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Abstract: We study the impact of the pandemic crisis using monthly data

covering the universe of individuals registered as unemployed in mainland

Portuguese municipalities, complemented with electronic payments, linked

employer–employee data, and furlough records. Event study designs identify a

sharp increase in unemployment, driven mostly by termination of temporary con-

tracts, and a decrease in new job placements. With triple difference-in-differences,

we show that the effects are stronger in more dual municipal labour markets, i.e.

with a higher share of temporary jobs, concentrated in young workers and mid-

dle educated individuals. The asymmetries are exacerbated by the duality of the

municipal labour market.
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1 Introduction

In most countries of the Eurozone, with the exception of Greece and Spain, employ-

ment in 2017 had mostly reached the 2006 levels. However, the composition of

employment changed: the share of temporary workers has increased (Weel 2018).

In Portugal, the unemployment rate in 2019 was 6.6%, and the share of temporary

workers 22%, i.e. twice the OECD average. Therefore, compared with the financial

and sovereign debt crisis of 2008–2012, the disruptive pandemic crisis of 2020 hit a

structurally different (dual) labour market and, moreover, was met with massive

public spending aimed at the protecting the so-called matching capital between

workers and firms (Dias et al. 2020, Mayhew and Anand 2020). Several European

countries (e.g. France, Germany, the Netherlands, Portugal, Sweden, Spain, Switzer-

land, and the UK) implemented furlough schemes, most of them prohibiting firms

from dismissing workers while the support lasted. By May 2020, about 50 million

workers were supported by such job retention schemes (OECD 2020).1 Portugal is

a Eurozone member severely affected by the pandemic crisis (GDP contraction of

8.4% in 2020), with a generous coverage of the furlough policy (a peak of 1.2 mil-

lion workers, or one fourth of the workforce (Banco de Portugal 2020). As a conse-

quence, the unemployment rate in 2020 reached 7%, barely above the 2019 level.

This stability hides considerable heterogeneous effects. Indeed, job separations can

only occur in firms that do not benefit from support, or through terminations of

temporary contracts in the remaining ones, thus leaving the self-employed and tem-

porary workers in a vulnerable position (Mayhew and Anand 2020). This naturally

raises the question of the impact of the crisis on temporary workers.

We use difference-in-differences event studies, and triple difference regres-

sions, to address the following research questions. First, we estimate the causal

impact of the pandemic (and subsequent restrictive policies) on jobless claims and

job placements. Second, we investigate the uneven impacts along the gender, age,

and education level of the workers. Finally, we show how the duality in municipal

labour markets amplifies both the magnitude and the asymmetry of the effects.

Our data covers all individuals formally registered as unemployed with the

Portuguese Public Employment Service, aggregated at the municipal level, in

all the 278 mainland municipalities, between October 2016 and August 2020.2

1 By contrast, in the US, unemployment grew to over 30 million in just one month.

2 By definition, joblessness claims only include individuals in the labour force, therefore we do

not tackle the participation margin, i.e. exits from the labour force.
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We complement this with several other data sources, including the Labour Force

Survey, pre-shock linked employer–employee data, electronic payments data, and

Google mobility reports.

Our main findings are as follows. Firstly, the pandemic caused a rise on year-

on-year growth rates of registered unemployment from 27 percentage points in

April up to 38 percentage points in July, and a severe drop of 63 percentage points

in new job placements in April. Secondly, we find evidence that the duality medi-

ated the impact of the crisis on employment. Between March and May, there

was a sharp increase in the number of jobless claims filed because workers were

dismissed from their (permanent or temporary) job or because their temporary

contract ended. Almost two thirds of job separations until September 2020 are due

to termination of temporary contracts. Moreover, we find that the shock is larger in

municipalities with a higher share of temporary workers: an increase of one stan-

dard deviation (8%) in the share of temporaryworkers increases joblessness claims

by 11.6%.

Thirdly, we demonstrate that the impact on unemployment was 20.8% and

25.8% larger for workers who are less than 25 years old, and between 25 and 34

years old, respectively, when comparedwith the reference group used in the regres-

sions, i.e. older than 55. We document an inverted u-shape impact of education on

unemployment, with the highest impact concentrated on individuals with lower

(15%) and upper secondary education (17.5%), vis-à-vis the highly educated ones.

While we find no evidence of gender differences in unemployment, we document

an additional drop in new job placements of women compared to men. Lastly,

asymmetric effects are amplified by the duality ofmunicipal labourmarkets. In par-

ticular, an increase of one standard deviation in the share of temporary contracts

causes a rise of 12.6%, between 14% and 17%, and between 12% and 13% in the num-

ber of unemployed people who are female, younger than 34, and have secondary

education.

The literature on the economic impacts of Covid-19 has uncovered large

impacts on the labour market. Alstadsæter et al. (2020) find that 12% of the

labour force filed jobless claims in the first weeks of the crisis in Norway.

Cajner et al. (2020) analyse US administrative payroll data and show that aggre-

gate employment decreased by 21% through late-April, with slight signs of recov-

ery only by late-June. Various authors documented severe drops in job posts

(Bamieh and Ziegler 2020; Hensvik et al. 2020) and a decrease in hirings on the

period following lockdown (Betcherman et al. 2020). Lafuente et al. (2022) find that,

in the early period of the pandemic crisis, permanent workers adjusted more

the hours-per-worker (i.e. the intensive margin) than the temporary ones, while

the reverse is true for the extensive margin. Using job vacancy data collected in

real-time by the Burning Glass Technologies platform, Forsythe et al. (2020) find
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that, in the US, job postings collapsed by 44% between February and April 2020.

Coibion et al. (2020) used scan data in April 2020 to show that job loss in the US was

larger than new unemployment claims, with many workers moving into inactivity.

For Canada, Jones et al. (2020) found new vacancies recovered in June, from 50% to

around 80% of the pre-pandemic level.

A number of papers present convincing evidence of the unequal labourmarket

impacts of the pandemic on temporary workers. Couch et al. (2020) use the Cur-

rent Population Survey to show how the black-white unemployment gap increased

to levels resembling those of the Great Recession. Casarico and Lattanzio (2020)

uses administrative data on a sample of contracts for the first quarter of 2020 in

Italy to find that temporary workers are 8 p.p. more likely to lose their job, con-

trary to older and highly educated workers, who are more protected against job

loss. Herzog-Stein et al. (2022) also show that, in Germany, the labour adjustment

used the temporary workers margin. Papers based on survey data that confirm

the larger effect on temporary workers include Adams-Prassl et al. (2020a, 2020b),

Kikuchi et al. (2021) and Aum et al. (2021) in the UK, USA, and Germany, Japan, and

South Korea. Younger workers are shown to be the most affected in Canada by

Lemieux et al. (2020), Japan by Kikuchi et al. (2021), and the US by Cho and Win-

ters (2020), Cortes and Forsythe (2022) and Montenovo et al. (2020). Female self-

employed are found to be more affected by Graeber et al. (2021), using survey data

from Germany. Other papers that show a disproportionate impact on female work-

ers include Kikuchi et al. (2021) for Japan and Cortes and Forsythe (2022) for the US.

Alon et al. (2020) find that women were more struck by the crisis in the US, con-

trary to Hupkau and Petrongolo (2020) who find no significant job loss differences

between genders in the UK. Survey data also indicates that less educated, lower

income and minority workers in the US are more affected (Cho and Winters 2020).

Moreover, Botha et al. (2021), usingAustraliandata, shows that the subjective (finan-

cial) well-being is affected by the shock. Adams-Prassl et al. (2022) document strong

heterogeneity of the possibility of remote working across industries and occu-

pations in the US and the and Montenovo et al. (2020) add that workers in jobs

that are more compatible with remote work fared better. Similarly, Bonacini et al.

(2021) shows that remote work favours male, older, high-educated, and high-paid

employees.

Two papers follow an approach closer to ours. Meekes et al. (2020) imple-

ments a triple difference-in-differences strategy with administrative data from

Statistics Netherlands and document large impacts on the employment, work-

ing hours, and hourly wages of non-essential workers, particularly the female

ones, and on employment and working hours of essential workers who are sin-

gle parents. Kalenkoski andWulff (2020) implement triple difference-in-differences

specifications using the US Current Population Survey and find that the impact on
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employment and working hours was larger for coupled women than for coupled

men, and smaller for single women than for single men.3

The paper offers four main contributions. Firstly, we show how the duality

of the labour market magnifies the impact and the asymmetry of the labour mar-

ket shock caused by the onset of the pandemic. Secondly, we estimate asymmetric

effects along gender, education, and age, adding to the existing causal evidence

on gender and marital or child rearing status (Adams-Prassl et al. 2020a, 2020b;

Kalenkoski andWulff 2020), gender and type of occupation (Meekes et al. 2020), and

ethnicity (Couch et al. 2020). Thirdly, we rely on administrative data that covers the

universe of newly registered unemployed workers in Portugal, while most of the

papers rely on survey data, with the exception of, e.g. Casarico and Lattanzio (2020)

and Meekes et al. (2020).

We also discuss possible mechanisms of adjustment, and argue that we can

interpret our results as evidence that furlough schemes do not insure some seg-

ments of the labour market against the negative shock of the pandemic crisis.4

This last contribution relates our paper to the discussion in Giupponi et al. (2022),

who argue that furlough and (extended) unemployment insurance are complemen-

tary policies. Similarly, Birinci et al. (2021) claim that furlough-type policies are

preferred to extended unemployment insurance in isolation, but complementary

when used simultaneously, as they cater to different groups of workers. A smaller

furlough coverage is sufficient to protect the matching capital of high-productivity

jobs, and avoid locked-in effects after the crisis.5

The remainder of this paper is structured as follows. Section 2 describes

the Covid-19 shock in Portugal and the main policy responses, and proceeds by

discussing the data (Subsection 3.1) and the methodology used (Subsection 3.2).

Section 4 discusses the aggregate effects of the shock, and Subsection 4.2 highlights

the mediating effect of labour market duality. Heterogeneous effects are shown in

Section 5 and Section 6 discusses possiblemechanisms. Finally, Section 7 concludes.

3 Cho and Winters (2020) use a similar strategy on the Current Population Survey, and show that

employment decreased more in metropolitan areas.

4 Ferreira et al. (2020) monitor the policies implemented in Portugal and highlight that they do

not address the income losses of all vulnerable groups. Boeri and Brücker (2011) show that firms

that rely heavily on temporary employment are less likely to take-up furlough policies, possibly

because it is less costly for them to rely on the dismissal margin to adjust to the shock.

5 A related discussion that focuses exclusively on unemployment insurance is provided byMitman

and Rabinovich 2021, who compare the optimal unemployment insurance in a Covid-type of shock

depending on the commitment technology of the government.



354 — C. Nunes et al.

2 An Asymmetric Shock in a Dual Labour Market

2.1 Covid-19 in Portugal and Policy Responses

The government closed schools and imposed circulation restrictions on the border

with Spain shortly after the first confirmed Covid-19 case on March 2nd 2020. On

March 18th, the President declared the State of Emergency, which lasted until May

3rd, when it was substituted by a less severe but still fairly constrained State of

Calamity. As a consequence, all retail was shutdown, with the exception of super-

markets, pharmacies, and gas stations. Restaurants were only allowed to serve

take-away. Further restrictions on circulation and mandatory homeworking for

compatible jobs were also decreed.6

The strong impact on the Portuguese economy is documented in Carvalho et al.

(2020), using data from electronic purchases. They provide causal estimates of

decreases in year-on-year growth rates of 16, 37, and 28 percentage points on over-

all purchases in March, April and May, respectively. The authors also show that the

impact was very uneven across sectors. The Hospitality sector (including restau-

rants, coffee shops and accommodation), Fashion and Beauty, and Transportation

were among themost affected. The differential impact across sectors induced asym-

metric effects of the crisis. Averagewages in theHospitality, and Fashion andBeauty

sectors are smaller than the national average. The share of low educated and for-

eign workers in Restaurants is higher than the national average. At the same time,

2022, show that the sectorial composition of themunicipal economies leads to asym-

metries in the geographic effect of the crisis.7 Importantly, as shown in Peralta et al.

(2021), the incidence of non-permanent contracts in these sectors was larger than

for the overall economy.

These sizeable consequences were met with policies targeting the labour mar-

ket, of which we highlight three. Firstly, the Portuguese Covid-19 special furlough

scheme was implemented on March 26th The scheme covered labour costs for the

whole duration of compulsory shut-down, andwas in place until July 2022.8 Admin-

istrative data from Social Security shows that 1.2 million workers were supported,

6 Portugal is one of the European countries where self-imposed social distancing started earlier,

with people avoiding to go out to restaurants eight days before the government mandated its

closure (Midões 2020).

7 Carvalho et al. (2022) results are reminiscent of Cho et al. (2021), who find that the employed-

at-work rate decreases more in larger metropolitan areas than in non-metropolitan areas in the

US.

8 This scheme is a simplification of the pre-pandemic one, which was lengthier and more

restrictive.
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mostly concentrated in the Retail and Hospitality sectors.9 Firms that benefited

from the furlough policy could not dismiss workers on permanent contracts. They

could, however, choose not to renew temporary contracts, stop hiring workers with

no formal contract, and not replace workers who depart voluntarily.10

The bulk of the effects on unemployment should arise from these margins

by recipient firms, or from firms that did not qualify or apply for the scheme.

Importantly, furlough allows firms to suspend employment contracts or reduce

employees’ working hours, with social security covering two-thirds of the wage.

Therefore, keeping the workers is costly.

Secondly, remoteworkwasmade compulsory for compatible occupations. Sur-

vey data from Statistics Portugal shows that there were around 1 million remote

workers in the Spring of 2020, mostly highly educated and high-income ones. Their

average wage was 50% higher than that of non-remote workers, and 70% of them

had a higher education degree.

Finally, access to unemployment benefitswas eased as of July 25, encompassing

permanent or temporary employees, and halving theminimum qualifying contract

duration in the past 24 months. Since our period of analysis ends in August, this

legal change is unlikely to affect the flows of unemployed individuals. Moreover,

mandatory job search and training were suspended between March and May.

2.2 Labour Market in Portugal

Permanent workers in Portugal benefit from one of the highest levels of employ-

ment protection across the OECD, which, according to the European Commis-

sion, increases both the reluctance of firms to hire permanent employees (Euro-

pean Commission 2018) and the importance of non-permanent employment (OECD

2017).

Figure 1 shows that temporary employment, i.e. wage and salary workers

whose job has a pre-determined termination date, accounts for 22%of all employees

in Portugal, above the OECD average of 12%, and only exceeded by Spain (27%) and

Poland (24%). Thismakes Portugal an interesting laboratory to study the impact of a

major disruptive shock (such as the pandemic),with policies that create asymmetric

incentives regarding job separations for different types of workers.

Moreover, legal restrictions on nominal wage cuts, combined with the long

recent period of low inflation, leave employers with little margin to adjust real

9 Appendix Figure C.1 presents the evolution in the number of firms and workers under the fur-

lough policy between April and October 2020.

10 Firm survey data from Statistics Portugal collected in 2020 shows that 77% of the firms that took

up the furlough scheme claim that they would have reduced employment by an average of 19%.
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wages. As a consequence, in periods of crisis, employment (and especially tempo-

rary employment) becomes the main margin of adjustment (Carneiro et al. 2014;

Martins and Portugal 2019).

This is confirmed by Figure 2, constructed with data from the Labour Force

Survey. It shows that the YoY quarterly change in employment in 2020 was posi-

tive in the first quarter and only marginally negative in the second, for permanent

workers, in sharp contrast with the strongly negative for temporary ones.

Importantly, temporary contracts are more prevalent in some groups of the

population, as shown in Figure 3, which displays the share of temporary employ-

ment as a percentage of total employment between the first quarter of 2018 and

-1
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Figure 3: Temporary employment in Portugal. Source: Labour Force Survey (Statistics Portugal).

the second quarter of 2020, split by gender, age, and education level. Given the con-

centration of low and medium skilled workers in this group, they face significant

difficulties in finding a new job (Blanchard and Portugal 2017), and are prone to be

long-term unemployed. In sum, the characteristics of the labourmarket place some

workers in a more vulnerable position in the face of a crisis.

According to panel (a), the share of temporary contracts decreased in 2020,

without any consistent difference between female and male workers. The age dif-

ferences, shown in panel (b), are the most striking. The share of workers aged less

than 25 years old with temporary contracts is around four times that of those older

than 35. In the 25–34 age interval, the prevalence of temporary work is twice as

much as that of the older individuals. Finally, from panel (c) it is clear that tem-

porary employment is more prevalent among individuals with upper secondary

education. The fact that individuals with basic, primary education, or less, repre-

sent the group with the lowest share of temporary contracts is mostly driven by

age. These education levels are more common in the oldest cohorts, who also have

a more stable relationship with the labour market.
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Figure 2 suggests that the decrease in temporary contracts is explained by an

increase in job separations that hits them disproportionally.

3 Data and Methodology

3.1 Data

We use administrative data from Instituto do Emprego e Formação Profissional

(IEFP), the Portuguese Public Employment Service, provided at the municipality

level.11 As of age 16, unemployed individuals must register in Public Employment

Services to receive unemployment benefits and have access to active labour mar-

ket policies. In return, they must comply with a personal employment plan and

actively seek employment. The Public Employment Service collects job offers and

advertises them both online and through its network. When offered a suitable or

socially necessary job, unemployed individuals must accept the offer, or they risk

losing the benefit.12

Jobless individuals have two incentives to register: qualify for the active labour

market policies, and receive unemployment benefits, when eligible. Between 1999

and 2019, the number of individuals registered at the Public Employment Services

represented an average of 94% of the unemployed population (according to Statis-

tics Portugal).13

IEFP provides monthly data on the number of unemployed individuals regis-

tered and the number of new job placements that take place for those registered

at one of the job centers distributed across the country. Our sample comprises

data on the 278 municipalities of the Portuguese mainland between October 2016

and August 2020.14 We drop September in the four years, given our identification

strategy, explained in Subsection 3.2.

11 Unemployment can be measured from Labour Force Surveys or administrative data from reg-

istrations in Public Employment Services. The former are not representative at the municipal

level.

12 Socially necessary jobs are temporary work opportunities filled by unemployed individuals to

satisfy social or collective needs of non-profit public or private entities.

13 This figure averages out asymmetries in different periods. For instance, during the crisis, in 2011

and 2012, the share of unemployed registered at the Public Employment Services is 77%.

14 Portugal is divided in 308 municipalities, 278 in the Portuguese mainland and 30 in the

Autonomous Regions of Madeira and Azores. IEFP only provides municipal data for mainland

Portugal.
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Data on the unemployed is split into gender, age group, and education level.

Data for job placements is disaggregated by gender. We also use data on the main

reasons for registration at the job centers, i.e. dismissals, voluntary quits, mutual

agreement dismissals, end of temporary jobs, self-employment or former inactiv-

ity.15 It is worth noticing that while data on unemployment refers to the situation at

the end of each month (stock), data on job placements and the motives for register-

ing at IEFP refers to themovement throughout themonth (flow). Summary statistics

of all variables for the average municipality are provided in Table 1.

The average number of adults registered in Public Employment Services per

municipality is 1274, with aminimum of 23 and amaximum of around 26 thousand.

The number is higher for females and adults between 35 and 54 years old, when

compared to males and other age categories, respectively. Registrations also vary

according to the level of education, with thosewith upper secondary education hav-

ing the highest number of registrations. The average number of job placements per

month and municipality is 24.

In terms of motives to register at the IEFP, end of temporary job is the most

frequent (on average 73 people per municipality), followed by dismissal from pre-

vious job (19) and the registration of formerly inactive worker (15). Finally, we note

that job placements are very low when compared to the flow of registrations at the

Public Employment Service.

We complement the unemployment data with four further data sources.16

Firstly, we use the last available wave of Quadros de Pessoal (2018), a linked

employer–employee dataset covering the universe private-sector firms based in

Portugal with at least one wage earner, aggregated to the municipal level. We

retrieve the share of temporary workers per municipality and per sector and we

also use it to relate temporary jobs to the working-from-home measure of Dingel

and Neiman (2020). At the municipal level, the average share of temporary employ-

ment contracts is 33%, with a standard deviation of 8%.

Secondly, we use municipal-level data from SIBS (acronym for Sociedade

Interbancária de Serviços, in Portuguese), which manages the integrated bank-

ing network in Portugal, comprising Automated Teller Machines (ATM), Point-of-

sales (POS) terminals, and other electronic payment technologies such as mob-

ie e-money. SIBS is the largest player in the electronic payments market and it runs

15 Former inactive workers are workers who were out of the labour force for a period of time

and start to actively seek employment again. A broad category of “other reasons”, such as re-

registrations after non-compliance with requirements, being an ex-migrant or reaching the end

of military service was dropped.

16 Table B.1, in Appendix B, summarizes the main variables, data sources, observation level and,

when applicable, the manipulations necessary for the analysis.
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Table 1: Descriptive statistics.

Obs. Mean St. deviation Min. Max.

Unemployment (stock)

Total 12,232 1273.6 2359.5 23 25,796

By gender

Male 12,232 567.4 1091 12 13,000

Female 12,232 706.2 1274.8 7 13,895

By age

Less than 25 years old 12,232 137.1 218.6 1 2961

Between 25 and 34 years old 12,232 238.2 442.4 1 5953

Between 35 and 54 years old 12,232 549.8 1069.5 8 12,163

More than 55 years old 12,232 348.5 650.7 5 6437

By education

Primary education (1st–4th

grade) or less

12,232 315.4 585.3 5 7341

Basic education (5th–6th grade) 12,232 187.6 356.5 2 4690

Lower secondary (7th–9th

grade)

12,232 250.5 441.7 4 4928

Upper secondary (10th–12th

grade)

12,232 342 635.2 5 7181

Higher education 12,232 178.1 412.1 0 6157

Job placements (flow)

Total 12,232 23.9 35.3 0 494

By gender

Male 12,232 11.1 17.9 0 234

Female 12,232 12.8 19.2 0 273

Motive to register at IEFP (flow)

Dismissed from previous job 12,232 18.8 36.9 0 831

Voluntarily quit previous job 12,232 7.3 11.8 0 132

Mutual agreement dismissal 12,232 5.3 12.2 0 189

End of temporary job 12,232 73.2 135.3 0 2625

Former inactive worker 12,232 15 26 0 369

Self-employed 12,232 1.5 3.4 0 48

Share of temporary contracts

(2018)

12,232 0.33 0.08 0.16 0.69

Observations are at the year-month-municipality level. Age bins reflect the availability of data.
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the interbank compensation system through a contract with the Portuguese Cen-

tral Bank.17 The data comprises electronic payments, i.e. payments with bank cards,

including those with contactless technology, and several digital money solutions

(bothmobile phone and net banking based), made in Portugal, by domestic and for-

eign costumers.18 This data allows us to compute a real-time measure of the crisis

per sector of activity.

Thirdly, we use sectoral-level administrative data from the Ministry of Social

Security and Employment on the number of workers benefiting from the furlough

scheme implemented by the Portuguese government per sector of activity. Finally,

we use individual data from the Labour Force Survey between the first quarter of

2018 till the second quarter of 2020 to highlight some stylized facts about the impact

of the Covid-19 crisis.

3.2 Methodology

We implement a difference-in-differences (DiD) event study. In Section 5, we use

triple difference-in-differences to assess the role of duality and exploit heteroge-

neous effects. Our identification strategy is easily explained by analysing Figure 4.

The treatment and comparison groups are sets of months. The treatment group is

represented by the blue lines in both panels, i.e. it comprises the months between

October 2019 and August 2020. The comparison group comprises the remaining

lines, i.e. the same sequence of months lagged one, two, or three years, respectively.

The treatment period includes the months between March and August for all the

years between 2017 and 2020.

The identifying assumption is that, absent the pandemic, and the implemented

policies (detailed in Subsection 2.1) the year-on-year growth rate between themonth

of March (resp., April, May, June, July, and August) 2020 and the corresponding

month in 2019 would be equal to a weighted geometric mean of the year-on-year

growth rates for the samemonth, lagged between 1 and 3 years. Thus, the treatment

group (Oct. 2019–Aug. 2020) can be decomposed into two parts, the pre-treatment

period (Oct. 2019–Jan. 2020), used to assess parallel trends, and the treatment period

(Mar. 2020–Aug. 2020), used to assess the impact of the pandemic.

The evidence in Figure 4 suggests that the outcome variables are on paral-

lel trends prior to the shock. We provide a more formal test in Section 4 below,

in which we run event studies for these outcome variables, using the same set of

months for the control and treatment groups. Figures C.3–C.5 in the Appendix C

17 85% of SIBS is owned by the five biggest Portuguese banks.

18 Electronic payment operations includes purchases, bill payments, mobile top-ups, payments to

government, public transport tickets, and others.
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Figure 4: Identification strategy. Time-series of Log of average unemployment and new job

placements. The blue line represents the period between October 2019 and August 2020 (the

treatment group), of which October 2019 to January 2020 correspond to the pre-treatment period,

and March 2020 to August 2020 correspond to the treatment period. The remaining lines represent

the control group, i.e. the same series lagged one (Oct. 2018–Aug. 2019), two (Oct. 2017–Aug. 2018)

and three (Oct. 2016–Aug. 2017) years.

show analogous evidence with the unemployed split by gender, age, and education

levels.

The treatment period begins in March 2020. Recall that the first case was diag-

nosed onMarch 2nd. Carvalho et al. (2022) show that there is no evidence of changed

behavior in electronic purchases before March. This is confirmed by Google mobil-

ity data shown in Figure C.2 (borrowed from Carvalho et al. 2022) that displays no

evidence of changes in mobility in February or the first two weeks of March. More-

over, note that around the Carnival holiday of February 24, we observe a downward

peak inworkplaces and retail, accompanied by amirror increase in parks and other

open areas. This is convincing evidence that the country was living a normal life

at the end of February. Hence, we rule out potential anticipatory behaviours that

would threaten our identification strategy.

3.2.1 Aggregate Effects

We begin by estimating the following event study equation:

ln (y)imt = 𝛾i + 𝛿m + 𝜆 𝟙T +
∑

m∈{1,3,…,12}
𝛽m𝟙T + 𝜖imt (1)

where ln(y)imt corresponds to natural log of unemployment or new job

placements at the job centers of municipality i, in month m and year
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t ∈ {2016, 2017, 2018, 2019, 2020}. Municipal, 𝛾 i, and month, 𝛿m, fixed effects are

also included. February is the omittedmonth, since it is the one just before the start

of the crisis.

The treatment indicator, 𝟙T takes the value one for the months between Octo-
ber 2019 and August 2020. As explained above, the identifying assumption for the

estimation of (1) is that, if the pandemic had not occurred, the monthly year-on-

year change between March 2020 and March 2019 would have been parallel to a

weighted geometric mean of the year-on-year change of the previous three years

for the same month, and analogously for the remaining months between April and

August. Thus the parallel trend assumption implies that 𝛽1, 𝛽10, 𝛽11, and 𝛽12 must

not be statistically different from zero. The error term is given by 𝜖imt. Standard

errors are clustered at time period (month, year) and NUTS II level.19

We show in the Appendix that 𝛽m can be written as

ln

⎛⎜⎜⎜⎜⎝
1+ g20,19m

1+ g20,19
2

⋅ 3

√√√√√√√
(
1+ g19,18m

)2
(
1+ g19,18

2

)2 ⋅ 1+ g18,17m

1+ g18,17
2

⎞⎟⎟⎟⎟⎠
, (2)

where gt,t−1m stands for the month m YoY growth rate between years t and t − 1. In

order to provide estimates of the impact of Covid-19 in the YoY growth rates for

each month from March 2020 onward, we use (2) to correct for seasonality. More

specifically, we use the empirically observed YoY growth rates between 2019 and

2018, and between 2018 and 2017, to replace for the cubic root term.20

Please note that these impacts are best interpreted as lower bounds of the

impact of the pandemic crisis and the lockdown strategies implemented as a result,

since the labour-market policies enacted in the first weeks of the crisis aimed at

mitigating the severity of the repercussions.21

3.2.2 The Role of Duality

We quantify the role of the duality of the labour market in our results in Subsec-

tion 2.2. We begin by estimating (1) for transitions into unemployment, i.e. motives

for new registrations, in Subsection 4.1.

19 Mainland Portugal is divided in 5 NUTS II regions: Norte, Centro, ÁreaMetropolitana de Lisboa,

Alentejo and Algarve.

20 Please refer to the Appendix A for details.

21 Bourdin et al. (2021) show that the implementation of a lockdown at the beginning of March

2020 was an effective policy measure to slow down the spread of the virus in Italy.
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We then use the following triple difference-in-differences specification, in Sub-

section 4.2.

ln (y)imt = 𝛾i + 𝛿m + 𝜆𝟙T + 𝛼0𝟙T tempi + 𝛼1𝟙m≥3 tempi

+ 𝛼2𝟙m≥3𝟙T + 𝛼3𝟙m≥3𝟙T tempi + 𝜖imt (3)

where ln(y)imt is, respectively, the log of the number of unemployed individuals in

municipality i, monthm, year t, or the number of unemployed individuals for each

possiblemotives to register; tempi is the share of workers with temporary contracts

in the private sector of each municipality i in 2018. This specification allows us to

test if the duality of municipal labour markets, proxied by the share of temporary

workers in the municipality, amplifies the impacts of the pandemic.

In this case, our coefficient of interest is 𝛼3, and it gives us the effect of the

Covid-19 pandemic on municipal unemployment when the share of temporary

workers increases by 1 p.p. Sincewe control formunicipality fixed effects and tempi
is time invariant, we do not include it alone in the regression.

3.2.3 Heterogeneous Effects

In Section 5, we explore heterogeneous effects along each dimension of our data

(gender, age, and education). We use a triple difference-in-differences strategy. The

following equation is estimated for the gender dimension:

ln (y)kimt = 𝛼 + 𝛾i + 𝛿m + 𝜆𝟙T + 𝛽0𝟙 f + 𝛽1𝟙T𝟙 f + 𝛽2𝟙m≥3𝟙 f

+ 𝛽3𝟙m≥3𝟙T + 𝛽4𝟙m≥3𝟙T𝟙 f + 𝜖kimt (4)

Where ln(y)kimt is the (log of) number of unemployed people of gender k ∈
{female, male}, in municipality i, monthm, and year t, 𝟙m≥3 is an indicator for the

months of March and subsequent, 𝟙 f is female indicator, and the remaining vari-

ables are defined as in (1). We estimate a similar equation for three age categories

(in which the reference category is above 55), and for the four education levels (in

which the reference category is higher education). Our coefficient of interest is 𝛽4,

and it gives the differential impact of the pandemic crisis on females. The results

are presented in Subsection 5.1.

Finally, we analyse whether the duality of the labour market amplifies the het-

erogeneous impacts. This is done by estimating (3) for sub-samples according to

gender, age, and education level, in Subsection 5.2.
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4 The Aggregate Shock and Labour Market

Transitions

In this section, we present our results for the impact of the pandemic on the labour

market. We start by using (1) to estimate the impact of the pandemic crisis on regis-

tered unemployment and new job placements. The coefficient estimates for 𝛽m are

depicted in Figure 5. All our coefficient plots display the 95% confidence intervals.

The first important remark is that in both cases the estimates for 𝛽m, where

m ∈ {1, 10, 11, 12}, are not statistically different from zero; in other words, the par-

allel trends assumption is verified, which validates our identification strategy and

shows that our results reflect the causal impact of Covid-19 on the variables of

interest, as explained in Subsection 3.2.

In order to better interpret Figure 5, note that it displays the point estimates

(and respective confidence intervals) for the difference in the outcome variables

between the months of October 2019 to August 2020 and the geometric average of

the same months in the past three years, as per (1). The fact that the estimated

coefficients in the pre-treatment period are not statistically different from zero

confirms that the outcome variables are on parallel trends. This is a more formal

confirmation of the visual evidence in Figure 4.

Panel (a) in Figure 5 shows a strong impact on unemployment following the

lockdown period that began in March 2020. The increase is persistent but more

pronounced until June, and stabilizes thereafter. In terms of job placements, Panel

(b) presents a colossal drop of new placements, especially in April, followed by a

recovery in May and June and a subsequent stabilization. Although between June
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Figure 5: Event study aggregate effects.



366 — C. Nunes et al.

and August the point estimates are not statistically different from zero, they are still

negative.

Table 2 displays the net effect of the pandemic on the YoY growth rates,

computed as explained in Appendix A. The YoY growth rates of unemployment

increased gradually over time, from 27 p.p. in April, up to 39 p.p. and 38 p.p. in

June and July, respectively. The sharp decline of new job placements shown in

Panel (b) on Figure 5 corresponds to a 63 p.p. drop in April. From June onward, the

impact has been attenuated but is still negative. These effects are consistent with

the deep lockdown in April and the slow restart of the economic activity during the

summer.

We perform robustness tests to (i) further assert that the parallel trend

assumption holds and (ii) show that the remaining coefficient estimates are stable

across different specifications. The results are shown in Appendix Figure C.6. We

also use (1) to analyse regional differences on unemployment across the five Por-

tuguesemainlandNUTS II regions, shown in the Appendix (Figure C.7 and Table B.2,

respectively).

4.1 Transitions in a Dual Labour Market

We now analyse the evidence about the reasons that led the individuals to register

with the Public Employment Service during the Covid crisis. Since these are flow

variables, the results measure the impact on new unemployment each month, net

of composition effects.

Table 2: Event study aggregate effects: magnitudes.

Dep. var.: Log of unemployment Log of job placements

Point estimate t-stat Effect (p.p.) Point estimate t-stat Effect (p.p.)

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

Mar-20 0.113 1.04 10.67 −0.363 −12 −23.55
Apr-20 0.265 2.39 26.92 −1.155 −11.31 −62.74
May-20 0.352 2.99 37.25 −0.683 −8.53 −43.14
Jun-20 0.379 3.15 39.06 −0.075 −0.91 −3.37
Jul-20 0.375 3.14 38.42 −0.104 −1.33 −8.48
Aug-20 0.360 3.2 35.5 −0.084 −1.5 −0.23

Point estimates are the coefficients 𝛽m from (1). The effect is given by
(
1+ g20,19

2

)
(𝜗m − 1). Please

refer to Appendix A for more information.
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The data splits themotives into four categories that are explicit job separations

(end of temporary contract, dismissal, voluntary quit, mutual agreement dismissal)

and two additional categories for transition from inactivity and registration of self-

employed. Figure 6 shows the event study for each motive. The evidence confirms

the importance of temporary contracts for the transitions during this period. The

most important ones, for the purposes of our analysis, are the first two. Note that
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Figure 6: Motives to register with IEFP.
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dismissals also include temporary workers who are dismissed before the end of the

contract. The pandemic had no sizeable impact on the remaining transitions, except

for the drop in inactive workers that register as job-seekers, which is a natural

consequence of the lockdown period.

Panels (a) and (b) exhibit very clear spikes in terminations of temporary con-

tracts and dismissals, respectively, lasting until the end of the analysed period. The

effects were particularly strong in April, with YoY growth rate increases of 87 p.p.

and 216 p.p. for end of temporary contracts and dismissals, respectively. Although

the effect is lower for termination of temporary contracts, the base effect is much

stronger (Figure C.8 in Appendix C shows that almost two thirds of job separations

in 2020 are due to the termination of temporary contracts.)22

4.2 Duality in Municipal Labour Markets and the Pandemic
Shock

We now explore whether unemployment is driven by municipal heterogeneity in

the dual nature of the labour market, i.e. we analyse the possibility that municipal-

ities with a higher share of temporary contracts are more impacted by the crisis.

We use the municipal share of temporary contracts in 2018, the last available year.

As we show in Figure C.9, in Appendix C, this share is strongly correlated with that

of previous years, which suggests that we capture a structural feature of the local

labour markets.

Table 3 shows the estimate of 𝛼3 in Eq. (3) for the stock of unemployed (column

1). The estimate indicates that there are more registrations at the Public Employ-

ment Services inmunicipalities with a higher share of temporary employment. The

number of newly registered unemployed increases by 1.5%with an increase of 1 p.p.

in the share of temporary workers in a municipality. Alternatively, a one standard

deviation (8%) increase in the share of temporary contracts amounts to an 11.6%

change in the number of registries. This effect is sizeable, particularly given that

the average share of temporary workers is 33%.

Columns 2 to 8 report similar regressions where the outcome variable is the

flow of monthly registrations by motive, for all the motives shown in Figure 6.

Results show that new registrations in Public Employment Offices due to the ter-

mination of temporary contracts are higher in municipalities with a higher share

of temporary workers. The interaction with the share of temporary contracts is not

significant for the remaining motives. This provides further evidence that tempo-

rary workers were more severely affected by job loss during the early months of

the pandemic.

22 The causal impacts of Covid-19 on all variables are shown in Appendix Table B.3.
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5 Heterogeneity along Gender, Age, and

Education

In Subsection 2.2, we document the unequal distribution of temporary contracts.

We now show that the pandemic shock hit these workers asymmetrically.

5.1 Heterogeneous Effects of Covid-19 on the Labour Market

In this section, we use a triple difference-in-differences strategy to explore the het-

erogeneous effects of the Covid-19 shock on the outcomes of interest for (i) gender,

(ii) age groups, and (iii) education levels. Results are reported in Table 4. As men-

tioned in Subsection 3.1, data on new job placements is only disaggregated by gen-

der, thus the heterogeneity in terms of age and education focuses exclusively on

unemployment.

Columns 1 and 2 of Table 4 report the estimates of 𝛽3 and 𝛽4 from (4) for the

gender heterogeneity specification, where 𝛽4 represents the additional impact for

females. In all specifications, the estimates of 𝛽3 represent the impact for the ref-

erence group. When we estimate heterogeneous impacts other than gender, we

expand the interaction of 𝛽4 to include a full set of interactions for each category,

i.e. three coefficients instead of one for the age specification (column 3 of Table 4),

and four for the education one (column 4 of Table 4).

Results for gender heterogeneity indicate that Covid-19 increased male unem-

ployment by 33.8% (column 1) and decreased new job placements by 24.1% (column

2) between March and August 2020. Taken together, our results show that women

weremost severely hit by the pandemic:while there is no statistically significant dif-

ference in unemployment, women suffer an additional drop of 17.5% in placements

after March, when compared to men. The absence of gender differences in unem-

ployment is in line with the findings of Casarico and Lattanzio (2020) for Italy, and

Hupkau and Petrongolo (2020) for the UK. The negative effect that we identify on

placements suggests that women are less likely to find a job following an unemploy-

ment episode during the pandemic; this adds to the long list of differential gender

impacts due to a higher proportion of female workers in the most affected indus-

tries (ILO 2017), disproportionate take up of household chores and childcare after

school closures and work from home restrictions (Del Boca et al. 2020; Farré et al.

2020).

To study the impact on different age groups, we use the unemployed agedmore

than 55 as the reference group. Our findings in column 3 of Table 4 show this is the

least affected group. There is a very strong impact on youth unemployment after
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Table 4: Triple DD on unemployment and new job placements, by gender, age and education level.

Dep. var.: Gender Age Education

Log of

unemployment

Log of new

job placements

Log of

unemployment

Log of

unemployment

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

𝟙m≥3 × 𝟙T 0.338
∗∗ −0.241∗ 0.177

∗∗
0.239

∗∗

(0.08) (0.11) (0.05) (0.07)

𝟙m≥3 × 𝟙T × 𝟙female −0.026 −0.175∗

(0.02) (0.08)

𝟙m≥3 × 𝟙T × 𝟙less than 25 0.208
∗∗

(0.06)

𝟙m≥3 × 𝟙T × 𝟙25–34 0.258
∗

(0.04)

𝟙m≥3 × 𝟙T × 𝟙35–54 0.179
∗

(0.03)

𝟙m≥3 × 𝟙T × 𝟙Primary or less −0.037
(0.03)

𝟙m≥3 × 𝟙T × 𝟙Basic 0.096
∗∗

(0.02)

𝟙m≥3 × 𝟙T × 𝟙Lower Secondary 0.150
∗∗∗

(0.03)

𝟙m≥3 × 𝟙T × 𝟙Upper Secondary 0.175
∗∗∗

(0.02)

Number of obs. 24,464 21,265 48,928 61,156

R-squared 0.968 0.725 0.953 0.930

Standard errors (in parenthesis) are clustered at NUTS II and time period (month, year) level. The

omitted group is male, 55 and older, and higher education, respectively for columns 1 and 2, 3, and 4.

Significance levels:
∗
p< 0.10,

∗∗
p< 0.05,

∗∗∗
p< 0.01.

March 2020, amounting to an additional increase of 20.8% and 25.8%, for individu-

als younger than 25, and between 25 and 34 years old, respectively. These results are

consistent with the prevalence of non-permanent contracts among younger work-

ers in Portugal documented above. Younger workers are also less unionized than

older ones (Portugal and Vilares 2013) and more vulnerable to precarious working

conditions.

With regards to education levels, column 4 of Table 4 shows that individuals

with higher education, the reference group, experienced an increase of 23.9% in

unemployment after March 2020. The differential impact of the crisis was 17.5%

higher for individuals with upper secondary education, 15% for individuals with

lower secondary education, and 9.6% for individuals with basic education, than for
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those with higher education. Individuals with less than four years of formal educa-

tion do not behave differently than the highly educated ones. This may stem from

the fact that theseworkers are concentrated in essential jobs that kept working dur-

ing the lockdown; however, the lack of statistical significancemay also be explained

by the relatively small number of workers with this level of education.

The inverted u-shaped relationship between education levels and the labour

market impact of the pandemic can be explained by the fact that workers with

secondary education are usually not employed in the subset of service sectors com-

patible with home working, and are thus in a more vulnerable position in this

crisis. Indeed, data from Statistics Portugal shows that during the second quarter of

2020, 4.7% of the employed population with lower secondary education or less was

working from home, compared with 53.8% of the population with higher education

degrees (INE 2020).

5.2 Does Labour Market Duality Drive the Heterogeneous
Effects?

So far, we have established that (i) the increase in unemployment was higher in

more dual municipal labour markets, (ii) temporary contract terminations were

more pervasive in these municipal labour markets, and (iii) the impact of the crisis

falls disproportionally on females (through the hiring margin), younger workers,

and those with secondary education. Since these worker groups are the ones that

are over-represented in temporary contracts, this also constitutes evidence that the

termination of temporary contracts plays a major role in our results. We now com-

bine the two pieces of evidence and test whether the heterogeneous impact (along

gender, age, and education) is greater in municipal labour markets with a stronger

duality character.

The estimates of 𝛼3 from (3) for each group of workers are presented in Table 5.

We report the tests for the null hypothesis that the estimated coefficients are equal

in Tables B.4 and B.5 in the Appendix B. As regards gender, the value of the𝜒 2 statis-

tic is 4.03, i.e. the coefficients are statistically different at 5%.More specifically, a one

standard deviation increase in the share of temporary contracts in a dual labour

market increases the number of newly registered female workers in response to

the pandemic shock by 12.6%, and that of males by 10.7%.

We now analyse the results with respect to age. Interestingly, the estimated

coefficients are monotonic in the age of the individuals. The tests of the difference

of the coefficients in Table B.4 indicate that there is no statistical difference between

the two groups who are younger than 34. Conversely, the coefficients for both these

groups are different from the ones of older workers. The negative impact of the

pandemic shock in dual labour markets is therefore more concentrated in younger
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Table 5: Share of temporary contracts and the Covid-19 crisis.

Dep. var.: Log of unemployment

Dimension: Gender Age

Male Female <25 25–34 35–54 >55

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

𝟙m≥3 × 𝟙T × tempi 1.331
∗∗

1.569
∗

2.065
∗

1.771
∗

1.426
∗

0.919
∗

(0.47) (0.66) (0.35) (0.36) (0.29) (0.19)

Number of obs. 12,232 12,232 12,232 12,232 12,232 12,232

R-squared 0.971 0.976 0.940 0.961 0.971 0.983

Dimension: Education

Primary or less Basic Lower sec. Upper sec. Higher

(7) (8) (9) (10) (11)

𝟙m≥3 × 𝟙T × tempi 1.156
∗

1.338
∗

1.712
∗

1.572
∗

1.219

(0.47) (0.58) (0.62) (0.60) (0.58)

Number of obs. 12,232 12,232 12,232 12,232 12,232

R-squared 0.969 0.961 0.963 0.970 0.970

Standard errors (in parenthesis) are clustered at NUTS II and time period (month, year) level.

Significance levels:
∗
p< 0.10,

∗∗
p< 0.05,

∗∗∗
p< 0.01

workers. More specifically, a one standard deviation increase in the share of tem-

porary workers leads to an increase of between 14.2% and 16.5% in the number of

newly registered young workers in the Employment Office. Conversely, the impact

on older workers amounts to between 7.4% and 11.4%.

Regarding education, the effect follows an inverted U-shaped pattern. In

municipalities with a higher share of temporary contracts, Covid-19 impacts less

severely individuals with primary education or less, and individuals with higher

education. The strongest impact falls on the those with lower and upper secondary

education, as the results of the tests of the equality of the coefficients reported in

Table B.5 confirm. A one-standard deviation increase in the share of temporary

workers in the municipality increases the number of registered unemployed peo-

plewith upper and lower secondary education by 12.6% and 13.7%, respectively. The

impact on highly educated workers is non significant.

These results strongly suggest that the effect of the crisis in female, young and

middle-educated workers is driven by the duality of the labour market. The crisis

has asymmetric effects depending on the workers’ ties to the labour market, and

measures like the furlough scheme do not seem to be enough to protect certain

groups of the labour force.
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In order to correct for possible seasonality in temporary contracts, we re-

estimate the regressions excluding the municipalities in the top quartile of the

distribution of tourist overnight stays, which are bound to have a peak of jobs in

the Summer. The results, presented in Tables B.6 and B.7, in Appendix B, are sim-

ilar to the baseline, with the exception of the gender differences, which are less

precisely estimated.

6 Discussion of Possible Mechanisms

We have shown that the effects of the pandemic on unemployment are asym-

metric across age, gender, and education. In addition, we show that the shock is

both more pronounced and more asymmetric in municipalities with a more dual

labour market, as measured by the share of temporary contracts in the overall

labour force.

There are at least three possible mechanisms that may explain these results.

First, itmaybe amechanical effect of the furloughpolicy: given that supportedfirms

are forbidden to dismiss workers, they use themargin of not renovating temporary

contracts to adjust employment. Second, temporary workers may be more likely to

work in the industries (such as retail and hospitality) that are heavily disrupted

by the pandemic shock. Finally, it is possible that jobs performed by temporary

workers are less suitable for working from home arrangements.23

We now provide suggestive evidence showing that the three mechanisms

are present. Panel (a) of Figure 7 shows a stark positive correlation between

the share of workers on furlough until August 2020, according to the records of

the Ministry of Labour and Social Security, and the share of temporary workers

per sector, measured in 2018 using administrative linked employer-employee data.

This graph suggests that part of the impact is driven by the mechanical effect of the

policy.

Panel (b) of Figure 7 shows that the share of temporaryworkers is higher in the

sectors that were more hit by the crisis, as measured by the year-on-year change

in electronic purchases between April 2020 and April 2019. Importantly, SIBS data

covers payments with both Portuguese and foreign electronic cards. We focus on

23 Grabner and Tsvetkova (2022) highlights that the share of teleworkable jobs is linked to stronger

employment resilience using data from US cities during the 2020 Covid-19 emergency. In addition,

Gabe and Florida (2021) shows that requiring close physical proximity and high interaction with

the public were important determinants of U.S. industry employment change in the early months

of the pandemic.
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Figure 7: Covid-19 crisis and the share of temporary workers, by sector. Letters A to U represent

sectors of activity according to the NACE classification (sector definition in Appendix Table B.8). Panel

(a) plots the correlation between the share of employees with temporary contracts (horizontal axis) in

each sector and the share of employees under furlough schemes (vertical axis) in the same sector.

Panel (b) plots the correlation between the percentage change in the value of electronic purchases

(transactions with cards), between April 2019 and 2020; and the share of temporary workers in the

same sector/group of sectors. More details about the sources of data on Appendix Table B.1. To build

Panel (b) we created a correspondence between the NACE sector groups and the division provided by

SIBS.

this measure because this crisis was characterised by strong limitations in contact-

intensive sectors such as the specialised retail and hospitality industries, that rely

on business-to-customer transactions.24 We use April 2020 because it was themonth

with the sharpest contraction in electronic purchases. Therefore, temporary work-

ers are more prevalent in the sectors that suffered the most from stay-at-home

orders and the collapse of tourism (Carvalho et al. 2022). This amounts to a sectorial

effect hitting temporary workers.

In Figure 8, we focus on 22 job occupations instead of sectors. More precisely,

we rely on the analysis of jobs that can be done at home from Dingel and Neiman

(2020), who computed a work-from-homemeasure using surveys from the Occupa-

tional Information Network (O∗NET) for each possible occupation.

24 Electronic payment data is less suitable to capture contractions in business-to-business

transactions.
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Figure 8: Remote working and the share of temporary workers, by occupation. Numbers 11 to 53

represent groups of occupations according to the ISCO classification (group definition in Appendix

Table B.9). The figure plots the correlation between the O-NET index and the average share of

temporary workers in each occupation group. The O-NET index is retrieved from Dingel and Neiman

(2020) and indicates how amenable to remote working is each group of occupations. The share of

temporary workers is obtained from GEP-MTSSS.

We combine this with the administrative linked employer-employee data, that

covers the universe of private sector workers in Portugal, using the year of 2018.We

then plot, for each occupation, the share of temporary contracts and the respective

work-from-home measure. What we find is a striking negative correlation, show-

ing that the jobs that are more easily prone to remote working are dominated by

permanent contracts. For instance, Food Preparation and Serving is not prone to

remote working, and almost half of the contracts are temporary. By contrast, Man-

agement Occupations are easy to perform in homeworking, and have less than 10%

of temporary workers. Therefore, more-at-risk jobs were likely to be performed by

temporaryworkers whowere thusmore likely to dismissed. This suggests that even

in sectors thatwere not particularly hit by the crisis, or did not rely a lot on furlough,

temporary workers may have been dismissed because of the nature of their occu-

pations. This shows that temporary workers are also hurt by an occupation effect.

This evidence is in line with Bonacini et al. (2021), who show that the possibility of

remote working in Italy exacerbates pre-existing inequalities.
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7 Conclusion

In the beginning of 2020, the Coronavirus pandemic hit the world economy, and

rapidly turned into the biggest shock since the Second World War. Compared with

the financial and sovereign debt crisis of 2008–2012, the pandemic hit a structurally

different labour market, with a much higher share of temporary employment, and,

moreover, was met with massive public spending aimed at the protecting the so-

called matching capital between workers and firms

In this paper, we analyse the effects of the crisis on unemployment in a country

characterised by a high degree of duality in the labourmarket, using administrative

data from Instituto do Emprego e Formação Profissional, that covers the universe

of unemployed individuals registered at job centers from October 2016 to August

2020.We complement it with several other data sources, including the Labour Force

Survey, pre-shock linked employer-employee data, electronic payments data, and

Google mobility reports. Using event study difference-in-differences, we rely on

the assumption that, in the absence of the Covid-19 outbreak, the monthly year-on-

year change between March/August 2020 and March/August 2019 would have been

parallel to a weighted geometric mean of the year-on-year change of the previous

3 years.

We document a large causal impact of the pandemic on registered unemploy-

ment,with YoY growth rate increases from27 percentage points inApril up to 39 and

38 percentage points in June and July, respectively. New job placements were also

severely affected, i.e. the YoY growth rates were below pre-crisis levels fromMarch

to August, with a negative peak of 63 percentage points in April. These impacts are

lower bounds, since the labour-market policies enacted in the first weeks of the

crisis aimed at mitigating the severity of the repercussions.

We argue that this effect is mediated by the duality of the labour market. On

the one hand, we show the prevalence of the termination of temporary contracts

in the transitions into unemployment and document the destruction of temporary

contracts using data from the Labour Force Survey. We then exploit municipal het-

erogeneity in the share of temporary contracts as a measure of the intensity of the

duality of the local markets. We show that the effect of the crisis on unemployment

is amplified by the share of temporary jobs.

On the other hand, we show that the impact on unemployment is more pro-

nounced for the demographic groups that are more likely to have temporary jobs.

More precisely, we show that, when compared to individuals who are older than

54, those younger than 25 and between 25 and 34 have an additional impact of

20.8% and 25.8%, respectively. In terms of education, the bulk of the effect is con-

centrated in individualswith lower and upper secondary education (additional 15%

and 17.5%, respectively vis-à-vis those with higher education). We find no evidence
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of gender differences on registered unemployed, but women are more affected in

terms of new job placements, with an additional decline of 17.5%, when compared

to men. Finally, we show that these asymmetries are stronger in the municipalities

with a higher share of temporary contracts, i.e. the crisis is more unequal in more

dual labour markets.

We combine several data sources to present suggestive evidence that these

results are driven by a combination of mechanisms. The first is the mechanical

effect of furlough policies that prohibit dismissals ofworkers, thus creating an extra

layer of protection for permanent workers, exacerbating the dual nature of the

labour market. Indeed, we show that the share of workers in furlough is positively

correlated with the share of temporary workers at the sectorial level. The second

is a sectorial effect, according to which temporary workers are more prevalent in

the sectors that were the most hit by the crisis, as measured by the contraction in

electronic transactions with foreign and domestic cards. The third is an occupa-

tion effect, since occupations of temporary workers are less likely to be amenable

to working-from-home arrangements.

Furlough policies maintain the matching capital between firms and workers

in the short run, but longer periods of support can be problematic because they

lock-in production factors in zombie firms. Whether the matching capital of per-

manent workers is more valuable than that of temporary ones is an open policy

question. Nevertheless, furlough policies have supported a total of 1.2 millionwork-

ers at the peak of the crisis, whereas unemployment never surpassed 400 thousand

individuals, according to Statistics Portugal. This suggests that the policy mix was

sub-optimal in the short-run, as the protection of permanent workers through fur-

lough exacerbated the duality of the market.
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Appendix A: Derivation of the Impacts

Departing from Eq. (1), we can write the coefficients 𝛽m as an estimate of a function

of growth rates:

ln

(
3

√
1+ g20,19m

1+ g20,19
2

1+ g20,18m

1+ g20,18
2

1+ g20,17m

1+ g20,17
2

)

where g20,19m , g20,18m and g20,17m represent the YoY growth rate of the outcome variable

in month m, where m ∈ {3,… , 8}, from 2019, 2018 and 2017 to 2020, respectively.

This expression can be further simplified to:

ln

⎛⎜⎜⎜⎜⎝
1+ g20,19m

1+ g20,19
2

3

√√√√√√√
(
1+ g19,18m

)2
(
1+ g19,18

2

)2 1+ g18,17m

1+ g18,17
2

⎞⎟⎟⎟⎟⎠
(5)

with g19,18m representing the YoY growth rate of monthm from 2018 to 2019 and g18,17m

representing the YoY growth rate from 2017 to 2018. As such, to estimate the effect

of the pandemic crisis on the gross YoY growth rates
1+g20,19m

1+g20,19
2

, we can compute:

𝜗m = Exp(𝛽m) × 3

√√√√√√√
(
1+ g19,18

2

)2
(
1+ g19,18m

)2 1+ g18,17
2

1+ g18,17m

Hence, we use the growth rates observed in the data to correct for any possible

seasonal differences between the YoY growth rates of each monthm and February.

Finally, we estimate the net YoY growth rates by computing
(
1+ g20,19

2

)
(𝜗m − 1),

with which we obtain the net impact of the crisis on the outcome variables in

percentage points.

Appendix B: Additional Tables
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Table B.2: NUTS II: magnitudes.

Dep. var.: Log of unemployment

Norte Centro Lisboa VT Alentejo Algarve

P.E. Eff. (p.p.) P. E. Eff. (p.p.) P.E. Eff. (p.p.) P.E. Eff. (p.p.) P.E. Eff. (p.p.)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Mar-20 0.079 6.77 0.099 9.24 0.126 11.88 0.126 14.18 0.284 33.22

(0.75) (0.9) (0.98) (0.99) (6.9)

Apr-20 0.210 19.15 0.206 19.39 0.323 35.03 0.257 27.88 0.683 101.17

(1.99) (1.93) (2.51) (1.99) (9.46)

May-20 0.284 27.18 0.274 27.25 0.413 46.09 0.330 35.57 0.963 166.11

(2.59) (2.48) (3.16) (2.5) (11.02)

Jun-20 0.300 27.03 0.287 27.01 0.442 49.01 0.371 39.22 1.042 186.71

(2.7) (2.56) (3.43) (2.85) (10.97)

Jul-20 0.305 28.04 0.292 28.64 0.462 50.06 0.325 31.27 0.994 179.54

(2.74) (2.59) (3.66) (2.57) (11.26)

Aug-20 0.296 26.71 0.280 25.62 0.448 46.50 0.322 30.92 0.889 146.78

(2.78) (2.64) (3.71) (2.72) (12.12)

t-statistics in parenthesis. Point estimates are the coefficients 𝛽m from (1). The effect is given by(
1+ g20,19

2

)
(𝜗m − 1). Please refer to Appendix A for more information.

Table B.3:Motives for registration: magnitudes.

Dep. var.: Log of new unemployment

Dismissed from Voluntarily quit Mutual agreement

previous job previous job dismissal

P.E. Eff. (p.p.) P.E. Eff. (p.p.) P.E. Eff. (p.p.)

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

Mar-20 0.654 112.52 −0.126 −6.10 −0.004 3.99

(9.45) (−3.85) (−0.07)
Apr-20 1.145 215.70 −0.031 −6.37 0.179 26.08

(22.62) (-0.57) (4.98)

May-20 0.513 72.80 −0.324 −23.31 −0.062 −10.59
(9.4) (−8.94) (−1.49)

Jun-20 0.322 55.72 −0.147 0.53 −0.110 −7.79
(4.49) (−3.57) (−2.62)

Jul-20 0.301 33.27 −0.125 −14.68 −0.080 −8.96
(8.68) (−1.71) (−1.08)

Aug-20 0.296 40.17 −0.148 −6.25 −0.002 −2.55
(5.24) (−2.66) (−0.03)
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Table B.3: (continued).

Dep. var.: Log of new unemployment

End of temporary job Former inactive worker Self-employed

P.E. Eff. (p.p.) P.E. Eff. (p.p.) P.E. Eff. (p.p.)

() () () () () ()

Mar-20 0.424 69.58 −0.424 −25.97 0.078 24.58

(8.73) (−3.41) (0.59)

Apr-20 0.675 87.26 −0.932 −53.48 0.392 50.53

(13.14) (−13.89) (1.94)

May-20 0.455 58.00 −0.462 −29.07 0.148 18.40

(12.34) (−5.22) (0.91)

Jun-20 0.274 36.88 −0.136 −2.25 0.199 37.38

(5.03) (−1.52) (1.79)

Jul-20 0.220 19.64 −0.131 −16.53 0.067 11.82

(3.37) (−1.96) (0.42)

Aug-20 0.186 22.94 0.065 13.40 0.165 27.36

(3.19) (0.65) (1.17)

t-statistics in parenthesis. Point estimates are the coefficients 𝛽m from (1). The effect is given by(
1+ g20,19

2

)
(𝜗m − 1). Please refer to Appendix A for more information.

Table B.4:Means tests of coefficient equality, age.

25–34 35–54 >55

<25 4.44 17.28 33.78

(0.04) (0.00) (0.00)

25–34 – 8.81 26.05

(0.00) (0.00)

35–54 – – 22.03

(0.00)

𝜒2 statistics. Probability> 𝜒2 in parenthesis.
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Table B.5:Means tests of coefficient equality, education level.

Basic Lower sec. Upper sec. Higher

Primary or less 1.98 14.77 9.67 0.12

(0.16) (0.00) (0.00) (0.73)

Basic – 9.38 3.56 0.39

(0.00) (0.06) (0.53)

Lower sec. – – 1.40 5.19

(0.24) (0.02)

Upper sec. – – – 3.53

(0.06)

𝜒2 statistics. Probability> 𝜒2 in parenthesis.

Table B.6: Share of temporary contracts and the Covid-19 crisis (sub-sample

excluding the municipalities in the top quartile of the distribution of tourist

overnight stays).

Dep. var.: Log of unemployment

(1)

𝟙m≥3 × 𝟙T × tempi 0.962
∗∗

(0.29)

Number of obs. 9152

R-squared 0.980

Standard errors (in parenthesis) are clustered at NUTS II and time period

(month, year) level. Significance levels:
∗
p< 0.10,

∗∗
p< 0.05,

∗∗∗
p< 0.01.
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Table B.7: Share of temporary contracts and the Covid-19 crisis (sub-sample excluding the

municipalities in the top quartile of the distribution of tourist overnight stays).

Dep. var.: Log of unemployment

Dimension: Gender Age

Male Female <25 25–34 35–54 >55

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

𝟙m≥3 × 𝟙T × tempi 1.036
∗∗

0.906
∗

1.429
∗

1.107
∗∗

0.922
∗∗

0.608
∗

(0.26) (0.36) (0.56) (0.34) (0.25) (0.23)

Number of obs. 9152 9152 9152 9152 9152 9152

R-squared 0.973 0.980 0.946 0.965 0.974 0.985

Dimension: Education

Primary or less Basic Lower sec. Upper sec. Higher

(7) (8) (9) (10) (11)

𝟙m≥3 × 𝟙T × tempi 0.703
∗

0.767
∗∗

1.080
∗∗

1.151
∗∗

0.873
∗

(0.29) (0.25) (0.28) (0.33) (0.37)

Number of obs. 9152 9152 9152 9152 9152

R-squared 0.971 0.965 0.968 0.974 0.970

Standard errors (in parenthesis) are clustered at NUTS II and time period

(month, year) level. Significance levels: ∗p< 0.10,
∗∗
p< 0.05,

∗∗∗
p< 0.01.

Table B.8: Activity sectors (NACE, sections).

Code Sector

A Agriculture, forestry and fishing

B Mining and quarrying

C Manufacturing

D Electricity, gas, steam and air-conditioning supply

E Water supply, sewerage, waste management and remediation

F Construction

G Wholesale and retail trade, repair of motor vehicles and motorcycles

H Transportation and storage

I Accommodation and food service activities

J Audiovisual, broadcasting and telecommunications

K Financial and insurance activities

L Real estate activities
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Table B.8: (continued).

Code Sector

M Consulting, technical and scientific activities

N Administrative and support service activities

O Public administration and defence, compulsory social security

P Education

Q Healthcare, residential care and social work activities

R Arts, entertainment and recreation

S Other services

T Activities of households as employers, undifferentiated goods- and services-producing

activities of households for own use

U Activities of extra-territorial organizations and bodies.

Table B.9: Occupations’ classification (ISCO, Level 2).

Code Sector

11 Management occupations

13 Business and financial operations occupations

15 Computer and mathematical occupations

17 Architecture and engineering occupations

19 Life, physical, and social science occupations

21 Community and social service occupations

23 Legal occupations

25 Education, training, and library occupations

27 Arts, design, entertainment, sports, and media occupations

29 Healthcare practitioners and technical occupations

31 Healthcare support occupations

33 Protective service occupations

35 Food preparation and serving related occupations

37 Building and grounds cleaning and maintenance occupations

39 Personal care and service occupations

41 Sales and related occupations

43 Office and administrative support occupations

45 Farming, fishing, and forestry occupations

47 Construction and extraction occupations

49 Installation, maintenance, and repair occupations

51 Production occupations

53 Transportation and material moving occupations
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Appendix C: Additional Figures
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Figure C.1: Total number

of firms and workers under

the furlough scheme. Source:

GEP/MTSSS.
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Figure C.2: Google Mobility Index: Time Series. The figure plots the time series of the Google Mobility

Index, from its mobility reports, for the six available categories. Google computes this indicator taking

the median value of the mobility between January 3 and February 6, 2020, as the reference period.

The figure is borrowed from Carvalho et al. (2022).
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(a) (b)

(c) (d)

Figure C.3: Identification strategy, unemployment and new job placements by gender. Time-series of

Log of average unemployment and new job placements, by gender. The blue line represents the

period between October 2019 and August 2020 (the treatment group), of which October 2019 to

January 2020 correspond to the pre-treatment period, and March 2020 to August 2020 correspond to

the treatment period. The remaining lines represent the control group, i.e. the same series lagged

one (Oct. 2018–Aug. 2019), two (Oct. 2017–Aug. 2018) and three (Oct. 2016–Aug. 2017) years.
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Figure C.4: Identification strategy, unemployment by age. Time-series of Log of average

unemployment, by age. The blue line represents the period between October 2019 and August 2020

(the treatment group), of which October 2019 to January 2020 correspond to the pre-treatment

period, and March 2020 to August 2020 correspond to the treatment period. The remaining lines

represent the control group, i.e. the same series lagged one (Oct. 2018–Aug. 2019), two (Oct.

2017–Aug. 2018) and three (Oct. 2016–Aug. 2017) years.
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Figure C.5: Identification strategy, unemployment by education. Time-series of Log of average

unemployment, by education level. The blue line represents the period between October 2019 and

August 2020 (the treatment group), of which October 2019 to January 2020 correspond to the

pre-treatment period, and March 2020 to August 2020 correspond to the treatment period. The

remaining lines represent the control group, i.e. the same series lagged one (Oct. 2018 Aug. 2019),

two (Oct. 2017–Aug. 2018) and three (Oct. 2016–Aug. 2017) years.
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Figure C.6: Event study aggregate effects: different fixed effects.
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Figure C.7: Event study aggregate effects: unemployment by NUTS II region. Standard errors are

clustered at the municipality (instead of NUTS II) and time period level.
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