specific human capital. Changes in the task content of existing occupations (for 
nstance, Spitz-Oener, 2006 ), while also potentially rele v ant, are outside the scope of our study due to data limitations. 

4 See, for example, Autor and Dorn ( 2009 ), Cortes ( 2016 ) and Bachmann et al. ( 2019 ). 
5 Also related is independent work by Schmillen ( 2019 ), who studied employment shocks faced by German apprentices, 

lthough our paper differs in its research question, econometric inference and outcomes. 

C The Author(s) 2023. 
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ecline is generally lower than the loss from mass layoffs. 6 Finally, our paper also differs from
tudies of trade shocks, which affect import-competing firms and industries, while the changes
e study typically affect individual w ork ers within firms. 
Our paper is also related to Dauth et al. ( 2021 ), who explored how w ork ers who were exposed

o industrial robots fared; and to Battisti et al. ( 2017 ), who investigated how firm-level techno-
ogical and organisational change affects w ork ers’ careers. Our paper differs by exploring the
onsequences of a broader set of changes in occupational employment. Furthermore, our paper is
elated to the literature on possible future displacement due to technological changes. Forecasts
f occupational displacement range from almost 50% (Frey and Osborne, 2017 ) to around 10%
Arntz et al. , 2017 , who obtained a lower estimate by taking into account within-occupation
eterogeneity in tasks). At the same time, Bessen ( 2016 ) concluded that technology has, at least
o far, not been a net destroyer of jobs. Even if this benign aggregate trend continues, ho we ver,
ome occupations may be replaced by technology, and our study offers a way to assess the losses
rom occupational displacement. 

We conclude the introduction with brief remarks on the setting we study. Sweden’s economy
nd labour market institutions constitute the backdrop to most of our empirical analysis. During
he period of our study, the Swedish economy experienced a deep recession in the early 1990s
nd a milder one in 2008 (Lindbeck, 1997 ; Gottfries, 2018 ), and we find that earnings losses in
eclining occupations were worse during those recessions. Wage inequality in Sweden increased
uring the 1980s and 1990s, and remained relatively stable thereafter (Skans et al. , 2009 ). Swedish
abour market institutions have been characterised by strong labour unions and substantial public
pending on labour market policies. Unions have generally embraced technological changes to
romote productivity and wage gains, while expecting that active labour market policy will help
isplaced w ork ers find w ork (Edin and Holmlund, 1995 ). There is, indeed, some evidence that
weden’s occupational retraining programs raise earnings (Vikstr ̈om and van den Berg, 2017 ),
o they may have contributed to the modest losses from occupational decline that we find. 7 At
he same time, our finding of noisier but similarly modest mean earnings and employment losses
rom occupational decline in the United States (Edin et al. , 2019 ) suggests that w ork ers find w ays
o mitigate losses from occupational decline even in other settings. 

The remainder of our paper is organised as follows. Section 1 presents our model, Sections 2
nd 3 discuss our data and empirical strategy, respectively, Section 4 presents our results, and
ection 5 concludes. 

. Occupational Decline in a Roy Model 

his section presents a simple model to help us frame our empirical investigation. We con-
ider two occupations, one of which is hit by a ne gativ e demand shock, and we qualitatively
6 Studies of mass layoffs in Sweden find losses of 4%–6% of annual earnings in the 5–10 years following displacement 
Eliason and Storrie, 2006 ; OECD, 2015 ). In the United States losses from displacement are generally larger and range 
rom 7%–14% of earnings (Davis and Von Wachter, 2011 ), or possibly even higher for w ork ers who were highly attached 
o their firms (Jacobson et al. , 1993 ). Galaasen and Kostøl ( 2018 ) and Bana ( 2021 ) explored how mass layoffs’ effects 
iffer for occupations facing ne gativ e demand shocks, but their focus is still on mass layoffs. 

7 Another feature of Swedish labour market institutions are so-called employment security agreements reached between 
abour unions and business associations, and administered by works councils. These agreements stipulate counselling 
f laid-off w ork ers to minimise the duration of their unemployment. We do not consider these agreements important in 
riving our results because, first, private sector blue-collar w ork ers were only co v ered from 2004 onwards, and second, 
 careful e v aluation of these agreements does not find strong support for positive treatment effects (Andersson, 2017 ). 

C © The Author(s) 2023. 
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tudy the resulting sorting of w ork ers and the costs they incur. We investigate how work-
rs’ likelihood of leaving the affected occupation, and their earnings losses, depend on their
nitial earnings. Starting from a standard frictionless Roy ( 1951 ) model, we successively in-
roduce positive and potentially heterogeneous costs of switching occupation, as well as the
ossibility that w ork ers are displaced from their jobs and incur a cost to find a new job even
hen remaining in their initial occupation. Finally, we consider how w ork ers’ sorting differs
hen the ne gativ e demand shock is anticipated in advance. A complete, self-contained ex-
osition of the model is given in the Online Appendix. Here we only summarise the main
lements. 8 

We consider a competitive economy with a continuum of individuals inde x ed by i who live
or two periods t ∈ { 1 , 2 } and each supplies a unit of labour inelastically each period. There are
wo occupations inde x ed by k ∈ { A, B} for the w ork ers to choose from. Work ers’ per-period log
arnings are given by y ikt = πkt + αik − c ikt , where πkt is the time-varying and stochastic (log)
rice of a unit of output in occupation k, αik is the time-invariant (log) amount of output that w ork er
produces in occupation k and c ikt ≥ 0 is a time cost related to occupational switching, which
e discuss below. 9 There are no saving opportunities and earnings are consumed immediately.
e define the life-time expected utility function as E [ y ik1 + βy ik2 ] , where β > 0 is a discount

actor. In each period, workers choose the occupation that maximises their expected utility. As a
ormalisation, we assume that w ork ers al w ays choose occupation A if indifferent. Since we focus
ur analysis on relative wages, we define ̃  πt ≡ πBt − πAt and assume for simplicity that ̃  π1 = 0 .
s we discuss in Section 3.1 , our empirical analysis proceeds in two steps. First, we characterise

onditions for identifying the effect of occupational decline on those in declining occupations
elative to others. And second, we discuss the additional assumptions required to identify a bound
n the absolute losses of those in declining occupations. The model is focused on the first part.
rices are determined in equilibrium by supply and demand. Ho we ver, here we take them as given,
nd analyse the consequences of a change to prices occurring in period 2 for occupational sorting
nd earnings. Note that the second period may be interpreted as all periods following this change,
o β could be larger than one. For simplicity, we assume that αi A and αi B are independent and both
niformly distributed between zero and some finite, but possibly large number α. We explain in the
nline Appendix that our main results are robust to alternative assumptions about the joint skills
istribution. 

In period 2, there is a ne gativ e demand shock to occupation A such that πA 2 − πA 1 = −d and
 2 = d, d > 0 . This may be due to labour-replacing technology becoming available, or cheaper,

n occupation A . We are interested in the consequences of the shock for the earnings of w ork ers
ho start out in occupation A , under various assumptions about switching costs and anticipation of

he price change. Formally, let l i ≡ E [ y i2 | αi A , k i1 = A, D A = 0] − E [ y i2 | αi A , k i1 = A, D A = 1]
e the expected earnings loss in period 2 that results from the shock, conditional on w ork er i
tarting out in occupation A , and conditional on her ability (and hence earnings rank) αi A , where
he occurrence of the shock is indicated by D A ∈ { 0 , 1 } . Similarly, l switch 

i and l stay 
i denote the

arnings losses further conditioned on leaving and staying, respectively, and p i is the probability
8 Gola ( 2021 ) provided a different, but related theoretical analysis of technological change in a two-sector model. 
9 The time cost may reflect search or retraining (or both); we assume throughout that a w ork er’s w age equals the value 

f her marginal product, e πkt + αik . We thus abstract from an y job-lev el rents that may arise in the presence of search 
rictions. 

C The Author(s) 2023. 
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f switching. 10 The o v erall loss is given by 

l i = l stay 
i − p i ( l 

stay 
i − l switch 

i ) . 

s long as there is no displacement then l stay 
i = d and, by revealed preference, l switch 

i ≤ d, so that
 i ≤ d. Thus, switching enables w ork ers to mitigate the losses from occupational decline. In the
nline Appendix we show that in each version of our model, ∂p i / ∂d ≥ 0 , ∂l i / ∂d ≥ 0 (with strict

nequalities for some i): the larger the drop in demand, the more w ork ers switch, and the higher are
arnings losses. Furthermore, ∂l i / ∂αi A = −∂p i ( l 

stay 
i − l switch 

i ) / ∂αi A + p i ∂l switch 
i / ∂αi A . In other

ords, losses decrease with initial within-occupation earnings rank if the switching probability
s increasing and the loss of switchers decreasing in initial earnings rank, ∂p i / ∂αi A > 0 and
l switch 
i / ∂αi A < 0 . 
We start with the simplest case, where occupational prices πkt are revealed at the start of each

eriod and there are no switching costs. Hence, occupational choice is a sequence of static deci-
ions that can be analysed in isolation. Panel (a) of Figure 1 illustrates occupational choices in
he two periods as a function of w ork ers’ skills. The set of w ork ers who start out in occupation A,
ut then switch to B is indicated by the blue area in the figure. Given uniformly distributed skills,
he figure shows that ∂p i / ∂αi A ≤ 0 . We show in the Online Appendix that ∂l switch 

i / ∂αi A ≥ 0
lso, and that ∂l i / ∂αi A > 0 : mean losses from occupational decline increase with initial
arnings. 

To understand the intuition for these results, call occupation A ‘typist’ and occupation B
cashier’, where typists suffer a ne gativ e demand shock. The worst typists could only become
he worst cashiers; otherwise, they would have chosen to be cashiers in period 1. But the best
ypists can at most become the best cashiers, and in general they will not all be the best cashiers.
herefore, the best typists are less able to mitigate their earnings losses by becoming cashiers,
nd they suffer larger losses than the worst typists. This argument suggests that switching
robabilities are decreasing and earnings losses are increasing in ability under a large set of
lternative assumptions on the skill distributions. 

Next, we assume that there is a constant switching cost c ∈ (0 , d) for moving between occu-
ations. Occupational choice is no longer a period-by-period decision. Instead, w ork ers choose
n period 1 the occupation with the highest expected present discounted value of log earn-
ngs, net of switching costs. Let us assume that occupational log prices follow a random walk,
 [ ̃  π2 ] = ̃  π1 = 0 , where the last equality is due to our earlier simplifying assumption. 11 Panel

b) of Figure 1 shows that occupational choices are qualitatively similar to the baseline model,
xcept that the blue region marking the w ork ers who switch is smaller than in panel (a). Again
e have ∂l i / ∂αi A > 0 . 
Instead of a constant switching cost, let us now assume that the cost for moving from A

o B equals C − αi B , with C > α (symmetrically, the cost of moving from B to A equals
10 Formally, 

l i ≡ l i ( αi A , d) ≡ E [ y i2 | αi A , k i1 = A, D A = 0] − E [ y i2 | αi A , k i1 = A, D A = 1] , 
l switch 
i ≡ l switch 

i ( αi A , d) ≡ E [ y i2 | αi A , k i1 = A, D A = 0] − E [ y i2 | αi A , k i1 = A, k i2 = B, D A = 1] , 
l stay 
i ≡ l stay 

i ( αi A , d) ≡ E [ y i2 | αi A , k i1 = A, D A = 0] − E [ y i2 | αi A , k i1 = A, k i2 = A, D A = 1] , 
p i ≡ p i ( αi A , d) ≡ P ( k i2 = B| k i1 = A, αi A , D A = 1) . 

11 The random walk assumption is consistent with our scenario of occupation A experiencing an adverse shock in 
eriod 2. Since occupations are completely symmetric ex ante, this is without loss of generality. Instead of the random 

alk assumption we could impose that demand changes are somehow otherwise perfectly unforeseen, for instance due 
o adaptive expectations. 

C © The Author(s) 2023. 
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(a)

(b)

(c)

Fig. 1. Sorting in a Two-Period Roy Model. 
Notes: Here k i t denotes the occupation chosen by w ork er i in period t ; αik denotes log productivity of 

w ork er i in occupation k ; and d is the amount by which the relative occupational log price declines from 

period 1 to period 2. The parameter values chosen are ( α, d, c, ̂  c , C) = (1 , 0 . 5 , 0 . 25 , 0 . 25 , 1) . Panel (a) 
shows the simplest case, where occupational prices are revealed at the start of each period and there are no 

switching costs. In panel (b), constant switching costs are added, and in panel (c) the switching costs 
instead decline in their output in t the new occupation. Panels (b’) and (c’) show the results adding 

displacement to the models shown in panels (b) and (c), respectively. 
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 − αi A ). This structure of switching costs captures in a reduced-form way the frictions that
ccupational mo v es may entail: for e xample, job search may take time, and those more able
n the new occupation may find a job more quickly. We continue to assume that occupational
og prices follow a random walk. Panel (c) of Figure 1 shows that low-ability w ork ers do not
eave occupation A , and among high-ability w ork ers, ∂p i / ∂αi A > 0 . We show in the Online
ppendix that ∂l switch 

i / ∂αi A < 0 (taking into account earnings losses due to the time cost of
witching), so that ∂l i / ∂αi A ≤ 0 : mean losses from occupational decline (weakly) decrease with
nitial earnings. 

In terms of the example above, in this case the worst typists do not switch, because their
nitial choice of occupation A reveals, not only low earnings potential in occupation B, but
lso a large switching cost. Among the best typists, ho we v er, man y possess substantial earn-
ngs potential as cashiers, as well as low switching costs. Therefore, the best typists are on
verage better able to mitigate their earnings losses by becoming cashiers, and hence the
arnings losses from the demand shock are smaller for the best typists than for the worst
ypists. 12 

Building on the previous case, we now explore a version of the model that includes involuntary
ob displacement. Suppose that w ork ers experience job displacement with some probability
hat is independent of skill, and incur a time cost C − αik to find a job in occupation k, be
t the starting occupation or a different one. Here we have in mind exogenous job losses, for
nstance due to plant closure, which are a standard feature of search models (see, for instance,
issarides, 2000 ). There is a fraction of high-ability w ork ers who switch occupation regardless
f displacement. In addition, now a fraction of low-ability w ork ers also switch, but only if they
re displaced. This is illustrated by the yellow area in panel (c’) of Figure 1 . Moreo v er, the
arnings losses experienced by these displaced mo v ers are larger than those of non-displaced,
omparable stayers. This is by revealed preference: a w ork er in the yellow region prefers to
emain if not displaced, so her non-displaced counterpart (with the same period-1 earnings)
ecessarily incurs a lower earnings loss. We show in the Online Appendix that ∂l i / ∂αi A ≤ 0 ,
s before. Unlike in the case without displacement, ho we ver, p i is U-shaped in initial earnings.
his is because the probability of a displacement-induced switch is decreasing, and that of a
oluntary one is increasing in initial earnings. The earnings loss l i is again decreasing in initial
arnings, as the costs of moving jobs—both within and across occupations—decrease with initial
arnings. 13 

As a final variation on our model, we consider a case where period-2 prices are revealed to
e ̃  π2 = d at the start of period 1. In the presence of switching costs, some w ork ers that would
therwise have chosen occupation A in period 1 instead start out in occupation B. This means
hat the fraction of w ork ers switching after period 1 is smaller, and it could even be zero if
witching costs are large. Since there is less switching, earnings losses are larger than in the case
f unanticipated shocks, for a given d. 
12 While our model excludes occupation-specific human capital, it does allow us to think about some of its potential 
mplications. For example, if all w ork ers accumulate occupation-specific human capital additively (in logarithms), 
he effects are similar to adding constant switching costs, since switching means foregoing this capital. And if the 
ccumulation of occupation-specific human capital is faster for those with higher ability in the occupations they initially 
elect, they become less mobile, in contrast to the case of heterogeneous switching costs discussed abo v e. Either way, 
dding occupation-specific human capital does not help to rationalise our empirical findings. 

13 We have also analysed displacement under constant switching costs, that is, when w ork ers incur a time cost ̂  c > 0 
o find a new job in A , or a cost c to find a job in B. This case is illustrated by panel (b’) of Figure 1 , and details are given 
n the Online Appendix. 
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We conclude this section by summarising the main results from our model. The baseline
rictionless model makes three predictions: the probability of leaving a declining occupation
s decreasing in initial earnings; earnings losses due to occupational decline are increasing in
nitial earnings, and earnings losses of those who leave a declining occupation are less than
he losses of those who remain. Anticipating that these predictions are inconsistent with our
mpirical findings, we consider how occupational switching costs can reconcile our results.
ntroducing an occupational switching cost that is decreasing in the w ork er’s earnings in the
estination occupation leads to a positive relationship between switching probabilities and initial
arnings, and a ne gativ e relationship between earnings losses and initial earnings. Allowing for
isplacement, together with a cost of switching jobs within an occupation, implies that switchers’
arnings losses may be larger than those of stayers. Moreo v er, displacement can cause switching
robabilities to be U-shaped in initial earnings, whereby low-earning w ork ers switch involuntarily
f displaced, while high-earning w ork ers switch voluntarily regardless of displacement. 14 

. Data 

ur main empirical analysis uses indi vidual-le vel longitudinal administrative data covering the
ntire population of Sweden for several decades, and various editions of the OOH published by
he Bureau of Labor Statistics (BLS). Here we discuss key elements of the data we use, and leave
any of the details to the Online Appendix. 

.1. Data Sources 

ur primary sources for measuring occupational decline are the 1986–7 and the 2018–19 editions
f the OOH (Bureau of Labor Statistics, 1986 ; 2018 ). The OOH describes the nature of work, the
umber of jobs and the projected employment growth for hundreds of occupations. For a subset
f these occupations, more details are reported, including (among much else) data on whether
echnology is expected to affect—or has already affected—the occupation in question, and if so,
n what way. In the 1986–7 edition, 401 occupations are described, co v ering about 80% of US
mployment. Detailed information is available for 196 of these occupations, co v ering about 60%
f employment. 15 

Our main outcomes of interest come from Swedish micro data. We obtain basic demographic
year of birth, gender, education and county of residence) and labour market (employment
tatus, annual earnings and industry) variables from the Integrated Database for Labour Market
esearch (LISA), a collection of administrativ e re gisters. F or 1985–2013, LISA contains one
bservation per year for every individual aged 16–64 living in Sweden. Key variables, such as
mployment status and industry (as well as county of residence) are measured each No v ember.
e also use individual data from the Swedish Public Employment Service (PES), which contain
14 An alternative model of occupational decline is the hierarchical Roy model of Cortes ( 2016 ). There are three 
ccupations that differ by skill intensity—there is only one dimension of skill—and the declining occupation is assumed 
o be the middle-skilled one. Among middle-skilled w ork ers, both the lowest and highest paid leave the occupation, 
hile the medium paid w ork ers stay. As in any frictionless Roy model, stayers incur the largest earnings losses when 

n occupation declines. Therefore, the model of Cortes ( 2016 ) cannot explain our finding that the lowest paid within 
he occupation incur the largest losses. And naturally, that model cannot speak to our findings about unemployment and 
etraining. 

15 The number of distinct occupations in the OOH, as well as the number of occupations co v ered in detail, increased 
 v er time, so our crosswalk from the 1986–7 to the 2018–19 OOH is mostly, though not always, one too many. 

C The Author(s) 2023. 
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nformation on the number of days registered as unemployed, and the number of days spent in
etraining programs administered by the PES, for all individuals ev er re gistered with the PES
rom 1992–2013. 

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

Our data on w ork ers’ occupations come from the population censuses, which were conducted
v ery fiv e years from 1960–90, and from the Wage Structure Statistics (WSS) for the years
996–2013. 16 The WSS contains the population of public sector w ork ers and a sample of about
0% of pri v ate sector w ork ers. We apply sampling weights when working with the occupation
ariable from the WSS. 

A useful feature of our data is that in the 1985 and 1990 censuses, w ork ers’ occupations
re coded using a five-digit classification, YRKE5, containing about 1,400 distinct occupations.
his allows us to accurately merge occupation-level information from the United States, as we
escribe below. Unfortunately, such detailed occupation codes are not available after 1990. From
996–2013, a three-digit classification containing 172 distinct codes, SSYK96, is available in
he WSS. This classification is different from YRKE5, and the crosswalk between YRKE5 and
SYK96 likely introduces measurement error in workers’ occupations after 1990. This limits
ur analysis of occupational employment shifts and individual w ork ers’ occupational mobilities
uring 1985–2013. 

Finally, we use information from the 1960 census, which allows us to calculate prior occu-
ational employment changes at the three-digit level using the YRKE3 classification, a coarser
ersion of YRKE5 (there are 229 distinct codes that cover the period 1960–85). 

.2. Construction of Key Variables 

o construct our measure of occupational decline, we begin with the OOH data. Mapping
ccupations across the 1986–7 and 2018–19 editions of the OOH, we calculate the percentage
rowth in employment 1984–2016. 17 If, after a careful search, a 1986–7 occupation has no
ounterpart in the 2018–19 edition, we classify it as having vanished, and assign a percentage
rowth of −100. 18 While few occupations actually disappeared, some occupations declined
harply, 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 1986–7 OOH. 19 

he BLS constructs these predictions using a careful and lengthy procedure. 20 In the 1986–7
OH, forecasts were reported in categories: ‘declining’, ‘little or no change’, ‘increasing slower

han average’, ‘increasing about as fast as average’ and ‘increasing faster than average’. We
16 We also use indi vidual-le vel earnings data for 1975 and 1980 from the population censuses. 
17 The 1986–7 OOH reports employment for 1984, while the 2018–19 edition reports 2016 employment. 
18 Between the 1986–7 and 2018–19 editions of the OOH, some occupations were split or merged, which we take into 

ccount when computing the percentage growth. See the Online Appendix for details. 
19 We use US rather than Swedish employment forecasts, since the Swedish forecasts from the rele v ant time period 

re only at the one-digit occupation level (Statistics Sweden, 1990 ). 
20 Veneri ( 1997 ) e v aluated the ex post accuracy of the projections used in the 1986–7 OOH, and concluded that it 

orrectly foresaw most occupational trends, although there were non-trivial cases of error. 

C © The Author(s) 2023. 
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reate a cardinal predicted growth index assigning these categories the numbers 1–5 (where
igher numbers correspond to more positive predicted employment changes). We report results
oth from using this index and using the categorical outlook variable. 

In order to merge the OOH-based variables to the Swedish data, we map the 401 1986–7
OH occupations to the 1,396 five-digit Swedish occupation codes available in the 1985 census.
e successfully map 379 US occupations to 1,094 Swedish occupations—we are able to find

orresponding US occupations for 91% of Swedish w ork ers in 1985. We map percentage changes
n US employment 1984–2016, as well as 1986–7 OOH predictions (categorical and index), to
wedish five-digit occupations using our crosswalk, applying weights (OOH 1984 employment
hares) in the case of many-to-one matches. 

We define a Swedish five-digit occupation as declining if the weighted employment growth
f its corresponding OOH occupations is ne gativ e and larger (in absolute magnitude) than 25%.
e regard this as a sensible threshold: smaller observed declines may result from measurement

rror from matching OOH occupations o v er time. At the same time, we report robustness checks
sing several alternative thresholds. We also use information from the OOH to determine whether
echnology likely played a role in the decline, as we further explain in the Online Appendix.
n 1985, 13% of Swedish employees worked in subsequently declining occupations, and 8%
 ork ed in subsequently declining occupations where the decline is linked to technological

hange. Examples of sharply declining occupations in Sweden include both blue-collar (vehicle
tter, assembler of metal products, machine fitter and clothing seamstress) and white-collar
ccupations (office telephone operator, data reader, data machinist and typist). 21 

We also classify occupations as having been susceptible to replacement by specific technolo-
ies. Unlike the declines linked to technological change, these occupations were categorised
ithout relying on actual employment changes in the United States (nor Sweden). We identify

ele v ant technologies using two approaches: a ‘manual’ one and an ‘algorithmic’ one. For the
anual approach, we consider whether we know of a technology that replaced all or nearly all

f tasks in the occupation. For the algorithmic approach, we use a pre-specified Google search
uery to identify mentions of technology replacing w ork ers in the occupation. An occupation is
onsidered to have been replaced if the technology identified was commercially viable during
he period we study. In both cases, technological replacement is strongly positively correlated
ith occupational decline. In 1985, 5.4% (3.7%) of Swedish employees worked in occupations

hat were replaced, as classified using the algorithmic (manual) approach. 
We construct several left-hand side variables that characterise w ork ers’ career outcomes span-

ing the years 1986–2013, that is, starting with the first year after we measure treatment and ending
ith the last year available in our data. We start by summing up years observed as employed and

eal annual labour earnings, obtaining the variables cumulative years employed and cumulative
arnings. Following Autor et al. ( 2014 ), we measure normalised cumulative earnings, which
s the ratio of cumulative earnings to predicted initial earnings. 22 We consider further earnings
21 This list includes occupations with at least 5,000 w ork ers in 1985, whose decline measure fell by 50% or more and 
ith distinct names, as opposed to ‘Other within [a broader category]’. 
22 The prediction comes from a regression of log earnings on a quartic in age and dummies for gender, county and 

ev en education cate gories, run separately for each three-digit SSYK96 occupation in 1985. We divide by predicted rather 
han actual initial earnings to eliminate transitory earnings variation, which would introduce an important role for mean 
eversion into the distribution of normalised cumulative earnings. Autor et al. ( 2014 ) divided cumulative earnings by 
arnings averaged across four pre-treatment years for the same reason. Since we do not have annual earnings information 
rior to 1985, we normalise by predicted earnings instead. 

C The Author(s) 2023. 
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easures—such as rank, discounted cumulative earnings and earnings growth—in robustness
hecks. 

Our measure of long-run occupational mobility is a dummy variable that equals one if the
ndividual w ork ed in the same three-digit SSYK96 occupation in 2013 as 1985. It equals zero
f the individual works in a different occupation or is not employed. 23 Using the PES data, we
alculate cumulative days spent unemployed and cumulative days spent in retraining during
992–2013. We define dummy variables for ever unemployed and ever having participated in
etraining. Finally, we calculate the retirement age, where we define retirement as a continuous
pell of zero annual earnings up to and including age 64. 24 

.3. Sample Restrictions 

ur starting sample contains all individuals born between 1921–69 and hence aged 16–64 (at some
oint) in 1985, who were employed in No v ember 1985, whose annual earnings in 1985 were no
ess than the ‘base amount’ (Swedish: basbelopp ) specified by the social security administration
nd for whom we have the rele v ant demographic and labour market information. 25 There are
,061,051 individuals fulfilling the abo v e criteria. 26 Our baseline sample further restricts the
ample to those aged 25–36 in 1985. We drop younger w ork ers, who are less likely to have
ettled on an occupation. And we drop middle-aged and older w ork ers from our baseline sample
ecause we want to focus on w ork ers who did not reach retirement age by 2013, the end of our
eriod of study, in our main analysis. We analyse these older w ork ers separately. 

. Empirical Strategy 

.1. The Estimating Equations and Their Interpretation 

ur objective is to estimate the consequences of occupational decline for individual w ork ers’
areers. To fix ideas, we consider occupational decline brought about by technological change,
nd later consider other potential drivers of occupational decline. 

Consider a regression of cumulative career outcomes—such as cumulative years employed,
r cumulative earnings—on an indicator for working in 1985 in occupations that subsequently
eclined, conditional on a set of controls. The probability limit of the regression coefficient on the
eclining indicator can be expressed as a difference in conditional means, which in turn can be
ecomposed into the difference between a treatment effect on w ork ers in declining occupations
23 Our measure of occupational mobility does not capture any temporary exits during the intervening years if w ork ers 
eturned to their initial occupation. A limitation of our data is that they are not conducive to studying high-frequency 
ccupational mobility: During the years 1986–9 and 1991–5, we do not observe w ork ers’ occupation. And during 
996–2004, the SSYK96 variable contains substantially fewer distinct codes than from 2005 onwards. 

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

25 The base amount is used as an accounting unit when calculating benefits, and it is typically equal to about three 
onths’ worth of full-time work at the median wage. As we do not observe hours w ork ed or full-time status, we use the 

ase amount to exclude individuals with little labour market attachment. 
26 There were 5,281,382 individuals aged 16–64 in Sweden in 1985. Of those, 4,186,512 were employed in No v ember 

985, and among them, 3,648,034 earned no less than the base amount during 1985. The reduction to 3,061,051 is due to 
issing education, industry or occupation information, including cases where YRKE5 occupations do not have matches 

n the OOH. Online Appendix Table OA1 shows that dropping observations with missing education, occupation and 
ndustry has very little effect on the sample composition in terms of gender, age and base earnings. 

C © The Author(s) 2023. 
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nd a treatment effect on w ork ers in non-declining occupations, and selection bias: 

E [ y i2 | k i1 ∈ A, D A = 1 , D B = 0 , x i1 ] − E [ y i2 | k i1 ∈ B, D A = 1 , D B = 0 , x i1 ] ︸ ︷︷ ︸ 
Observed difference in means 

= E [ y i2 | k i1 ∈ A, D A = 1 , D B = 0 , x i1 ] − E [ y i2 | k i1 ∈ A, D A = 0 , D B = 0 , x i1 ] ︸ ︷︷ ︸ 
Effect of occupational decline on A w ork ers 

− ( E [ y i2 | k i1 ∈ B, D A = 1 , D B = 0 , x i1 ] − E [ y i2 | k i1 ∈ B, D A = 0 , D B = 0 , x i1 ]) ︸ ︷︷ ︸ 
Effect of occupational decline on B w ork ers 

+ E [ y i2 | k i1 ∈ A, D A = 0 , D B = 0 , x i1 ] − E [ y i2 | k i1 ∈ B, D A = 0 , D B = 0 , x i1 ] ︸ ︷︷ ︸ 
Selection bias 

. (1)

ere, y i2 is the outcome of interest, such as cumulative earnings of individual i (who is employed
n occupation k i1 in 1985) in period 2 (1986 through 2013). Our notation separates declining
ccupations ( A ) from non-declining ones ( B). Variable D is an indicator for occupational decline,
hich allows us to consider the hypothetical situation where occupational decline did not take
lace. We moti v ate our use of an indicator for occupational decline in Section 3.2 below. We
enote by x i1 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
here is no need for controls. In practice, the identifying assumption for the regressions without
ontrols is too strong, because the selection term reflects both differences in individuals sorting
cross occupations as well as differences between occupations A and B even in the absence of
ccupation decline. Our empirical strategy aims to mitigate both types of selection concerns. 

Our first step towards addressing the sorting of individuals is to control for a rich vector
f individual characteristics in period 1, that is, in 1985: gender, age, educational attainment
nd county of residence dummies, and earnings. To address potential concerns about sorting on
ther dimensions of skill, we investigate whether individuals differ in terms of cognitive and
on-cognitive skills from the military enlistment, which are available for men of a subset of
ohorts for whom military service was compulsory. We also check whether w ork ers in declining
ccupations differ in other background characteristics, namely parental education and pre-1985
arnings. 

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

To further control for differences between declining and non-declining occupations, we use
nformation from the 1986–7 OOH. The BLS authors went to great lengths to accurately forecast
ccupational employment changes. Once we condition on predicted occupational growth, we
ikely remo v e much of the differences between declining and non-declining occupations that
re related to w ork ers’ sorting in anticipation of future demand. Since the occupational decline
nd the forecasts that we use rely on US data, we also control for each occupation’s level
f employment and pre-existing employment growth trends in Sweden. Together, this set of
ontrols remo v es predictable variation in the declining indicator, and in this sense gets us closer
o isolating unanticipated declines. In some specifications we use two additional sets of controls:
C The Author(s) 2023. 



2192 the economic journal [ august 

b  

c  

o
 

o  

o  

t  

a
 

w  

o  

a  

t  

o  

h  

t  

n  

m  

2  

d  

l  

e  

s  

n  

I  

e  

w  

o
 

f

w
i  

o  

t

i
i

D
ow

nloaded from
 https://academ

ic.oup.com
/ej/article/133/654/2178/7104058 by guest on 09 August 2023
road (one-digit) occupation dummies and (two-digit) industry dummies. Adding these controls
omes at the cost of reducing the variation in occupational decline, since it only uses variation in
ccupational decline between very similar occupations. 

Addressing the selection concerns allows us to identify the net effect of occupational decline
n w ork ers who start out in occupations that subsequently decline, relative to the effect of
ccupational decline on w ork ers who start out in non-declining occupations (the difference of the
wo middle terms in ( 1 )). This difference is equivalent to −E [ l i ] in the model and is interpretable
s the effect of occupational decline on inequality between occupations. 

To view ( 1 ) as informing us about the effect on earnings of occupational decline on w ork ers
ho start out in declining occupations, we need to make further assumptions about its effect
n w ork ers in non-declining occupations. There are reasons to think that this effect would be
t least weakly positive, even if not all non-declining occupations gain. Increased demand due
o technological change may raise demand for w ork ers in non-declining occupations and may
pen new employment opportunities (Autor, 2015 ), and technological change should lead to
igher average wages under general conditions (Caselli and Manning, 2019 ). On the other hand,
here may be a secondary effect due to an inflow of w ork ers from declining occupations to
on-declining ones, but its magnitude is likely to be modest (for calculations based on structural
odels that are consistent with this intuition, see Humlum, 2021 and Acemoglu and Restrepo,

022 ). Finally, we note that real earnings and wages in Sweden have indeed increased substantially
uring our sample period (Graetz, 2020 ), and the most likely explanation for such growth o v er
ong periods of time is a technology-driven increase in productivity. Moreo v er, mean wages (and
arnings) in Sweden increased o v er the period we study, not only in the aggregate, but also for all
ubgroups formed by age-by-gender-by-education cells. 27 Under the assumption that w ork ers in
on-declining w ork ers do not, on average, lose from occupational decline, we get an inequality:

E [ y i2 | k i1 ∈ A, D A = 1 , D B = 0 , x i1 ] − E [ y i2 | k i1 ∈ B, D A = 1 , D B = 0 , x i1 ] ︸ ︷︷ ︸ 
Observed difference in means 

≤ E [ y i2 | k i1 ∈ A, D A = 1 , D B = 0 , x i1 ] − E [ y i2 | k i1 ∈ A, D A = 0 , D B = 0 , x i1 ] ︸ ︷︷ ︸ 
Effect of occupational decline on A w ork ers 

. 

n other words, the observed difference in conditional earnings means is a lower bound for the
ffect of occupational decline on w ork ers in declining occupations. Since, as we discuss below,
e find that the observed difference is moderate in magnitude, the loss for those in declining
ccupations is even more moderate. 

To implement the empirical methodology outlined abo v e, our estimating equation takes the
orm 

y i2 = βD k i1 + γ x i1 + δ̃  x k i1 + ε i , (2) 

here D k i1 is an indicator for working in 1985 in an occupation that subsequently declined; x i1 

s a vector of individual characteristics, measured in 1985, as discussed abo v e; ̃  x k is a vector
f occupational characteristics and ε i is the error term, which we conserv ati vely cluster by
hree-digit Swedish occupations. 28 
27 Specifically, we break the population of w ork ers into three age groups (25–36, 37–48 and 49–60, as we do elsewhere 
n this paper), by five education groups and by gender. For all the resulting 30 groups, real earnings and real wage rates 
ncreased by at least 1.2% and 1.4% per year, respectively, from 1985–2013. 

28 As discussed abo v e, some specifications also control for industry fixed effects. 

C © The Author(s) 2023. 
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We provide further evidence that our identification strategy plausibly addresses the selection
ssues by considering two additional sets of outcomes. First, we examine the earnings of w ork ers
n the years before the occupational decline that we study. Second, we study the cumulative
arnings during the first few years of our study, when the effect of occupational decline was
ikely limited. 

A different question regarding our approach is whether occupational decline that is specifically
inked to labour-replacing technologies has distinct consequences from demand-driven occupa-
ional decline in general. To provide evidence on the role of technology, we restrict some of the
nalysis to occupational declines that are explicitly linked to concrete new technologies, such as
ersonal computers and robots. We also examine measures of technological replacement that are
olely based on an occupation’s exposure to labour-replacing technologies without incorporating
ny information on employment changes. 

Returning to the potential causes of occupational decline, we note that losses due to increased
nternational trade or offshoring are likely to follow a similar logic to that outlined abo v e for
echnological 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
ay fall differently on workers with different initial earnings rank within their occupations, in

ine with the discussion in the model section. 

.2. Rationale for Measuring Occupational Decline Using US Data 

rior literature has documented that shifts in occupational employment are strongly correlated
cross countries; see, for instance, Goos et al. ( 2014 ) documenting job polarisation across
uropean countries and, in particular, Adermon and Gustavsson ( 2015 ) on job polarisation in
weden. Here we explain why using measures of occupational decline from the OOH is not only
easible, but also desirable. 

We begin by explaining why we prefer this measure of decline to an alternative measure using
he SSYK96 codes. First, there are 401 OOH codes compared to just 172 (three-digit) SSYK96
odes, and having more codes affords us more variation from small and declining occupations.
 or e xample, it lets us separate typists, whose employment fell sharply, from secretaries, whose
mployment grew. To use the OOH codes, we match them to YRKE5 codes, but since the
RKE5 are more numerous, we do not lose much variation. Second, since the SSYK96 codes
ere introduced from 1996, they reflect a judgement on an occupation’s importance made after

he start of the occupational decline that we study. Consequently, SSYK96 codes are more likely
o pool occupations with low employment in 1996 (including declining ones) with non-declining
ccupations. Because the 2018–19 OOH separately describes even occupations with very low
mployment, this is less of a problem for our approach. Finally, using occupational declines
easured in Sweden as a regressor where the dependent variable is the change in earnings

reates 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

ecline measure rather than use it as an instrument for occupational decline measured in Sweden
sing SSYK96? Our rationale for the reduced-form approach is that it preserves much more of the
ariation that we are interested in, for several reasons. First, as noted above, if we use measures
ased on SSYK96 codes, we lose much of the variation in occupational decline because of the
oarseness of the classifications and the lower likelihood of separating occupations in decline.
econd, 2SLS would exacerbate this problem, since it only uses part of the variation in the
C The Author(s) 2023. 
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ecline. Finally, as we show below, while we still have power to detect changes in occupational
ecline 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
o occupational employment growth in Sweden as an additional way of assessing magnitudes.
iven the caveats just mentioned, these elasticities are likely upper bounds, as the measured
wedish employment change is biased towards zero due to the absorption of declining occupations

nto broader categories in the SSYK96 classification. 
Still another question is why we focus only on occupational declines instead of using the full

ariation in OOH occupational change. Again, there are several factors that influence our choice.
irst, declines are interesting from the perspective of their social costs and policy implications.
econd, large declines in employment are likely driven by declines in labour demand, and we use
e veral alternati ve measures of technological replacement to corroborate our findings. Finally,
s we explain below, we use different cutoffs in the regressions as well as graphical evidence,
o show that the costs of occupational change are concentrated among those who experience
ubstantial occupational declines; increases or moderate declines seem to matter little relative to
ach other. Nevertheless, for completeness, we also report estimates using the full variation in
ccupational changes. 

To conclude, we note that in order to better assess the quantitative importance of the estimated
arnings losses, we relate them to the estimated impacts on occupational mobility, as well as to
wedish occupational employment growth. 

. Empirical Analysis 

n this section we present the findings from our empirical analysis. First, we quantify occupa-
ional decline in Sweden and discuss sorting into declining occupations. Second, we study how
mployment, earnings and occupational mobility differed for w ork ers in declining occupations.
hird, we investigate how the consequences of occupational decline differed by w ork ers’ initial
ithin-occupation earnings rank. Fourth, we explore some of the mechanisms through which
ccupational decline operates, including unemployment, retraining and early retirement. Fifth,
e examine whether occupational declines with observed links to technology has distinct conse-
uences. At the end of this section, we interpret our findings through the lens of the theoretical
odel from Section 1 . 

.1. Occupational Decline and Sorting across Occupations 

e begin by quantifying w ork ers’ exposure to occupational decline. In Table 1 we report estimates
f ( 2 ), where the dependent variable is the log employment change from 1985–2013 in each
 ork er’s three-digit occupation. Panel A shows estimates for w ork ers aged 16–64 in 1985, and
anel B focuses on our main sample of w ork ers—those aged 25–36 in 1985. The results, which
re similar across panels, suggest that w ork ers in declining occupations are exposed to a log
mployment change that is about 50 log points lower than for w ork ers in non-declining ones,
bout 40 log points lower when we compare observationally similar w ork ers, and lower by about
0–30 log points when we also include occupation and industry controls. It is important to keep
hese results in mind when interpreting our findings from putting indi vidual-le vel career outcomes
n the left-hand side of ( 2 ). While adding more controls reduces the risk of omitted variable bias,
he results in Table 1 show that this also leaves less variation in exposure to occupational change.
C © The Author(s) 2023. 
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Table 1. Quantifying Work er s’ Exposure to Occupational Decline. 

(1) (2) (3) (4) (5) (6) 

Panel A. Work er s a g ed 16–64 in 1985 (3,061,051 observations) 

Declining −0 .49 −0 .44 −0 .43 −0 .31 −0 .28 −0 .22 
(0 .12) (0 .11) (0 .11) (0 .10) (0 .11) (0 .10) 

Panel B. Work er s a g ed 25–36 in 1985 (877,324 observations) 

Declining −0 .47 −0 .40 −0 .39 −0 .28 −0 .27 −0 .22 
(0 .11) (0 .11) (0 .11) (0 .10) (0 .12) (0 .10) 

Demographics & 

earnings 
� � � � � 

Life-cycle profiles � � � � 

Predictors of growth � � � 

Occupation dummies � � 

Industry dummies � 

Notes: Results from regressions of occupational log employment changes on a dummy for working in a declining 
occupation are shown. Regressions are run on indi vidual-le vel data. Ho we ver, the dependent v ariable is the difference 
in aggregate log employment in Swedish three-digit occupations between 2013 and 1985, matched to each worker’s 
1985 five-digit occupation using a crosswalk. A Swedish five-digit occupation is classified as ‘Declining’ if there are 
employment losses of more than 25% between 1986–2016 in the corresponding US occupation(s). In the regressions 
reported here, the ‘Declining’ variable indicates that an individual w ork ed in such an occupation in 1985. Demographic 
controls include female, cohort, county and education dummies. Occupation-lev el life-c ycle profiles are cumulative 
earnings calculated for each individual based on their 1985 occupation. Predictors of growth include 1985 employment 
shares, 1960–85 occupational employment growth and the predicted growth index. Occupation and industry dummies 
are at the one-digit and two-digit levels, respectively. Robust standard errors, clustered by 1985 three-digit occupation, 
are given in parentheses. 
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e also note, as discussed in Section 3.2 , that these estimates likely understate the employment
ecline for five-digit occupations, which we are unable to measure. 29 Online Appendix Table
A2 reports similar estimates, aggregated by three-digit occupations and weighted by 1985
wedish employment shares, using our main sample of workers. 
Having described the extent of occupational declines, we turn to the sorting of individuals in

985 into subsequently declining occupations. Table 2 presents results from regressions of several
ndividual characteristics on an intercept and the declining indicator. The top panel considers the
ntire working-age population with non-missing demographic and labour market information,
nd the bottom panel focuses on our main sample. In both cases, the sorting patterns are similar:
hose in occupations that subsequently declined were of similar age, and more likely to be male,
ess educated, and more likely to be employed in manufacturing. Coincidentally, the gender gap
n earnings is offset by the differences in schooling, and on net, the w ork ers in subsequently
eclining occupations had similar earnings to others in 1985. 

We next investigate whether there is sorting into declining occupations based on cognitive
kills, non-cognitive skills, and parental attributes, and if so, whether any differences in these
ariables disappear once we control for the individual characteristics described in the previous
aragraph. Columns (1) and (4) in panel A of Table 3 show that in 1985, the cognitive and
on-cognitive skills of men in subsequently declining occupations were lower than those of
he other men by about 0.2–0.25 SDs. But the table also shows that our set of demographic
29 The difference of 50 log points translates into an employment decline of about 18%. Let y i be the log employment 
hange assigned to each individual based on her 1985 five-digit occupation, and let D i be the declining indicator. From 

he regression y i = α + βD i + ε i we obtain E [ exp { y i }| D i = 1] = exp { α + β} E [ exp { ε i }| D i = 1] , and plugging in our 
stimates, exp { 0 . 06 − 0 . 49 } × 1 . 26 = 0 . 82 . As we argue in the text, this likely understates the actual average decline in 
he five-digit occupations. 

C The Author(s) 2023. 
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Table 2 . Baseline Characteristics of Work er s in Subsequently Declining Occupations. 
(1) (2) (3) (4) (5) (6) (7) 

Female age Compulsory school High school College Earnings Manufacturing 

Panel A. Work er s a g ed 16–64 

Intercept 0 .52 39 .5 0 .33 0 .56 0 .11 191 .3 0 .25 
(0 .078) (0 .41) (0 .030) (0 .033) (0 .027) (10 .8) (0 .050) 

Declining −0 .25 −0 .89 0 .13 −0 .063 −0 .070 −0 .23 0 .38 
(0 .088) (0 .63) (0 .035) (0 .034) (0 .028) (11 .0) (0 .085) 

Panel B. Work er s a g ed 25–36 

Intercept 0 .51 30 .8 0 .23 0 .64 0 .13 182 .8 0 .23 
(0 .078) (0 .078) (0 .022) (0 .033) (0 .032) (9 .28) (0 .050) 

Declining −0 .26 −0 .19 0 .15 −0 .065 −0 .082 12 .0 0 .38 
(0 .085) (0 .091) (0 .030) (0 .034) (0 .034) (9 .40) (0 .084) 

Notes : Results from OLS regressions of various baseline (1985) characteristics on a constant and an indicator for working in a declining occupation are shown 
(see the notes to Table 1 for the definition of the declining indicator). Earnings are measured in thousand Swedish crowns inflated to 2014 levels. The sample 
includes all individuals of the indicated ages who were employed and earned at least the base amount in 1985, and whose education, occupation, and industry 
are observed. The number of observations is 3,061,051 in panel A and 877,324 in panel B. Robust standard errors, clustered by 1985 3-digit occupation, in 
parentheses. 

Table 3. Balance of Pre-Determined Characteristics. 
(1) (2) (3) (4) (5) (6) 

Panel A. Military test scores 

Cognitive skills Non-cognitive skills 

Declining −0 .24 −0 .015 0 .022 −0 .20 −0 .077 −0 .022 
(0 .084) (0 .035) (0 .022) (0 .062) (0 .041) (0 .021) 

Individual controls � � � � 

Occupation & industry 
controls 

� � 

Mean of dep. var. 0.06 0.06 
Observations 272,350 

Panel B. Mother’s c har acteristics 

Mother finished high school Mother’s earnings (1985) 

Declining −0 .059 −0 .012 0 .0033 −6 .73 −2 .31 0 .079 
(0 .020) (0 .0100) (0 .0058) (2 .41) (1 .29) (0 .84) 

Individual controls � � � � 

Occupation & industry 
controls 

� � 

Mean of dep. var. 0.35 97.4 
Observations 609,075 

Panel C. Father’s c har acteristics 

Father finished high school Father’s earnings (1985) 

Declining −0 .069 −0 .0088 0 .0075 −13 .7 −1 .38 2 .26 
(0 .027) (0 .012) (0 .0067) (6 .67) (2 .85) (1 .99) 

Individual controls � � � � 

Occupation & industry 
controls 

� � 

Mean of dep. var. 0.43 174.2 
Observations 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 standardised to have mean zero and unit variance within enlistment cohorts. The sample in 
panel A includes men born in Sweden from 1952 −9 with non-missing test scores (more than 85% of men in each cohort), who were employed 
and earned at least the base amount in 1985, and whose education, occupation and industry are observed. 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 their mother’s or father’s education and income were 
dropped. Indi vidual-le vel controls include female, cohort, county and education dummies, as well as earnings in 1985. Occupation and industry 
controls include predicted lifetime income, predictors of occupational growth, occupation dummies and industry dummies. Robust standard errors, 
clustered by 1985 three-digit occupation, are given in parentheses. 

C © The Author(s) 2023. 
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Table 4. Occupational Decline and Individual-Level Cumulative Employment and Earnings 
1986–2013. 

(1) (2) (3) (4) (5) (6) 

Panel A. Cumulative years employed 1986–2013 (mean: 23.4) 

Declining −0 .73 −0 .49 −0 .49 −0 .30 −0 .24 −0 .19 
(0 .26) (0 .20) (0 .20) (0 .20) (0 .18) (0 .14) 

Panel B. Cumulative real earnings (’000 2014 SEK) 1986–2013 (mean: 6,926) 

Declining −354 −347 −241 −117 −63 −126 
(419) (120) (81) (76) (71) (58) 

Panel C. Cumulative real earnings divided by predicted initial earnings (mean: 38.7) 

Declining −4 .29 −2 .10 −2 .21 −1 .52 −0 .98 −1 .11 
(0 .91) (0 .53) (0 .54) (0 .54) (0 .41) (0 .36) 

Demographics & earnings � � � � � 

Life-cycle profiles � � � � 

Predictors of growth � � � 

Occupation dummies � � 

Industry dummies � 

Notes: Results from regressions of the indicated outcomes on a dummy for working in 1985 in a subsequently declining occupation are 
shown. Demographic controls include female, cohort, county and education dummies. Occupation-level life-cycle profiles are cumulative earnings 
calculated for each individual based on their 1985 occupation. Predictors of growth include 1985 employment shares, 1960–85 occupational employ- 
ment growth and the predicted growth index. Occupation and industry dummies are at the one-digit and two-digit levels, respectively. The number 
of observations is 877,324. The sample is the same as that in panel B of Table 2 . Robust standard errors, clustered by 1985 three-digit occupation, 
are given in parentheses. 
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ontrols (columns (2) and (5)) and additional controls largely solves the selection problem, as
he estimates with controls are small and not statistically significant. Panels B and C repeat the
nalysis for mothers’ and fathers’ schooling and earnings in 1985, which have the advantage of
eing available for women as well as men. The pattern is qualitatively very similar to that of the
ilitary skill measures: working in a subsequently declining occupation is associated with lower

arental schooling and earnings, but these differences disappear once adding controls. In sum,
able 3 suggests that, although there is ne gativ e selection into occupations that later decline, most
f this selection can be mitigated using suitable controls such as education and 1985 earnings.
o the extent that minor negative selection persists in the regressions with individual controls,

hese regressions may slightly o v erstate the ne gativ e effect of occupational decline on w ork ers,
ut 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
or the older cohorts in our baseline sample (individuals aged 25–31 in 1980). 30 Again, we
nd that conditional on indi vidual-le vel characteristics, there are essentially no differences in
rior earnings, as seen in Online Appendix Figure OA2. Taken together, the results in this
ection suggest that concerns about sorting into declining occupations are largely alleviated
hen we include suitable controls. 

.2. Main Results on Employment, Earnings and Occupational Mobility 

able 4 reports results from estimating ( 2 ) using our main sample of w ork ers aged 25–36 in
985. Panel A shows that w ork ers in declining occupations spent about nine fewer months (0.73
ewer years) in employment from 1986–2013 (column (1)). Once we add individual controls, this
30 Earnings data for the population of Swedish w ork ers are not available at annual frequency prior to 1985. We obtain 
rior earnings from the population censuses, which were carried out every five years until 1990. 

C The Author(s) 2023. 
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stimate reduces to about six months, or about 2% of the sample mean of about 23 years (column
2)). Next, we add more controls and compare those who experienced occupational declines
o observationally similar w ork ers in similar occupations and industries. These specifications
uggest that the losses from occupational decline averaged about two months (0.2 years) of
mployment, or about 1% of the sample mean (columns (3)–(6)). 

Panel B of Table 4 reports results from using cumulative earnings 1986–2013 as the outcome.
olumn (1) shows that working in a declining occupation was associated with 350,000 Swedish
rona (SEK) lower cumulative earnings, or about 5% of the sample mean. 31 When including
ndividual controls, the estimated loss is similar, though the confidence interval is much tighter
column (2)). Further adding occupational controls cuts the loss to less than 2% of the sample
ean. 
In panel C we examine earnings losses from occupational decline using an alternative earnings
easure: cumulative earnings divided by predicted initial earnings (see Section 2.2 for details

n the construction of this variable). Depending on the controls included, the estimated losses
n cumulative earnings range from around 100% to 220% of initial annual earnings, or from
.5%–5.7% in terms of the sample mean, quite similar to the results in panel B. 32 

In Figure 2 , we present a dynamic counterpart to the results reported in panel B, columns (2)
nd (6) of Table 4 . Here we use as outcomes each year’s earnings and cumulative earnings from
986 up to the year indicated on the horizontal axis of each chart. The top right panel of Figure 2
s suggestive of a smooth process of occupational decline, with earnings losses building up
radually. Ho we ver, the top left panel reveals that losses in annual earnings suffered by w ork ers
n declining occupations were larger during the 1990s and late-2000s recessions. 33 The picture
s 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
ontrols. 

Ne xt, we inv estigate occupational mobility. Table 5 reports estimates of equation ( 2 ) with
ndicators for working in 2013 in the same occupation as in 1985 (or in a similar ones) as
utcomes. As we do not want to condition the sample on being employed in 2013 (which is
lso an outcome), we have that ‘not remaining’ in the same occupation could reflect either
ccupational 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 three-
igit occupation was around 14 percentage points lower in declining occupations, compared to
 mean of 29% in our sample. In other words, by 2013 a little o v er 70% of all w ork ers had
eft their 1985 occupations (or left employment altogether), and the probability of staying in
he same occupation was roughly halved for those starting in declining occupations. When we
ompare observationally similar w ork ers, occupational decline appears to reduce the probability
f remaining in the 1985 occupation by 11 percentage points, and when further restricting the
omparison to similar occupations and industries, the estimate falls to 4.5 percentage points.
anels B and C of Table 5 show similar, albeit somewhat smaller, coefficients when we look at
31 We inflate all SEK figures to 2014 levels. Average annual earnings of Swedish w ork ers, conditional on being 
mployed in No v ember and earning at least the base amount during the year, were SEK 190,200 in 1985 and SEK 

30,800 in 2013, in terms of 2014 SEK. We do not express these amounts in USD due to exchange rate fluctuations. For 
nstance, SEK 1,000 were worth about USD 150 in January 2014, but about USD 130 in December 2014 and about USD 

10 in October 2018. 
32 Below we discuss results using alternative functional forms for cumulative earnings. 
33 These results are related to Jaimovich and Siu ( 2020 ), who found that recessions hit routine employment particularly 

ard. 

C © The Author(s) 2023. 
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Fig. 2. Differences in Earnings and Cumulative Earnings by Exposure to Occupational Decline , o ver Time. 
Notes: Diamonds mark the coefficients on the declining indicator from regressions of annual earnings or 

cumulative earnings on the indicator, including the same controls as in columns (2) (‘Individual controls’) 
and (6) (‘Occupation and industry controls’) of Table 4 , separately for each year 1986–2013. Bars indicate 

95% confidence intervals. 

Table 5. Occupational Decline and Individual Occupational Stability. 
(1) (2) (3) (4) (5) (6) 

Panel A. Probability of working in the same three-digit occupation in 2013 as in 1985 (mean: 0.29) 

Declining −0 .14 −0 .11 −0 .11 −0 .065 −0 .086 −0 .045 
(0 .043) (0 .041) (0 .042) (0 .032) (0 .035) (0 .020) 

Panel B. Probability of working in the same two-digit occupation in 2013 as in 1985 (mean: 0.35) 

Declining −0 .12 −0 .088 −0 .087 −0 .051 −0 .071 −0 .037 
(0 .034) (0 .034) (0 .035) (0 .030) (0 .030) (0 .019) 

Panel C. Probability of working in the same one-digit occupation in 2013 as in 1985 (mean: 0.40) 

Declining −0 .098 −0 .070 −0 .069 −0 .039 −0 .060 −0 .031 
(0 .030) (0 .031) (0 .032) (0 .029) (0 .027) (0 .018) 

Demographics & earnings � � � � � 

Life-cycle profiles � � � � 

Predictors of growth � � � 

Occupation dummies � � 

Industry dummies � 

Notes: Results from regressions of the indicated outcomes on a dummy for working in 1985 in a subsequently declining occupation are shown. See 
the notes to Tables 1 and 4 for the definition of the declining indicator and a description of control v ariables, respecti vely. The number of observations 
is 553,169. The sample is the same as that in panel B of Table 2 , except that individuals who were employed in 2013, but not sampled in the 
Wage Structure Statistics had to be excluded, as it is unknown whether they work in the same occupation in 2013 as in 1985. Sampling weights are 
applied. Robust standard errors, clustered by 1985 three-digit occupation, are given in parentheses. 

C © The Author(s) 2023. 
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he probability of remaining in more broadly defined (two-digit or one-digit) occupations. It is
oteworthy that even when we consider one-digit occupations, only about 40% of the sample
emained in the same broadly defined occupation o v er the 28-year period that we study. 34 

Having presented our main results on career employment, career earnings and occupational
obility, we now return to the issues of interpretation alluded to in Section 3.1 and the question

f magnitudes discussed in Section 3.2 . Our results from including individual, occupation and
ndustry controls (column (6) in Tables 4 and 5 ) plausibly provide us with conserv ati ve estimates
f the losses from occupational decline—about 2% of mean cumulative earnings over 28 years—
iven the balance of pre-determined characteristics conditional on these controls, as well as the
act that no earnings losses appear in the first 5–10 years (Figure 2 ). As argued in Section 4.1 , the
pecification only controlling for individual characteristics (column (2) in Tables 4 and 5 ) may
lightly o v erstate the losses from occupational decline—5% of mean cumulative earnings—as
t leaves minor differences in some of the pre-determined characteristics. In addition, Figure 2
hows earnings losses based on this specification already in the years immediately after 1985.
n the other hand, we have also seen that the extent of occupational decline is much reduced
hen including occupation and industry controls (columns (2) and (6) in Table 1 ). This brings
s to the discussion of magnitudes. 

We calculate the elasticities of our outcome variables with respect to occupational employment
rowth in Sweden by taking the reduced-form estimates reported in Tables 4 and 5 (expressed
n percent of the outcome mean), and dividing them by the difference in occupational employ-
ent growth between declining and non-declining occupations reported in Table 1 . This yields

lasticities of 0.04–0.05 for cumulative employment, 0.08–0.13 for cumulative earnings and
.71–0.95 for remaining in the initial occupation (the ranges again refer to columns (2) and (6)
n the rele v ant tables). Recall from the discussion in Section 3.2 that these numbers are likely
pper bounds on the true elasticities. Nonetheless, they support the interpretation that, on av-
rage, occupational decline results in a modest loss in career employment, a somewhat larger,
ut still modest loss in career earnings and, in contrast, a strong occupational mobility response.
hese estimates potentially mask substantial heterogeneity, ho we ver, which we investigate in
ection 4.3 . 

.2.1. Robustness of main results 
ur first set of robustness checks relates to the choice of functional form of occupational decline.
he declining indicator is based on a 25% cutoff, conservatively identifying occupations whose

US) employment fell substantially since the mid-1980s. We also explore a range of alternative
utoffs, and find that higher cutoffs (in the sense of isolating larger employment declines) usually
esult in larger estimated losses and mobility responses. In addition, our results are very similar
hen we exclude occupations that grew rapidly from the control group (see Online Appendix
able OA3 for both sets of results). While we focus on a binary definition of occupational
ecline as moti v ated in Section 3.2 , we also explore the relationships between our key outcomes
f interest and the full variation in US and Swedish employment growth. The (residualised)
ssociations of cumulative earnings and occupational mobility with occupational employment
rowth are mostly flat, apart from a drop in occupations that declined substantially (see Online
ppendix Figures OA3 and OA4, and corresponding regression results in Online Appendix Table
A4). 
34 For related discussions of the importance of switching occupations in the presence of technological change, see 
ortes ( 2016 ) and Caselli and Manning ( 2019 ). 

C © The Author(s) 2023. 
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Table 6. Hetero g eneity by within-Occupation Earnings Rank. 
Employment Earnings Earnings, normalised Remain 

(1) (2) (3) (4) (5) (6) (7) (8) 

Panel A. Linear interaction 

Declining −0 .51 −0 .23 −353 .5 −131 .0 −2 .16 −1 .19 −0 .11 −0 .046 
(0 .21) (0 .15) (110 .7) (55 .8) (0 .55) (0 .37) (0 .041) (0 .020) 

Declining × rank 1 .17 1 .17 441 .5 449 .2 2 .63 2 .63 −0 .011 −0 .00090 
(0 .34) (0 .30) (142 .3) (146 .8) (0 .58) (0 .57) (0 .023) (0 .017) 

Panel B. Dummy interactions 

Declining −0 .32 −0 .031 −323 .2 −98 .0 −1 .94 −0 .97 −0 .083 −0 .022 
(0 .24) (0 .18) (123 .8) (66 .7) (0 .54) (0 .41) (0 .045) (0 .021) 

Declining × bottom tercile −1 .12 −1 .13 −341 .8 −350 .1 −2 .10 −2 .06 −0 .046 −0 .040 
(0 .35) (0 .33) (106 .7) (101 .5) (0 .54) (0 .51) (0 .014) (0 .013) 

Declining × top tercile 0 .54 0 .55 232 .3 235 .1 1 .37 1 .40 −0 .047 −0 .029 
(0 .20) (0 .16) (135 .8) (132 .1) (0 .43) (0 .48) (0 .027) (0 .018) 

Individual controls � � � � � � � � 

Occupation & industry controls � � � � 

Mean of dep. var. 23.4 6,926 38.7 0.29 
Mean of dep. var., bottom 22.3 6,001 35.6 0.27 
Observations 877,324 553,787 

Notes: Results from regressions of the indicated outcomes on the declining indicator, within-occupation earnings rank or tercile dummies (coefficients 
omitted from table) and their interactions are shown. Within-occupation earnings ranks are computed in 1985 and re-scaled so as to range from −1 
to 1. In panel A, the main effect on the declining indicator thus applies to the individual earning the median income within her occupation, and the 
coefficient on the interaction gives the inter-quartile range. Indi vidual-le vel controls include female, cohort, county and education dummies, as well 
as earnings in 1985. Occupation and industry controls include predicted lifetime income, predictors of occupational growth, occupation dummies 
and industry dummies. Normalised earnings are cumulative earnings divided by initial predicted earnings. The sample for columns (1)–(6) is the 
same as that in Table 4 , and for columns (7)–(8), it is the same as that in Table 5 . Robust standard errors, clustered by 1985 three-digit occupation, 
are given in parentheses. 
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A second set of robustness checks adds fixed effects for the firms that w ork ers w ork ed for
n 1985. This specification lets us compare two workers who started out in declining and non-
eclining occupations, respectively, but w ork ed at the same firm. Thus, we address the concern
hat declining occupations may be systematically different in terms of the quality of firms, which

ay dif ferentially af fect w ork ers’ future careers. Reassuringly, as Online Appendix Table OA5
hows, the findings in Tables 4 and 5 are generally robust to adding fixed effects for w ork ers’
tarting firms. The effects on employment losses and occupational stability are a little smaller in
agnitude, while those on earnings are a little larger. This suggests that, conditional on our other

ontrols, differential sorting into firms does not drive our estimates. 
Finally, our conclusions about earnings losses are robust to using different functional forms of

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

.3. Hetero g eneity by within-Occupation Earnings Rank 

e now examine how employment and earnings losses from occupational decline varied by
nitial within-occupation earnings rank. We estimate ( 2 ) allowing the coefficient on the declin-
ng indicator to vary by earnings rank, and report the results in Table 6 . Panel A shows that
ower-rank ed w ork ers suffered larger emplo yment and earnings losses than average as a result of
ccupational decline (columns (1)–(6)): the coefficients on the interaction of the declining indi-
ator with earnings rank are positive and precisely estimated. Moreover, these estimates barely
hange when we add occupation and industry controls o v er indi vidual-le vel controls, though the
ain coefficients on the declining dummy—giving the employment and earnings loss for the
edian w ork er—are affected by the inclusion of additional controls. The magnitudes implied
C The Author(s) 2023. 
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y the interaction coefficients are meaningful and imply, for instance, that compared to the 25th
ercentile, the 75th-percentile w ork er suffered a 5% lower employment loss and a 6.5% lower
arnings loss (both in terms of the o v erall mean). 

This pattern is robust to alternative specifications that replace the linear rank measures with
ummies for the bottom and top terciles. This specification also allows us to characterise losses
or low-rank ed w ork ers directly. Panel B of Table 6 shows that w ork ers at the bottom tercile of
heir starting occupations’ earnings distributions suffered employment losses of 1.2–1.4 years
5.5%–6.5% of mean employment in the bottom tercile) and earnings losses of around 8%–11%
f bottom-tercile mean earnings. Indeed, the estimates of mean losses reported in the previous
ub-section mask more substantial losses for low earners (within an occupation). Our findings
bout earnings losses are robust to several alternative ways of measuring career earnings, as
hown in Online Appendix Table OA6. 35 

The pattern for the probability of remaining in the initial occupation appears to be non-
onotonic: among the w ork ers in declining occupations, both bottom-tercile and top-tercile
 ork ers were less likely to remain in their starting occupations (panel B, columns (7)–(8)).
hese interaction coefficients are larger than 10% of the o v erall mean (although in the case
f the top tercile, not precisely estimated). This hump-shaped pattern of staying probabilities
U-shaped in exiting probabilities) is intriguing from a theoretical point of view, as we discuss
elow. 

One potential challenge in interpreting the results of Table 6 is that those with low earnings
n their occupation may have differed from others along some observable dimensions, such
s gender, age, or geography. To mitigate this concern, we re-estimate the regressions using
 ork ers’ within-occupation rank in residualised earnings, where the residuals come from a

egression of earnings on female, cohort, and county-of-residence dummies. As Online Appendix
able OA7 shows, in terms of employment and earnings losses the results are qualitatively
nchanged, and the magnitude of the interaction coefficients is only slightly reduced. Ho we ver,
sing the residual-based rank measure, there is less support for the conclusion that bottom-ranked
 ork ers were less likely to remain in the initial occupation. Online Appendix Table OA8 reports

nteractions using o v erall earnings rank instead of within-occupation earnings rank. Large losses
rom occupational decline for those in the lowest tercile again stand out as a consistently robust
nding. 36 

We consider three further dimensions of heterogeneity. First, we examine earnings losses
eparately for those who remained in their initial occupation and those who did not. This purely
escriptiv e e x ercise is moti v ated by the prediction of our baseline model in Section 1 that leavers
hould have lower losses than stayers. We estimate ( 2 ) with cumulative earnings as the outcome
ariable, and add on the right-hand side a dummy for having remained in the initial occupation, as
ell as its interaction with the declining dummy. Panel A of Online Appendix Table OA10 shows

hat among all w ork ers, those who remained in their initial occupation had higher cumulative
arnings, though in panel B we restrict the sample to those who were employed in 2013, and
35 We consider discounted cumulative earnings, applying a 5% discount rate, discounted cumulative earnings nor- 
alised by initial earnings, the percentile rank in cumulative earnings, the log of cumulative earnings and the percentage 

hange in earnings 1985–2013. As expected, the estimated losses in terms of discounted cumulative earnings are some- 
hat smaller at 1.5% −4.5% of the o v erall mean, depending on controls, as more weight is put on earlier years in the 

areer. 
36 Online Appendix Table OA9 uses residualised o v erall earnings rank, again with similar results. Note that in the 

heoretical model, within-occupation and o v erall earnings rank and their residualised counterparts are all identical. 

C © The Author(s) 2023. 
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he finding reverses. 37 Importantly, in neither case is there evidence that those who remained in
eclining occupations did significantly worse than those who left a declining occupation. The
ame result holds when we focus on the bottom third (in terms of within-occupation earnings);
ee panel C. We discuss the interpretation of these results in light of the model in Section 4.6
elow. 

Second, while we argue that our approach delivers an upper bound on the magnitude of
verage losses due to occupational decline, we also explore heterogeneity related to w ork ers
n non-declining occupations. Workers who leave declining occupations may flock to similar
on-declining occupations, depressing the wage in these ‘control’ occupations. And even in the
bsence of such general equilibrium effects, employing a rich set of controls may cause us to put
ore weight on groups of comparable occupations where there are roughly as many declining as

on-declining sub-occupations. In such cases, w ork ers may have many substitute occupations to
hoose from. To explore such issues, we run what we refer to as ‘doughnut’ specifications, namely,
he same regressions as those we report in Tables 4 and 5 , but excluding three-digit (SSYK96)
ccupations in which some, but not all five-digit occupations are declining. We indeed estimate
lightly larger earnings losses than in our baseline specifications, ranging from 3%–6% of mean
arnings (see Online Appendix Tables OA11 and OA12). 

Finally, we explore heterogeneity by gender. As Online Appendix Table OA13 shows, occupa-
ional decline results in larger losses of employment and occupational stability for women, while
en suffer larger earnings losses. Larger employment and earnings losses for those in the bottom

ercile are concentrated among men, although once we use residualised earnings rank (Online
ppendix Table OA14) the losses of women in the bottom tercile are roughly as large as men’s.

.4. Unemployment, Retraining, Early Retirement and Geographic Stability 

 natural question at this stage is to what extent the loss in years of employment due to
ccupational decline is accounted for by increased unemployment and retraining; as discussed
bo v e, data on these last two outcomes are available for the final 22 years of our study. Table 7
eports estimates using the main specifications from Tables 4 and 6 , but this time using cumulative
ays of unemployment (panel A) and state-sponsored retraining (panel B) as outcome variables.
olumns (1)–(4) of panel A show that w ork ers who started out in later declining occupations
ere only very slightly more likely to ever be unemployed, and columns (5)–(8) suggest that

hese w ork ers accumulated 20 −50 more unemplo yment days, though the estimates with more
ontrols are imprecise. Ho we ver, we again find substantial heterogeneity, with bottom-tercile
 ork ers in declining occupations spending 63 days more in unemployment, a substantial 20% of

he mean. 
Columns (1)–(4) of panel B suggest that occupational decline increased the risk of ever

nrolling in state-sponsored retraining by 9%–27%. The estimates for cumulative days spent
etraining are similarly substantial, at least in relative terms (columns (5)–(8)). Our most conser-
 ati ve specification including all controls suggest that the median w ork er spent six more days in
etraining, which amounts to 21% of the mean (10 days and 29% for the bottom-tercile w ork er).

Our estimates for unemployment and retraining can only explain part of the estimated em-
loyment losses. For bottom-tercile w ork ers, we conserv ati vely estimate an employment loss of
37 Workers classified as having remained are employed in 2013 by construction, whereas those classified as not having 
emained might not have been employed in 2013, and thus have zero earnings in that year, and possibly in preceding 
ears also. 

C The Author(s) 2023. 
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Table 7. Occupational Decline and the Incidence of Unemployment and Retraining. 
Ever Cumulative days 

(1) (2) (3) (4) (5) (6) (7) (8) 

Panel A. Unemployment 

Declining 0 .041 0 .013 0 .015 0 .019 52 .4 17 .9 20 .8 20 .5 
(0 .021) (0 .013) (0 .012) (0 .015) (24 .8) (14 .0) (14 .0) (18 .2) 

Declining × rank −0 .036 −63 .8 
(0 .012) (21 .5) 

Declining × bottom tercile 0 .017 42 .4 
(0 .012) (18 .3) 

Declining × top tercile −0 .033 −43 .7 
(0 .012) (17 .0) 

Mean of dep. var. 0.39 262 
Mean of dep. var., bottom 0.43 317 

Panel B. Retraining 

Declining 0 .035 0 .012 0 .013 0 .015 11 .4 4 .73 5 .04 5 .81 
(0 .010) (0 .0064) (0 .0063) (0 .0081) (2 .68) (1 .46) (1 .48) (2 .26) 

Declining × rank −0 .027 −8 .63 
(0 .0070) (1 .98) 

Declining × bottom tercile 0 .014 4 .38 
(0 .0072) (2 .28) 

Declining × top tercile −0 .022 −6 .96 
(0 .0064) (2 .12) 

Mean of dep. var. 0.13 29 
Mean of dep. var., bottom 0.15 35 
Individual controls � � � � � � � � 

Occupation & industry controls � � � � � � 

Notes: Results from regressions of the indicated outcomes on the declining indicator, within-occupation earnings rank or tercile dummies (coefficients 
omitted from table) and their interactions are shown. Incidence of unemployment and retraining are measured during the period 1992–2013. The 
sample is the same as that in panel B of Table 2 . See the notes to Table 6 for a description of right-hand side variables. Robust standard errors, 
clustered by 1985 three-digit occupation, given in in parentheses. 
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.16 years. 38 Of these, unemployment and retraining account for only 22%. 39 The remaining
mployment loss may be accounted for by job search that is not co v ered by unemployment
enefits, pri v ate retraining or time spent outside the labour force. Unfortunately, we lack the data
o investigate this further. 

There is ho we ver a group of w ork ers for whom we can investigate the relationship between
ccupational decline and exit from the labour force, namely, older w ork ers. Recall that w ork ers
n our baseline sample reached a maximum age of 64 in 2013. We now examine employment,
arnings and retirement for two groups of older w ork ers, most of whom reached the usual
etirement age of 65 well before the end of our sample period. 

Panel A of Online Appendix Table OA15 considers w ork ers who were aged 37–48 in 1985.
he employment losses among this group are a little larger than for our baseline sample: about
ight months (four months) of a year of employment in the specification with individual (all)
ontrols, or just under 4% (2%) of the group mean. About half of these employment losses
re accounted for by a slightly younger age of retirement for those in declining occupations.
he estimated earnings losses from occupational decline—about 6% (1.5%) with individual

all) controls—are similar to those of the baseline group. Finally, for this group, we also find
38 From panel B, column (2) in Table 6 we obtain −0 . 03 − 1 . 13 = −1 . 16 . To complete the calculation, we divide the 
nemployment and retraining coefficients by 365 to get years, multiply them by 28 / 22 to account for the fact that these 
ariables are only available during 1992 −2013, sum them and divide by 1.16. 

39 Of the mean employment loss, unemployment and retraining explain about a third and a tenth of the time, 
espectively. 

C © The Author(s) 2023. 
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ositive and significant interactions of the declining dummy with initial occupational earnings
ank, suggesting once more that those who earned least within their occupation to begin with lost
ore years of employment from occupational decline. 
Panel B of Online Appendix Table OA15 suggests that, for an even older group, those

ged 49–60 in 1985, the occupational decline that we measure had more modest costs com-
ared to the baseline group. This likely reflects the fact that we are measuring occupa-
ional decline o v er a longer period, and that these older w ork ers had little exposure to the
ecline. 40 

Finally, we study whether occupational decline results in geographic mobility across munici-
alities, commuting zones and counties. The results in Online Appendix Tables OA16 and OA17
uggest that occupational decline does not, on average, reduce geographic stability. Workers in
he bottom tercile, ho we ver, are a little more likely to leave their location when their occupation
eclines. 

.5. Technology-Related Occupational Decline 

onsistent with much of the literature (Goos et al. , 2014 ), we expect technological change to
e a key driver of occupational decline, and especially occupational decline that is common to
he United States and Sweden. Nevertheless, there could be other drivers, including changes on
he supply side (changes in demographics, trade shocks or changes in go v ernment polic y) and
n consumer demand. Bearing this in mind, we now focus on occupations that are likely to have
eclined due to the introduction of labour-replacing technology, based on information from the
OH, as described in Section 2.2 . 41 

We find that w ork ers’ exposure to declines in Swedish occupational employment is of very
imilar magnitude regardless of whether we consider all occupations classified as declining, or
nly those we linked to technology (Online Appendix Table OA19, panel A and Online Appendix
able OA20). 42 Moreo v er, technology-related occupational declines are not significantly different
rom other occupational declines in their implications for years of employment, cumulative
arnings and the probability of remaining in the initial occupation. One way to see this is by
dding an indicator for technology-linked decline to ( 2 ). We find that the coefficients on this
ndicator are statistically indistinguishable from zero (columns (1) and (2) in panels B–D of
nline Appendix Table OA19). Alternatively, considering technology-related declines on their
wn, we see very similar point estimates, both for the main effect and for the interaction with
arnings rank, as for the full set of declines (columns (3)–(5)). 

Our second approach to investigating the consequences of technology-driven occupational
ecline relies on the presence of rele v ant labour-replacing technologies, classified using our
lgorithmic or manual approaches (as described in Section 2.2 ). Panel A of Online Appendix
able OA21 shows that both measures of technological replacement are correlated with occupa-

ional decline, although the estimates for the algorithmic measure are a little larger and (once we
40 We verify that, for the groups of middle-aged and older w ork ers, our declining indicator does not predict differences 
n prior earnings (1975 and 1980) conditional on controls; see Online Appendix Figure OA2. 

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

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

C The Author(s) 2023. 
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nclude all controls) more precisely estimated. 43 As panel B shows, both measures of techno-
ogical replacement are also correlated with large employment declines at the coarse three-digit
evel, although only the algorithmic measure survives the inclusion of the full set of controls.
anel C shows that at the individual level, both measures result in fairly moderate employment

osses, with point estimates that are all below half a year of employment—similar to our main
easure of occupational decline. Finally, panel D shows that the cumulative earnings losses

rom technological replacement are also quite similar to our main estimates: around 1%–3%
imprecisely estimated) for the algorithmic measure, and around 5%–7% (precisely estimated)
or the manual measure. 

.6. Interpreting our Findings Through the Lens of the Theoretical Model 

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

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

Our empirical analysis also sheds light on the nature of the occupational switching costs in the
odel. In practice, we find that roughly a third of the employment years lost can be accounted

or by increased unemployment, and almost 10% are due to retraining. The stronger responses
o occupational decline of unemployment and retraining among lower-rank ed w ork ers further
upports our interpretation of heterogeneous switching costs. 

Finally, our model suggests that the effects of an adverse occupational demand shock may
iffer, depending on whether the shock was anticipated. Controlling for projected employment
rowth—thus isolating unanticipated declines—generally leads us to estimate smaller earnings
osses and mobility responses. The former is consistent with our model, but the latter is not. A
ossible explanation may be that, conditional on predicted occupational employment growth,
ur declining indicator isolates a lower level of exposure to actual Swedish employment declines
han in the unconditional regression, or the one only conditioning on individual characteristics. 44 

. Conclusion 

n this paper, we study the long-run employment and earnings losses that workers suffer when
emand for their occupations declines. We begin by measuring anticipated and actual occupa-
ional declines in the United States, which we map into panel micro data on Swedish w ork ers. We
nd that, even after controlling for key predictors of occupational decline, employment changes

n declining Swedish occupations were around 20–40 log points lower than in non-declining
ccupations. 
43 Both measures are (conditionally) balanced on the same set of characteristics that we report in Table 3 —these 
stimates are available on request. 

44 Ho we v er, e xposure declines by less than the mobility response, in relative terms. See columns (2) and (4) in Tables 1 
nd 4 .and retirement for two groups of older workers, most of whom reached 

C © The Author(s) 2023. 
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Despite this large fall in employment, we find that o v er 28 years, those who in 1985 w ork ed
n declining occupations experienced earnings (employment) losses that were around 2%–5%
1%–2%) of mean cumulative earnings (employment), compared to those who initially w ork ed in
on-declining occupations. We characterise conditions under which these figures are a plausible
pper bound on the magnitude of the losses due to occupational decline. The earnings losses are
n the higher end of the abo v e-mentioned range when we control only for individual covariates,
nd lower when we also control for anticipated occupational changes and industry and occupa-
ion characteristics. Around a third of the cumulative employment losses are accounted for by
ncreased unemployment, and a further tenth by increased time spent in go v ernment retraining. 

We find that w ork ers in the bottom tercile of their occupations’ earnings distributions suffered
he largest losses (around 8%–11%). Workers in the bottom tercile also lost more years of
mployment and spent more time in unemployment and retraining. We find that those in declining
ccupations were significantly more likely to leave their starting occupations. The propensity to
xit declining occupations was U-shaped in initial occupational earnings rank, with those at the
ottom (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 ne gativ e occupational demand
hocks, where w ork ers may suffer displacement, and where finding re-emplo yment tak es time.
n the model, those at the bottom of a declining occupation also have low earnings capacity
n other occupations, and therefore find it harder to find re-employment—whether in their own
ccupations or in other occupations. Hence, they lose most from occupational decline. The model
lso rationalises the U-shaped exit pattern that we describe above: those at the bottom of their
ccupations’ earnings distributions are more likely to leave their occupations when they are
isplaced, while those at the top are more likely to leave, to avoid ne gativ e demand shocks. 

Our findings suggest that the mean losses of occupational decline are lower than the losses
uffered by displaced w ork ers that have been reported in prior literature. This is likely because
ccupational decline is typically gradual, and can be partly managed through retirements, reduced
ntry into declining occupations and increased job-to-job exits to other occupations. Indeed, we
ocument a response in terms of occupational mobility that, in terms of elasticities, is much
arger than our estimated earnings losses. Gradual occupational decline may also impose fewer
e gativ e spillo v ers on local economies compared to large, sudden shocks, such as plant closures.

At the same time, future occupational decline could still have substantial adverse consequences
or w ork ers’ outcomes, for the following three reasons. First, our paper studies occupational
ecline that—while unanticipated early in w ork ers’ careers—w as nevertheless f airly gradual.
ut if, for example, machine learning impro v es rapidly, occupational replacement may happen

aster, and may be accompanied by an o v erall worsening of employment opportunities (Bostrom,
014 ). Second, the occupational decline that we study largely spared the most skilled occupations,
ut this may change with new technologies. Many professionals made sizeable investments in
kills that are particularly useful in their occupations, and some may also benefit from economic
ents. It is possible that, for these w ork ers, the earnings losses from future occupational decline
ay be higher than those we estimate. Finally, and perhaps most importantly, our findings

ho w that lo w-earning indi viduals are already suf fering considerable (pre-tax) earnings losses,
ven in Sweden, where institutions are geared towards mitigating those losses and facilitating
ccupational transitions. Helping these w ork ers stay productive when they face occupational
ecline remains an important challenge for go v ernments. 
C The Author(s) 2023. 
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