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Abstract

This paper explores how local sectoral composition influences workers’ ability
to adapt to a major economic shock, the massive employment burst in Spain’s con-
struction sector. For identification, it exploits regional variation in the decline of
the construction sector during the Great Recession and longitudinal administrative
data. Workers in the most affected provinces by the shock experienced significant in-
come losses, primarily explained by longer unemployment periods rather than wage
cuts. The analysis reveals that worker’s labor market adjustment is mainly through
intersectoral mobility rather than through geographical migration. To further inves-
tigate this adjustment, I construct a novel reallocation index. This index captures
the degree to which workers from the construction sector can reallocate to other
sectors. I provide evidence that workers’ likelihood of changing sectors depends on
having better outside opportunities in other sectors, which varies across provinces
and workers’ characteristics. Individuals with more evenly distributed characteris-
tics across sectors were less affected by the shock because they were more likely to
change sectors. This implies that, on average, workers are less likely to adapt to
shocks when a region has a high sectoral concentration.
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1 Introduction

In recent years, workers have faced the significant consequences of two major economic
crises—the Great Recession and the COVID-19 pandemic—alongside many economic
shocks that have reshaped entire occupations and industries. A growing body of lit-
erature quantifies the impact of these disruptions on labor markets. Notable examples
include the broad effects of the Great Recession (Mian and Sufi, 2014; Yagan, 2019) and
more sector-specific shocks, such as the impact of Chinese import competition and indus-
trial robots on the U.S. manufacturing sector (Autor et al., 2013a, 2014; Acemoglu and
Restrepo, 2022).

As a result of these shocks, large disparities in workers’ outcomes often emerge, con-
tributing to a widening of wage inequality (Autor et al., 2013b; Goos et al., 2014; Burstein
et al., 2019). The diverse impacts stem from the complex interaction between demand
shocks and heterogeneity among worker groups. While this complexity has been well-
recognized, it is necessary a deeper understanding of how worker heterogeneity—across
factors such as skills, occupations, firm characteristics, and local labor market conditions—
—affects their ability to adapt to such disruptions in order to create effective policies that

help to mitigate the adverse effects of these shocks.

Focusing on Spain, I examine a large employment shift: the massive decline in em-
ployment in the construction sector. Over a span of less than five years, the sector’s share
of the economically active population dropped from nearly 13% to less than 5%. The key
question is not only the severity of this shock on workers’ economic outcomes but also how
they were able to mitigate its negative consequences. In my analysis, I exploit the rich in-
teraction between worker characteristics and regional differences in sectoral specialization
to capture variations in the match between workers and available jobs across regions. This
approach helps uncover the interplay between economic shocks and the varying supply of
skills among workers. Specifically, I provide evidence of workers’ adjustments following
a major economic shock and introduce a novel reallocation index, which measures the
alignment between workers’ suitability for different jobs and job availability in their local

labor market.

My analysis uses longitudinal administrative data that provides comprehensive infor-
mation on each worker’s entire labor market history, along with detailed and precise indi-
vidual characteristics. I utilize the Muestra Continua de Vidas Laborales (MCVL), best
translated as “Continuous Sample of Working Lives.”, which provides detailed records for
4% of workers affiliated with Spain’s Social Security. This comprehensive dataset tracks
earnings and contract changes before and after the crisis, enabling the comparison of the

shock’s impact on workers’” pre-recession earnings and employment trajectories.



In the first part of the analysis, I explore how local labor demand changes, induced
by the shrinking of the construction sector, affect workers’ earnings and employment
outcomes. To capture this economic shock, I exploit the variation in the severity of em-
ployment declines in the construction sector across Spanish provinces. I measure workers’
exposure to this shock by calculating the relative change in the employment share of the
construction sector between 2007 and 2012 in their initial province of residence. The
identifying assumption is that local employment contraction of the construction sector is
as good as randomly assigned, conditional on observable characteristics. A key piece of
evidence supporting this assumption comes from a placebo analysis of employment prob-
abilities and earnings for construction sector workers prior to the Great Recession. The
results reveal no systematic relationship between provincial sectoral decline and worker

outcomes before the Great Recession.

The second part of the paper examines how differences in shock intensity across
provinces, combined with detailed administrative panel data, can shed light on the role
of aligning local sectoral compositions with workers’ characteristics in mitigating the im-
pacts of job loss. I developed a reallocation index that quantifies the likelihood of workers
transitioning from the construction sector to other sectors. This index accounts for the
imperfect substitutability of workers across sectors by leveraging variations in sectoral
composition and worker characteristics. The construction involves two steps. First, I
estimate the likelihood of each worker transitioning from the construction sector to other
sectors, with probabilities varying based on individual worker characteristics. In the
second step, I calculate the reallocation probabilities by adding the weighted average of
these predicted transition probabilities, using the province-level employment share of each

respective sector as weights.

My results show that individuals initially employed in the construction sector and
working in more exposed provinces earned less and remained employed for fewer days
between 2007 and 2012 compared to those in less exposed provinces. Conditional on
the initial province of residence, the difference in exposure between the 75th and 25th
percentiles led to an additional cumulative earnings loss of 20% of their initial annual
income over this period. This impact is driven by a decline in employment probabilities
rather than wages. Furthermore, the heterogeneity analysis reveals that young workers
experienced the most significant declines in employment. Also, my analysis shows that
workers primarily attenuated the shock’s impact through intersectoral mobility rather
than relocating geographically. By 2015, the number of workers transitioning to different
sectors was four times greater than those moving to a different province. In contrast, their
likelihood of relocating to a new province remained unaffected. Consistent with recent
empirical literature, sectoral mobility proved to be far more common than geographical

relocation.



Given the limited adjustment through geographical migration, I investigate another
key channel of worker reallocation: intersectoral mobility. The analysis reveals a sta-
tistically significant relationship between exposure to the shock and the likelihood of
transitioning to another sector. A worker with an average value on the reallocation index
suffered a 40% weaker average impact on cumulative earnings between 2007 and 2012.
Moving from the second to the third quartile of the reallocation indez results in a 33%
milder shock to earnings and employment. Sectoral composition plays an important role
in explaining the heterogeneous impact of the employment decline on worker outcomes.
Because the value of certain skills differs based on the sectoral composition of the local
economy, it is important to consider the size and variance of the shock by worker and

region.

Finally, the results in this paper are robust to several sensitivity tests. A falsification
exercise indicates no relative downward employment trend in severely shocked areas be-
fore the recession, corroborating the identification. The results on the reallocation index
are robust when using transition probabilities while constructing the index, as I find sim-
ilar results compared to the main specification. Additionally, the results remain largely

unchanged when using the sector’s cumulative pre-recession growth as an instrument for

the shock.

I contribute primarily to two key areas of the literature: research on the impact of job
loss on workers’ labor market outcomes and how outside options influence reemployment
opportunities. Several studies have established that job losses can have long-term effects
on workers’ earnings and employment trajectories across various contexts, including mass
layoffs (Jacobson et al. 1993; Neal 1995; Farber 2017; Gulyas et al. 2019), economic
downturns (Yagan 2019; Mian and Sufi 2014; Bachmann et al. 2015; Nagore Garcia and
van Soest 2017), and increased import competition from developing countries (Autor et al.
2014; Dix-Carneiro and Kovak 2017; Dauth et al. 2014). Despite this extensive research,
there still needs to be more understanding of why earnings differentials persist and how

workers specifically respond to negative shocks.!

This paper aims to address the existing gap in the literature by analyzing the signif-
icant shock experienced by the Spanish construction sector. I examine the consequences
and adjustment strategies of a well-defined cohort of workers who were directly and indi-
rectly affected by this shock, focusing on the dynamics of their adjustment both during
and after the recession. Leveraging high-quality administrative data, I examine how vary-
ing exposure to the shock influenced workers’ long-term prospects, tracking changes in

earnings, employment, and job mobility before and after the Great Recession. This ap-

LCertain groups, such as college graduates (Wozniak 2010) and foreign workers (Cadena and Kovak
2016), have been observed to respond more actively to adverse conditions by relocating to less affected
regions.



proach offers new insights into the heterogeneous effects of the shock, highlighting how

worker and regional characteristics shape the dynamics of its impact.

Additionally, I contribute to the expanding literature that estimates the similarity
of job requirements across occupations or industries. Previous studies have examined
this by analyzing mobility flows among occupations or industries (Shaw 1987; Schubert
et al. 2020), skill and task similarities (Macaluso et al. 2017; Gathmann and Schénberg
2010), and similarities in worker composition and qualifications (Caldwell and Danieli,
2024). Contributing to that literature, I constructed a novel reallocation index that
captures the most likely transitions by leveraging worker similarities between sectors. At
the regional level, this measure helps estimate how changes in the composition of jobs

influence employment opportunities.

Identifying the relevant labor market for each worker is essential for evaluating how
job composition influences employment opportunities. Schubert et al. (2019) used worker
flows to identify local job opportunities, finding that labor market concentration sig-
nificantly affects wages. Their approach captures asymmetrical transition probabilities
through worker flows but assumes stable job transitions between occupations and indus-
tries, an assumption that may not hold during recessions. To address this, I capture
industry similarity by comparing sectoral workforces, following the approach of Caldwell
and Danieli (2024), who developed an index to measure the value of workers’ outside
options in Germany. I extend this by creating a reallocation index that predicts the most
likely transitions, accounting for sector suitability based on local specialization and worker

characteristics.

Beaudry et al. (2012) showed that shifts in the availability of high-wage jobs within a
region can have substantial wage spillover effects, impacting workers’ outside options and
influencing their compensation through wage bargaining. Building on this, I suggest that
variations in local sectoral composition may also shape workers’ adjustment opportunities,
affecting wages in the short term and having a lasting impact as workers face challenges

in regaining their previous earnings trajectories.

Two papers closely related to this are Macaluso et al. (2017), which explored how the
outcomes of laid-off workers vary depending on the similarity of local occupations, and
Yi et al. (2024), that used labor market transitions to show that workers in inflexible la-
bor markets—regions where sectors with similar skill requirements are scarce—experience
greater impacts from mass layoffs. The latter study developed an index to capture the
potential reallocation of workers from a specific sector, emphasizing the importance of
skill transferability across sectors. However, both studies focus on regional differences
rather than how workers within the same labor market might respond differently to an

identical shock. Contributing to this literature, I show that sector composition signifi-



cantly influenced the likelihood of finding a suitable job match during the Great Recession,

considering worker characteristics and other relevant regional factors.

I begin in Section 2 by providing background information on the contraction of em-
ployment in the construction sector. Section 3 details the Spanish data used in this article.
In Section 4, I introduce the reallocation index. Section 5 presents the results, focusing on
the impact of the employment decline in the construction sector at the worker level. Sec-
tion 6 analyzes workers’ adjustment mechanisms and the outcomes related to reallocation

probabilities. Finally, Section 7 presents the robustness checks, and Section 8 concludes.

2 Background

According to the Spanish Labor Force Survey, the construction sector employed 2.7 million
workers in the first quarter of 2008. Over the next four years, employment in this sector
declined by more than 50%, falling to 1.2 million by 2012. Figure 1 illustrates this
decline, showing that the construction sector’s employment share dropped from 13% to
6% between 2008 and 2012.

Additionally, this figure indicates that there has been little recovery over the sub-
sequent nine years, with the sector’s employment share in 2019 remaining significantly
below pre-recession levels. The trajectory of Spain’s construction sector, both before and
after the Great Recession, contrasts sharply with that of other countries. For instance,
Appendix Figure A5 compares Spain’s construction employment path with that of the
United States, highlighting the employment decline suffered by Spanish workers.

Table A1 provides descriptive statistics for construction workers before and after the
Great Recession. In 2007, 64.1% of workers in the sector were employed on fixed-term
contracts, but by 2012, this percentage had dropped to 28.6%.> As noted by Bentolila
et al. (2012), the hiring flexibility offered by fixed-term contracts helped the expansion
of the construction sector employment, where temporary contracts align with the cyclical
nature of construction activity. However, the sharp employment losses during the Great
Recession underline the exposed that are these workers to unemployment risk due to

adverse economic conditions.

Additionally, Table A1 shows a decline in the proportion of young, low-skilled, and
foreign-born workers employed over the same period. While these demographic groups
were among the most affected, concluding that they experienced the largest job losses

would be misleading. Although employment within these groups decreased, the overall

2Fixed-term contracts in Spain were liberalized in 1984, facilitating the widespread use of sequential
temporary contracts.



Figure 1: Employment share of workers in the Spanish construction sector, 1995-2019
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Notes: Presents the proportion of workers in Spain’s construction sector from Jan-
uary 1995 to December 2019. The data is restricted to monthly observations of
workers aged 20-60 employed during the referenced period. The shaded area com-
prises the years of the Great Recession in Spain, between 2008 and 2014.

workforce composition shifted, driven by both reduced entries and increased exits from the
sector from some particular demographic groups. Fewer young workers were entering the
sector (as seen in Table A2), and there were significant shifts in the characteristics of those
who left (refer to Table A3). Understanding how workers respond to job losses is essential
for identifying those most impacted—insights that cannot be captured by analyzing the
evolution of employment aggregates. The following sections will explore employment
transitions within the sector, highlighting which groups experienced the most significant

impacts from the contraction.

2.1 Employment decomposition

Over the past two decades, the construction sector has experienced large employment
fluctuations (Figure 1). To identify the underlying causes of these changes, I examine
employment trends from 2004 to 2017, focusing on inflows and outflows to the sector. I
categorized these changes into transitions between non-employment, unemployment, and
shifts to and from other sectors. This approach provides insights into overall employment
changes and the patterns of worker movements that contribute to these fluctuations,
offering a better understanding of labor market dynamics within the sector, which later

will help to understand the adjustment of these workers to the employment decline during



the Great Recession.

I define the inflow rate to the construction sector at time t as follows:

Iy

Inflowsy, = N
t—1

where [j; represents the number of individuals entering the construction sector from
status k—whether they are transitioning from unemployment, non-employment, or other
sectors at time t. Similarly, the outflow rate from the construction sector at time ¢ is
defined as:

Ot
)
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where, Oy, denote the number of individuals leaving the construction sector for status k
at time t, where k indicates whether the worker is non-employed, becomes unemployed,
or transitions to another sector. In both equations, N;_; represents the total number of
workers in the construction sector at time ¢ — 1. For comparison, I present the yearly

employment change in the construction sector. Defined as:
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The results of this decomposition are illustrated in Figure 2. Panels (a) and (b) display
the inflows and outflows, respectively. In both panels, the blue bars represent the relative

employment changes in the construction sector.

Panel (a) shows that inflows from unemployment, non-employment, and other sec-
tors followed a similar trend during most years. During this period, inflows from non-
employment were the primary drivers of employment growth, especially during the con-
struction boom. Notably, in 2006, the proportion of inflows from non-employment surged
from 15% to 22% of the construction sector’s workforce, largely due to an increase in the
migrant population. This spike can be attributed to the large-scale legalization of foreign-
born workers in Spain in 2005 (Moraga et al., 2019), significantly boosting the number
of immigrants registered with the Social Security, thereby impacting employment in the
construction sector. Table A1 in the appendix shows that the proportion of foreign-born
workers rose from 15.7% in 2004 to 27.9% just before the Great Recession. Additionally,
during the expansionary period, relatively high wages were offered to low-educated work-
ers, prompting many young individuals to leave education and enter the sector (Lacuesta

et al., 2020), further contributing to the large inflows from non-employment before the



Figure 2:
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Great Recession.

This analysis serves as an initial step in understanding how workers adjusted to the
decline in employment within the construction sector. Figure 2 shows that outflows
to other sectors represent only a small percentage of the overall employment decline.
However, these aggregate figures mask the individual dynamics behind workers’ decisions,
To address this, the next

exercise focuses on workers employed in the construction sector in 2007. I tracked their

complicating the assessment of their adjustment processes.

employment status annually, categorizing their transitions into five distinct scenarios:
staying with the same firm, moving to a different firm within the same sector and province,
relocating to another region, transitioning to a different sector within the same region, or

becoming unemployed or non-employed.

The results from this analysis are presented in Figure 3, highlighting three main ob-
servations.® First, most construction workers lost their jobs during the housing bubble
collapse. By 2015, only 10 percent of these workers had retained their 2007 positions, and
just 20 percent remained in the construction sector but with another employer. Second,
42 percent of workers in the construction sector in 2007 were no longer employed by 2015.
This group includes the unemployed, international migrants, individuals working in the
informal sector, and those completely out of the workforce. Finally, the results suggest

that moving to another sector becomes more important as overall adjustment increases.

3Appendix A6 provides a similar graph for high-skill workers, who were largely unaffected by the
shock. Additionally, Appendix A7 shows the same graph for construction sector workers in 2003, offering
a comparison of employment status changes before the Recession.



Figure 3: Working status of individuals employed in the construction sector in 2007
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Notes: The shares are computed based on workers in the construction sector in 2007,
and every year, I tracked their working status up to 2015. The sample is limited to
native workers employed in the construction sector in 2007.

By 2015, approximately 30% of former construction workers had secured employment
outside the sector, compared to a smaller proportion who had migrated and are employed
in another province. Shortly after the housing bubble burst, a substantial number of
workers relocated to different provinces; in 2008, 5.5% of workers resided in a different
province than in 2007. However, this percentage showed little change over the next three
years, increasing by only three percentage points. In contrast, the proportion of workers
who transitioned to different sectors rose significantly, from 9% to 30% of the reference

population during the same period.

The decline in employment within the construction sector can be attributed to various
factors. However, this analysis does not help to measure long-term earnings or employ-
ment losses. It is well-documented that job loss has significant and enduring negative
effects on workers’ outcomes. Understanding which workers are most vulnerable and how
they adjust is crucial for assessing the impact of such negative shocks. Consequently,
it is important to determine which types of workers are most likely to occupy different

employment statuses following the housing bust.

Figure 4 shows the average age and the proportion of foreign-born workers in the
different categories of working status in 2013. As stated above, these results are based
on the sample of workers employed in the construction sector in 2007. According to the

results, workers who changed regions or sectors are younger than those who stayed in



Figure 4: Characteristics of workers initially in the construction sector by employment
status in 2013
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Share of foreign workers in the construction sector by status in 2012. The sample is restricted to workers
in the construction sector in 2007 aged 20-55 years old.

the construction sector or stayed unemployed. Over the past decade, a large fraction of
workers have been employed in temporary contracts. The situation is much more prevalent
among young workers waiting for permanent positions. Because of this, those workers are
more vulnerable to job loss during a recession because they may be dismissed at a much
lower cost than similar workers in permanent positions. Still, they also have more flexible
human capital due to lower tenure and job-specific experience, which makes them optimal
to change sector or region as the opportunity cost to change is smaller compared to workers

with more specific human capital (Neal 1995; Gathmann and Schénberg 2010).

Panel (b) indicates that foreign workers are disproportionately represented among
those in non-working conditions and those who changed regions. This aligns with the
propensity for foreign workers to migrate more frequently (Cadena and Kovak, 2016).
Additionally, the evidence in Appendix D.2 shows that foreign workers in the most affected
regions are more likely to be missing from administrative records. Since the Spanish
administrative records does not track workers who leave the country, this largely accounts
for the higher proportion of unobserved foreign workers during this period, reflecting their
in many cases return migration to their home country. The workers who are no longer
observed may experience a reduced cumulative earnings as an effect from the shock, not
necessarily due to lower wages or reduced working hours, but because they are no longer
captured in the data. To mitigate this measurement bias, the remainder of the analysis

focuses exclusively on native workers.

Spain’s economic expansion triggered significant employment changes, leading to a

construction boom and a sharp employment drop during the Great Recession. As previ-

10



Figure 5: Cumulative employment growth and destination sector of switchers
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sector, 2004-2019. Panel (b) Cumulative yearly employment growth per sector, 2004-2019.

ously highlighted, many workers shifted to other sectors during this period. The central
question remains: where did these workers go, and what factors influenced why not all

transitioned to new sectors?

To begin this analysis, Panel (a) of Figure 5 presents the sharp decline in construction
employment, measured as cumulative employment growth from 2005 to 2019, alongside
the expansion of other sectors—most notably the hospitality sector, represented by the
red line. It is important to note, however, that this shift represents a partial reallocation
of workers from the contracting construction sector to the expanding hospitality sector,
as presented in Panel (b). The impact of the construction downturn was felt across
all Spanish provinces. However, each region’s sectoral composition and labor market
conditions were pivotal in shaping workers” adjustment paths. This topic will be explored

in greater detail in the following sections.

The reallocation of workers into different sectors underscores the importance of individ-
ual skills in sectoral reallocation. Adjustments are influenced by the costs or probabilities
associated with switching sectors and the relative demand for specific skill sets. The
heterogeneity presented in Panel (b) will serve as the basis for developing a reallocation

index in the next section.
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2.2 Province level impact

The initial employment share and the size of employment contraction in the construction
sector during the Great Recession varied significantly across Spanish provinces.* My
empirical analysis leverages these regional disparities in job opportunities to examine the

asymmetric impact of the recession on workers” employment and earnings.

Figure 6 shows that the initial employment share of the construction sector across
provinces ranged from 6.8% to 24.14%, with higher shares observed in southern provinces.”
For example, Gipuzkoa, Araba, and Barcelona had less than 10% construction employ-
ment shares, while southern provinces such as Ciudad Real, Huelva, and Malaga had
shares exceeding 20%. The figure also illustrates that the contraction in construction em-
ployment was not uniform across provinces, with declines ranging from 14.7% to 70.3%

relative to 2007 employment levels.

Figure 6: The share of workers in the construction sector by province during the Great Reces-
sion.
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4March 2006 is the baseline period because there were no signs of contraction then; the downturn only
began to emerge in the fourth quarter of 2007 (see Figure 1).

5For easier interpretation, Figure A5 in the appendix presents the same data with the names of each
province labeled.
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3 Data

The primary data sources are the 2006 to 2021 editions of the Muestra Continua de Vidas
Laborales (MCVL), best translated as “Continuous Sample of Working Lives.” The raw
data represents 4% of the Spanish population registered with Social Security (workers,
recipients of unemployment benefits, and pensioners). The observational unit tracks any

change in the individual’s job status or variation in their contract conditions.

This rich dataset is built from Spanish administrative data matching Social Security,
income tax, and census records. The data has a longitudinal design: those initially
sampled are also selected yearly, as long as they still have a relationship with Social
Security. The benefit of using multiple waves of the MCVL is the expansion of the number
of observations. FEach year, the sample is refreshed by replacing individuals who leave
Social Security with new individuals, thus allowing the tracking of the new individuals’

complete labor market history.

The MCVL provides detailed earnings information derived from Social Security and
tax records. Earnings data from Social Security records are available from 1980 or the
beginning of an individual’s career for those who entered the workforce later. However,
these records are subject to upper and lower limits adjusted yearly based on inflation
and labor market conditions. In contrast, tax records offer more comprehensive earnings
data and are available only between 2006 and 2021. Despite this limitation, it is a minor
issue since my primary analysis focuses on earnings from 2007 to 2013. Therefore, I
prioritize using tax record earnings when available. For regions like the Basque Country
and Navarre, which manage income taxes independently from the Spanish government,

tax records are not available. In these instances, I rely on Social Security earnings data.’

Using the MCVL, I build a monthly panel covering 2000 to 2019. This data combines
individual, firm, and job characteristics. It includes information on the worker’s gender,
educational attainment, date of birth, activity sector at the two-digit level, province of the
establishment, occupational contribution group, and monthly earnings or unemployment
benefits. The raw data has information on each employment spell’s entry and exit date,
which I use to compute individual experiences and the number of monthly days employed.
I use the number of employed days within the month to transform the yearly earnings
from tax records into daily earnings, simplifying the comparison with the monthly earnings

available from Social Security records.

6Bonhomme and Hospido (2017) compares earnings from tax and Social Security records, noting that
discrepancies primarily affect the top end of the earnings distribution, around the 90th percentile. Since
construction workers typically fall below the median of the earnings distribution, both sources of earnings
data are deemed comparable.

13



3.1 Sample restrictions

I restricted my analysis to individuals registered in the general Social Security regime or
the special regime for agrarian, seamen, and mining workers. This restriction excludes self-
employed workers due to the lack of reliable information on earnings and days worked.
The regional information considers only the 50 Spanish provinces, excluding the two

autonomous cities of Ceuta and Melilla, due to their limited population size.

I created two sub-samples for analysis. The first, the Complete Sample, is used to
construct all descriptive evidence. This is a monthly panel from January 2000 to December
2019, restricted to active workers aged 18 to 60. The second sub-sample, the Estimation
Sample, focuses specifically on native workers who were employed in the construction
sector before the Great Recession and follows their job history from January 2007 to
December 2013.

To estimate and analyze the impact of the shock, I focus on workers with a strong
attachment to the construction sector, defined as those who were employed in the sector
for at least one year between 2005 and 2006. These individuals are more likely affected
by the sector’s employment contraction than those with weaker ties. Finally, I calculated
cumulative earnings from 2007 to 2012 for the main analysis. To ensure robustness, the
sample was restricted to individuals aged 20 to 50 in 2007, minimizing potential bias from
early retirements. Additionally, earnings data were adjusted using a price index with 2009
as the base year to account for inflation, ensuring that price fluctuations over the business

cycle do not distort the analysis.

4 Reallocation probabilities

I adopt a probabilistic approach to defining the relevant labor market, similar to the
method used by Schubert et al. (2020). Job opportunities are determined by workers’
matching probabilities to jobs’ within each sector and the local employment size of each
sector. I assume that workers receive job offers based on how well their characteristics
align with the requirements of other sectors’ workforces.” This alignment is captured by

the term:

PIX = X)P(J = j) @

Pji =

"In Section 7, I employ an alternative measure that utilizes transition probabilities conditional on the
worker’s characteristics.
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Equation (1) represents the likelihood that a worker i is hired in a firm in sector
j. P(X = X;,J = j) is the probability of observing a match between a worker with
characteristics X; and a job in sector j. P(X = X;)P(J = j) is the product of the
marginal distributions for worker characteristics and the firm’s sector. This product is
the probability of observing a match with such characteristics under a random assignment.
The basic intuition for this result is that the probability of observing i matched with j
depends on the frequency and accountability for the total measure of workers and jobs

with such observables.

I aggregate the propensities across all sectors, weighting them by each sector’s em-
ployment share P(J = j | R = r). This weighting accounts for the random matching
feature of the underlying framework, where the sector’s size influences the probability of
a worker receiving a job offer conditional to their characteristics X;. Rearranging the

terms, I arrive at the following expression for the reallocation index:

Reallocation(X;,r) = P(J=jlR=r)
r P(X = X;)P(J =)
P(J=j,X=X;)P(J=jlR=r)

:Z P(X = X)) P(J =j)

j
Share’;

=N "P(J=ilX =X, J 2

ZJ: (=l z>Sharej )

4.1 Computation of the reallocation index

This section outlines the procedure for estimating the reallocation index, which cap-
tures the job options available to each worker during the recession. This index leverages
cross-sectional allocations of observably similar workers across sectors before the Great
Recession. The baseline assignment captures workers’ suitability for positions in each
sector based on their observable characteristics, as represented by equation (3). To es-
timate the probability of employment in each sector, it is necessary to consider both
the worker’s characteristics and the relative employment size of each sector within each

province. Consequently, the estimation process is divided into two steps.

First, I estimate the likelihood of observing a match between a worker and a firm in
each sector based on a given set of worker characteristics, where these characteristics are
represented by the vector X;. The MCVL consists of pairs of matches between workers and
employers, allowing me to approximate workers’ employment probabilities in each sector.
Second, I weigh these probabilities by the sector’s employment share in the worker’s

province of residence before the shock. Given that geographical mobility was limited
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before the Great Recession, the job distribution in a worker’s pre-recession province is a

reliable proxy for their local labor market at the moment of the shock.

EmplS hare’;

J
Reallocation(X;,r) = > P( W (3)
J

J=1

The two-step process is as follows. First, I use actual worker allocations in different
sectors from 2000-2004, focusing on the entire population of workers not employed in the
construction sector during those years.® I regress an indicator variable for the sector of the
individual’s firm on various worker characteristics, including skill level in the occupation,
gender, foreign-born status, and interactions between age categories and educational at-
tainment. I derive the predicted probabilities for the estimated sample from the estimated
coefficients. This step captures the likelihood of a plausible match between a worker ¢

and a sector j, and is repeated for each sector.”

In the second step, I combine the predicted values using weights based on the ratio
of the employment share of sector j in province r to the employment share of sector j in
the entire economy. These weights were measured in 2006 to avoid potential biases from
employment changes due to the Great Recession. Finally, to simplify interpretation, the

reallocation index is standardized to have zero mean and unitary standard deviation.

Consider a scenario where jobs are randomly allocated across regions. In this situation,
the sectoral composition of each region’s local economy mirrors that of the aggregate
economy. This means that similar workers would face an equivalent set of labor market
options, regardless of their province of residence. In such a case, I expect heterogeneity in
the shock’s impact based on worker characteristics, but not between provinces. However,
in reality, worker characteristics do not fully account for the variation in the shock’s
impact, measured in terms of employment and earnings losses. Workers may be more
or less lucky depending on how well their characteristics are valued in their region of
residence. This variation in local sectoral specialization means that workers might have
more or fewer job options that match their observed characteristics. Consequently, even
with identical exposure to the shock, similar workers can have vastly different prospects
based on their region of residence, underscoring the urgent need to understand and address

these disparities.

8The results are not significantly different when I use different time windows.
9T consider 13 sectors, which are enumerated in Appendix C.
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5 Worker level impact: Employment decline in the

construction sector

5.1 Static analysis

This section explores the impact of the shock to the construction sector on workers’
earnings and employment trajectories. The analysis is based on the estimation sample
described in Section 3, which includes native workers with strong attachment to the con-
struction sector before the Great Recession. These highly-attached workers were employed
in the sector for at least 12 months between 2005 and 2006. The key assumption is that
the local employment contraction in the construction sector is as good as random, condi-
tional on observable characteristics. The estimated impact compares workers with similar

characteristics, differing only by their province of residence before the Great Recession.

The baseline specification in this section takes the form:

y; = 0Shock! + X5 + ¢, (4)

where y; represents the normalized cumulative earnings of individual ¢. Cumulative earn-
ings are worker’s earnings from January 2007 through December 2012, divided by the
2005-2006 average annual earnings. Normalizing by average earnings is equivalent to the
approach by Autor et al. (2014) and Yagan (2019), which helps to assess the shock’s effect

on the earnings evolution and interpret the future results in terms of pre-shock earnings.!’

Shock] is the change in the employment share in the worker’s initial province of
residence between 2007 and 2012.'! X, represents individual worker and regional char-
acteristics measured at baseline. The full set of controls includes gender, occupational
skill level, tenure, experience, an indicator variable for fixed-term and part-time contracts,
and interactions between age categories with educational attainment, all these measured
at the worker’s 2007 values. Additionally, I consider regional controls measured in 2006,
including the construction sector’s employment share and the unemployment rate in the
province of worker residence, a Bartik-type variable that accounts for differential demand
shocks in the other sectors,'? and a Herfindahl-Hirschman Index for the employment con-

centration in the other sectors, used to capture the overall diversity of the local sectoral

10This approach also addresses the undefined log earnings in cases where earnings are zero.

11 r _ emplSharelq;, r . .
Shock] = M_l’ where emplShare] represents the employment share in the construction

sector at region t in period ¢.

12The Bartik controls for differential employment trends in non-construction sectors. It is constructed

12 Empl t] ; j . .

asy ., ln —POYTE 5012 ) Shared. Here, Employment; accounts for the number of workers in sector j
J= Employment} . T

at time ¢ and Sharel is the share of workers in sector j in region r.
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Table 1: Cumulative earnings impact from the employment decline of the construction
sector, 2007-2012

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

OLS v
Cumulative earnings, 2007-2012
Shock -3.0417  -2.140"*  -1.561"* -1.631*** -1.334*™**

(0.425)  (0.212)  (0.184)  (0.202)  (0.486)

Constant 4.891*%  5.542"*  5.612**  5.654"*  H.5TT*
(0.249) (0.163) (0.106) (0.110) (0.126)
Observations 47,475 47,475 47,475 47,475 47,475
R? .106 .256 .260 .260 .260
Controls Yes Yes Yes Yes Yes

Robust standard errors in parentheses are clustered at the province level

* p <0.10, ** p < 0.05, *** p < 0.01

Notes: Column (1) adds interactions of age categories with gender and education.
Column (2) adds occupational skill group categories, indicators for part-time and
fixed-term contracts, tenure, and experience fixed effects. Column (3) adds regional
controls: local unemployment rate and employment share of the construction sector
in 2006, a Bartik-type shock, and the HHI index. Column (4) considers the shock of
the change in total workers in the construction sector between 2007 and 2012 a shock.
Column (5) instruments the decline of the employment share of the construction
sector with the cumulative growth rate of the construction sector between 2000 and
2006.

composition. In the results section, I specify whether different subsets of these controls

are included depending on the model specification.

Table 1 present the baseline estimates of equation (4). Column (1) includes the shock
variable and a complete set of age dummies and the interaction with the worker’s gender
and educational attainment to account for variations in life cycle earnings. The results sug-
gest that, on average, workers in the most exposed provinces who were initially employed
in the construction sector experienced a stronger drop in cumulative earnings between
2007 and 2012 compared to their counterparts in the least exposed regions. Specifi-
cally, cumulative earnings for an average worker in the least affected provinces during
the Great Recession decreased by approximately 0.50 (0.16 x —3.041) times their initial
annual earnings. In contrast, the decrease in the most affected provinces was around 2.13
(0.70 x —3.041) times their initial annual earnings. In Column (2), baseline job charac-
teristics such as occupation skill group, contract type, tenure, and experience fixed effects
are added. The main coefficient in this regression is reduced by 30 percent compared to
the results in Column (1), yet it is still evident the significant impact of the shock on

worker’s earnings.

Column (3) presents my preferred specification. In this model, I include regional

controls and a Bartik-type shock to account for demand shocks in other sectors during the
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Great Recession. The Bartik-type variable captures variations in demand across sectors,
ensuring that the coefficient for the construction sector shock is not confounded by positive
or negative shocks in other sectors during the study period. This approach mitigates
concerns about correlated shocks affecting other sectors and provides a more accurate
estimate of the impact of the construction sector shock. To interpret the coefficient
estimates of this specification, consider two workers residing in provinces in the 75th
and 25th percentile of exposure, respectively: Valencia, where the employment decline
in the construction sector was 59.34%, and Badajoz, where it was 46.97%. On average,
workers experienced a greater impact due to higher exposure to the construction sector’s
employment decline. A construction worker in Valencia would accumulate 27% fewer

earnings than a similar worker in Badajoz.

Finally, Columns (4) and (5) address potential sources of bias that could influence the
results. One concern is that changes in the overall population of a province might distort
the estimated employment share in the construction sector, leading to measurement bias.
To mitigate this issue, I kept the number of workers employed in each province constant
between 2007 and 2012. This adjustment ensures that the shock measure reflects changes
in the number of workers employed in the construction sector, independent of employment

shifts in other sectors.'?

The results of this adjusted measure are presented in Column (4). After this ad-
justment, the main coefficient is slightly affected, with a 4.3% change in the estimated
coefficient. This minor change suggests that while population dynamics may have influ-
enced the original estimates, the overall impact of the construction sector shock remains
robust. The adjusted specification ensures that the estimated effect is mainly attributed
to changes in construction sector employment rather than broader population or employ-

ment shifts.

Supply-side factors are likely to mitigate the impact of the construction sector’s em-
ployment collapse. When workers either migrate out of the province or leave the formal
labor market, the overall decline in job opportunities for those remaining in the construc-
tion sector is reduced. This dynamic may distort the estimated effect, and to address
this potential bias, I will employ an instrumental variable (IV) approach in the following
analysis. In Column (5), I present results that employ an instrumental variable approach

to capture the demand-side component of the shock on individual outcomes.

The instrument used in this analysis is based on the cumulative employment growth
in the construction sector between 2000 and 2006 in the worker’s province of residence.

This approach takes advantage of the observation that regions that experienced significant

13The adjusted shock is calculated as: Shock = % — 1. As a result, the shock only captures

changes in employment in the construction sector, independent of other sectoral variations in employment.
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Figure 7: The cumulative growth in the construction sector and employment decline of
the construction by province
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Notes: Monthly share of construction workers, January 2004 to December 2017. The
data is restricted to workers aged 20-60 employed during the reference period.

growth during the housing boom are also more likely to face severe downturns. Notably,
the cumulative growth in the construction sector before the Great Recession is uncorre-
lated with earnings during the recession, as demonstrated by the placebo test in Section
7.1, thus satisfying the exclusion restriction. Column (5) shows a 14.5% decrease in the
coefficient of interest compared to the estimate from Column (3), indicating a weaker re-
lationship between the demand-side shock and individual outcomes. However, I maintain
the results from Column (3) as my preferred estimation since the findings are consistent

across both models.

The impact on workers’ cumulative earnings may stem from changes in the extensive
margin—reflecting a reduction in total years worked—or the intensive margin, indicating a
decrease in annual earnings. This distinction is explored in Table 2, where all specifications
control for the same variables as those in Column (3) of Table 1. Column (1) presents the
impact on normalized cumulative earnings as in Table 1. Column (2) examines the total
number of days a worker was formally employed between 2007 and 2012, converting this
number into years for easier interpretation. Column (3) analyzes average annual earnings
over the same period. To assess the relative magnitude of these effects, Panel (B) conducts
similar analyses for a sample of workers who were not employed in the construction sector,
allowing for a comparison of how these dynamics differ across sectors and highlighting how

much the burst in the construction sector affected worker’s employment trajectories.
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Table 2: Worker’s impact in earnings and employment from the decline in construction
employment

(1) (2) (3)
Cumulative earnings Employment Average earnings
Panel A: Workers initially employed in the construction sector

Shock -1.561*** -1.454* -0.001
(0.184) (0.162) (0.001)
Constant 5.612%* 5.250*** 0.088***
(0.106) (0.094) (0.000)
Observations 47,475 47,475 47,475
R? .260 .286 013
Controls Yes Yes Yes
Panel B: Workers initially not employed in the construction sector
Shock -0.459*** -0.467* 0.001
(0.135) (0.141) (0.000)
Constant 5.041** 4.762** 0.087**
(0.072) (0.083) (0.000)
Observations 329,145 329,145 329,145
R? 279 301 017
Controls Yes Yes Yes

Robust standard errors in parentheses are clustered at the province level

* p<0.10, ** p < 0.05, *** p < 0.01

Notes: In each regression, I control for gender, occupation skill level, education,
age, and foreign-born status. (i) Odd columns present evidence for a sample of non-
construction sector workers, while (ii) even columns are restricted to workers in the
construction sector in 2007. I restricted the sample to workers under 50 in 2007
to avoid complications from workers’ early retirement before 2012. Shock measures
the relative changes in the share of workers in the construction sector by province.
Bartik shock measures trends in employment growth in non-construction sectors.

Column (2) from Panel (A) illustrates that the average worker in the construction
sector at the 25th percentile of exposure accumulated 0.17 fewer years of employment than
those in a province at the 75th percentile. Meanwhile, Column (2) of Panel (B) indicates
that workers outside the construction sector experienced a slight decline in working days
between 2007 and 2012 due to the shock. In Column (3), I find no significant difference
in average earnings between workers in the construction sector and those in other sectors.
This evidence suggests that the impact on workers’ earnings trajectories is primarily driven
by reduced employment opportunities, highlighting non-employment’s significant role in

explaining the decline in cumulative earnings.
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5.2 Dynamic analysis

The results from the previous section provide an initial look at the impact of the shock
on workers’ employment and earnings. However, the longitudinal nature of the MCVL
dataset allows for a deeper analysis by examining the dynamics of these effects over time.
In the following section, I explore how workers’ employment and earnings trajectories
evolve in response to the shock. Figure 8 illustrates the time series of estimated coefficients
from the decline in employment within the construction sector, highlighting its effects on
workers’ employment status and annual earnings. Each data point in year ¢ represents

the coefficients derived from equation (5) within the estimation sample:

yir = Shock! By + XA + €. (5)

yi; represents the labor market outcome for worker ¢ in year ¢, including the binary employ-
ment status and the annual earnings. Shock] denotes the local shock to the individual’s ¢
initial province of residence. X; is a vector of individuals’ observable characteristics mea-
sured in 2007 and regional characteristics at their 2006 values. Comparing employment
outcomes to pre-recession levels allows a transparent comparison of individual employ-
ment rate differentials. The sample and independent variable values are fixed across

annual regressions; only the outcome varies yearly.

The estimating equations are identical to those used in the baseline regression (Table
1, Column (3)), except that instead of using workers’ cumulative earnings over the entire
period from 2007 to 2012, each equation now calculates yearly earnings and employment
status. Given that this analysis tracks workers over a longer period, I restrict the estima-
tion sample to those aged 29-45 at the baseline, ensuring that the 2000-2015 analysis is

confined to individuals within the typical working age range.

The estimated coefficients are shown in Figure 8. First, the pre-recession estimates
support the identifying assumption that the local shock was as good as randomly assigned,
conditional on controls. Panel (a) shows how the shock affected the workers’ annual
earnings. The workers’ earnings had a notable negative effect during the Great Recession,
consistent with previous findings that workers in more exposed regions accumulated fewer
earnings during this period. However, in the years following the recession, earnings in the
most affected regions gradually caught up with those in less exposed regions, resulting in
weaker differences between them, later almost catching up with the annual earnings of

those in the least affected provinces.

The previously documented consequences may stem from workers being unemployed

or experiencing lower average earnings during the Great Recession. To disentangle these
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Figure 8: Impact of the contraction in the construction sector employment
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Notes: Sample is restricted to workers aged 29-42 working in the construction sector in 2007. Coefficients
of the shock using an outcome variable indicate whether the worker has a valid employment spell each
year. (1: the worker appears in the year, 0: the worker is not in the sample). The average earnings are
calculated over the non-zero earnings of each year. Additional controls are the initial share of construction
sector employment, Bartik type variable, and demographic characteristics.

effects, Panels (b) and (c) investigate how the shock impacts employment probabilities
and earnings among workers employed each year. Panel (b) examines the effect of the
shock on yearly earnings for workers with non-zero earnings, while Panel (c) analyzes its
impact on the probability of being employed. Most observed effects can be attributed
to decreased employment probabilities during the Great Recession. Specifically, Panel
(b) indicates a negative effect on yearly earnings but is less precise than the estimated
coefficients in Panel (a). In contrast, Panel (c) reflects a pattern similar to that in Panel
(a), revealing a negative impact of the shock on employment probability that diminishes
in the later years after the Great Recession and showing that there are no employment
differences for workers in the most affected compared to workers in the least affected

provinces.
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5.3 Heterogeneity of the shock by individual characteristics

As discussed in the previous section, the local employment contraction in the construction
sector significantly affected workers’ employment and earnings trajectories. In this section,
I examine the heterogeneity of these impacts across different individual characteristics.
Figure 9 illustrates the consequences of the local shock on cumulative earnings across
worker types. Based on the sample of workers initially employed in the construction sector,
the figure presents point estimates and 95 percent confidence intervals based on separate
regressions for each group of workers. The findings indicate that young, low-tenured, and
low-initial earners experienced a larger impact from the shock, suggesting that this shock

contributed to increased employment inequality among workers with varying skill levels.

Low initial earners, specifically those in the first two quartiles of the earnings dis-
tribution, faced a greater-than-average impact from the economic shock. This finding
underscores the potential of economic shocks to exacerbate labor market inequalities.
Additionally, there is a significant disparity in the economic consequences for young ver-
sus older workers linked to the inequality in employment opportunities across age groups.
Most workers in Spain begin their careers with temporary contracts, which may eventu-
ally be upgraded to permanent positions. However, this practice creates disparities in job
security and exposure to economic shocks between age groups, as younger workers in more
unstable jobs are more susceptible to job loss during downturns. Contrary to findings by
Yagan (2019) for the U.S., young workers in Spain appear to be less resilient to economic

fluctuations.

During the Great Recession, earnings inequality in Spain increased significantly. Bon-
homme and Hospido (2017) argues that this increase corresponds with employment cycli-
cality in the lower middle segment of the wage distribution, highlighting the crucial role of
employment trends in the construction sector in this dynamic. As a contribution to this
discussion, Figure 9 illustrates that workers initially employed in the construction sector
exhibit considerable heterogeneity in their responses to the economic shock. Thus, even
within a defined group of workers, economic shocks can exacerbate regional inequalities,

as workers across the wage distribution are affected differently.

The following exercise categorizes workers into quartiles based on their earnings in
2007, quantifying the differential exposure to shocks according to their initial position in
the earnings distribution. I examine the effects of these shocks on normalized cumulative
earnings, employment, and average yearly earnings. The regressions control all worker

and regional characteristics used in the previous section.

The results are presented in Table 5. A test of equality among the four coefficients

rejects the null hypothesis that they are equal, indicating significant differences based
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Figure 9: Heterogeneity of the shock’s impact on employment and earnings by character-
istics
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Notes: The sample is restricted to native workers aged 20-50 in 2007 and working in
the construction sector; cumulative variables are computed between 2007 and 2012.
Wage is standardized by the average wage in 2006 of months with non-zero earnings.
Every regression controls by gender, age, education, skill group, foreign status, and
interactions between age and education. Bartik is computed without considering the
construction sector. Each coefficient is obtained from separate regressions for each
subgroup.
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on workers’ initial earnings. The shock is particularly severe for those with low initial
earnings, leading to increased national earnings inequality and a widening of regional
disparities. Consequently, workers in the most affected regions experience differential
impacts. Notably, there is an 85 percent difference in impact between workers starting in

the third quartile of the earnings distribution and those in the fourth quartile.

A milder impact on employment or earnings may account for this difference, as ex-
plored in columns (2) and (3). Consistent with the findings from previous sections, a
significant portion of the impact is attributed to workers in the most exposed provinces
remaining employed for shorter durations during the Great Recession. Consequently, the
recession substantially and significantly affects earnings distributions, exacerbating em-
ployment inequalities. According to Column (2), high-earning workers experience a lesser

impact on their employment than their lower-earning counterparts in the same province.

Table 3: Heterogeneity of the shock’s impact on employment and earnings

(1) (2) (3)
Cumulative earnings Employment Average earnings
Q7™ . Shock -3.446*** -3.332*** -0.006***
(0.268) (0.261) (0.001)
S“mmgs - Shock -1.886*** -1.724*** -0.002*
(0.232) (0.221) (0.001)
g‘"”""gs - Shock -0.934*** -0.812*** -0.0002
(0.247) (0.237) (0.001)
Q59 . Shock -0.140 -0.116 0.002*
(0.254) (0.240) (0.001)
Constant 4.829** 4.510%* 0.085***
(0.170) (0.170) (0.000)
Observations 47,475 47,475 47,475
R? 341 .366 .027
Controls Yes Yes Yes

Robust standard errors in parentheses are clustered at the province level

* p <0.10, ** p < 0.05, *** p < 0.01
Notes: Dependent variable: Standardized cumulative earnings, 2007-2012, cumula-
tive days employed, 2007-2012, average monthly earnings, 2007-2012. All regressions
include a constant and a full set of worker, job, and regional characteristics as ad-
ditional controls. Demographic control interactions of age group, education, and
gender. Initial occupational skill group, type of contract, tenure, experience, and
experience squared. Regional characteristics: province-level unemployment rate in
2006, Bartik-type shock, and the employment share of the construction sector in
2006. All worker and job characteristics were measured in 2007, and regional con-
trols were measured in 2006. The sample is restricted to workers in the construction
sector before the shock, aged 20-50 years old.
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5.4 Geographical vs. sectoral reallocation

Transitions between sectors and geographic locations serve as mechanisms for workers to
adapt to negative shocks’ impacts. However, evidence regarding the responsiveness of
geographical mobility to such shocks is mixed. Worker adjustment across regions appears
to be slow and incomplete (Autor et al., 2014; Dix-Carneiro, 2014). This sluggishness is
more pronounced among less-educated workers, a subset of workers over-represented in
the construction sector. Additionally, workers often have significant sector-specific human
capital, hindering their ability to secure employment in other sectors. Consequently, a

worker’s adjustment is complex, motivating the need to explore both mechanisms further.

This section analyzes the mobility responses of construction workers to the employ-
ment shock resulting from the contraction in construction employment between 2007 and
2012 in their initial province of residence. Figure 10 illustrates how these shocks influence
the probability of workers changing provinces or sectors. The results are derived from sep-
arate regressions of a binary variable indicating sector and regional changes, conditioned
on the shock and a comprehensive set of individual and regional controls. A dynamic
approach enables comparisons of coefficients before and during the Great Recession while

also testing for the absence of differential pre-trends.

Figure 10 shows that workers in the most affected regions are more likely to change
sectors, reflecting a decrease in construction employment opportunities. When comparing
magnitudes, a worker at the 75th percentile of shock exposure is 4.03 percentage points
more likely to change sectors than a worker at the 25th percentile. Conversely, there is
no statistically significant relationship between the shock and the probability of changing

one’s province of residence.

According to Borusyak et al. (2022), the spatial correlation of demand shocks atten-
uates migration responses to negative shocks. Workers consider local shocks and their
impacts on alternative locations, which can influence the estimates. An effective strategy
is to incorporate shocks from interconnected locations. This concept of regional intercon-
nectedness is also examined by Bertoli and Moraga (2013), who frame it as multilateral
resistance to migration, a notion widely utilized in migration literature. Based on this un-
derstanding, I developed an adjusted shock measure that includes migration flows between

provinces.

The adjusted shock is presented in equation (6). Here, Shock,, denotes the decline
in construction employment from 2007 to 2012 in province m, while p,_,; represents the
probability that a worker from province r migrates to province k, conditional on a change
of residence. I construct the adjusted measure in two steps. First, I estimate transition

probabilities between provinces using migration data for observed workers from 2001 to
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Figure 10: Adjustment to the employment contraction of the construction sector
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Notes: The sample is restricted to workers aged 29-42 and working in the construction sector in 2007. Co-
efficients of the shock use an outcome variable indicating whether the worker changed residence province
or sector on a rolling basis. a) Out of the construction sector; b) in a province different than the worker’s
residence in 2007. Additional controls are the initial share of construction sector employment, Bartik
type variable, demographic characteristics, and interactions.

2006. In the second step, I create the shock variable by comparing the local shock to
a weighted average shock across provinces, utilizing the previously estimated transition
probabilities. When assessing the effect of a shock on a given province, I compare it to
the shocks experienced by all other provinces, assigning greater weight to those provinces

that are typical migration destinations.

Shock® = Shock, — Z Lk Shocky, (6)
k#r

Table 4 presents the effects of employment decline in the construction sector on the
likelihood of individuals changing their sector or province of employment. The first three
columns focus on the probability that an individual will be employed in a different province
in 2012 compared to 2007. The fourth to sixth columns examine the likelihood of an
individual transitioning to a sector other than construction by 2012. Notably, Columns

(3) and (6) adjust the shock measure to account for shocks in other provinces.

According to Column (1), the employment shock in the construction sector has a neg-
ative but statistically insignificant effect on the probability of workers changing provinces.
When individual and regional controls are added in Column (2), the relationship between
the shock and migration turns positive, though it remains statistically insignificant. Col-
umn (3) further refines the analysis by considering the adjusted shock. Even with this
adjustment, no significant relationship is found between the decline in the construction

sector and interprovincial migration.
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Table 4: Geographical vs. sectoral reallocation due to the economic shock

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

Change province Change sector
Shock -0.030 0.005 0.391***  0.405***
(0.085)  (0.064) (0.058)  (0.052)
AdjustedShock 0.025 0.339**
(0.091) (0.078)
Constant 0.276** 0.230"* 0.278"* (0.293*** 0.284*** (.428***

(0.043)  (0.035)  (0.054) (0.037) (0.033) (0.036)
Observations 33,399 33,399 33,399 33,399 33,399 33,399
R? .041 .139 .041 143 .169 .168
Controls YesNo Yes Yes Yes Yes Yes

Robust standard errors in parentheses are clustered at the province level

*p <0.10, ** p < 0.05, ** p < 0.01
Notes: The outcome measures the number of individuals employed in a province
different from their baseline province in 2007, with the sample further restricted
to native workers employed in 2012. Controls: interactions of age categories with
gender and educational attainment, occupational skill group categories, indicators
for part-time and fixed-term contracts, tenure and experience fixed effects, local
unemployment rate and employment share of the construction sector in 2006, a
Bartik type shock, and the HHI index. The shock is the relative employment decline
in the construction sector. Adjusted shock compares the shock in the province
of residence to the shock in other provinces, weighted by the migration strength
between the province and all potential provinces. Columns (2) and (5) control for
average mobility at the province and sector levels, respectively.

Column (4) shows that workers initially employed in the construction sector started
transitioning to other sectors in response to declining job opportunities. Column (5),
including individual and regional controls, slightly increases the coefficient, indicating
that workers with higher exposure to the shock are more likely to transition to a different
sector than those with lower exposure. Finally, Column (6) reveals that the adjusted shock
has a positive and statistically significant effect on the probability of workers changing

sectors.

6 Sectoral composition and the effect on workers’ la-

bor market adjustment

The access to diverse job opportunities and the potential to switch between sectors play
a crucial role in a worker’s decision to leave an exposed sector. On average, individuals
with a broader set of relevant job options can secure better job matches and experience
shorter periods of unemployment. As a result, they are likely to face a smaller earnings

penalty after a job loss.
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The reallocation index reflects the job opportunities available to workers within their
labor market, positioning it as an important factor in explaining the variation in earnings
penalties observed after a job loss. Traditionally, empirical studies define a local labor
market by a geographic boundary.'* Alternatively, labor markets can be delineated by
exploring worker flows within a region (Nimczik, 2020). However, any binary definition
that treats local jobs as close substitutes while excluding those outside the region fails
to capture the nuances of individual job preferences. Therefore, I adopt a probabilistic
definition of the labor market, as suggested by Schubert et al. (2020), which acknowl-
edges that even similar jobs may be valued differently depending on a worker’s skills and

characteristics.

The next section incorporates the reallocation index into the analysis, exploring how
sectoral composition impacts workers’ job opportunities and influences their adjustment to
a massive negative shock. The reallocation index, which reflects the job options available
to workers, is constructed by comparing sectors based on the similarity of their workforce.
This approach is consistent with the methodology used by Caldwell and Danieli (2024) and
aligns with the framework outlined in Section 4. In the robustness section, I demonstrate
that constructing the reallocation index using transition probabilities between sectors,

rather than solely relying on workforce similarity, produces comparable results.

6.1 Reallocation index

This subsection builds on equation (4) by introducing the reallocation index as an addi-
tional control variable. The probability that a worker with characteristics X; in region r
secures employment in a different sector influences the extent to which the impact of a
shock is mitigated. Accordingly, a higher reallocation index will indicate a greater capacity
for workers to offset the shock’s effects on their earnings trajectories. I test and quantify
this hypothesis by examining workers’” adjustment as a response to the employment burst

of the construction sector.

The results of this analysis are presented in Table 5. Column (1) shows that workers
in provinces at the 25th percentile of shock exposure lost 1.19 times their initial average
annual earnings (—2.35 x 0.5081). In comparison, those in provinces at the 75th per-
centile lost 1.51 times their initial earnings (—2.35 x 0.6463). This exercise indicates that
the impact on annual earnings is nearly 21 percent greater for workers in high-exposure

provinces than those in low-exposure provinces.

Additionally, the coefficient in Column (1) shows the effect of the reallocation index

MExamples include states Acemoglu and Angrist (2000), metropolitan areas Moretti (2004), and com-
muting zones Autor et al. (2013a).
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Table 5: Labor market impact of the employment contraction in the construction sector,

2007-2012
(1) (2) (3) (4) (5) (6)
Cumulative earnings Employment Average earnings
Shock -1.571%*  -1.566**  -1.465*** -1.461** -0.001 -0.001
(0.178) (0.172) (0.156) (0.155) (0.001)  (0.001)
Reall.Index 0.039**  -0.110** 0.029** -0.091* 0.0001  -0.0005
(0.013) (0.052) (0.013) (0.049)  (0.0001) (0.0004)
Shock - Reall. Index 0.269*** 0.217** 0.001
(0.098) (0.089) (0.0009)
Constant 5.281*** 5.298***  4.935%*  4.949**  0.087** (.087***
(0.108) (0.104) (0.099) (0.097)  (0.0007)  (0.000)
Observations 47,475 47,475 47,475 47,475 47,475 47,475
R? .265 .265 291 291 .012 .012
Controls Yes Yes Yes Yes Yes Yes

Robust standard errors in parentheses are clustered at the province level

* p <0.10, ** p < 0.05, *** p < 0.01
Notes: Dependent variable: Standardized cumulative earnings, 2007-2012; cumulative days employed,
2007-2012; average monthly earnings, 2007-2012. All regressions include a constant and a full set of
worker, job, and regional characteristics as additional controls. Demographic controls include interactions
of age group, education, and gender, along with initial occupational skill group, type of contract, tenure,
experience, and experience squared. Regional characteristics are the province-level unemployment rate
in 2006, Bartik-type shock, and the employment share of the construction sector in 2006. All worker and
job characteristics were measured in 2007, while regional controls were measured in 2006. The sample is
restricted to workers in the construction sector before the shock, aged 20-50 years old.

31



on workers” cumulative earnings. To facilitate interpretation, the index was standardized
to a mean of zero and a standard deviation of one. As a result, a one standard deviation
increase in the reallocation index corresponds to a 6 percent rise in initial annual earnings,
accounting for nearly 30 percent of the earnings gap between workers at the 25th and
75th percentiles of exposure. Column (2) incorporates both the shock’s impact and the
reallocation index, capturing their interaction to evaluate the significant role of sectoral
composition in worker adjustment. While the shock affects all workers within the same
province, the results reveal a positive and statistically significant effect on cumulative
earnings for those with higher reallocation index values. This result suggests that aligning
with the regional sectoral composition can enhance the employment prospects of affected

workers.

The interaction between the reallocation index and shocks reflects mitigating adverse
conditions resulting from a better alignment between workers’ characteristics and the local
sectoral composition. The analysis reveals that a one standard deviation increase in the
reallocation index results in a 17.9% reduction in the shock’s impact (0.432/2.420). This
suggests that workers are more likely to fare better in the event of a significant shock
if they are in a region where their skills and attributes are well-aligned with local job

opportunities.

Columns (3) and (4) present the effects of the shock and reallocation index on work-
ers’ employment between 2007 and 2012. The evidence suggests that exposure to the
shock negatively affects workers’” employment probabilities. However, strong prospects in
other sectors can help cushion the impact of such significant shocks. In other words, op-
portunities in alternative sectors can partially counterbalance the decline in employment

probabilities within the affected sector.

Column (3) shows that the reallocation probabilities index had a positive and statis-
tically significant impact on employment during the Great Recession. A one-standard-
deviation increase in the index is associated with a 4% rise in employment during the
reference period. Additionally, Column (4) indicates that workers with higher realloca-
tion indexes were better able to mitigate the shock’s impact, with the importance of this

mitigation increasing with the shock’s magnitude.

Finally, Columns (5) and (6) show that workers in more exposed areas did not ex-
perience a substantial decline in their average yearly earnings. The decrease in average
earnings between 2007 and 2012 for a worker in a province at the 75th percentile of ex-
posure amounts to 84 real Euros relative to their initial annual earnings in 2009.° While

this effect is statistically significant, its economic magnitude is relatively small.

5Calculated as 0.0857 x 0.6463 x 1596; the average monthly real earnings are 1596 real Euros.
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6.1.1 Heterogeneous impact of the reallocation index

As discussed in the previous section, a diverse regional sectoral composition provides
workers with different opportunities to mitigate the effects of economic shocks. In this
section, I expand on that analysis by examining how the impact of this shock varies
across the distribution of the reallocation probability index, as captured by the following

specification:

4
v = 3 BrQY - Shock! + XIA + ;.

k=1

The set of controls remains as in the previous specifications, with the addition of dummy
variables for each quartile of the reallocation probabilities. The coefficients {3}1_; capture
the differential effects of the shock across these quartiles. Consequently, the impact on a

worker varies depending on the interaction between their characteristics and region.

The results are presented in Table 6. Columns (1) and (3) show the impact of the
shock without including the reallocation index, revealing that the decline in construction
employment between 2007 and 2012 had a significant effect on the cumulative earnings
and employment of workers initially employed in that sector. Columns (2) and (4) ex-
plore how these effects vary based on the mismatch between workers’ characteristics and
job opportunities in other sectors within the region. As shown in Column (2), workers
with a lower reallocation index—indicative of fewer high-quality or suitable jobs in the
region —experience a more pronounced negative impact on their earnings trajectories. An
equality test for the four coefficients is rejected at the 0.2% confidence level, underscoring

the heterogeneity of the shock’s effects.

In terms of economic significance, moving a worker from the first to the third quartile
of the reallocation probability index reduces the intensity of the shock by 20%. Similarly,
shifting a worker from the first to the highest quartile results in a 40% less severe impact.
Comparable findings are observed in Column (4), where workers in the lowest quartile
experience a 35% stronger shock from the decline in the construction sector compared to

those in the highest quartile.

Next, I evaluate whether sectoral composition affects workers’ willingness to switch
sectors. Workers may relocate to less affected regions or jobs in different sectors to attenu-
ate the consequences of negative economic shocks. In Section 5.4, I provide evidence that
workers primarily adjusted through sectoral reallocation. Building on this, I present sug-
gestive evidence that sectoral composition influences the likelihood of sectoral transitions,

thereby shaping workers’ labor market adjustments.
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Table 6: Sectoral composition and the consequences from the contraction of the construc-
tion sector

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

Cumulative earnings Employment Average earnings
Shock -1.582%* -1.474% -0.002
(0.179) (0.157) (0.001)
Q1 - Shock -2.254% -2.151% -0.004*
(0.294) (0.275) (0.002)
Q2 - Shock -1.389*** -1.192%* -0.001
(0.321) (0.288) (0.001)
Q3 - Shock -1.347 -1.264™ -0.0003
(0.210) (0.214) (0.001)
Q4 - Shock -1.304** -1.262** -0.001
(0.183) (0.182) (0.001)
Observations 47,475 47,475 47,475 AT ATS 47,475 AT ATH
R? .265 .265 290 291 012 012
Controls Yes Yes Yes Yes Yes Yes

Robust standard errors in parentheses are clustered at the province level

*p <0.10, ** p < 0.05, *** p < 0.01

Notes: Dependent variable: Standardized cumulative earnings, 2007-2012, cumulative days employed,
2007-2012, average monthly earnings, 2007-2012. All regressions include a constant and a full set of
worker, job, and regional characteristics as additional controls. Demographic control interactions of age
group, education, and gender. Initial occupational skill group, type of contract, tenure, experience, and
experience squared. Regional characteristics: province-level unemployment rate in 2006, Bartik-type
shock, the employment share of the construction sector in 2006. All worker and job characteristics were
measured in 2007, and regional controls were measured in 2006. The sample is restricted to workers in
the construction sector before the shock, aged 20-50 years old.

Here, I discuss the influence of sectoral concentration on local economic performance,
considering two main theories. According to Marshall (1890), agglomeration forces en-
hance local economic performance by facilitating intra-industry knowledge transfer, reduc-
ing transportation costs, and creating more efficient labor markets through the proximity
of related industries. On the other hand, Jacobs and Jane (1969) explains that economic
diversity drives innovation and prosperity by fostering knowledge exchange across dif-
ferent industries. Building on this discussion, my research provides evidence of how the
composition of local economic activities affects workers’ labor market adjustments, adding
a new dimension by considering not only the immediate outcomes but also how workers
cope with economic shocks. Specifically, it examines how a diverse labor market offers a

wider range of opportunities for workers facing negative shocks.
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In the aftermath of a major economic shock, workers are likely to have more options if
the labor market is diverse. While the Herfindahl-Hirschman Index (HHI) is a commonly
used measure of sectoral and occupational diversity, it treats all sectors as equally viable
from the worker’s perspective, regardless of individual characteristics. In contrast, the
reallocation index emphasizes sectors that align closely with workers’ skills and attributes.
This measure more accurately reflects the relevance of local job opportunities to the
worker, as it considers the alignment between the worker’s characteristics and the available
jobs in the local sectors, thereby providing a more nuanced understanding of labor market

diversity.

I estimate a probit regression model to analyze the probability that a worker will
switch sectors, focusing on the reallocation index as my primary coefficient of interest. To
provide a comparative perspective, I also include the Herfindahl-Hirschman Index (HHI)
to evaluate the impact of this conventional measure of diversity on sectoral mobility. Sub-
sequently, I contrast the effects of local job opportunity diversity on sectoral transitions by
examining both the reallocation index and the HHI, thereby assessing how each measure

influences the likelihood of workers changing sectors.

Table 7 presents estimates of the probability that workers in the construction sector
transitioned to other sectors between 2007 and 2012. The results reveal a statistically
significant positive relationship between the decline in construction employment and the
likelihood of workers leaving the sector. In contrast, the Herfindahl-Hirschman Index
(HHI) does not show a statistically significant relationship between sectoral mobility and

concentration.

Column (2) in Table 7 includes the reallocation index, which, as discussed earlier,
measures the alignment between a worker’s characteristics and the available job opportu-
nities in other sectors. The results indicate a positive relationship between the probability
of sectoral mobility and the reallocation index: workers are more likely to switch sectors

in provinces where local job opportunities closely match their skills and attributes.

Column (3) decomposes the reallocation index into quartiles, allowing for a more
detailed analysis of the heterogeneity and facilitating the interpretation of the coefficients.
An equality test rejects the null hypothesis that the coefficients are equal across quartiles.
Comparing the coefficients reveals that the highest quartile has the biggest influence on
sectoral mobility. Workers moving from the third to the fourth quartile of reallocation
probabilities are 10% more likely to change sectors. However, those in the first quartile
are not more likely to leave the construction sector, showing that they have limited job

options in other sectors.
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Table 7: Sectoral composition and the probability of change sector

) @) )
Change sector
Shock 0.391*** 0.394**
(0.058) (0.053)
HHI 0.287 0.457 0.490
(0.648) (0.704) (0.639)
Reall. Prob. x Shock 0.090***
(0.033)
()1 x Shock 0.357***
(0.085)
Q2 x Shock 0.220*
(0.114)
Q)3 x Shock 0.486***
(0.088)
Q4 x Shock 0.490***
(0.083)
Constant 0.293*** 0.284*** 0.233***
(0.037) (0.041) (0.045)
Observations 33,399 33,399 33,399
R? 144 144 144
Controls Yes Yes Yes

Robust standard errors in parentheses are clustered at the province level

* p<0.10, ** p < 0.05, ** p < 0.01
Notes: Coefficients from the probit model of indicator variables if workers changed
province, sector, or firm within the same sector between 2008 and 2012. Each regres-
sion controls education, age, interactions between education and age, foreign status,
occupational skill group, the decrease in the construction sector’s local employment
share, the initial employment share of the construction sector, the Bartik variable,
and the Outside option measure. A sample was constrained to individuals in the
construction sector in 2007 and was based on a yearly panel with observations from
2005 to 2017.

6.2 Residualized reallocation probabilities

The previous results raise the concern that specific individual characteristics may be driv-
ing the correlation between the reallocation index and its impact on earnings. This implies
that the reallocation index might only be reflecting the effect of the worker’s attributes on
the worker’s adjustment. To alleviate this concern, I present the residualized reallocation
index. This measure, derived from the residuals of a regression of the reallocation index
on the characteristics used to compute it, effectively removes the influence of individ-
ual characteristics. By doing so, the residualized index isolates the interaction between
individual traits and local conditions. This refined measure is designed to accurately cap-
ture the effect of local economic conditions on labor market adjustments, independent of

individual attributes, thereby enhancing the validity of the previous results.

Table 8 shows the results of including the residualized reallocation index in the es-

timating equation. Column (1) presents the 2007-2012 worker’s cumulative earnings as
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a function of the reallocation index and the full set of controls. For ease of interpreta-
tion, I standardized the residualized reallocation index to have a zero mean and unitary
standard deviation. As a result, an increase of one standard deviation in the reallocation
index reduces the average shock’s impact by 12.4%. Compared to the baseline results,
the reallocation index coefficient is slightly attenuated, dropping by 9.8%. However, the
magnitude remains statistically significant and economically relevant. Results in columns
(3) and (4) indicate that a higher reallocation probability positively affects workers’ em-

ployment prospects during the Great Recession.

Table 8: Residualized reallocation probabilities

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

Cumulative earnings Employment Average earnings
Shock -1.571%*  -1.568"*  -1.465"* -1.463** -0.001 -0.001
(0.178) (0.172) (0.156)  (0.155)  (0.001)  (0.001)
Resid.Reall 0.038*** -0.085 0.028** -0.073 0.000  -0.0003
(0.013) (0.056) (0.013)  (0.054)  (0.000)  (0.000)
Shock x Resid.Reall. 0.220** 0.181* 0.0008
(0.103) (0.0957) (0.0008)
Constant 5287 5301 4.939**  4.950**  0.087***  0.087***
(0.108) (0.104)  (0.0989) (0.0964) (0.001)  (0.001)
Observations 47,475 47,475 47,475 A7.475 AT ATS 47475
R? .265 .265 291 291 012 012
Controls Yes Yes Yes Yes Yes Yes

Standard errors in parentheses

* p < 0.10, ** p < 0.05, *** p < 0.01
Notes: Dependent variable: Standardized cumulative earnings, 2007-2012, cumulative days employed,
2007-2012, average monthly earnings, 2007-2012. All regressions include a constant and a full set of
worker, job, and regional characteristics as additional controls. Demographic control interactions of age
group, education, and gender. Initial occupational skill group, type of contract, tenure, experience, and
experience squared. Regional characteristics: province-level unemployment rate in 2006, Bartik-type
shock, and the employment share of the construction sector in 2006. All worker and job characteristics
are measured in 2007, and regional controls were measured in 2006. The sample is restricted to workers
in the construction sector before the shock, aged 20-50 years old.

7 Basic robustness

7.1 Falsification of the decline in construction employment

In this section, I explore whether the decline in construction employment during the Great
Recession is associated with the labor market outcomes of workers employed in the sector
during the housing boom. Specifically, I assess whether the employment contraction from

2007 to 2012 can help predict worker outcomes before the Great Recession. Following
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Table 9: Falsification test of the impact of the employment contraction in the construction
sector on cumulative days worked from 2003-2007

0 @) )
Cumulative earnings Employment Average earnings
Shock 0.074 -0.108 0.002
(0.206) (0.147) (0.003)
Constant 4.410*** 3.447+* 0.106***
(0.143) (0.073) (0.002)
Observations 25,455 25,455 25,455
R? 067 116 .063
Controls Yes Yes Yes

Standard errors in parentheses

* p < 0.05, ** p<0.01, *** p < 0.001
Notes: The sample is restricted to native workers aged 20-50 in 2003 working in
the construction sector. I compute the cumulative variables between 2003 and 2007.
Earnings are standardized by the worker’s average earnings in 2002. Controls: gen-
der, skill group, foreign status, and interactions of age categories and education
attainment. Bartik is computed without considering the construction sector. The
shock is the employment change in the construction sector between 2007 and 2012

a similar approach to previous sections, I constructed a sample of construction workers
in 2003 and estimated their cumulative earnings from 2003 to 2007, which serve as my

dependent variable.

Table 9 presents the results of this analysis, incorporating both the regional shock as
an independent variable and the same set of individual and regional controls used in Table
1. The table provides evidence neglecting that the shock is related to the pre-recession
outcomes. Column (1) shows a positive but statistically insignificant effect of the shock
on cumulative earnings, consistent with the insignificant effects observed in Columns (2)
and (3). This evidence helps alleviate potential concerns that the shock reflects a regional
component that led to worse employment opportunities during the Great Recession. If
that were the case, I would expect to see some correlation between workers’ outcomes and

the same regional variation used in the main analysis, which is not observed.

7.2 Reallocation index from transition probabilities

This section explores an alternative approach for constructing the reallocation index.
Instead of relying on workforce similarity, it utilizes sector transition probabilities. By
focusing on worker movement between sectors, this method captures the likelihood that a
worker from the construction sector would transition to another sector. It is motivated by
the work by Schubert et al. (2019) and analyzes the actual mobility patterns of construc-
tion workers from 2000 to 2006. While this exercise provides useful insight into alternative

methods for capturing likely mobility patterns among similar workers, it has a potential
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limitation: relying on pre-recession mobility patterns may be less informative during the

recession period.

The estimation follows a two-step approach, leveraging data on sectoral worker tran-
sitions in the MCVL from 2000 to 2006. The probability that a worker moves from the

construction sector to sector s, denoted as 7., is defined as follows:

# in cs in t observed in sector s in ¢t + 1

Tes—p — . . : B
P 4 in cs in t observed in a new sector in ¢ + 1

~ Prob( move from cs to sector s | leave sector ).

The transition probabilities are calculated under the condition that an individual
leaves the construction sector and are modeled as a function of worker characteristics,
denoted by X;. The vector X; includes variables such as occupation skill group, gender,

foreign-born status, and interactions between age categories and educational attainment.
16

Then, the transition probabilities will be 7%, defined as:

cs?

7o, = Prob( move from cs to sector s | leave sector , X;).

Using a probit model, I estimate the transition probabilities for individuals leaving
the construction sector between 2000 and 2006. The analysis is based on monthly data
from this period, with the dependent variable indicating the sector in which individual
i is employed after exiting the construction sector.!” From this first step, I derive the
predicted probabilities. In the second step, these probabilities are averaged and weighted

by the size of each sector within each province as in equation 7.

—

Therefore, the final measure is:

Z R EmplShare’; ()
es—i *F oo -
r Tes=g EmplShare;

The main analysis shows that workers initially employed in the construction sector

within provinces severely impacted by the Great Recession accumulated lower earnings

16To account for potential seasonal variations that might lead to temporary sectoral shifts, the estima-
tion also incorporates month-fixed effects.

ITFor instance, if worker 4 is in the construction sector in period ¢ and transitions to another sector in
t + 1, this change is reflected in the dependent variable.
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Table 10: Reallocation probabilities from transition probabilities

(1) (2) (3) (4)

Cumulative earnings Employment
Shock -1.582%** -1.4747
(0.179) (0.157)
Q1 x Shock -1.525"* -1.432%*
(0.185) (0.163)
Q2 x Shock -1.564*** -1.4477
(0.185) (0.162)
Qs x Shock -1.577 -1.457%*
(0.193) (0.166)
Q4 x Shock -1.453*** -1.336"**
(0.209) (0.182)
Constant 5.421** 5408  5.038"*  5.033"**

(0.107) (0.110) (0.0952)  (0.102)
Observations 47,475 47,475 47,475 47,475
R? .265 .265 .290 291
Controls Yes Yes Yes Yes

Standard errors in parentheses

* p<0.05, " p<0.01, ™ p <0.001

Notes: Sample workers aged 20-50 years old in 2007 who were working in the con-
struction sector before the crisis. Column (1) makes no additional restriction. Col-
umn (2) restricts native workers. The computation of the cumulative variables
is from 2007 and 2012. Wage is standardized by the average wage in 2006 from
months with non-zero earnings. Every regression controls gender, age, education,
skill group, foreign status, and interactions between age and education. Bartik is
computed without considering the construction sector, and predicted values for the
outside option are from the first stage. probit model.
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during the economic downturn than those in less affected regions. This result is consistent
with labor market frictions hindering workers from transitioning smoothly to new job
opportunities. This paper examines explicitly the frictions that individual workers face
when changing sectors. The likelihood of movement is influenced by worker characteristics
and the match between those characteristics and the province’s sectoral composition. The
underlying idea is that a worker’s profile must appeal to hiring firms, and the local sectoral
composition must provide enough contracting firms within that sector to facilitate the

transition.

The previous section exploits the similarity between a moving worker and those in
the receiving sector to estimate the likelihood of a worker transitioning to a firm in a
particular sector. In contrast, this section focuses on the transitions of similar workers
from the construction sector to other sectors during the pre-shock period, as previously

outlined.

Table 10 presents results using the transition probabilities to construct the reallocation
index. Column (1) shows the shock’s impact on cumulative earnings, while Column (2)
breaks down this effect by quartiles of the new reallocation index. The results reveal a
similar pattern to the results in the previous sections: workers whose characteristics align
more closely with the local sectoral composition experience a reduced earnings impact.
However, the differences between quartiles are very weak. An equality test across the
four coefficients fails to reject the hypothesis that all coefficients are statistically equal.
As previously discussed, this is likely because sectoral transitions lose predictive power

during the recession due to typical job-to-job mobility patterns disruptions.

7.3 Labor market adjustment and internal migration

As discussed in Section 2.1, the unexpected nature of the shock would typically lead to
low levels of internal migration. Despite this, workers from the most affected regions are
still likely to migrate to mitigate the adverse effects of the shock on their employment

trajectories.

This subsection emphasizes the relevance of sectoral and regional mobility for con-
struction workers. It employs a similar two-step approach to assess how geographical

mobility contributes to mitigating the impact of the shock.

As a result, T assess the likelihood that a worker will migrate in response to the
shock. To achieve this, I first estimate the conditional probability of a worker with
specific characteristics changing provinces, using data from 2002 to 2006. Subsequently, I

predict the probability of regional change for workers within the estimation sample. This
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conditional probability is given by:

Prob(migrate;) = o, + X\ + €,

where o, is a province fixed effect, and X; is a vector of worker characteristics which in-
cludes: occupational skill groups, indicators for part-time and fixed-term contracts, labor
market experience, interactions of age and gender, and interactions of age and education
attainment. Following this estimation, the second step predicts the conditional probabil-
ity that a worker would change the region on the set of workers in the estimation sample.
I also consider the interaction between migration probability and shock for comparison

with the reallocation probabilities.

Results are shown in Table 11. Column (1) presents the baseline specification from
Section 6. In Column (2), the predicted probability of migration is included as a control.
Notably, workers with higher migration probabilities experience worse outcomes in the
most affected regions. Migration probabilities were standardized to have a mean of zero
and a standard deviation of one. An increase of one standard deviation in migration
probabilities is associated with a 2 percent decrease of the initial annual earnings on the
total earnings between 2007 and 2012.

The third column examines the interaction between migration probabilities and the
shock to determine how well workers in more affected regions attenuate the shock’s impact
through this mechanism. The Great Recession limited workers’ geographical mobility, and
this section confirms that more adjustment needs to be made through this mechanism.
Cumulative earnings and the interaction of the shock do not show a statistically significant

relationship.
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Table 11: Labor market adjustment: Geographical and sectoral mobility

(1) (2) (3)
Cumulative earnings
Shock -L.5717 -1.605™*  -1.604***

(0.178)  (0.194)  (0.188)

Reall.Index 0.039**  0.039***  -0.112**

(0.013) (0.013) (0.053)

Migration Prob. -0.020 -0.013

(0.025) (0.081)

Reall.Index x Shock 0.274**

(0.099)

MigrationProb. x Shock -0.018

(0.126)

Constant 5.281**  5.299***  5.320"**

(0.108) (0.117) (0.112)

Observations 47,475 47,475 47,475
R? .265 .265 .265

Standard errors in parentheses

* p<0.10, ** p < 0.05, *** p < 0.01
Notes: The sample comprises workers aged 20-50 in 2007 who were employed in the
construction sector before the crisis. Column (1) imposes no additional restrictions.
Column (2) incorporates the probability of migration. Column (3) includes inter-
actions between the shock, the reallocation index, and the probability of migration.
All regressions control for gender, age, education, skill group, interactions between
age and education, and Bartik-type shock and regional controls.

8 Conclusion

In this paper, I examined the impact of the decline in construction sector employment
on Spanish workers from 2007 to 2012. During the Great Recession, Spain experienced
one of the most severe economic downturns, with the construction sector being especially
hard-hit. The contraction was unevenly distributed across Spanish provinces, leading to
significant earnings losses for workers initially employed in the sector and an increase in
regional earnings inequality. To quantify the shock’s effects on earnings and employment, I
employed a regression model that accounts for regional and individual heterogeneity and
incorporates the asymmetric decline in construction sector employment across Spanish

provinces.

The results indicate that employment losses were most severe in the early years of
the Great Recession, with the employment probabilities of workers in the most exposed

provinces eventually aligning with those in less affected regions during the subsequent
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recovery. The sectoral reallocation of workers in highly impacted regions partially explains
the mitigation of the initial impact. The findings suggest that workers primarily adjusted

through sectoral mobility, with geographical mobility playing a relatively minor role.

The second part of the paper exploits shock variation across provinces and adminis-
trative panel data that tracks all the worker’s labor market history to investigate local
sectoral compositions’ contribution to attenuating job loss’s consequences. Specifically, I
analyze how differences in sectoral composition impact workers’ ability to transition to
new roles by addressing two key factors: (i) the suitability of sectors based on worker
characteristics and (ii) the availability of job opportunities across regions due to spa-
tial specialization patterns. To capture these dynamics, I construct a reallocation index
that reflects the likelihood of transitioning from the construction sector to other indus-
tries. This index accounts for the imperfect substitutability of workers between sectors by

leveraging variations in sectoral composition and worker characteristics across provinces.

Finally, the results remain consistent across various robustness checks. Crucially, falsi-
fication tests using pre-Great Recession data and outcomes show no statistically significant
relationships, confirming the specificity of the findings to the actual recession period. The
relevance of reallocation probabilities in mitigating the impact of the construction sec-
tor downturn remains robust, even when employing alternative definitions of reallocation
probabilities or using an instrumental variable approach using the sector’s cumulative

growth during expansionary periods.
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A Appendix: Figures

Figure A1l: Employment share of the construction sector, 1995-2019
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Notes: Presents the proportion of male workers in Spain’s construction sector from
January 1995 to December 2017. The data is restricted to male workers aged 20-60
and employed during the referenced period employed during the referenced period.
The shaded area comprises the years of the Great Recession in Spain, between 2008
and 2014.
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Figure A2: Employment share of the construction sector, 1995-2019
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Notes: Presents the proportion of native workers in Spain’s construction sector from
January 1995 to December 2017. The data is restricted to native workers aged 20-60
and employed during the referenced period employed during the referenced period.
The shaded area comprises the years of the Great Recession in Spain, between 2008
and 2014.

Figure A3: Manufacturing and construction employment shares, 1995-2019
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Notes: Employed workers in the construction and manufacturing sector as a per-
centage of all employed workers, January 1995 to December 2019. Data is restricted
to workers employed during the referenced period. The shaded area comprises the
years of the Great Recession in Spain, between 2008 and 2014.
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Figure A4: Construction sector employment in the US, 2003-2020
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source’ U.S. Bureau of Labor statistics.

Notes: Construction employment by gender in the US, 2003-2020.
Source: US Bureau of Labor Statistics 2006-2017

B Appendix: Tables

Table Al: Descriptive statistics of workers in the construction sector

2004 2007 2012 2017

Age

<24 0.151 0.123 0.039 0.026
24-35 0.450 0.445 0.360 0.231
35-45 0.242 0.268 0.369 0.412
45< 0.157 0.165 0.232 0.330
Average age 34.02 34.73 38.24 40.93
Education

Below secondary 0.758 0.746 0.656 0.671
Secondary 0.156 0.161 0.199 0.189
Tertiary 0.086 0.092 0.146 0.141
Type of contract

Part-time 0.037 0.035 0.074 0.088
Fixed-term 0.724 0.659 0.472 0.508
Foreign born 0.163 0.275 0.182 0.184
Occupations

Very-high skilled 0.019 0.021 0.046 0.040
High skilled 0.044 0.047 0.079 0.070

Medium-high skilled 0.054 0.056 0.086 0.074
Medium-low skilled  0.590 0.608 0.636 0.647
Low skilled 0.292 0.267 0.153 0.168

Notes: The table above presents the key characteristics of workers in the construction
sector for the years 2004, 2007, 2012, and 2017
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Figure A5: Change in the construction employment share by province, 2003-2020
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Notes: Change in the employment share of the construction sector by province
between 2007 and 2012 against construction employment share in 2006. The sample
considers the 50 Spanish provinces.

Figure A6: Working status of highly skilled individuals in 2007
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Notes: The shares are computed based on highly skilled workers, and every year, I
tracked their working status up to 2015.
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Figure A7: Working status of workers in the construction sector in 2003
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Notes: The shares are computed based on native workers employed in the construc-
tion sector in 2003, and every year I tracked their working status up to 2007.

Figure A8: Impact of contraction of the construction sector employment. Weighted shock
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Notes: Sample restricted to workers aged 29-42 working in the construction sector in 2007. Coefficients
of the shock were used as an outcome variable and an indicator of whether the worker changed residence
province or sector on a rolling basis. a) Out of the construction sector b) In a province different than the
residence in 2007. Additional controls by initial share of construction sector employment, Bartik type
variable, demographic characteristics, and interactions
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Table A2: Descriptive evidence of new workers in construction sector

2004 2007 2012 2017

Age

<24 0.383 0.335 0.251 0.291
24-35 0.393 0.401 0.355 0.395
35-45 0.153 0.179 0.246 0.185
45< 0.071 0.084 0.149 0.128
Average age 28.74 29.77 3295 31.22
Education

Below secondary 0.682 0.685 0.623 0.631
Secondary 0.190 0.190 0.212 0.211
Tertiary 0.128 0.124 0.165 0.158
Type of contract

Part-time 0.099 0.092 0.226 0.195
Fixed-term 0.883 0.842 0.848 0.817
Foreign born 0.300 0.427 0.234 0.271
Occupations

Very-high skilled 0.016 0.019 0.028 0.024
High skilled 0.030 0.030 0.033 0.042

Medium-high skilled 0.042 0.045 0.060 0.055
Medium-low skilled  0.398 0.437 0.440 0.446
Low skilled 0.514 0.468 0.439 0.433

Notes: The table reports the characteristics of new workers in the construction sector
per year.
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Table A3: Descriptive evidence of leavers from the construction sector

2004 2007 2012 2017

Age

<24 0.269 0.255 0.158 0.187
24-35 0.429 0.406 0.393 0.330
35-45 0.194 0.218 0.284 0.269
45< 0.108 0.121 0.165 0.213
Average age 31.17 31.87 34.48 35.12
Education

Below secondary 0.592 0.598 0.600 0.590
Secondary 0.196 0.191 0.188 0.203
Tertiary 0.212 0.211 0.212 0.208
Type of contract

Part-time 0.217 0.218 0.282 0.317
Fixed-term 0.845 0.813 0.799 0.821
Foreign born 0.148 0.237 0.203 0.200
Occupations

Very-high skilled 0.021 0.021 0.030 0.026
High skilled 0.043 0.043 0.057 0.055

Medium-high skilled 0.113 0.117 0.128 0.129
Medium-low skilled  0.456 0.474 0.448 0.445
Low skilled 0.368 0.345 0.337 0.345

Notes: The table reports the characteristics of the leavers in the construction sector
per year. Leavers are those who do not appear more or those who leave the con-
struction sector and move to another sector.
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Table A4: Impact of the employment contraction in the construction sector on worker’s
outcomes. By foreign born status.

(1) (2) (3)
Cumulative wage Cumulative years Average yearly wage
Panel A: Foreign

shock -13.87* -0.743* -0.170*
(3.992) (0.241) (0.0551)

ShareC’Sgooﬁ -3.804 -1.096** 0.179
(7.291) (0.342) (0.142)

Constant 63.68*** 4.292%** 1.314**
(3.725) (0.253) (0.0725)

Panel B: Native

shock -27.76** -1.702%* -0.141*
(2.504) (0.147) (0.0420)

ShareCSQOOG -10.20 -0.338 -0.115
(6.880) (0.392) (0.117)

Constant 75.13** 5.245*** 1.226™*
(1.418) (0.0783) (0.0282)

Standard errors in parentheses

* p < 0.05, " p<0.0L, ** p < 0.001
Notes: In each regression, I control for gender, occupation skill level, education,
age, and foreign-born status. I restricted workers under 50 years old in 2007 to
avoid workers’ early retirement before 2012. Shock measures the relative change of
the share of workers in the construction sector by province. Bartik shock measures
trends in employment growth in non-construction sectors. Cumulative wage is the
sum from 2007 to 2012 of non-zero earnings standardized by the average wage in
2006. Cumulative years are the accumulated days worked from 2007 to 2012 and
converted into years. Average yearly wage is the average yearly wage from 2007 to
2012.
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Table A5: Impact of the employment contraction in the construction sector on worker’s
outcomes. By age group.

(1) (2) (3)
Cumulative wage Cumulative years Average yearly wage
Panel: Younger workers (<25)

Shock -34.40** -1.943** -0.232%**
(4.457) (0.239) (0.0605)
ShareC Saygos -32.32%* -1.231* -0.428*
(11.39) (0.585) (0.178)
Constant 93.67*** 5.809*** 1.449***
(5.470) (0.333) (0.106)
Panel: Older workers (>35)
Shock -23.717 -1.429*** -0.108*
(3.341) (0.187) (0.0526)
ShareC'Sayos 3.081 -0.255 0.0973
(7.736) (0.382) (0.125)
Constant 61.45% 4.395*** 1.180***
(2.104) (0.124) (0.0350)

Standard errors in parentheses

* p < 0.05, " p<0.0L, ** p < 0.001
Notes: In each regression, I control for gender, occupation skill level, education,
age, and foreign-born status. I restrict workers under 50 years old in 2007 to avoid
workers’ early retirement before 2012. Shock measures the relative change of the
share of workers in the construction sector by province. Bartik shock measures
trends in employment growth in non-construction sectors. Cumulative wage is the
sum from 2007 to 2012 of non-zero earnings standardized by the average wage in
2006. Cumulative years are the accumulated days worked from 2007 to 2012 and
converted into years. Average yearly wage is the average yearly wage from 2007 to
2012.
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Table A6: Impact of the employment contraction on workers wage and employment tra-

jectories

(1) (2) (3) (4)

Cumulative wage

Change province Change sector
No Yes No Yes
shock -29.45"*  -17.95*  -33.75"*  -18.94***

(3.368)  (5.313) (3.430)  (3.678)

Constant 86.73**  75.04™* 85.61*  K81.64***
(4.408)  (7.098)  (4.563) (4.676)
Observations 35592 12531 19118 29005

Controls Yes Yes Yes Yes
Cumulative year
Change province Change sector
No Yes No Yes
shock -1.643*  -0.861** -2.201** -0.689**

(0.219)  (0.260)  (0.256)  (0.214)

Constant 5.933***  4.690"**  5.986***  5.267***
(0.330)  (0.288)  (0.402) (0.321)

Observations 35592 12531 19118 29005

Controls Yes Yes Yes Yes

Standard errors in parentheses
*p <0.05, " p<0.01, ** p <0.001

Notes: The sample is restricted to native workers aged 20-50 in 2007 working in
the construction sector. Cumulative variables are computed between 2007 and 2012.
Wage is standardized by the average wage in 2006 for months with non-zero earnings.
Every regression is controlled by gender, age, education, skill group, foreign status,
and interactions between age and education. Bartik is computed without considering
the construction sector and predicted values for the outside option are from a first

stage probit model. The shock is the change in the construction sector employment
share between 2007 and 2012
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C Definitions

C.1 Bartik

Workers may experience variation in employment opportunities as the construction sector
in their initial province of residence declines and as employment fluctuations occur in the

other sectors. To account for such fluctuations, I construct a Bartik-type shock.

12 J
. empl
Bartik, =Y EmplSharelyy, - In %
j=1 empl2007,7“

Employment growth in each sector is weighted by the local employment share, which

is computed without the construction sector.

C.2 Reallocation index computation

Sample: Workers not employed in the construction sector from 2000 to 2006. Observa-
tions are taken from March each year. I avoid seasonal variation in the compositions of

sectors just by considering the employment probabilities in the same month each year.

Controls: Interactions of age categories with education attainment and age categories

with gender, foreign-born status dummy, occupational skill group.
Outcome: Indicator variable is the individual 7 is employed in sector s at time ¢
Specification:
y; = Xif+ei

The estimation is based on the following sectors:

1. Agriculture, livestock, fishing

2. Extractive activities

3. Manufacture

4. Energy, gas, and steam supply

5. Commerce

6. Hospitality

7. Transport and storage, communication

8. Financial and insurance activities

9. Renting
10. Professional, scientific, technical activities
11. P.A. and defense, education, health services
12. Other
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Each equation is estimated separately, and the coefficients are used to get the predicted
probabilities given the worker’s characteristics in my estimation sample. The predicted
probabilities of moving to each sector are weighted by the relative size of each sector at

the province level without considering workers in the construction sector.

10 EmplShare’
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Figure A9: Histogram of the reallocation probabilities

Notes: Reallocation probabilities of workers employed in the construction sector in 2007.
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C.3 Description of outcomes

Table A7 presents descriptive statistics on cumulative earnings, average earnings, employ-
ment, and worker characteristics during the study period for construction workers and
non-construction workers as a comparison group. The average non-construction worker
earned positive earnings 4.6 out of a maximum of 6 years and earned cumulatively 61.56
times their pre-recession average monthly earnings. Workers initially employed in the
construction sector had positive earnings 58% of the period between January 2007 and
December 2012, about three-fourths the employment of the average non-construction
worker. Finally, compared to their counterparts in other sectors, workers in the con-
struction sector have lower educational attainment and are more likely to be male and
foreign-born. I only consider native workers in the rest of the paper. During the Great
Recession, outcomes of foreign workers were more likely to go unobserved, mainly due to

return migration to the home country, which may cause a measurement bias of the effects.
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Table A7: Descriptive statistics of workers, 2007-2012

(1) (2)

Non-construction Construction

Labor market outcomes

Cumulative earnings 61.56 45.80
(29.07) (26.37)
Employment 4.55 3.48
(1.804) (1.779)
Education
Below secondary 0.45 0.76
(0.498) (0.427)
Secondary 0.26 0.16
(0.440) (0.363)
Tertiary 0.29 0.08
(0.452) (0.278)
Worker’s composition
Tenure 3.57 2.06
(4.579) (3.033)
Average age 33.60 32.54
(7.924) (7.843)
Share female workers 0.47 0.08
(0.499) (0.273)
Share foreign workers 0.14 0.28
(0.346) (0.451)
Obs. 304085 52671

Notes: Workers in the construction and non-construction sectors are classified by
their employment sector in 2007. An individual’s cumulative earnings are calculated
by dividing their non-zero earnings between 2007 and 2012 by their average monthly
earnings between 2005 and 2006. Standard deviations are presented in parentheses
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D Migration

D.1 Internal migration

Geographical mobility depends on credit availability, labor market security, and binding
conditions during a recession. Then, lower geographical mobility could be expected com-
pared to an expansionary period Dix-Carneiro and Kovak (2017), Autor et al. (2014).
Since Blanchard et al. (1992) seminal paper, other studies have analyzed the role of labor
mobility as an adjustment mechanism, finding mixed results. However, recent papers
show adjustment from this mechanism is slow Amior and Manning (2018), Dix-Carneiro
and Kovak (2017) and depends on worker’s characteristics; the least mobile workers are
the most vulnerable Gathmann et al. (2020).

Figure A10 shows that, on average, 3.25% workers changed job locations between 2000
and 2012. At the highest point, only 4.01% of individuals worked in a different province
than the previous year. In comparison, Monras (2018) shows that in the United States,
the proportion of Americans working in a different metropolitan area compared to the

previous year was 5.4 % before the Great Recession and 4.8% after 2007.

If workers move from more exposed to less exposed regions, outflows to other provinces
should increase, even if this reaction takes some time. However, Figure A10 shows a
decrease during the Great Recession in movers’ share. This claim is in line with recent
evidence. After a negative shock, exposed regions experience a decrease in inflows and not

necessarily a strong response on outflows, Dustmann et al. (2017), Molloy et al. (2011).

However, this aggregate description of worker flows hides compositional changes. For
instance, on the type of migrants before and after the crisis. So, to study this further, the
following results change the scope of regional movements. Two mechanisms through which
workers’ population in a specific region may change: interregional mobility and movements

to and from unemployment or non-employment. This relationship is expressed as:

Lm,t _ Lm,tfl _ [ I;z,t O:n,t ] [ I#L,t Oq'un,t } (8)

Lm,t—l Lm,t—l Lm,t—l Lm,t—l Lm7t—1

The sub-index m is applied for the region, and ¢ for the period. The left-hand side
represents the relative change in the worker’s population between two periods, which is
decomposed as inflows minus outflows from each region and inflows minus outflows from

a non-working condition'®,

18The aim of this section is not on individuals that are not actively working. Then I group unemployed
and non-employed workers as individuals in a non-working condition
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Figure A10: Share of workers change job’s province
Notes: Share of individuals working in a different province concerning the previous
year, 2001-2012. The sample of workers between 2000-2012, based on a sample of
workers in MCVL

I}, ; represents the number of workers which moved to region m in period ¢, and Oy, ,
workers that were in region m at ¢ —1, but in another region in ¢. Conversely, I, , accounts
for the number of workers that come to region m and previously were unemployed or non-

employment. Finally, Oy, ; shows outflows to unemployment or non-employment.

Given equation 8 is an exact decomposition, I can decompose the variance as how
much of the population growth rate in region m is explained by in-migration rates and

how much by out-migration rates (Dustmann et al. 2017; Monras 2018)."

Consider the following regression:

Yir = o + Bchangey + ¥y + pr + €4

Such that 1y, could be inflows or outflows from another region or a non-working con-
dition, and change,, the relative change in worker’s population of the region m between

period t and t — 1.

Table A8 shows worker flows from and to the non-working condition are relatively

YSuppose we have an exact decomposition A=B+C and 8, = %’é’f;), B = %ﬁg)'
A=B+C and covariance properties 81 + 2 = 1, we can interpret $; and 2 as a variance decomposition

of A

Then, as
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Table A8: Decomposition variance of local population growth

(1) (2) (3) (4)
I TS oy, oy,
Panel A: < 2008
change 0.0606*** 0.695** -0.0788*** -0.165***
(0.0143) (0.0334) (0.0181) (0.0428)
Constant 0.0417*** 0.0961*** 0.0450*** 0.0929***
(0.00202) (0.00274) (0.00109) (0.00391)
Observations 100 100 100 100
Panel B: > 2008
change 0.0575*** 0.469*** -0.0363*** -0.438**
(0.00946) (0.0168) (0.0102) (0.0189)
Constant 0.0405*** 0.101*** 0.0320*** 0.110**
(0.00124) (0.00201) (0.00125) (0.00227)
Observations 450 450 450 450

Standard errors in parentheses

*p<0.05, ** p<0.01, *** p <0.001
Notes: Regression of in-migration and out-migration on region m worker’s popula-
tion change. The sample considers the 50 Spanish provinces between 2005 and 2008
in panel A and after 2008 in panel B.

more important in explaining local population growth. More than 50% of the population
growth variation is explained by non-employment flows, with a decrease in inflows’ relative
importance during the Great Recession and an increase in outflows to non-employment.
This fact is consistent with the drop in employment at the national level. Considering the
local growth of workers in the construction sector, an equivalent picture is appreciated.

There is a decrease in general with a decrease in outflows to non-employment.

The common idea is that foreign workers are more predisposed to migrate. This
includes a more significant propensity to international and interregional migration. I will
start by analyzing the proportion of foreign workers in the interregional flows. Figure 7?7
presents the share of movers as a proportion of all workers, divided by demographic group.
Define G € {F, N} as the group-specific identifier, with F for foreign, and N for natives,

in panel (a) I present the share where ME accounts for the number of individuals

My
PG
in the group G working in a different province than the previous year, and P¢ the total
number of individuals from a group G at time t, while in panel (b) I present ENL&'
Figure 77 shows that foreign workers are likelier to change location. Considering the
population of foreign workers each year, the proportion of workers who changed location
one year before is higher for foreign than for native workers. However, as presented in
panel (a), geographical mobility decreased for both demographic groups during the Great
Recession. Also, foreign workers represent a low portion of total movers appreciated in

panel (b).
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Figure A11: Interregional movements
Notes: Panel (a) Proportion of foreign movers as a share of all foreign workers, and proportion of native
movers as a share of all native workers. Panel (b) Proportion of foreign movers as a share of all workers
and proportion of native movers as a share of all workers. Movers are computed as workers who, one
year before, had their main job in a different province.

D.2 International migration

The data in MCVL does not allow tracking if a worker migrates from Spain; in the case
of foreign workers, that would be useful, as an additional mitigating force of a negative
shock in the local area is international migration, which in the case of foreign workers is

more likely to return to their home country Cadena and Kovak (2016).

Given this constraint, I could, at most, analyze the probability that a worker will be
unemployed for a considerable amount of time. In the case of foreign workers, this would

suggest that they return to their home country.

In native workers, there is a strong familial link and wealth accumulation, which could
maintain a long non-employment time. This force is likely less critical in foreign workers
than if an essential share of foreign workers disappears from the dataset. It is a consistent

explanation to argue that they return to their home country.

Table A9 shows results from the probability a worker is not seen from some time into
the future. As assumed in the previous discussion, them being a foreign worker implies
a higher probability of disappearing from the social security records, this proportion is

robust on adding controls on the local conditions faced.

Also, during the first years of the Great Recession, the share of foreign workers that
exit the social security records was higher than in years before the Great Recession and

also during the recovery period (Figure A13)
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Table A9: Probability a worker is non-employed during the Great Recession conditional
con observables

(1) (2)

Non-employment

Foreign 0.253*** 0.250***
(0.00837) (0.00785)
ShCLT€CSQO()6 -0.309***
(0.0701)

AShare -0.0682
(0.0472)

Constant 0.131*** 0.136***
(0.00983) (0.0222)

Observations 96507 96507

Standard errors in parentheses

*p <0.05, " p<0.01, ** p < 0.001

Notes: Probability a worker disappeared from my sample between 2007 and 2012
conditional on worker characteristics. The probability is computed from a linear
probability model on a dummy that takes value one if workers disappear between
2007 and 2012, controlled by education, age, foreign status, occupational skill group,
a decrease of local construction sector share, and initial share of the construction
sector. The sample was constrained to individuals in the construction sector in 2007
and was based on a yearly panel with observations from 2005 to 2017.
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Figure A12: Share of foreign workers leaving the ss records
Notes: Share of foreign workers by year of exit from social security records of workers
in the construction sector during 2007.

Figure A13: Emigration by country of birth, 2008-2021

Emigration by country of origin
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Notes: Total of emigration by country of birth, 2008-2021
Source: INE
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