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Abstract
We examine the employment effects of the 2019 minimum wage increase in Spain on
individual probabilities of losing employment status (extensive margin) and lowering
work intensity (intensive margin). To do so, we use variation of workers’ exposure
to the reform by comparing monthly employment transitions into unemployment and
reductions in number of working hours between employees earning less than the min-
imum wage (treatment group) and those earning more and that should therefore be
unaffected by the reform (control group). We find that the new minimum wage sig-
nificantly increased the probability of experiencing unemployment (1.7 percentage
points) and a reduction in work intensity (0.9 percentage points) for treated workers
after one year. Our results suggest substantial heterogeneity by age, prior work inten-
sity, economic sector and geographical region of employees affected by the reform.
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1 Introduction

In a context of rising inequality and job insecurity, minimum wages (MW) emerge as
a popular tool to reduce in-work poverty and income inequality in the labor market.1

Several political and distributive factors explain the growing social and political pop-
ularity of MW in the USA and many European countries. From a social standpoint,
raises in minimum wages potentially increase income levels of workers located in
the lower end of the wage distribution (e.g., teens and younger workers with lower
education credentials) (Card 1992; Neumark et al. 2014; Manning 2021; Cengiz et al.
2021). From a political viewpoint, MW constitute a more attractive distributive policy
than other monetary transfers because they achieve income pre-distribution without
short-term fiscal costs (Barceló et al. 2021).

Despite their growing popularity, minimum wages remain a highly contentious
policy from a policymaking and research standpoint. Most controversies over MW
reforms stem, generally speaking, from its potential negative effects on employ-
ment. While opponents argue that MW entail certain risks for low-skilled workers
by increasing unemployment or slowing down job creation (Neumark and Wascher
2010), advocates argue that they do not negatively affect employment (Card and
Krueger 1995). Overall, several firm adjustment methods determine the net impact
of MW reforms. In this sense, firms can respond to raises in the minimum wage by (a)
reducing profit margins (Draca et al. 2011), (b) passing on labor costs to consumers
(i.e., through price increases) (Harasztosi and Lindner 2019; Aaronson and French
2007) and (c) making labor adjustments at the extensive (i.e., workforce reductions)
and intensive margins (i.e., reductions in contracted hours) (Manning 2021; Clemens
2021). Because local economic conditions (e.g., the degree of monopsony or monop-
olistic competition, the elasticity between capital and labor, etc.) determine the extent
to which firms employ each adjustment path, the disagreement on whether MW dete-
riorate working conditions throughmore (less) job destruction (creation) or reductions
in working hours largely remains.

In this article, we investigate the employment effects of MW by leveraging a sub-
stantial and persistent increase of the Spanish minimum wage. In 2019, Spanish
authorities raised the MW by 22% (from e735.90 to e900). The apparent signifi-
cance of this increase constitutes an interesting case study. First, the 2019 raise was
the largest in recent Spanish history, well above the 5% nominal annual growth rate
observed between 1981 and 2020. Second, this MW reform had substantial distribu-
tional implications by significantly increasing theMW-to-median annual wage income
ratio (i.e., the Kaitz index rose from 49% in 2017 to 63% in 2019, according to Barceló
et al. (2021)). Motivated by recent evidence of negative MW effects above 60% of
median wage (Dube 2019), we leverage this reform to obtain new evidence of MW
effects in an environment where firms had significant incentives to restructure their
production processes.

1 In a 2015 report, the OECD states that inequality in the majority of developed nations reached its highest
point in the last three decades (OECD 2015). In contrast, according to the most recent data from the Spanish
Labor Force Survey for the third quarter of 2021, 26% of the salaried population in Spain has a temporary
contract. In terms of work intensity, the rate of part-time employment (13.5%) is not particularly high, but
one out of every two individuals working in this capacity does so voluntarily.
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To estimate the employment effects of the 2019 reform, we use panel data from the
Continuous Sample of Working Lives (CSWL or MCVL for its acronym in Spanish).
This administrative register records high-frequency data about wages and employment
status of a random sample of workers from the Spanish Social Security. Our empirical
strategy relies on comparing employment transitions between a group of workers who
earned less than the newly established MW (treatment group) and a group of work-
ers who earned more than the minimum wage threshold and that should therefore be
unaffected by the reform (control group). While this approach somewhat resembles
previous research in countries like the USA (Linneman 1982) and Germany (Dust-
mann et al. 2021), our analysis expands upon previous studies focusing on Spain (e.g.,
Galán and Puente 2012, 2015; Barceló et al. 2021) in several ways. First, we incor-
porate nearly the entire working population in our sample and thus do not restrict the
analysis to full-timeworking population (e.g., Barceló et al. 2021). Our analytical sam-
ple therefore includes two important groups of workers that generally receive lower
wages andmight bemore vulnerable to job loss after the reform: part-timeworkers and
people who do not work every day of the month. Second, our empirical approach com-
pares employment transitions on a monthly basis, therefore investigating the dynamic
nature of employment adjustment and the possible differential effects of MW in the
short and the medium term. Finally, our research design controls for observable differ-
ences between treatment and control groups using amatching strategy.While previous
studies (e.g., Galán and Puente 2015) rely on the simple inclusion of covariates in a
generalized difference-in-differences type of regression, our approach is based on a
more careful application of the coarsened exact matching (CEM) technique (Iacus
et al. 2012). Our research design thus allows to attain balance in observable char-
acteristics while simultaneously relaxing the parametric specification used by these
regression approaches.

We do not find immediate significant impacts on the probability of losing employ-
ment status or reducing the number of working hours following the MW reform.
However, our dynamic estimates indicate statistically significant and sizable negative
employment effects between five and twelve months after the reform. Altogether, the
results suggest that, after one year, most of the negative employment effect happens
through loss of employment status (64.9%) rather than a reduction in the number of
working hours (35.1%). In particular, our baseline analysis suggests that, after twelve
months, the 22% raise in minimum wage increased the probability of unemployment
(reducing working hours) by 1.7 p.p. (0.92 p.p.) for workers affected by the reform.
Taken together, the results imply an employment loss elasticity of -0.08, consistent
with findings from Barceló et al. (2021) in Spain and median elasticity estimates from
studies in the USA (Neumark and Shirley 2021).

To assess the presence of heterogeneous effects, we conduct separate analyses
according to the gender, age, prior work intensity, location and prior economic sector
of workers. Several findings emerge from this analysis. First, our findings indicate
limited (statistically nonsignificant) differences between men and women workers in
the probability of losing employment. In terms of work intensity, we observe a more
immediate adjustment for men and a larger impact for women over the medium term.
Second, results suggest significant heterogeneity by workers’ age. Interestingly, we
find that, while younger workers are more affected in terms of work intensity, older
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workers suffer a larger employment loss effect. Third, we observe large differences
between full-time and part-time workers, with the former expecting a larger work
intensity adjustment. Fourth, we find considerable variation in the effect of the policy
between the North and South of Spain. In particular, we find that the MW reform
entailed more immediate and larger impacts for workers located in southern regions,
where nominal salaries and market tightness are lower. Finally, we do find some
evidence of more significant employment effects in the tertiary sector.

Tovalidate the stability and reliability of our results,weperformanumber of checks.
In particular, we experiment with changing the baseline day of the week used for com-
puting employment transitions and evaluating possible anticipation effects. Overall,
our findings withstand these robustness checks. Additionally, we run a placebo test in
a period with no MW increases. This placebo test yields null results, supporting the
interpretation that our findings are not primarily driven by violations of the conditional
independence assumption (CIA) through uncontrolled differences between treatment
and control groups in the probability of harmful employment transitions. To go beyond
these checks, we also produce impact estimates of the policy using an alternative iden-
tification approach based on a regression discontinuity design (RDD). Although we
find that results vary significantly depending on the specification, the observed effects
are consistent with an increased probability of unemployment in our preferred RDD
approach. Finally, we complement our analysis using a macro-approach in the spirit
of Harasztosi and Lindner (2019). To this end, we examine the difference between the
pre- and post-treatment reform hourly wage frequency distributions. While sugges-
tive, the analysis provides evidence of moderate employment loss in the economy in
the year following the reform.

Our paper contributes to the vast empirical literature on the employment impact of
minimum wages. Despite the growing number of microeconometric papers in the lit-
erature, the evidence on negative employment effects of MW remains mixed (e.g., see
interesting surveys by Neumark andWascher 2010; Card and Krueger 1995; Manning
2021). Ultimately, a large bulk of the literature finding negligible MW negative effects
is criticized because they focus on small and temporary MW reforms (Sorkin 2015;
Aaronson et al. 2018). Similar to Dustmann et al. (2021) and Haratoszi and Lindner
(2019), this study addresses this issue directly by exploiting a large and permanent
sharp increase in the minimum wage.

The paper is structured as follows. Section 2 reviews the literature, both nation-
ally and internationally. Section 3 describes the institutional setting and data sources.
Section 4 explains the identification strategy. Section 5 describes the results and Sect. 6
summarizes the robustness check. Finally, Sect. 7 discusses the limitations of the study
and Sect. 8 concludes.

2 Literature review

Due to the mixed nature of the empirical evidence, the vast research literature on labor
impacts of MW remains highly contentious (Manning 2021). For its part, empirical
research has shown that an increase in the minimum wage does not necessarily have
a negative effect on employment. Several papers stand out in this literature including
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seminal contribution by Card and Krueger (1994) and, more recently, studies such as
Cengiz et al. (2019, 2021) in the US case or Dustmann et al. (2021) in Germany. All
in all, Neumark and Shirley (2021) show that most of MW articles find significant
negative employment effects, particularly for low-skilled individuals.

The literature examining employment effects of successive MW in Spain can be
deemed as large. Overall, research papers focusing on youngworkers (i.e., Dolado and
Felgueroso 1997; Dolado et al. 1997; González et al. 2003; Galán and Puente 2015;
Arellano and Jansen 2014) find negative employment effects. However, there are a
few notable exceptions, including Cebrián et al. (2010), who find no effect on teenage
employment, and Blázquez et al. (2009), who find a short-term positive effect of the
MW on youth employment. In contrast, González et al. (2012) find a negative effect
on immigrant worker employment that varies by gender and region of origin. More
recently, Cebrián et al. (2020) examine the probability of maintaining employment of
people affected by the MW for the 2017 increase, discovering a negative effect just
before the reform’s entry into force.

The number of papers focusing on the 2019 reform is scarcer. Using a micro
approach, Lacuesta et al. (2019) estimate a 0.8%decrease in full-time salaried employ-
ment. The authors use microdata from the 2017 CSWL and rely on a projection of the
analysis of the 2017 increase. Using a similar approach to ours, Barceló et al. (2021)
use the CSWL database to examine the employment effects of the 2019 reform. The
authors find a net employment aggregate loss of between 6 and 11% for workers
directly affected by the measure. The estimated impact on individual employment
loss, on the other hand, is between 2 and 3 p.p. for people working full-time for
30 days per month and up to 4 p.p. in terms of equivalent working hours for workers
in the hospitality sector. One important limitation of these studies is that they exclude
two particularly vulnerable groups of workers from the analysis: people working part-
time and workers with contracts of less than a month. Using a more macro-approach,
the AIReF estimates an employment loss of 0.13–0.23 p.p., which implies a drop of
between 19,000 and33,000 affiliatedworkers (AIReF2020). The authors find evidence
of uneven effects based on worker characteristics, with female and younger workers
from less developed regions being more adversely affected. Using the Spanish Labor
Force Survey (EPA), the Economic Cabinet of the workers’ union Comisiones Obr-
eras find that the decline in enrollment in the first quarter of 2019 was very similar
to that of 2018, and the probability of maintaining employment for certain groups at
risk due to the rise in the MW grows from 2018 to 2019. Based on this evidence, the
authors conclude that the employment effects of the 2019 reform was close to zero
(Comisiones Obreras 2019).

3 Institutional setting and data

3.1 Institutional setting

In Spain, the central government oversees annually the setting of MW after negoti-
ations with the most representative unions and employers’ associations. Should the
negotiations between the three parties fail, the central government can unilaterally
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decide whether to adjust MW and by how much. Unlike in the USA, there are no ter-
ritorial differences in the Spanish minimum wage since its application has a national
scope. Since 1998,MWcoverage extends to all workers, regardless of age or affiliation
to a workers’ union (Galán and Puente 2015). Annual MW updates typically consider
a number of factors, including the Consumer Price Index (CPI), the national average
productivity and the overall economic situation.

In recent years, the evolution of MW in Spain has been uneven (Fig. 1). Between
2004 and 2008, the MW grew steadily from e490.8 to e600 (a nominal increase of
22.3% or 5.6% per annum). As a consequence of the economic downturn, the MW
grew at a slower rate during the Great Recession and early stages of recovery, reaching
e655.2 in 2016. Although the annual growth can be deemed as small (1.2% per year on
average), it ensured that the purchasing power of affected workers remained consistent
with those stipulated in collective bargaining agreements (Barceló et al. 2021). After
2017, the MW began a faster growth. First, the center-right government of the Popular
Party (PP) nominally increased minimum wages by 8% (from e655.2 to e707.7).
Then, the center-left government of the Socialist Party (PSOE) introduced a sharp raise
of the MW until e900 per month. Given that the Spanish MW in 2018 was e735.90,
this decision represented a 22.3% year-on-year increase, which was unprecedented
in recent decades. In subsequent years, further increases have occurred, albeit with a
lesser magnitude than in 2019, until the MW reached e1000 in 2022.

The 2019 MW increase occurred in a context of economic expansion and job
creation, albeit with signs of deceleration. According to the Spanish Statistical Office
(INE for its Spanish acronym), the Spanish economy grew by 2% in 2019, 0.3 p.p. less
than in 2018 and one p.p. less than in 2017. Similarly, data from the Spanish Labor
Force Survey (EPA) reveal a 2.3% increase in the number of employed individuals in
2019, which is 0.3 percentage points less than the increase in 2018 and 2017.

Note: The chart shows monthly MW at 14 full time payments. For the year 2004, it shows the MW in effect as 
of July 1. For the year 2021, it shows the MW in effect as of September 1. Source: Ministry of Labour and Social 
Economy

Fig. 1 Evolution of MW in Spain (2004–2022)
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3.2 Data and descriptive statistics

3.2.1 Description of the data source

Our primary data source is the 2019 Continuous Sample of Working Lives microdata
(CSWL or MCVL for its acronym in Spanish). The CSWL employs administrative
tax records from the Spanish Social Security (TGSS) and the Spanish counterpart of
the IRS. For the specific purposes of this paper, we use the CSWL version without tax
data.

The CSWL records a 4% representative random sample of the total workers affil-
iated with the Spanish Social Security. The 2019 CSWL data detail each worker’s
working history and earnings since their entry to the labor market until December 31,
2019. The CSWL has a panel data structure that allows to follow individual workers
before and after the increase in the MW.

We observe individual personal characteristics of workers (e.g., gender and age),
as well as registry dates of their employment and unemployment episodes of Social
Security affiliation. For employment episodes, the CSWL includes, among other infor-
mation, the type of contract and a part-time coefficient (hereafter, coefpar) that allows
to impute number ofworking hours. Further, we observe themonthly contribution base
for each individual and employment episode. In the analysis, we use this monthly con-
tribution base as a proxy variable for wages.2

Based on the CSWL, we construct a monthly panel that follows workers over the
January 2018 and November 2019 period. Using individual worker-level information,
we use monthly employment status to record worker-specific individual labor trajec-
tories. As we will discuss later, our main analysis relies on comparing employment
transitions after the introduction of the 2019 reform between a treatment and a con-
trol group. To define these employment transitions, we designate November 2018 as
the baseline period or t0. Although December is the period immediately preceding
the increase in the MW, we instead use November to alleviate seasonality concerns.
Further, we employ the second Tuesday of each month as the specific day to define
employment transitions.3

To keep the panel tractable, we restrict our analysis to people working as employees
and affiliated with the Social Security System on the second Tuesday of November,
2018. To enhance the validity of results, we incorporate workers in the Special System
for AgriculturalWorkers and workers in the Special System for Household Employees
in the sample.4 At the same time, we focus on people between age 16 and 60 as

2 For a detailed explanation of this database, see Pérez (2008).
3 On this basis, we intend to reduce the variations in job creation and destruction caused by the calendar,
which, in the case of Spain, have greater significance on the first and last days of each month, as well as on
Mondays and Fridays (Conde-Ruiz et al. 2019).
4 In the cases of these two special contribution systems, it is not possible to include people working part-
time in the analysis, since the variable indicating the length of the working day does not exist, which makes
it impossible to infer the number of hours worked and, consequently, the wage per hour worked. This fact
is an important limitation in the case of the Special System for Household Employees, since 61.8% of
the people in this special system have a part-time contract in t0, while the incidence of part-time work is
practically nonexistent in the case of the Special System for Agricultural Workers.
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of January 2018 (t − 10) to exclude workers affected by potential transitions into
retirement in the estimation period.

One data complication is that workers can display several employment spells in a
given month. To define the monthly panel, we make the following decisions. In cases
where an individual is both employed and unemployed in a given month, we keep the
employment episode in the panel. Alternatively, we excludeworkers that holdmultiple
jobs or that are simultaneously employed and self-employed. As a result, we drop 6.1%
of observations in the sample (see Table 3 in Appendix for a brief descriptive analysis
of sociodemographic characteristics of these observations).

Because information about specific creation or destruction of job positions is not
available, an important limitation of the CSWL is that one cannot directly study job
destruction. Thus, it is important to note that our paper focuses on the specific impact
of MW on individual employment transitions rather than on the aggregate impact on
job destruction.

3.2.2 Sample selection and calculation of hourly wages

To maximize representativeness and sample size, our analysis expands beyond full-
time workers employed every day of the month. In particular, our analysis includes
full-time employees that do not work every day of the month and part-time workers,
regardless of the number of days worked in a month. Previous work in Spain has
typically excluded these types ofworkers that are arguablymore vulnerable to potential
job loss from MW raises.

As a result of including these workers in the analysis, one needs to impute hourly
wages to determine workers’ position relative to the MW in the reference period.
That is, we will directly assign individuals to treatment and control group based on
whether their hourly wage in t0 falls below or above the post-reform hourly MW.
To determine the pre-treatment hourly wage, we first determine how many days each
person worked during each time period. The number of daily hours worked in the
reference period is then imputed using the work intensity coefficient coefpar. This
is an important drawback of the data that do not report actual working hours but a
coefficient reflecting work intensity (ranging from 0 to 1000 for full-time workers).
Also, because specificwage earnings data aremissing in theCSWL,weproxyworkers’
wages through data of Social Security monthly contribution bases in the establishment
each individual works. As a result, the formula used to calculate each worker’s hourly
wage proxy is as follows:

Monthly contribution basis

Days worked in reference month
/Hours worked observed in period t

To impute numbers of hours worked from the part-time coefficient, full working
day is set at 8 h. As a result, we set to four the number of hours worked per day for,
say, a person working half-time (i.e., with a work intensity coefficient of 500).5

5 Given that the full working day is not equivalent to 8 h in all agreements, there is a small measurement
error in this variable. The results should not be affected if this error is randomly distributed among the
groups covered in this study.
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Source: Own calculations using CSWL 2018 and 2019. 

Fig. 2 Employee distribution (November 2018 and November 2019) Source: Own calculations using CSWL
2018 and 2019

To determine treatment status, we compare each worker’s hourly wage with the
post-reform hourly MW. That is, we consider as treated those workers who earned
less than the newly established hourly MW. To compute the 2019 hourly minimum
wage, we follow several steps. First, because the MW is based on 14 payments and
contribution bases are defined monthly, we prorate the e950 MW into 12 payments,
thus resulting in amonthlyMWofe1050. Second, because treatment status is assigned
according to observed hourly wages, we re-express the post-reform MW into hourly
wages. This approximation yields a MW threshold of e4.375 per hour.6

3.2.3 The hourly wage distribution before and after the 2019 reform

Figure 2 depicts the hourly wage distribution prior to the new MW’s implementation
(November 2018) and one year after (November 2019). As can be seen, we observe
a shift in wage distribution from the 2018 MW7 to the 2019 MW and a decrease in
the number of wage earners below this threshold.8 Such pattern can be seen also in
the period immediately after the new MW came into force, suggesting that the policy
change generated rapid adjustments in the labor market (see Fig. 12 for a comparison
of hourly wage distribution between November 2018 and January 2019).

The data suggest a significant shift in the wage distribution for both full-time and
part-timeworkers (see Fig. 3). At the same time, we observe clear bunching of workers

6 This reference is calculated by dividing the 12-month prorated MW (1050) by 30 days and then by 8 h.
7 For 2018, the MW in terms of wage/hour is e3.57.
8 It is possible to find unusually low contribution bases, below the legal minimums, which may be due to
errors or irregular situations.
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a) Full-time

b) Part-time

Source: Own calculations using CSWL 2018 and 2019.

Fig. 3 Employee distribution, by work day (November 2018 and November 2019)

around the post-reform e4.375 hourly minimum wage threshold for both types of
workers. Altogether, this suggests that our approach toward computing hourly wages
provides a fairly reliable identification of potentially treated workers, including part-
time workers.
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3.2.4 Who are minimumwage workers?

Table 1 provides descriptive information about the general characteristics of minimum
wage workers. While column 1 describes the proportion of workers affected by the
reform (i.e., those earning less than e4.375 per hour in November 2018), columns (2)
and (3) depict the incidence of the legally binding MW in 2018 and 2019. Focusing
on results from column 1—that describes MW incidence of our potential treatment
group—we find that approximately 9% of the entire working population is affected by
the MW increase. However, there exists significant heterogeneity based on workers’
characteristics. In particular, we find that the raise in MW disproportionately affects
women (10.6%), young people—notably those under the age of 26 (24.1%)—and
workers in firms with fewer than 10 employees (17.7%). We find sizable sectorial
disparities of MW. The primary sector shows the highest incidence of the new min-
imum wage, with about 1 in 2 individuals affected (44.3%). The service sector has
a relatively high prevalence, including hotels and restaurants (9.7%) and commerce
(8.9%), as well as home, artistic, recreational and social activities (27.3%).

4 Methodology and identification strategy

4.1 Evaluation approach

When establishing causality, it is desirable that individual (un)observed features
between treatment and control groups differ as little as possible. Randomization
achieves balance between twogroups but rarely occurs in policymaking. The 2019MW
reform is no exception in this regard. In addition, because minimum wage in Spain
is negotiated at the national level, a control group of strictly comparable workers is
unavailable (i.e., individuals who receive a wage below the new MW and who are not
affected by the reform). These two elements hinder our ability to address selectivity
into treatment using quasi-random (regional) variation (e.g., Cengiz et al. 2019, 2021).

To tackle these limitations and reliably assess the impact of the MW increase, our
approach fundamentally relies on comparisons of employment transitions between a
group ofworkers affected by the reform (treatment group) and a set ofworkers unlikely
impacted by the raise (control group). We define treatment assignment statically using
workers’ November 2018 (t0) hourly wage position relative to the 2019MW threshold
(e4.375 per hour). This empirical approximation presumes that (1) individuals earning
less than the 2019 MW in t0 are directly affected by the reform and (2) workers with
wages above this threshold are not impacted by the change.9 Further, our approach
crucially relies on a high comparability between workers in the treatment and in the
control groups. That is, employment transitions of members in the control group need
to provide a good approximation of the counterfactual transitions of treated workers,
in the absence of the MW increase.

9 A possible effect that is not possible to capture in this analysis is that the increase in the MW entails
indirect effects whereby workers with wages above the MW would be negatively affected by the reform.
If so, the results of the impact estimation could contain downward biases. This and other limitations of the
impact study are discussed in detail in the corresponding section.
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Table 1 Incidence of MW in November 2018 and November 2019 (%) Source: Own calculations using
CSWL

Group November 2018
Incidence of 2019 MW
(%)

November 2018
Incidence of 2018 MW
(%)

November 2019
Incidence of
2019 MW (%)

Total 9.0 4.6 6.2

Gender

Men 7.5 4.3 5.7

Women 10.6 5.0 6.8

Age

16–25 years 24.1 13.1 15.4

36–34 years 10.6 5.0 6.7

36–44 years 6.8 3.3 4.9

45–54 years 6.7 3.6 5.1

55 years and older 6.0 3.7 5.2

Establishment size

Less than 10 employees 17.7 10.2 13.9

10–49 employees 7.7 2.7 4.2

50–249 employees 6.3 2.3 3.4

250 or more employees 3.0 1.0 1.8

Economic activity (sector)

Primary 44.3 26.5 35.7

Mining and quarrying,
manufacturing, supplies

3.6 1.5 2.3

Construction 2.9 1.2 2.0

Retail 8.9 2.9 5.1

Transportation and storage 4.3 1.5 2.7

Accommodation and food
service

9.7 4.7 4.3

Information and
communication

5.3 2.3 3.7

Financial, insurance and real
estate

5.8 1.9 4.0

Professional, scientific and
technical

8.5 3.9 5.6

Administrative and support
services

12.7 4.3 6.8

Public administration 6.3 3.5 4.5

Education 8.0 4.1 4.5

Health and social work 5.1 1.8 2.8

Household, arts,
entertainment and
recreation

27.3 13.0 17.7
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Our main outcome variable identifies monthly employment transitions experienced
by workers relative to t0 (when all of them were employed). To examine the dynamic
nature of the reform’s impact, we define monthly transitions between November 2018
and 2019. The key idea is to assess the impact, from a worker’s perspective, on the
extensive margin (i.e., probability of transitioning to unemployment) and on the inten-
sive margin (i.e., probability of a reduction in number of working hours). To do so, we
define three possible individual transitions: (1) the affected person remains employed
and their work intensity does not decrease, (2) the affected person remains employed
but their work intensity is lower than at t0, and (3) the affected person transitions to
unemployment (understood as non-employment).

4.2 Implementation of identification strategy

We begin by comparing workers located on opposite sides of the 2019 MW cutoff in
the hourly wage distribution. To mitigate possible productivity differences between
groups, we define two relatively narrow hourly wage intervals to construct treatment
and control groups (see Fig. 4). More specifically, we assign workers with hourly
wages between the 2018MW (e3.57 per hour worked) and the 2019MW (e4.375) to
the treatment group. Alternatively, we assign individuals with wages between 102 and
125% of the newMW (or equivalently, betweene4.39 ande5.47 per hour worked) to
the control group.Wediscard individualswith hourlywages below2018MWthreshold
due to potential lack measurement error in the CSWL (i.e., firms could not pay wages
below e3.57 per hour in t0). Workers with salaries in the 100–102% MW range are

Source: Own calculations using CSWL. 

Fig. 4 Treatment and control groups
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also excluded to minimize the risk of incorrectly assigning treated individuals to the
control group (see hourly wage imputation process described in Sect. 3.2).

One unlikely possibility is that falling into the treatment or the control group (or
equivalently, to the left or the right of the 2019 MW threshold) is “as good as ran-
dom.” While this assumption cannot be directly tested, we evaluate the balancing of
several observed characteristics between the treatment and the control group. Table 2
shows that there statistically significant (p < 0.01) and quantitatively large differences
between these two groups. Ultimately, this suggests that one should pursue additional
strategies to address selectivity into treatment and mitigate bias in the estimation pro-
cess.

To enhance balance between treated and control units, we rely on a matching strat-
egy. In particular, we apply a coarsened exact matching (CEM) approach to match
treated workers in a 1:1 ratio to controls using pre-treatment characteristics at t0.
More specifically, our matching procedure performs exact matching between work-
ers below and above the 2019 threshold on the following criteria: gender, nationality,
establishment size intervals, contribution group, contribution regime, industry and
type of contract. We do almost exact matching after coarsening the following continu-
ous variables into intervals: age groups and work intensity coefficient.10 Compared to
exact matching or PS matching, our approach enhances the overlap between treatment
and control groups, while simultaneously avoiding practical drawbacks like the “curse
of dimensionality” or the incorrect specification of the propensity score. Workers left
unmatched by the algorithm are excluded from the analysis. In order to maximize
sample size and enhance comparability, we use matching with replacement that allows
control units to be paired with multiple treated units. Applying this matching strategy,
we are able to find one control unit for 31,238 workers (out of a total 35,144, 88.9%).11

Table 2 describes the quality of the matching procedure. By design, we find that dif-
ferences in observable characteristics between the treatment and control groups are
not statistically significant.

Our matching approach relies on a selection-on-observables type of identification,
which requires that employment transitions of control units provide a reliable approxi-
mation of the counterfactual situation of treated units, in the absence of the reform.That
is, to identify the effect of the 2019 MW raise, we need that, conditioning on observed
covariates, treatment assignment is independent of potential employment transitions
in the case of no treatment.We believe that ourmatching approach somewhat improves
traditional regression modeling strategies. While “controlling” for covariates through
regression is (in principle) a good strategy, it has some limitations. First, regression
modeling is not transparent about the distribution of covariates between treatment
and control groups. Second, regression heavily relies on model specification through
functional forms (i.e., extrapolation), unless there exists significant overlap between
treatment and control groups.

10 Since it is possible to find multiple partners for the same individual, one is selected at random. Thus,
all individuals in the treatment group are matched with the same number of individuals. As a result, when
this technique is applied, the distributions of the treatment and control groups are identical, as well as the
number of observations in both groups.
11 Once matching is carried out, the sample of treated individuals accounts for 65% of all individuals who
had a wage below the new MW at t0.
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Table 2 Differences in means between treatment and control groups, before and after matching

Pre-matching Matching

Group Treatment
(1) (%)

Control
(2) (%)

Test (p-
value)
(3)

Treatment
(4) (%)

Control
(5) (%)

Test (p-
value)
(6)

Gender

Men 43.4 42.4 0.001*** 42.3 42.3 1.000

Women 56.6 57.6 0.001*** 57.7 57.7 1.000

Age

16–25 years 23.2 13.3 0.000*** 19.1 19.1 1.000

36–34 years 28.2 27.7 0.1444 28.8 28.8 1.000

36–44 years 23.4 29.1 0.000*** 25.2 25.2 1.000

45–54 years 19.0 22.5 0.000*** 20.4 20.4 1.000

55 years and
older

6.3 7.4 0.000*** 6.5 6.5 1.000

Nationality

Native 81.0 85.5 0.000*** 81.6 81.6 1.000

Immigrant 19.0 14.5 0.000*** 18.4 18.4 1.000

Type of contract

Permanent
full-time

35.6 48.3 0.000*** 39.3 39.3 1.000

Permanent
Part-Time

15.9 18.7 0.000*** 16.4 16.4 1.000

Temporary
Full-Time

27.9 19.8 0.000*** 30.6 30.6 1.000

Temporary
Part-Time

11.7 12.6 0.000*** 12.0 12.0 1.000

Establishment
size

Less than 10
employees

55.5 42.8 0.000*** 54.8 54.8 1.000

10–49
employees

19.8 24.5 0.000*** 20.4 20.4 1.000

50–249
employees

14.7 16.6 0.000*** 14.6 14.6 1.000

250 or more
employees

9.9 16.1 0.000*** 10.2 10.2 1.000

Work intensity

Coefpar �
1000

71.6 66.1 0.000*** 70.9 70.9 1.000

Coefpar
[750–1000)

8.8 12.1 0.000*** 9.0 9.0 1.000
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Table 2 (continued)

Pre-matching Matching

Group Treatment
(1) (%)

Control
(2) (%)

Test (p-
value)
(3)

Treatment
(4) (%)

Control
(5) (%)

Test (p-
value)
(6)

Coefpar
[500–750)

12.4 14.3 0.000*** 13.1 13.1 1.000

Coefpar
[250–500)

5 5.2 0.190 4.9 4.9 1.000

Coefpar < 250 2.2 2.3 0.441 2.0 2.0 1.000

Observations 35,144 77,404 31,238 31,238

We report the differences in observed characteristics between treatment and control groups before (columns
(1) and (2)) and after (columns (4) and (5)) the matching procedure. Columns (3) and (6) report the p-values
for tests for statistically significant differences in observed characteristics. In these columns, ***, ** and *
indicate significance at the 1, 5 and 10% critical level. Source: Own calculations using CSWL

An important drawback of our empirical strategy is that the conditional inde-
pendence assumption (CIA) is highly restrictive. In this sense, we are aware that
difference-in-differences (DID) methods constitute, in principle, a more attractive
empirical approximation. For this reason, we first experimented with adopting an
event–study design on the matched sample for causal identification. Ultimately, we
discarded this possibility because significant pre-trend differenceswere found between
treated and control units (see Fig. 13 in Appendix). Thus, our final decision reflects
preferences toward pursuing a more transparent design that, despite its flaws, provides
a better intuition about the target causal parameter being estimated, in our opinion.

4.3 Regression specification

We estimate employment effects of MW by comparing monthly employment tran-
sitions of treatment and control units relative to baseline period t0 (i.e., November
2018). To do so, we use multinomial logit regression in the matched sample. Again,
our dependent variable reflects three different monthly transitions: (1) the person
remains employed and their work intensity does not decrease, (2) the person remains
employed but their work intensity is lower than at t0, and (3) the affected person tran-
sitions to unemployment (understood as non-employment).12 Formally, we propose
the following log-odds linear specification for each transition j � {1,2,3}:

ρi j t � log
πi j t

πi1t
� j t + β j t MWi + X

′
iδ j t ,

12 Our specification is implicitly geared toward estimation of monthly transitions that could differ substan-
tially fromcumulative impacts on employment loss (asmeasured, for example, by duration in unemployment
until a given month). Our approach does not therefore consider potential negative effects of the reform on
the duration of unemployment spells for the treatment group.
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With the following multinomial probabilities:

πi jk � exp
(
ρi jk

}

∑
kexp

(
ρi jk

) fork � {1, 2, 3},

where t � {1,…,12} and ρi1t � 0 following convention. Here, α j t is a transition-
specific constant and δ j t captures the set of regression coefficients for covariate vector
Xi ′ of individual baseline characteristics: sociodemographic variables (sex, age and
nationality) and labor variables (type of contract, type ofworking day, sector of activity,
establishment size and contribution group). The decision to add covariates in the
regression stem from efficiency concerns. Because we do not incorporate autonomous
regions as a variable in thematching procedure,we include them as a set of fixed effects
in the regression. The inherent loss of observations due to the curse of dimensionality
motivated our decision to not incorporate autonomous region as a set of additional
variables in the matching procedure. The variable MWi is our dummy variable of
interest that takes value 0 if unit i belongs to control group (i.e., earns an hourly wage
above the 2019MW)and1 if she belongs to the treatment group.Weestimate themodel
for each time period t � {1,…,12} individually. Thus, we obtain monthly estimates
of parameters , β and δ. For interpretation purposes, we transform coefficients into
average marginal effects. For the sake of brevity, we report the corresponding average
marginal effect of β j t that is our main parameter of interest.

5 Results

5.1 Main results

Figure 5 details regression estimates of the impact of the reform (relative to t0) for
two outcomes: the probability of decreasing number of hours worked (shown in Panel
A) and the probability of transitioning to unemployment (Panel B). More specifically,
Fig. 5 plots the average marginal effect of our variable of interest MWi from the
above multinomial regression. Detailed results from regression analyses are presented
in Appendix Tables 3 through 14.

Estimates from Panel A suggest moderate, although statistically significant effects,
on the intensive margin of adjustment (reduction in working hours). Panel A shows
that workers affected by the reform face a higher probability of reducing job intensity
than the control group.We find that themonthly effects become statistically significant
at p < 0.05 two months after the reform (t + 3). Overall, the results indicate that effect
sizes remain relatively stable and close to zero between t + 2 (0.17 p.p.) and t + 10
(0.35 p.p.) Estimates are, however, relatively larger in the last two periods of analysis.
By t + 12, we find that the minimumwage reform increases the probability of reducing
working hours by about 0.92 p.p. for treated individuals.

Employment loss estimates from Panel B indicate no immediate sizable effects for
workers earning less than the MW in the baseline period. In particular, we find no
statistically significant effects on the probability of job loss until t + 5 (0.56 p.p.).
Yet, results indicate substantial time-varying heterogeneity. In particular, we find that,
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a) Employment with work intensity reduction

b) Unemployment

Note: In the figure, we plot average marginal effects for the probability of decreasing number of hours worked (Panel A) and the probability 
of transitioning to unemployment (Panel B). The points represent regression point estimates from the multinomial logit model specified in 
section 4. Lines represent the 95% confidence interval based on standard errors. 
Source: Own calculations using CSWL.

Fig. 5 Impact of MW raise on employment

relative to t + 5, the employment loss effect nearly doubles by t + 7 (1 p.p.) and triples
by t + 12 (1.7 p.p.). Ultimately, this suggests (non-monotonically) increasing impacts
on employment loss in the medium term.

Altogether, comparisons between both panels suggest that most of the negative
effect of the MW increase is captured through the extensive margin (employment
loss). For instance, one year following the MW increase (t + 12), approximately two-
thirds of the negative impact observed is attributable to the loss of employment (1.7
p.p.), while the remaining third is attributable to the adjustment in work intensity (0.92
p.p.).13 This qualitative pattern is comparable to that found by Barceló et al. (2021),
who also observe a greater effect on unemployment than on working time adjustment.
Considering the 22.3% increase in the MW, these results indicate that the elasticity of

13 Appendix II contains the tables with the estimations results.
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a) Employment with work intensity reduction

b) Unemployment

Note: In the figure, we plot average marginal effects for the probability of decreasing number of hours worked (Panel A) and the probability 
of transitioning to unemployment (Panel B) for men (blue) and women (red). The points represent regression point estimates from the 
multinomial logit model specified in section 4. Lines represent the 95% confidence interval based on standard errors.
Source: Own calculations using CSWL.

Fig. 6 Impact of MW raise on employment, by gender

employment loss to the MW at time t + 12 is − 0.08, which is close to the median
elasticity ( − 0.112) obtained by Neumark and Shirley (2021).

5.2 Heterogeneity by group

Thus far, the evidence suggests that the 2019 MW increase had no immediate impact
on employment (during the first four months), but gradually increased over time. In
addition, results indicate that this adjustment primarily occurs through a greater loss of
employment (extensive margin) than through reductions in work intensity (intensive
margin). Yet, it is possible that these results hide significant heterogeneity based on
workers’ characteristics. Thus, we analyze possible impact heterogeneity for several
groups based on workers’ gender, age, prior labor intensity, geographical region and
sector of activity.
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a) Employment with work intensity reduction

b) Unemployment

Note: In the figure, we plot average marginal effects for the probability of decreasing number of hours worked (Panel A) and the probability 
of transitioning to unemployment (Panel B) for younger (grey) and older workers (purple). The points represent regression point estimates 
from the multinomial logit model specified in section 4. Lines represent the 95% confidence interval based on standard errors.
Source: Own calculations using CSWL.

Fig. 7 Impact of MW raise on employment, by age group

Separate results for men and women are shown in Fig. 6. Panel A indicates that the
adjustment in work intensity immediately after the minimum wage reform primarily
affected men (approximately 0.35 p.p. in t + 2 and 0.61 p.p. in t + 3). These significant
effects, despite being close to zero, persists throughout most of the analysis horizon.
Women, on the other hand, do not appear to be affected by work intensity adjustment
until t + 11 (see Tables 6 and 7 in Appendix for additional details). Figure 6 panel B
reveals that the effect on job loss follows a similar trend for men andwomen. Although
the effect is larger formen than forwomen inmost periods, the large overlap of standard
errors between two type of workers prevents us from concluding that the increase had
a greater impact on men.

Figure 7 depicts the same analysis focusing instead on two age groups (i.e., below
and above 30). In this instance, both panels reveal substantial differences between the
two types ofworkers.Overall, people older than 30 show, on average, a larger impact on
the probability of losing a job, whereas younger workers show a quantitatively greater
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a) Employment with work intensity reduction

b) Unemployment

Note: In the figure, we plot average marginal effects for the probability of decreasing number of hours worked (Panel A) and the probability 
of transitioning to unemployment (Panel B) for full-time (green) and part-time (yellow) workers. The points represent regression point 
estimates from the multinomial logit model specified in section 4. Lines represent the 95% confidence interval based on standard errors.
Source: Own calculations using CSWL.

Fig. 8 Impact of MW raise on employment, by workday

impact on the probability of reducing number of working hours. Interestingly, we find
a negative unemployment effect for young people between t + 3 and t + 5. That is, we
find that young workers affected by the reform have a positive significant employment
effect that banishes after t + 8. Panel A reveals, however, that the reduction in working
hours is greater on workers under the age of 30 years. This effect is significant in the
short term (approximately 1 percentage point in t + 3) and becomes more pronounced
one year after the increase (1.5 p.p.).

Next, our findings suggest significant impact heterogeneity of MW reform depend-
ing on work intensity of employees in t0 (Fig. 8). Results indicate that the reform
implies a quantitatively larger impact on full-time workers than on part-time workers.
Despite differences between part-time and full-time workers being small at first, we
find that full-timeworkers experience a greater increase in the job loss probability over
time. In this regard, results indicate statistically significant differences in the proba-
bility of unemployment by t + 12 (2.2 p.p. for full-time workers as opposed to 0.5
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a) Employment with work intensity reduction

b) Unemployment

Note: In the figure, we plot average marginal effects for the probability of decreasing number of hours worked (Panel A) and the probability 
of transitioning to unemployment (Panel B) for North regions (blue) and South regions (orange) workers. The regions that are included in 
North category are: Galicia, Asturias, Cantabria, Basque Country, Navarre, Aragon, Catalonia, Balearic Islands, La Rioja, Castile and Leon 
and Madrid. The regions that are included in South category are: Extremadura, Castilla-La Mancha, Comunidad Valenciana, Andalusia, 
Canary Islands, Ceuta and Melilla. The points represent regression point estimates from the multinomial logit model specified in section 4. 
Lines represent the 95% confidence interval based on standard errors.
Source: Own calculations using CSWL.

Fig. 9 Impact of MW raise on employment, North vs South of Spain

p.p. for part-time workers). Similarly, we find that full-time workers also experience
a larger adjustment in work intensity than part-time workers. Results reveal an overall
increasing impact on the intensive margin for full-time workers (i.e., the impact is 0.7
p.p. in t + 5 but grows until 1.18 p.p. in t + 12). Part-time workers, on the other hand,
face little adjustment in work intensity, as point estimates remain relatively stable in
the period of analysis.

We further explore the possibility that employment effects differ between the north-
ern and southern geographical regions in Fig. 9. Because Spain displays important
differences in the geographical distribution of wages and labor market tightness, one
could expect to find a marked difference in the impact of the reform between the North
and South of the country, with the latter region beingmore affected. Results fromPanel
A indicate small and statistically nonsignificant differences between the two regions
in the probability of reducing labor intensity (e.g., 0.7 p.p. in the North vs 1.1 p.p. in
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c) Employment with work intensity reduction

d) Unemployment

Note: In the figure, we plot average marginal effects for the probability of decreasing number of hours worked (Panel A) and the probability 
of transitioning to unemployment (Panel B) for primary sector (green), secondary sector (red) and tertiary sector (blue) workers. To construct 
these three activity groups, we follow the National Classification of Economic Activities (CNAE). The primary sector includes all Group A 
activities. The secondary sector includes the activities of Groups B - F. The tertiary sector includes the activities of Groups G - U. The points 
represent regression point estimates from the multinomial logit model specified in section 4. We however do not incorporate autonomous 
region fixed effects in the regressions due to convergence problems of maximum likelihood estimation procedure. Lines represent the 95% 
confidence interval based on standard errors.
Source: Own calculations using CSWL.

Fig. 10 Impact of MW raise on employment, by economic sector

the South in t + 12). Panel B, on the other hand, reveals some interesting geographical
patterns between the two regions in the probability of losing employment. While we
observe substantial and statistically significant effects in both the North and South,
the latter seems to have been affected from an earlier stage. In particular, we find that
statistically significant effects starting at t + 5 in the South and at t + 9 in the North.
Altogether, these effects seem to relatively stabilize by November 2019. Yet, we find
slightly more employment loss estimates in the South than in the North (i.e., 1.85 p.p.
versus 1.36 p.p. in t + 12).

Finally, we highlight the differences in the observed employment effects across
economic sectors in Fig. 10. Panel A indicates that the labor intensity adjustment is
more pronounced in the tertiary sector than in the primary or secondary sector (e.g.,
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1 p.p. versus 0.08 p.p. and − 0.03 p.p. in t + 12). We do not find statistically signif-
icant effects on the probability of reducing labor intensity for workers employed in
the secondary sector throughout year following the reform. Panel B shows a relatively
similar pattern whereby the workers in the tertiary sector are more affected also in
the probability of losing employment (e.g., 2.2 p.p. versus 0.1 p.p. and 1.3 p.p. in the
secondary and primary sectors at t + 12). It must be noted, however, that estimated
impacts for employees in the primary and secondary sectors are not statistically signif-
icant at conventional levels in most of the analyzed periods. An interesting observation
in this regard is the significant and sizable immediate effects found for workers of the
primary sector in t + 1 (3.3 p.p.) and t + 2 (2.8 p.p.), suggesting a quicker labor market
adjustment in this sector.

6 Robustness checks

To assess whether our findings are robust, we examine the stability of the results with
several checks.We report specific details in Appendix, but summarize the main results
here.

6.1 Placebo test

In our setting, the plausibility of CIA is a strong condition that can be easily argued
against theoretically. Thus, we perform a placebo test using the same procedure
described in Sect. 4. Our aim is to empirically argue that our findings do not pri-
marily reflect innate differences between treated and control units in the probability
of losing employment or reducing work intensity. To do so, we replicate our baseline
analysis by evaluating a fictitious MW raise in May 2018. If significance of results
from Sect. 5 were primarily driven by baseline differences of detrimental employment
transition, we would expect negative significant effects also under this placebo test. In
contrast to our main analysis, we do not find significant differences between treated
and control subjects (see Appendix 4 for details). This finding reinforces our results
and suggests that differences between treated and control workers are not the main
driver behind our findings.

6.2 Additional sensitivity analyses

We perform two additional sensitivity checks to assess robustness to changes in the
specification. On the one hand, we experiment with using the second Saturday (instead
of the second Tuesday) of each month as our reference period to define employment
transitions. In doing so, we include individuals who work only on weekends that are
excluded from our original analysis. Results of this check yield highly comparable
estimates relative to the main analysis (see Appendix 4). On the other hand, we rerun
the analysis using September 2018 as our t0 baseline reference to rule out potential
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anticipation effects (Cebrián et al. 2020).14 The results of this robustness test do not
clearly suggest that such an effect occurred for the 2019 increase (see Appendix 5).

6.3 Alternative identification strategy: regression discontinuity design

The analysis thus far is subject to a couple of important limitations. First, matching
strategies pose certain identification concerns. Despite best efforts to convincingly
provide evidence in favor of our empirical approximation, we are aware that CIA-
based methods imply a number of valid criticisms and generate skepticism. Second,
our main analytical approach crucially relies on studying employment transitions for
workers that are employed in November 2018. Insofar as there exists historically
high seasonality in the Spanish labor market, our results may not capture potentially
important MW effects for employees in sectors like tourism or agriculture, where the
minimum wage incidence is particularly significant.

To address these drawbacks, we complement our previous analysis by adopting a
regression discontinuity design (RDD). We believe that RDD is a suitable empirical
approximation to evaluate the impact of the 2019 reform due to the presence of a
clear running variable (i.e., the pre-reform wages of workers), a cutoff (i.e., the newly
established MW) and a discontinuous sharp treatment assignment rule (i.e., workers
with wages above the cutoff should not be affected by the reform). By exploiting this
alternative design, we can partially address the main identification concern regard-
ing the comparability of treatment and control units. The intuition is that, because
treatment and control workers at or near the cutoff should be comparable, observing
a discontinuous change in employment transitions for workers earning pre-reform
wages just below the newly established MW should constitute evidence of significant
employment effects of the reform.

To assess the impact of the MW increase through RDD, we adopt two complemen-
tary approaches. In both instances, we expand our analysis beyond employees working
in November 2018 and separately estimate employment effects for workers employed
in each month of year 2018. This approximation allows us to examine the impact on
employees working in months other than November. Our first empirical approach is
based on a parametric (global) strategy that uses the following regression:

yi , t+12 � α + βMWit + δ1 f (Wit ) + δ2 f (Wit )MWit + εi t ,

where yi , t+12 is a dummy variable indicating whether worker i transitions to unem-
ployment in month t + 12. The decision to now consider the situation 12 months
later is motivated by seasonality concerns that were not clearly addressed in Sect. 4.

14 Because our analysis uses the CSWL-2019, this robustness check is limited in that it does not cap-
ture potential anticipation effects through non-renewals of certain temporary contracts ending in October,
November and December of 2019. The reason being that workers that are not entitled to unemployment
benefits and that did not work throughout 2019 are absent from the CSWL-2019. Ultimately, this implies
that the employment loss consequences of the reformmight be downward biased because there exist a num-
ber of employees potentially impacted by the reform that are not explicitly incorporated in our analysis.
Ultimately, we believe this possibility is rather limited given affiliation trends by wage groups shown In
Barceló et al. (2021).
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MWit is again an indicator that takes value 1 if unit i earns an hourly wage below
the 2019 MW in time t and 0 otherwise. Here, function f (.) represents a polynomial
on the running variable Wit . Hourly wage Wit is normalized to 0 in the MW cutoff
(e4.375 per hour). To assess the sensitivity of results, we vary the order of polyno-
mials. For comparability purposes, this regression analysis incorporates workers with
hourly wages located in the same bandwidth from Sect. 4 (i.e., e3.57 and e5.47 per
hour). The main coefficient of interest is β and captures the discontinuous jump on
the probability of losing employment in the MW cutoff.

Alternatively, our second approach relies on a nonparametric (local) strategy that
limits the analysis to observations that lie within a limited bandwidth around the
cutoff. This approximation is motivated by concerns that the above polynomials can
introduce bias based on how accurately they approximate the conditional expectation
functions of the job loss probability. To mitigate this concern, we first compare the
expected (mean) probability of losing employment for treated and control units in a
very narrow bandwidth of±e0.125 hourly wages around the cutoff. Because the size
of the bandwidth can drastically alter RDD results, we also produce impact estimates
using the nonparametric procedure proposed by Calonico et al. (2017) that computes
optimal bandwidths.

The main results are shown in Appendix Table 17. While the three initial panels
display regression results using different order of polynomials, the last two panels
highlight the nonparametric RDD estimations. The different columns show separate
estimates for subsamples of workers employed in eachmonth of 2018. Results indicate
significant variability based on the RDD specification. In particular, we find gener-
ally negative (close to zero) estimates in the linear (cubic) specification. Alternatively,
we find positive impacts (i.e., increased probability of job loss) in the quadratic and
nonparametric specifications, in line with our previous findings. Yet, this highly sensi-
tive and non-robust pattern indicates that our RDD results should be interpreted with
significant caution.

Despite the absence of robust findings, we gravitate toward the nonparametric
approach from Calonico et al. (2017) as our preferred RDD specification (last panel
of Table 17). Several reasons motivate this choice. First, polynomial regressions do
not provide a neat approximation of the conditional expectation functions. Figure 17
provides visual illustration of the identification design by plotting the local sample
means of small wage bins alongside different polynomial fits for the November 2018
subsample. Unfortunately, none of these figures provide a compelling picture in favor
of either specification. Consequently, we lean toward the approach that provides a
more localized approximation. Second, the results using the optimal bandwidth rea-
sonably align with findings from Sect. 5. For instance, the estimated employment loss
in November 2019 is 1.58 p.p. (compared to 1.7 p.p. in Sect. 5). Third, we observe
significant discontinuities in certain covariates at the cutoff, except when we use the
optimal bandwidth (seeAppendix Table 18). These significant disparitiesmight render
control and treatment units not directly comparable, thus casting further doubts about
the identifying assumption in the remaining specifications.

Altogether, we feel it is important to acknowledge that the credibility of these
RDD estimates falls short of ideal standards. Further, we believe there are two addi-
tional considerations that need to be raised. First, our results may hint at the presence
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of manipulation through sorting around the cutoff. In particular, we reject the null
hypothesis of the McCrary density test in 8 out of 12 monthly subsamples. Because
these types of density tests are high-powered and require a significant number of
observations at the cutoff, we cannot confirm with absolute certainty whether results
reflect a signal of manipulation or noise. Second, it should be noted that results from
RDD are not directly comparable with the ones displayed in Sect. 5. The reason being
that RDD identifies the Local Average Treatment Effect (LATE) for workers around
the cutoff. Insofar as there exists significant treatment effect heterogeneity based on
pre-reform wages, the LATE and the ATT can differ substantially.

6.4 Bunching

Finally, we perform an additional check using aggregated data to complement our pre-
vious results. To this end, we follow a similar bunching approach to that of Harasztosi
and Lindner (2019). The main goal of this approach is to examine differences between
the pre- and post-treatment reform hourly wage frequency distributions and evaluate
whether excess workers above the MW between 2019 and 2018 compensate missing
workers below this threshold. For this purpose, we use wage distributions from Fig. 2
to calculate the difference in workers between November 2018 and 2019 for each
hourly wage bin. To normalize worker counts, we express these differences relative
to total employment in November 2018. Blue bars thus show the relative change in
number of employees in a given wage bin relative to November 2018. To represent the
cumulative employment loss or gain up to a given wage range, we draw a line (orange)
that captures the running sum of cumulative changes up to each hourly wage bin. To
represent the analogous loss or gain in the wage bill, we also plot the cumulative
change in the wage bill using a green line.

The findings in Fig. 11 highlight two main conclusions. First, there is a clear
decrease in the number of employees below the new MW (e4.375). At the same
time, there is a significant increase around the new MW and, to a lesser extent, in
some higher-wage ranges. Second, the negative cumulative sum until relatively high-
wage bins indicates a significant number of missing employees between 2018 and
2019, suggesting negative employment effects of the reform. The running sum drops
to a sizable negative number (around 6% of pre-reform employment) below the mini-
mumwage. It then recovers and relatively stabilizes in the 2% range, before increasing
again at a faster rate around the 6e hourly wage bin. While it is true that we observe
a total positive change in cumulative employment, results indicate that the decrease
in the number of employees is not compensated until the e8 per hourly wage bin. As
far as the wage bill is concerned, we find a significant drop and subsequent recovery
between the ranges of the old and new MW. However, the observed difference is 1%
and the cumulative loss is compensated in a wage range closer to the MW (e6.4 per
hour).
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Note: The figure depicts the difference between the two wage distributions shown in Figure 2. The orange (green) line shows the running 
sum of employment (wage bill) changes up to each wage bin.
Source: Own calculations using CSWL-2018 and CSWL-2019.

Fig. 11 Difference in employee distribution between 2018 and 2019, by wage bins

7 Limitations of the study

The results of the paper are subject to a number of caveats. First, we use contribution
bases to determine whether a person belongs to the treatment or the control group. Due
to the presence of bonuses and other extraordinary payments, there exists an uncertain
number of workers whose contribution base is greater than theMWdespite receiving a
lower base wage. Because the data do not allow to deduct these allowances to compute
base salaries, the use of contribution bases results in an incorrect assignment into the
control group of a number of workers directly affected by the reform. Ultimately,
the presence of potentially treated units in the control group introduces bias in the
estimation. Intuitively, the size of the bias depends on the degree to which these
individuals face a lower risk of job loss than the control group. That is, if misassigned
workers have a lower risk of job loss than the control group, the actual impact of the
minimumwage increase would be overestimated. On the contrary, if this was not true,
estimates can be biased downward (as the real differences between the two groups
would be artificially diminished).

Second, due to the inclusion of part-time workers in the analysis, our findings are
also susceptible to misclassification of these type of workers into the treatment and
control groups. In our approach, a person belongs to either group based on which
side of the hourly wage threshold they fall on. Due to the use of the imperfect work
intensity coefficient coefpar and assumptions about the number of hours worked,
our methodology is subject to risks of measurement error. Ultimately, this limitation
constitutes an additional factor for potential misclassification of units in the treatment
and control groups.

Third, inasmuch there exist unobservable differences between treatment and control
groups, our approach suffers risks of CIA violations. Thus, the results of the study
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should be interpreted with caution. Since treatment assignment is based on pre-reform
hourly wages, there exists potential productivity differences between workers in the
treatment group and those in the control group, resulting in upward bias of the reform.
Also, if the length or type of temporary contracts between treatment and control units
varies significantly, our results might also reflect these inherent differences. While
we have performed a placebo and a RDD analysis to assess the extent of this bias,
we cannot conclude with absolute certainty that the estimates partially reflect these
differences.

Fourth, it should be noted that the findings of the study should not be interpreted as
direct evidence of job destruction or a slowdown in job creation. The reason being that
the analysis focuses on job loss or reduced work intensity from the worker’s perspec-
tive. In this sense, our approximation cannot conclude whether a firm or establishment
has decided to reduce its workforce or freeze new hires in response to the rise in
the MW. For this reason, we want to acknowledge that there exist other methodolog-
ical alternatives that allow to evaluate this type of important effects. Among these
approaches, we find particularly interesting the possibility of comparing the employ-
ment dynamics of regions/cells with different pre-reform exposure to minimum wage
as in Dustmann et al. (2021). By contrasting regions or cells with different MW expo-
sure, this approximation allows the assessment of certain employment effects that
are not driven solely by workers employed when the MW was raised. Despite these
advantages, we decided to focus on pursuing a more micro individual approach that
enables a more detailed heterogeneity analysis based on individual worker character-
istics, including gender or age. While it would be interesting to expand our analysis
and provide complementary evidence using this alternative methodology, we believe
it goes somewhat beyond the scope of this paper.

Finally, we want to conclude by highlighting that there could be other significant
labor market consequences of the reform, like the potential reallocation of workers
from smaller to larger firms (Dustmann et al. 2021). This type of effects and some
others (e.g., the distinction between job destruction due to dismissals versus temporary
layoffs) couldwell be studied using a firm–worker approach that explores the evolution
of firm–worker-specific matches after the reform. We believe these are interesting
considerations that deserve further scrutiny in future research. This study is, however,
intended at analyzing the more quantitative (rather than qualitative) consequences of
the reform. We therefore decided to abstain from studying these considerations in the
current paper.

8 Concluding remarks

This article provides complementary evidence of the employment effects of a large
raise in the minimum wage in Spain. To this end, our analysis uses administrative
Social Security records from the 2019 CSWL. Our identification strategy compares
employment transitions between a group of workers who earned less than the newly
established MW prior to the reform and workers who earned more than the minimum
wage threshold. Although this approach is not new, this article extends previous liter-
ature of MW in Spain in several ways. First, we incorporate two relevant worker types
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traditionally excluded from the analysis: part-time workers and employees working
less than the entire month. Second, we explore the impact of MW raises on both the
extensive margin (probability of employment loss) and the intensive margin (prob-
ability of work intensity reduction). Third, we study impact on monthly transitions,
therefore assessing the effect of the reform both in the short and in the medium term.

We find that the reform had no effect on employment in the period immediately
following the increase (up to five months after the increase). However, a significant
negative effect emerges thereafter, primarily through the extensive margin. In the
12 months following the reform, we find a negative effect of 1.7 p.p. increase in the
probability to unemployment transition. Taking into account the nominal increase
of 22.3% in the MW, this result indicates an elasticity of − 0.08 between the loss of
employment and theMW.Aswithwork intensity through a reduction inworking hours,
we find a relatively small effect that also grows over time. Quantitatively speaking,
the effect size is significantly smaller than that observed to job loss (0.92 p.p.).

From the heterogeneity analysis, we can draw several conclusions. First, our results
show that there are few differences between male and female workers in terms of the
probability of employment loss. However, we do find differences in labor intensity,
with a greater immediate impact on men and a greater medium-term adjustment for
women. Second, we observe some differences depending on the age of employees
affected by the increase in MW. Specifically, our results indicate that older workers
suffer to a greater extent from job loss, while in younger workers the effect is concen-
trated in labor intensity. Third, we find notable differences depending on the type of
working day of the affected workers, with a greater adjustment in labor intensity for
those who work full-time. Fourth, significant differences in the impact of the policy
between the North and South of Spain are observed, with the MW reform show-
ing more immediate and larger effects on workers in southern regions characterized
by lower nominal salaries and market tightness. Finally, there is evidence of greater
employment effects of the policy in the tertiary sector.

Acknowledgements We thank the editor Caterina Calsamiglia and two anonymous referees for very useful
suggestions. We gratefully acknowledge contribution of ISEAK’s team and, especially, that of Sara de la
Rica for their invaluable continuous guidance throughout the project. We thank Aitor Lacuesta, Ernesto
Villanueva, Inmaculada Cebrián and Carlos Martín for helpful comments.

Funding This work was supported by the Ministry of Labour and Social Economy.

Data availability The authors do not have permission to make the data used in this study available.

Declarations

Conflict of interest The authors declare that they have no known competing financial interests or personal
relationships that could have appeared to influence the work reported in this paper.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License,
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line
to the material. If material is not included in the article’s Creative Commons licence and your intended use
is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission

123



SERIEs (2024) 15:1–55 31

directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/
by/4.0/.

Appendix 1: Additional descriptive statistics

See Figs. 12 and 13 and Tables 3 and 4.

Source: Own calculations using CSWL 2018 and 2019.

Fig. 12 Hourly wage distribution (November 2018 and January 2019)
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Fig. 13 Absence of parallel pre-trends between treatment and control groups. Event–study design

Table 3 Differences in means between the treatment group, the control group and the group of workers
holding multiple jobs

Group Treatment
(1) (%)

Control
(2) (%)

Workers
holding
multiple
jobs
(3) (%)

Test (p-value)
(1)-(3)
(5)

Test (p-value)
(2)-(3)
(5)

Gender

Men 43.4 42.4 46.6 0.000*** 0.000***

Women 56.6 57.6 53.4 0.000*** 0.000***

Age

16–25 years 23.2 13.3 6.9 0.000*** 0.000***

36–34 years 28.2 27.7 21.7 0.000*** 0.000***

36–44 years 23.4 29.1 30.2 0.000*** 0.000***

45–54 years 19.0 22.5 29.1 0.000*** 0.000***

55 years and older 6.3 7.4 12.0 0.000*** 0.000***

123



SERIEs (2024) 15:1–55 33

Table 3 (continued)

Group Treatment
(1) (%)

Control
(2) (%)

Workers
holding
multiple
jobs
(3) (%)

Test (p-value)
(1)-(3)
(5)

Test (p-value)
(2)-(3)
(5)

Nationality

Native 81.0 85.5 85.3 0.000*** 0.484

Immigrant 19.0 14.5 14.7 0.000*** 0.468

Observations 35,144 77,404 34,804

Note: We report the differences in observed sociodemographic characteristics between treatment group
(column 1), control group (column 2) and the group of workers holding multiple jobs (column 3), which
are dropped from the analysis. Columns (4) and (5) report the p-values for tests for statistically significant
differences in observed characteristics. In these columns, ***, ** and * indicate significance at the 1, 5 and
10 percent critical level. Source: Own calculations using CSWL

Table 4 Average number of
hours worked by contract type
Source: Own calculations using
CSWL

Type of contract Treatment Control

Permanent full-time 7.86 7.79

Temporary full-time 7.99 7.99

Permanent part-time 4.85 5.04

Temporary part-time 4.35 4.48

We report the average number of hours worked by individuals of each
group (treatment and control) in t0. In the case of employees working
full-time, it is possible that the value of coefpar is not exactly 1,000.
Consequently, and despite the standardization carried out in the anal-
ysis, the average number of hours worked in these cases is not exactly
8, although it is very close

Appendix 2: Estimation results

See Tables 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15 and 16.
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Appendix 3: Placebo test

Finally, a placebo test was carried out in which a fictitious increase in the MW was
considered. Specifically, the month of May 2018 is set as the time at which this ficti-
tious increase would have taken place. The purpose of this test is to confirm that the
results obtained in the estimates are indeed due to the SMI and not to other factors
unrelated to the measure, such as differences in productivity between treated and con-
trols. Given that this increase did not take place, and applying the same methodology
and identification strategy explained in the body of the report, the expected result is
that there is no impact on the probabilities of transitioning to the defined scenarios. If
this were not the case, it could not be argued that the results obtained in this work are
really due to the rise in the MW.

Figure 14 shows that, according to the results of this placebo test, there is no
significant impact. Therefore, and at least during the months prior to the increase in

a) Employment with work intensity reduction

b) Unemployment

Note: In the figure, we plot average marginal effects for the probability of decreasing number of hours worked (Panel A) and the probability 
of transitioning to unemployment (Panel B). The points represent regression point estimates from the multinomial logit model specified in 
section 4. Lines represent the 95% confidence interval based on standard errors.
Source: Own calculations using CSWL.

Fig. 14 Results of placebo test
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the MW, there do not seem to be any significant differences between controls and
treated patients.

Appendix 4: Additional sensitivity analysis (I)

The second robustness analysis consists of changing the reference day on which indi-
viduals are observed across the panel. Specifically, this dated is switched from the
second Tuesday of each month to the second Saturday, keeping November 2018 as t0.
The objective of this approach is to include individuals who work only on weekends
and who, with the original approach, are excluded from the analysis. Since this is a
group that, presumably, may be more affected by labor precariousness and, therefore,
could be particularly affected by the increase in the SMI. Thematching process applied
in this robustness test is the same as that applied in the impact assessment section.

Estimates made following this approach also yield an impact of the SMI increase
very similar to those presented in the report and in Appendix 2. Again, Fig. 15 shows

a) Employment with work intensity reduction

b) Unemployment

Note: In the figure, we plot average marginal effects for the probability of decreasing number of hours worked (Panel A) and the probability 
of transitioning to unemployment (Panel B). The points represent regression point estimates from the multinomial logit model specified in 
section 4. Lines represent the 95% confidence interval based on standard errors.
Source: Own calculations using CSWL.

Fig. 15 Impact of MW raise on employment, setting Saturday as reference day
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that, in the short term, there is no significant impact of the increase on employment.
From t + 5 onwards, we begin to see an impact that grows month by month until it
reaches 1.94 p.p. in the case of the probability of transitioning to non-employment.
The impact on work intensity is very small.

Appendix 5: Additional sensitivity analysis (II)

In their analysis of the impact of the MW increase on employment survival, Cebrián
et al. (2020) find that the MW increase has a negative impact prior to the implemen-
tation of the increase. This is because employers, knowing in advance that the MW
increase is going to occur, make the decision to make labor adjustments before the
MW increase takes effect. Therefore, this third robustness test consists of setting a
month prior to November -September 2018- as t0, in order to rule out the existence
of such an effect, which would imply that the estimated impact of the MW increase
would be incorrect. As in the original approach, individuals are observed on the second
Tuesday of each month (Fig. 16).

The estimation results suggest that, in the case of the MW increase, there is no
negative impact before the measure takes effect -before t + 4, with this approach-.
Once the increase has taken place, the results obtained are similar to those presented
in the impact analysis section of the report, since a null impact is observed in the short
term, which increases over time to values close to 2 p.p. in the case of job losses and
around 1 p.p. in the adjustment in hours worked.

Appendix 6: Regression discontinuity design tables

See Tables 17, 18 and Fig. 17.
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a) Employment with work intensity reduction

b) Unemployment

Note: In the figure, we plot average marginal effects for the probability of decreasing number of hours worked (Panel A) and the probability 
of transitioning to unemployment (Panel B). The points represent regression point estimates from the multinomial logit model specified in 
section 4. Lines represent the 95% confidence interval based on standard errors.
Source: Own calculations using CSWL.

Fig. 16 Impact of MW raise on employment, setting September as t0
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Table 18 Balance in covariates around the MW cutoff, alternative specifications. Sample of employers
working in November 2018

Order 1 Order 2 Order 3 Adjusted
bandwidth (+
/ − e0.125)

Optimal
bandwidth

Female 0.0140** 0.0176* 0.0756*** 0.0343*** 0.024

(0.00641) (0.00973) (0.0131) (0.00892) (0.01451)

Age 0.830*** − 1.821*** 0.988*** − 0.660*** 0.084

(0.145) (0.219) (0.295) (0.199) (0.38147)

Native − 0.0336*** − 0.00197 − 0.0256** − 0.0224*** − 0.02*

(0.00489) (0.00743) (0.00995) (0.00674) (0.01178)

Hours worked − 0.288*** 0.240*** − 0.483*** − 0.173*** − 0.126

(0.0243) (0.0379) (0.0509) (0.0341) (0.07944)

Permanent
contract

0.0819*** − 0.0980*** 0.0169 − 0.0427*** 0.004

(0.00629) (0.00960) (0.0130) (0.00870) (0.1845)

Observations 112,548 112,548 112,548 12,110 − −
Each coefficient comes from a different regression (standard errors in parentheses). Initial three columns
reflect results of regression specification in Sect. 6 using different order of polynomials. The sample includes
workers employed in each month with wages between 3.57 and e5.47 per hour hourly wages- The fourth
column displays comparison ofmeans between treated and control units in a + /−e0.125 narrow bandwidth
around thee4.375 per hourMW cutoff. The last column displays results from optimal bandwidth following
the procedure by Cattaneo et al. (2017) This last specification employs the default options (i.e., local linear
regressions and triangular kernels). The dependent variable of each regression is the variable displayed in
each row; the independent variable is an indicator for the worker earning a wage below the MW cutoff in
the reference period. ***p < 0.01, **p < 0.05, *p < 0.1
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a) Polynomial of order 1

b) Polynomial of order 2

Fig. 17 Regression Discontinuity Plots (RD Plots): Probability of losing employment after 12 months.
Sample of employees working in November 2018
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Fig. 17 continued
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e) Optimal bandwidth

Note: Circles are local averages within each hourly wage bin. Black lines are polynomial fits using regression specifications in Section 6.  

Fig. 17 continued
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