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ABSTRACT

IZA DP No. 14519 JUNE 2021

How Did the COVID-19 Crisis Affect 
Different Types of Workers in the 
Developing World?*

This paper investigates the impacts of the economic shock caused by the COVID-19 

pandemic on the employment of different types of workers in developing countries. 

Employment outcomes are taken from a set of high-frequency phone surveys conducted 

by the World Bank and National Statistics Offices in 40 countries. Larger shares of female, 

young, less educated, and urban workers stopped working. Gender gaps in work stoppage 

were particularly pronounced and stemmed mainly from differences within sectors rather 

than differential employment patterns across sectors. Differences in work stoppage 

between urban and rural workers were markedly smaller than those across gender, age, 

and education groups. Preliminary results from 10 countries suggest that following the 

initial shock at the start of the pandemic, employment rates partially recovered between 

April and August, with greater gains for those groups that had borne the brunt of the early 

jobs losses. Although the high-frequency phone surveys greatly over-represent household 

heads and therefore overestimate employment rates, case studies in five countries suggest 

that they provide a reasonably accurate measure of disparities in employment levels by 

gender, education, and urban/rural location following the onset of the crisis, although 

they perform less well in capturing disparities between age groups. These results shed new 

light on the labor market consequences of the COVID-19 crisis in developing countries, 

and suggest that real-time phone surveys, despite their lack of representativeness, are a 

valuable source of information to measure differential employment impacts across groups 

during a crisis. 
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1. Introduction  
The 2020-21 COVID-19 crisis represented an unprecedented and massive shock to labor markets 

worldwide. Yet there is very little systematic documented evidence about the crisis’s impact on 

different types of workers in developing countries. Empirical evidence from developed countries 

suggests that traditionally disadvantaged workers in the labor market were disproportionately 

affected by the pandemic (Lee et al., 2021; Fairlie et al., 2020). These studies document that 

inequality has been exacerbated by utilizing a variety of data sources to explore the labor market 

impacts of the pandemic, such as government administrative data, real-time surveys, and 

information from social media. Much less is known about the impacts of the shock on workers in 

developing countries, since the pandemic disrupted traditional data collection systems in many of 

these countries and alternative data sources are rarely available.  

This study draws on information from a set of High Frequency Phone Surveys (HFPS), collected 

and harmonized by the World Bank for 40 countries, to explore which types of workers in 

developing countries were hit hardest by the labor market impacts of COVID-19. A companion 

paper to the current analysis by Khamis et al. (2021) already quantifies the massive early adverse 

labor market impacts of COVID-19 in developing countries using the HFPS data. This paper 

focuses on the distributional implications of the crisis, in order to shed light on the extent to which 

the crisis is exacerbating traditional disparities and the potential need for policy interventions.  

The HFPS have the virtue of collecting data widely and fast. However, they are potentially subject 

to sampling and selection biases that are crucial to consider carefully. The HFPS can provide a 

biased picture of employment changes during the COVID-19 pandemic for two reasons. First, only 

households where at least one member had a phone, access to electricity, and were willing to 

participate in the survey were interviewed. This will lead to bias if people who were not 

represented in the sample experienced systematically different labor market outcomes than those 

who were represented. Second, in many countries the samples overrepresent household heads and 

underrepresent children and other non-spouse household members, affecting the 

representativeness of the survey at the individual level in the selection of the sample and providing 

a biased picture of labor market outcomes. Phone surveys drawn from an existing sample were 

more likely to overrepresent the household head than phone surveys that used a different sampling 

approach (mostly Random Digit Dialing), because the recontact information was captured only or 
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mainly for the head of household. In addition, the household head was also interviewed in contexts 

where it was difficult to contact other household members without the head’s authorization, in 

order to reduce non-response. Finally, some surveys elected to collect information on the head 

under the assumption that they are the main income earner in the household.   

In 19 of the 40 countries included in this study, the sample was drawn from a previous survey. In 

these cases, household weights were constructed by World Bank country teams in conjunction 

with national statistics offices, often by using information from prior surveys on phone ownership 

and other household characteristics. Evidence from four African countries suggests that this 

reweighting procedure was highly effective at reducing bias among sample households (Ambel et 

al, 2021). In contrast, the second source of bias, individual sampling bias, was not addressed by 

the teams producing the data. Evidence from the same four African countries indicates that this 

leads to overrepresentation of heads, as well as respondents who were older, more educated, and 

own a household enterprise. Furthermore, there is evidence that reweighting using an individual-

level model is only partially able to address the sample selection bias that arises from the non-

random selection of individuals (Brubaker et al, 2021).  

While the main objective of the paper is to document differential employment impacts of the 

COVID-19 pandemic across groups, it is important to test the extent to which sample selection 

bias may affect comparisons of individual labor market outcomes to be confident in the results. 

We examine the role of sample selection bias in two ways. First, in an exercise similar to that 

carried out by Brubaker et al (2021), we reweight observations in the HFPS based on individual 

characteristics to match nationally representative microdata collected prior to the pandemic. 

Second, we evaluate the performance of standard estimates that use the household weights 

calculated by the World Bank teams, as well as the reweighted estimates based on individual 

characteristics, in five countries. These five countries are unusual because they collected survey 

data during the pandemic that contains information on the labor market outcomes of all household 

members, which provides a natural benchmark for evaluating the extent of the individual sampling 

bias in the HFPS data.    

This paper has five key findings:  
1. Unlike previous recessions, female workers were substantially more likely than men to 

stop working in the initial phase of the crisis between April and June. When taking a 
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simple average across countries, women were 8 percentage points more likely than men 

to stop working in the initial phase of the crisis, and gender disparities were larger than 

those by age (with a 4 percentage point gap between youth and older workers), education 

(with a 4 percentage point gap between low and high educated workers), and locality 

(with a 3 percentage point gap between urban and rural workers).  
2. The gender differences in work stoppage were mostly due to within-sector differences, as 

sectoral employment patterns contributed only about 7 percent to the observed gender 

differential in work stoppage.   
3. For those who remained employed, changes in sectoral employment and employment 

type were generally similar for all groups except for age. Wage employment fell 8 percent 

for youth as opposed to 2 percent for adults. Besides that, there were no marked 

differentials in either the change in wage employment or sectoral employment patterns.   
4. Between April and August, employment increased in the 10 countries for which data are 

available but remained moderately below pre-crisis levels. Employment gains during this 

time were larger for the groups that experienced the greatest initial job losses, meaning 

that female, less educated, young, and to a lesser extent urban workers experienced 

disproportionate employment gains. As a result, between the pre-crisis period and August, 

net falls in employment were larger for adults than youth and in five countries, similar for 

better-educated and less well-educated workers. Female and urban residents, however, 

experienced larger overall net employment reductions than their male and rural 

counterparts. Because of limitations in the data, it is difficult to know if the jobs gained 

were of similar quality to those lost.   

5. The phone surveys have proven to be a quick and efficient source of data in the middle 

of the pandemic. They suffer from different types of bias, which leads them to 

overestimate employment rates relative to the full population. However, evidence from 

five countries suggests that this bias is of similar magnitude across gender, education, and 

urban/rural groups, meaning that the phone surveys give an accurate picture of group 

disparities in employment rates following the onset of the crisis. Furthermore, for two 

countries in which data are available both directly before and after the onset of the 
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pandemic, the phone surveys generally provide accurate measures of group disparities in 

employment changes measured in absolute terms.    

Overall, the results confirm the vulnerability of female and less educated workers to the crisis. 

They also strongly suggest that HFPS, despite their skewed composition and potential biases, are 

a valuable tool for monitoring real-time disparities across gender, education, and urban/rural 

location during the crisis. Disparities between youth and adult employment rates from these phone 

surveys, however, are less likely to be accurate and should be interpreted with a degree of caution.    

This paper is organized as follows. Section 2 describes the structure of the data. Section 3 presents 

the initial impacts of the pandemic shock on different types of workers. Section 4 documents how 

different types of workers fared after the initial COVID-19 pandemic. Section 5 details several 

robustness checks, including distinguishing results by the type of sampling frame, reweighting the 

HFPS, corroborating the key HFPS results with ILO data, and the exercise to compare the HFPS 

data with household surveys in five countries that collected employment data for all household 

members. Finally, section 6 offers concluding remarks. 
 2. Data  
The main data source for this paper is the March 2021 vintage of the harmonized HFPS data.1 The 

data cover 40 countries in 5 regions. Specifically, the HFPS cover 13 countries in the Sub-Saharan 

Africa region (SSA), 12 countries in the Latin American and Caribbean region (LAC), 9 countries 

in the East Asia and Pacific (EAP) region, 5 countries in the Europe and Central Asia region 

(ECA), and one country in the Middle East and North Africa (MNA) region.2 We use the first 

wave of the data (collected between April and August 2020) to study the initial impacts of the 

crisis and subsequent waves to explore its evolution by comparing data collected in April or May 

with information gathered in August.3  
1 Except for section 4, where we use the April 2021 vintage.  
2 Microdata from the MNA region are generally not available for analysis by World Bank staff, due to agreements the 

country teams made with respective National Statistics Offices over data access.   
3 There is a lag of six to nine months between when the data are collected and when they are available for analysis. 

This accounts for the time needed to process the data, obtain clearance for its release, harmonize the data to a common 

format, and check its quality. Different countries obtain data in different months. We selected August as a cut-off 

month for the analysis to balance the competing desires for greater country coverage and more recent data.  
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To measure the initial impacts of the COVID-19 pandemic, we rely on the following questions in 

the harmonized HFPS data. First, we explore whether workers stopped working since the start of 

the pandemic using information on pre-pandemic employment (“Was the respondent working 

before the pandemic?”) and current employment (“Did the respondent work in the last week?”). 

Outside LAC, the HFPS did not ask about pre-pandemic employment for people employed at the 

time of the survey. We therefore cannot observe those who only started working since the onset of 

the pandemic. We deal with this data limitation by assuming that nobody entered work since the 

crisis and dividing the number of persons who stopped working by the sum of the number of 

persons who stopped working and the number of persons employed at the moment of the survey. 

Data from LAC show that this assumption has a minor effect on the estimated share that stopped 

working, because few people began working after the pandemic (Khamis et al, 2021). Second, we 

use information on pre-pandemic and current sector of employment to analyze patterns of sectoral 

changes after the onset of the pandemic. We classify sectors into four groups: 1) agriculture and 

mining, 2) industry, 3) public administration, and 4) other services.4 Third, we examine changes 

in the type of employment, using information on whether workers were in self- or wage-

employment both before and after the beginning of the pandemic based on workers’ recall of their 

employment type before the pandemic.5 Finally, we analyze a variable that asked whether total 

household income increased, stayed the same, declined or whether no household income was 

received since the start of the pandemic. To measure the evolution of employment during the 

pandemic, we rely mainly on whether respondents reported that they are currently working.   

The data include people 18 years of age and older. We group them according to sex (women and 

men), age (young workers defined as those between 18 and 24 years old), level of education (low 

level of education defined as primary education or less), and location (urban and rural areas). 
The HFPS used three different sampling strategies, which has important implications for the 

surveys’ representativeness of the countries’ population. (a) Random Digit Dialing (RDD), (b) 

sampling phone numbers based on a pre-existing list, and (c) interviewing a subset of respondents 

(mostly heads) from a previous in-person survey. A pure RDD strategy, where phone numbers  
4 Primary sector includes agriculture, hunting, fishing, and mining. Industry includes manufacturing and construction. 

Other services include public utility services, commerce, transport and communication, financial and businesses 

services and other services. 
5 Wage employment includes employees and seasonal/temporary workers. Self-employment includes self-employed 

workers and family business. 



 

8  

were dialed at random, was applied in 16 of the 40 countries, mostly in the LAC region. The 

process ensured coverage of all landline and cell phone numbers active at the time of the survey, 

meaning that the RDD survey estimates are representative of persons 18 years of age or above who 

have an active cell phone number or a landline at home. For these RDD surveys, household and 

individual weights were constructed, separately for the landline and cell-phone samples, based on 

inclusion probabilities.6 Eight other countries randomly sampled phone numbers from a non-

survey list.7 Meanwhile, 16 other countries used a sampling frame based on a previous survey.8 

Among them, most surveys sought to interview household heads.  

For all sampling strategies, population groups with more limited mobile phone coverage are 

underrepresented. In addition, for those surveys that sampled from a previous survey and 

intentionally prioritized household heads, there is the additional issue of oversampling household 

heads and spouses, which makes the surveys highly non-representative at the individual level. The 

results in this paper, presented in section 5, show that collecting data mainly from household heads 

produces greater bias for age comparisons of employment trends than for comparisons by gender, 

education level or urban vs. rural. 

To address the first issue (i.e., the non-random selection of households) country teams that fielded 

the HFPS generated household sampling weights that seek to correct for the non-random selection 

of households. We use these weights in all our analyses. The second issue (i.e., the non-random 

selection of individuals within households) poses a more difficult challenge. Sections 5 and 6 

utilize a range of different reweighting and validation approaches to deal with this second possible 

source of sampling bias. 

   
6 Further information is available in the technical note at the World Bank Covid-19 high frequency survey dashboard.  
7 These eight countries are: Croatia, Papua New Guinea, Myanmar, Romania, Solomon Islands, St. Lucia, Sudan, and 

Zambia. 
8 These 16 countries are: Burkina Faso, Cambodia, Djibouti, Ethiopia, Ghana, Indonesia, Kenya, Madagascar, Malawi, 

Mali, Mongolia, Nigeria, Uganda, Uzbekistan, Vietnam, and Zimbabwe.   
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Box 1: Sample and methodology 

This study includes information for 40 countries, listed below. Throughout the analysis, we 

calculate statistics for each individual country using the household weights constructed by the 

World Bank and national statistics offices. The cross-country averages are calculated as simple 

averages between the 40 country-level values unless otherwise noted. The table below presents 

the sample size for each country and averages for main variables. While the disaggregation by 

gender or age is available in all countries, information on educational level or location is missing 

in some of them. Similarly, information on work stoppage is available in all countries, but data 

on employment type or employment sector is missing in some of them. Appendix 1 provides 

details on sample size and data availability by months. 

Countries included in the analysis, sample sizes and average of main variables 

 
Note: Table prepared using Wave 1 of the HFPS. 

Obs. Women Young
Low 

education
Urban Stop work

Wage 

employme

nt

Primary 

sector

Industry 

sector

Services 

sector

Public 

adm. 

sector

Bolivia 1,946 0.22 0.03 n.a 0.72 0.11 0.23 0.39 0.06 0.50 0.05

Bulgaria 1,510 0.52 0.08 0.01 0.74 0.19 n.a. n.a. n.a. n.a. n.a.

Burkina Faso 1,071 0.50 0.18 0.14 0.75 0.69 0.49 0.09 0.10 0.76 0.05

Cambodia 599 0.40 0.18 0.11 n.a. 0.37 n.a. n.a. n.a. n.a. n.a.

Central African Rep. 997 0.51 0.09 0.13 0.80 0.31 0.78 0.10 0.10 0.75 0.05

Chile 998 0.52 0.14 0.26 0.72 0.52 0.58 0.06 0.13 0.77 0.04

Colombia 796 0.50 0.17 0.52 0.53 0.36 0.64 0.11 0.13 0.72 0.04

Costa Rica 1,453 0.47 0.11 n.a. n.a. 0.26 0.35 n.a. n.a. n.a. n.a.

Croatia 806 0.51 0.16 0.37 0.81 0.52 0.65 0.05 0.09 0.81 0.05

Djibouti 1,226 0.52 0.15 0.31 0.62 0.51 0.55 0.14 0.13 0.66 0.07

Dom. Rep. 3,188 0.37 0.12 n.a. 0.70 0.17 0.45 0.32 0.12 0.33 0.22

Ecuador 3,250 0.32 0.03 0.30 0.60 0.28 n.a. 0.11 0.07 0.81 0.01

El Salvador 802 0.53 0.20 0.21 n.a. 0.43 0.52 0.14 0.07 0.75 0.04

Ethiopia 803 0.52 0.19 0.36 n.a. 0.52 0.51 0.20 0.11 0.66 0.03

Ghana 1,500 0.65 0.03 0.11 0.63 0.27 n.a. n.a. n.a. n.a. n.a.

Guatemala 4,296 0.34 0.04 0.28 0.63 0.22 0.49 0.30 0.15 0.45 0.09

Honduras 5,387 0.49 0.14 0.50 0.49 0.08 n.a. n.a. n.a. n.a. n.a.

Indonesia 693 0.48 0.04 n.a. 0.32 0.14 0.28 0.40 0.14 0.43 0.03

Kenya 2,500 0.40 0.18 0.24 0.36 0.13 0.49 0.27 0.06 0.51 0.17

Laos 1,092 0.47 0.02 n.a. 0.71 0.40 0.59 0.19 0.15 0.59 0.07

Madagascar 987 0.35 0.08 0.36 0.71 0.10 0.08 0.30 0.12 0.51 0.08

Malawi 1,718 0.10 0.02 n.a. 0.69 0.29 n.a. n.a. n.a. n.a. n.a.

Mali 1,500 0.42 0.10 0.44 0.31 0.58 n.a. n.a. n.a. n.a. n.a.

Mongolia 1,327 0.65 0.02 0.08 0.52 0.18 0.52 0.36 0.08 0.46 0.10

Myanmar 1,722 0.37 0.11 0.54 0.36 0.13 0.34 0.37 0.08 0.55 0.00

Nigeria 1,941 0.27 0.05 n.a. 0.39 0.50 0.21 0.50 0.05 0.42 0.03

Papua New Guinea 996 0.50 0.16 0.11 0.76 0.59 0.54 0.09 0.08 0.77 0.06

Paraguay 9,303 0.64 0.15 0.08 0.80 0.26 n.a. n.a. n.a. n.a. n.a.

Peru 3,114 0.30 0.25 0.38 0.50 0.18 n.a. 0.31 0.06 0.60 0.03

Philippines 1,531 0.51 0.10 0.06 0.62 0.22 0.76 0.07 0.20 0.52 0.21

Poland 715 0.50 0.17 0.24 0.74 0.43 0.54 0.11 0.08 0.74 0.07

Romania 1,512 0.65 0.05 0.03 0.58 0.25 n.a. 0.06 0.12 0.49 0.33

Solomon Islands 2,665 0.39 0.26 0.21 0.68 0.20 n.a. 0.18 0.11 0.65 0.06

South Sudan 802 0.54 0.19 0.30 n.a. 0.56 0.66 0.09 0.11 0.74 0.06

St Lucia 1,213 0.34 0.30 0.46 0.75 0.39 0.35 0.26 0.09 0.63 0.02

Uganda 2,127 0.48 0.05 0.65 0.26 0.17 n.a. 0.68 0.07 0.24 0.01

Uzbekistan 1,531 0.55 0.04 n.a. 0.23 0.50 0.90 n.a. n.a. n.a. n.a.

Vietnam 6,176 0.46 0.02 n.a. 0.29 0.03 0.37 0.35 0.20 0.38 0.07

Zambia 1,576 0.44 0.31 0.06 0.64 0.26 n.a. 0.18 0.05 0.74 0.03

Zimbabwe 1,727 0.51 0.05 n.a. 0.27 0.20 0.34 0.60 0.06 0.32 0.02
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3. Initial impacts of the pandemic shock by worker type  
To better understand which types of workers in developing countries were hit hardest by the labor 

market impacts of COVID-19, this section explores three questions: 1) How did the COVID-19 

pandemic affect different segments of the labor force (in terms of employment and other labor 

outcomes), 2) what was  the magnitude of these differences by gender relative to age, education, 

and location, and 3) what were the drivers of heterogenous impacts between men and women?  

The first wave of the HFPS data contains information on initial impacts, from April to August 

2020, of the crisis on employment for different socio-demographic groups defined by gender, age, 

education level, and location. In particular, the first wave collected retrospective information on 

the fraction of persons who stopped working since the start of the pandemic, and the share of 

workers who changed their employment type (wage employee versus self-employed) or sector of 

employment. This information sheds light on which groups were hit hardest by the COVID-19 

pandemic, in terms of work stoppage, employment type or employment sector changes, by making 

comparisons within groups (e.g., men vs. women) and across groups (e.g., groups defined by sex 

vs. groups defined by education). 

 

3.1 Employment indicators 

The HFPS data show that women, youth, less educated, and urban workers bore the brunt of the 

burden from work stoppage, but with the urban vs. rural differences being smaller than the other 

disparities. As shown in Table 1, women were 8 percentage points more likely than men to stop 

working in the initial phase of the crisis, and gender disparities were larger than those by age (with 

a 4 percentage point gap between young workers and other adult workers), education (with a 4 

percentage point gap between low and high educated workers), and locality (with a 3 percentage 

point gap between urban and rural workers). Table 2 further disaggregates the large gaps across 

gender and age groups, to explore the possible intersectionality of multiple labor market 

disadvantages.9 In absolute terms, the gender gap was similar for youth and older workers, less 

and better educated workers, and urban and rural workers. The age gap, however, was larger  
9 Other studies have shown that the intersection of gender with other characteristics of disadvantageous status can 

confer cumulative disadvantages (e.g. Taş et al, 2014). 
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among the highly educated and in rural areas. Overall, these results do not suggest significant 

intersectionality, if anything young workers (who suffered disproportionate job losses during the 

initial phase of the crisis) fared relatively better in urban areas, despite the fact that the urban areas 

in general were hit harder than rural areas. 

Further disaggregating these results by region shows that the largest gender gaps in work stoppage 

were observed in LAC, with a whopping 16 percentage point gap in the rates at which male and 

female workers stopped working (Table 3). Conversely, the most pronounced age and education 

gaps were observed in ECA and the disparity in work stoppage between urban and rural areas was 

greater in SSA than in other regions. Grouping countries by income level, the largest gender gap 

in work stoppage was observed in upper-middle income countries, age and education gaps were 

larger high-income countries, while the disparity between urban and rural workers was greater in 

low-income countries (Table 4). Figures A1 to A4 in Appendix 1 present the shares of work 

stoppage for the different groups at the country level. 

The evidence shows that the most vulnerable groups to the pandemic macroeconomic shock in the 

labor markets were primarily women, youth and the less educated. These workers were the most 

disadvantaged from the point of view of being exposed to work stoppage due to the COVID-19 

lockdowns and other measures that induced turbulence in economics activity leading many 

businesses to shrink or shutdown and therefore reduce employment.  

 

Table 1. Net employment changes and gross flows by groups, simple averages 

 
Source: Authors’ calculations based on the HFPS. 

Note: The table present statistics using Wave 1 of the HFPS.  
  

(40 countries) (40 countries) (40 countries) (40 countries) (17 countries)

Women 71% 48% -34% 36% 8%

Men 85% 62% -27% 28% 21%

Young 71% 48% -33% 35% 15%

Adults 80% 56% -30% 31% 11%

Low educated 76% 49% -36% 37% 10%

High educated 81% 56% -31% 33% 13%

Urban 80% 56% -30% 31% 9%

Rural 78% 58% -26% 28% 16%

Pre-pandemic 

employment

Current 

employment

% change in 

employed people

Rate of work 

stoppage

Rate of work 

starting
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Table 2. Rate of work stoppage by interactions between groups  
Source: Authors’ calculations based on the HFPS. 

Note: The table present statistics using Wave 1 of the HFPS.  
Overall, these results are consistent with other studies showing that the groups traditionally 

disadvantaged in the labor market were hit hardest by the crisis, at least during its initial phase.10 

Lee et al. (2021) show that in the United States, the initial negative impacts of the pandemic were 

larger for women, minorities, less educated and young workers. Similarly, the COVID-19 crisis 

disproportionately affected women, young and contingent workers in Japan (Kikuchi et al. 2021). 

Dang and Nguyen (2021) use data from China and five OECD countries to show that women were 

significantly more likely to lose their jobs than men and suffered larger income losses.   
Table 3. Rate of work stoppage by groups and regions  

Source: Authors’ calculations based on the HFPS. 
Note: The table present statistics using Wave 1 of the HFPS. 

 

   
10 An exception is the higher rates of work stoppage among urban workers, which can, however, be linked to the fact 

that densely populated areas were disproportionately affected by the lockdown and social distancing measures. 

Women Men Young Adult
Low-

eductaed

High-

educated
Urban Rural

Women . . 0.39 0.35 0.42 0.37 0.35 0.32

Men . . 0.32 0.28 0.33 0.29 0.28 0.26

Young 0.39 0.32 . . 0.36 0.38 0.33 0.35

Adult 0.35 0.28 . . 0.39 0.33 0.31 0.28

All EAP ECA LAC MNA SSA

Women 0.36 0.23 0.31 0.58 0.27 0.26

Men 0.28 0.21 0.27 0.42 0.25 0.23

Young 0.35 0.22 0.43 0.53 0.20 0.26

Adult 0.31 0.21 0.28 0.48 0.27 0.23

Low educated 0.37 0.25 0.38 0.56 . 0.22

High educated 0.33 0.25 0.23 0.47 . 0.24

Urban 0.31 0.22 0.29 0.48 . 0.25

Rural 0.28 0.20 0.29 0.47 . 0.20

Average 0.32 0.22 0.31 0.50 0.25 0.24
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Table 4. Rate of work stoppage by groups and income level 

 
Source: Authors’ calculations based on the HFPS. 

Note: The table present statistics using Wave 1 of the HFPS. 

 

3.2 What is driving the gender gap in work stoppage?  

As shown in the previous section, gender differences are an important source of labor market 

heterogeneity, mirroring several studies in the literature.11 While a number of possible reasons may 

explain these differences, the two mechanisms that are most prominently mentioned are gender 

differences in care and domestic responsibilities as well as occupational and sectoral gender 

segregation.  

The closing of schools and nurseries implied an increase in the time allocated to housework and 

childcare. The evidence so far shows that, in general, both women and men increased the amount 

of time allocated to these activities, but the extra time was not equally distributed between them 

and was larger for women.12 On the occupational and sectoral gender segregation side, the 

pandemic recession differs from previous recessions in that contact-intensive sectors, such as 

travel, restaurant, and other services, are more affected due to social distancing measures. These 

sectors tend to employ larger shares of women.13 Moreover, sectors and occupations differ in their 

amenability of working from home, which has surged since the implementation of social  
11 See Alon et al., (2021) Lee et al. (2021), Albanesi and Kim (2021), and Montenovo et al. (2020) for the U.S., 

Kikuchi et al. (2021) for Japan, Dang and Nguyen (2021) for China and five OECD countries, Qian and Fuller 

(forthcoming) for Canada, Farre et al. (2020) for Spain, Del Boca et al. (2020) for Italy, Andrew et al. (2020) for 

England, Adams-Prassl et al. (2020) for U.K., U.S. and Germany, and World Bank (2021a, 2021b) for countries in 

the LAC and EAP regions. 
12 Adams-Prassl et al., 2020; Del Boca et al., 2021; Sevilla and Smith, 2020; Lyttelton et al., 2020. 
13 Mongey et al. 2020, Albanesi et al. 2021, Alon et al. 2020, Alon et al. 2021, Hupkau and Petrongolo 2020, Queisser 

et al. 2020. 

Low income
Lower-middle 

income

Upper-middle 

income
High income

Women 0.26 0.33 0.53 0.30

Men 0.20 0.29 0.37 0.23

Young 0.23 0.32 0.50 0.40

Adult 0.22 0.30 0.43 0.26

Low educated 0.23 0.33 0.53 0.38

High educated 0.25 0.32 0.42 0.26

Urban 0.22 0.30 0.44 0.27

Rural 0.16 0.26 0.45 0.26

Average 0.22 0.31 0.46 0.29
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distancing policies (Dingel and Neiman, 2020; Hatayama et al., 2020). This section explores if the 

broad patterns observed in the data are consistent with these transmission channels. 

 

3.2.1 Amenability to working from home  

One possibility is that women were more likely to be employed in sectors less amenable to working 

from home. Using the work-from-home (WFH) measure developed by Hatayama et al. (2020), we 

generally find that workers in sectors and occupations that were more amenable to home-based 

work were less likely to stop work (Figure A6 in Appendix 1). However, perhaps contrary to 

common perceptions, the jobs held by women appeared to be generally more amenable to working 

from home than the jobs typically held by men. An exception is seen in the left panel (countries 

with the PIAAC survey) covering LAC, where women have a higher amenability of working from 

home, but also have a higher rate of work stoppage. This could be due to disproportionate childcare 

responsibilities for children who stopped attending classes at school. All things considered, 

however, differences in the amenability of jobs to be performed from home do not appear to be 

driving the observed gender differences in work stoppage. 
 

3.2.2 Sectoral segregation  

We next compare rates of work stoppage among men and women to the countries’ sectoral 

composition of employment. As shown in Figure 1, countries with a higher share of employment 

in the primary sector (which combines agriculture and mining), generally had lower rates of work 

stoppage, while countries with a higher share of employment in the service sectors (excluding 

public administration) had a higher rate of work stoppage. This is consistent with the notion that 

frontline service sector jobs, such as those in retail, were disproportionately affected by the 

lockdowns, while agriculture and mining were relatively less affected.  

To investigate these sectoral effects in more detail, we perform an Oaxaca-Blinder decomposition 

of the gender gap in the stopped work variable (Blinder, 1973; Oaxaca, 1973). The explanatory 

variables are indicators of pre-pandemic sector of employment, whether school-age children are 

participating in any education or learning activity since school closure, indicators of young age, 

low level of education, urban location, and country fixed effects. To avoid the results being 
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disproportionately influenced by more populous countries, the weights were rescaled to give each 

country equal weight.   

Figure 2 presents the explained components associated with the pre-pandemic sector of 

employment indicator variables and the children engaged in learning activities variable as shares 

of the observed gender gap in work stoppage. The total observed gap on average is 9.1 percentage 

points towards women --i.e., women were more likely to stop working. Gender differences in the 

sector of pre-pandemic employment, however, only explain 0.6 percentage points, or 7 percent of 

this observed gap (considering all sectors combined). Other services and commerce, sectors that 

typically have a larger share of female employment, contribute positively to the gap. Transport 

and communications and construction, on the other hand, contribute negatively to the observed 

gender gap in work stoppage. These are sectors where the employment share of men tends to be 

larger than that of women, but which were also hit hard by the pandemic. The negative contribution 

indicates that gender differences in employment in these sectors mitigated the gender gap in 

employment in the female-intensive service sectors, and thus, contributed to a narrowing of the 

gender gap in work stoppage.14 

  

 
14 The finding that sectoral segregation contributes to the gender gap in work stoppage (but does not explain it) mirrors 

similar results from the literature on drivers of gender pay gaps. For example, Boll et al. (2017) show that the selection 

of men and women into different industries explains approximately 5 percent of the gender earnings gap across a 

sample of EU countries. 
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Figure 1. Male and female work stoppage and pre-pandemic sector of employment by country 

and groups 

 
Source: Authors’ calculations based on the HFPS. 

Notes: Each circle/triangle shows the work stoppage rate and the average share of workers in each economic sector 

pre-pandemic in a country using Wave 1 of the HFPS. 

 

Surprisingly, the contribution of the children’s learning activities is also negative. However, the 

contribution is relatively small, and the result is difficult to interpret.15 This is because there could 

be substantial cross-country heterogeneity in the way children participated in remote learning 

activities during periods of school closures and the amount of parental supervision these activities 

required. Moreover, even children who are not engaged in learning activities might require care 

and supervision from their parents. Overall, the results of the Oaxaca-Blinder decomposition 

indicate that gender differences in occupational patterns were a minor contributor to gender  
15 Figure A5 of Appendix 1 presents the correlation between the share of people indicating to have children 

participating in learning activities since school closure and the share who stopped working by groups and there is no 

discernible pattern by gender.  
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disparities in work stoppage. Instead, the gender gap was primarily caused by female workers 

being much more likely to stop working than their male counterparts working in the same sectors.  

 

Figure 2. Oaxaca-Blinder decomposition of the gender difference in work stoppage 

Explained effects as shares of observed gender difference in work stoppage 

 
Source: Authors’ calculations based on the HFPS. 

Notes: Model run using Wave 1 of the HFPS. Model controls for young, low-educated, urban indicator variables and 

country fixed effects. Omitted sector: Primary activities. Weights were adjusted to add up to 1 in each country. 

Included countries: Bulgaria, Bolivia, Chile, Colombia, Costa Rica, Dominican Rep., Ecuador, Croatia, Madagascar, 

Peru, Philippines, Paraguay, South Sudan.  
3.3 Disparities in employment type and sector  

As shown in Table 5, the changes in the shares of wage employment are largest for young workers 

with an 8 percentage points drop, followed by women and less educated workers, who experienced 

a 3 percentage points fall. The disproportionate fall in wage employment, and equivalent increase 

in the share of self-employment, among younger workers could reflect lower levels of job security 

related to tenure among such workers. 
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Table 5. Average changes in the share of wage employees by group (percentage points)  
Source: Authors’ calculations based on the HFPS. 

Notes: The table present statistics using Wave 1 of the HFPS. Calculations use HFPS retrospective data as pre-

COVID information. The table shows the share of wage employment, which includes seasonal/temporary 

employment, in total employment by group. 

 

The average changes in employment sector do not display any substantive differences between 

groups (Table 6). Employment fell slightly more for youth than adults in the industrial sector, but 

overall, we find no marked differentials. 

 

Table 6. Average changes in employment sector by group (percentage points) 

 
Source: Authors’ calculations based on the HFPS. 

Notes: The table present statistics using Wave 1 of the HFPS. Calculations use HFPS retrospective data as pre-

COVID information. The table shows the average change in the share of employment in the primary 

sector/industry/services (other than public administration)/public administration in total employment by group. 
 

 

3.4 Household income from farm income, non-farm income, and wage work  

Women -0.03

Men -0.02

Young -0.08

Adult -0.02

Low educated -0.03

High educated -0.03

Urban -0.02

Rural -0.03

Panel A: Primary Panel C: Services

Women 0.01 Women 0.00

Men 0.01 Men -0.01

Young 0.02 Young 0.00

Adult 0.01 Adult -0.01

Low educated 0.01 Low educated -0.01

High educated 0.01 High educated 0.00

Urban 0.00 Urban 0.00

Rural 0.01 Rural -0.01

Panel B: Industry Panel D: Public Administration

Women -0.01 Women 0.00

Men 0.00 Men 0.00

Young -0.02 Young 0.00

Adult 0.00 Adult 0.00

Low educated -0.01 Low educated 0.00

High educated 0.00 High educated 0.00

Urban -0.01 Urban 0.00

Rural 0.00 Rural 0.00
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Household income change provides another useful indicator of economic well-being. However, 

because it is a household rather than individual outcome, it is difficult to interpret differences by 

individual characteristics such as gender, education, and age of the respondent. When looking at 

the changes in the distribution of household income by urban and rural location, the most salient 

pattern is the self-reported decline in household non-farming income (affecting 66 percent of 

households in rural areas and 70 percent of households in urban areas) and wage income (46 

percent of households in both urban and rural areas), as illustrated in Table 7. As expected, the 

declines in income from farming activities affected rural more than urban households (60 percent 

in rural locations and 55% in urban locations). Overall, this indicates widespread income losses 

in both urban and rural areas, resulting from the labor market turbulence and employment 

disruptions triggered by the COVID-19 pandemic. 
 

Table 7. Distribution of household income changes by type of income and location  
Source: Authors’ calculations based on the HFPS. 

Note: The table present statistics using Wave 1 of the HFPS. 

 

Finally, we examine whether income declines in the household are associated with the entrance of 

women into employment, similar to an “added worker” effect.16 A total of 8 percent of women 

started working following the crisis in the 13 countries where income change and work stoppage 

are both measured. Of these, about 61 percent of women lived in households that reported an 

income decline while 39 percent lived in households where total household income increased, did 

not change or was not received. Of the women that did not enter employment, 58 percent lived in 

households that reported an income decline while 42 lived in households where total household  
16 The added worker effect refers to a temporary increase in married women’s labor supply due to their husband’s 
job or income loss (e.g. Lundberg, 1985; Skoufias and Parker, 2006). 

Increased
Stayed the 

same
Decreased

Stopped 

receiving

Panel A: Urban

Family farming 6% 29% 55% 10%

Non-farming 5% 16% 70% 10%

Wage employment 4% 44% 46% 7%

Panel B: Rural

Family farming 6% 28% 60% 7%

Non-farming 5% 17% 66% 11%

Wage employment 5% 41% 46% 7%
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income increased, did not change, or was not received. Overall, this is consistent with a small 

added worker effect for women.   4. Evolution of the employment impact by worker type  
4.1 Employment indicators  

Table 8 shows the evolution of employment after the initial shock due to the pandemic, for a subset 

of 10 countries for which information is available for both April and August of 2020.17  

Employment rates increased for all groups between April and August. In absolute terms, growth 

ranged from 13 percentage points for male, urban, and high educated workers, to 16 percentage 

points for less educated workers. In percentage terms, less educated, female, and younger workers 

experienced disproportionately large gains between April and August. The right column of table 

8 shows that, except for rural workers, this was not enough to return to pre-crisis levels of 

employment. Furthermore, net job losses from before the crisis to August remained moderately 

higher for women than for men (9 percent vs. 5 percent), and for urban than rural residents (7 

percent vs no change). On the other hand, the disproportionate gains for young workers erased the 

penalty that youth faced, relative to adults, in the first stage of the crisis. It is important to note that 

we can only assess whether workers were able to regain employment between April and August 

but are unable to gauge to what extent they experienced a deterioration in the wage or some other 

measure of employment quality. 

Figure 3 shows the relationship between workplace mobility, taken from Google community 

mobility reports, and employment change by gender, for the seven countries for which both are 

available. In general, increases in mobility are correlated with employment growth, although the 

sample is very limited. Meanwhile, in five of the seven countries, mobility increased between April 

and August, providing further indication that the initial phase of the crisis in April and May was 

the most constrictive in terms of mobility. Overall, this suggests the comparison in this section, of 

April/May to August 2020, is indicative of the short-term labor market recovery during a period 

in which the brunt of the initial phase of the pandemic and associated lockdowns started to subside 

and mobility started to normalize. This is notwithstanding the fact that the pandemic, obviously,  17 For urban and rural indicators, only 9 countries are available, while for education only five are.  
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continued and that many countries experienced additional, severe waves of infections and mobility 

restrictions in the latter part of 2020 and early 2021. 

 

Table 8. Average rate and change in employment between April and August  

 
Source: Authors’ calculations based on the HFPS. 

Notes: The table presents the employment rate by group in April/May and August. Countries with available 

information in April/May and August: Chile, Costa Rica, Dominican Rep., Ethiopia, Guatemala, Cambodia, St. 

Lucia, Myanmar, Nigeria and Uzbekistan. Education level n.a. in Ethiopia, Cambodia, St. Lucia, Nigeria and 

Uzbekistan. Urban/rural location n.a. in Guatemala. 

 

Figure 3. Relationship between employment change by gender and workplace mobility change 

between April and August 

 
Source: Authors’ calculations based on the HFPS and OurWorldInData. 

Notes: The workplace mobility measure captures the change in number of visitors workplaces compared to baseline 

days (the median value for the 5‑week period from January 3 to February 6, 2020). Measure not available for 

Ethiopia, St. Lucia and Uzbekistan. 

Pre-

pandemic
April/May August

Diff. Agust 

vs. 

April/May 

Diff. August 

vs. Pre-

pandemic 

Number of 

countries

Women 0.55 0.36 0.50 38% -9% 10

Men 0.75 0.58 0.71 23% -5% 10

Young 0.59 0.43 0.58 34% -3% 10

Adult 0.66 0.48 0.62 29% -7% 10

Low educated 0.68 0.35 0.51 44% -25% 5

High educated 0.77 0.46 0.59 28% -23% 5

Urban 0.65 0.47 0.60 30% -7% 9

Rural 0.62 0.48 0.62 28% 0% 9

-0,2-0,10,00,10,20,30,40,50,60,70,8
-0,50,00,51,01,52,02,5

CHL CRI DOM ETH GTM KHM LCA Workplace mobility changeEmployment change Employment change (%) - Women Employment change (%) - Men Workplace mobility change (%)
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Table 9 shows that the share of women in wage employment fell moderately more than the 

comparable share for men. This indicates that the disproportionate recovery in overall employment 

for female workers in these 10 countries did not fully extend to wage employment, where the 

recovery was slower than for self-employment.   

 

Table 9. Average rate and change in wage employment share between April and August  
Source: Authors’ calculations based on the HFPS. 

Note: The table shows the share of wage employment, which includes seasonal/temporary employment, in total 

employment by group in April/May and August. Countries with available information in April and August (Chile, 

Costa Rica, Dominican Rep., Ethiopia, Guatemala, Cambodia, St. Lucia, Nigeria and Uzbekistan). 

 

Differences also emerge between groups when looking at in the sectoral composition of 

employment between April and August. Men were disproportionately more likely to shift out of 

services into agriculture (a 4 percentage points shift), while the share of women employed in 

different sectors changed very little. Young workers shifted out of industry and public 

administration and into services and agriculture, whereas adults were more likely to shift out of 

services and into agriculture. The share of less educated workers in the industrial sector increased, 

while the sectoral shares of more educated workers remained relatively constant. Finally, the share 

of rural workers in agriculture increased by three percentage points.  In general, the sectoral picture 

suggests that men, younger workers, and rural workers may have had less favorable sectoral shifts 

than other groups during the period from April to August.18    

 

  
18 It is important to emphasize that we treat the data as repeated cross-sections and do not follow individuals over time. 

The ‘shifts’ described in this paragraph should therefore be viewed as aggregate changes in the sectoral composition 

of employment and do not necessarily correspond to individual transitions across sectors. 

April/May August Difference

Women 0.57 0.52 -9%

Men 0.55 0.52 -5%

Young 0.60 0.56 -6%

Adult 0.55 0.52 -7%

Low educated 0.55 0.53 -4%

High educated 0.68 0.65 -5%

Urban 0.60 0.58 -4%

Rural 0.50 0.47 -6%
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Table 10. Average change in employment sector between April and August 

 
Source: Authors’ calculations based on the HFPS. 

Notes: The table shows the share of employment in the primary sector/industry/services (other than public 

administration)/public administration in total employment by group in April/May and August. Countries with 

available information in April/May and August (Chile, Costa Rica, Dominican Rep., Ethiopia, Guatemala, 

Cambodia, St. Lucia, Nigeria). 

 

 

  

April/May August Difference

Panel A: Primary

Women 0.19 0.20 6%

Men 0.27 0.31 14%

Young 0.19 0.23 17%

Adult 0.25 0.28 11%

Low educated 0.25 0.24 -2%

High educated 0.09 0.09 0%

Urban 0.14 0.16 18%

Rural 0.41 0.44 7%

Panel B: Industry

Women 0.05 0.05 -5%

Men 0.13 0.13 5%

Young 0.12 0.09 -26%

Adult 0.10 0.10 6%

Low educated 0.08 0.11 49%

High educated 0.09 0.10 10%

Urban 0.10 0.10 -4%

Rural 0.11 0.11 2%

Panel C: Services

Women 0.68 0.69 0%

Men 0.54 0.50 -7%

Young 0.63 0.66 4%

Adult 0.58 0.56 -4%

Low educated 0.65 0.63 -3%

High educated 0.76 0.77 0%

Urban 0.68 0.67 -1%

Rural 0.43 0.41 -5%

Panel D: Public administration

Women 0.07 0.06 -17%

Men 0.06 0.05 -12%

Young 0.05 0.03 -48%

Adult 0.07 0.06 -12%

Low educated 0.02 0.01 -40%

High educated 0.05 0.04 -19%

Urban 0.08 0.07 -14%

Rural 0.05 0.04 -17%
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4.2 Household income from farm income, non-farm income, and wage work  

The evolution in the share of households self-reporting an increase in income is also consistent 

with improvements in labor market conditions between April and August 2020 (Table 11). For 

urban households, the share of households reporting a rise or no change in non-farm enterprise 

income increased from 17 to 31 percent, while the share reporting a higher or constant wage 

income rose from 40 to 62 percent. Rural areas saw similar improvements, as the share of 

households reporting higher or constant non-farm enterprise income increased from 17 to 29 

percent, and from 39 to 59 percent for wage income. These figures suggest that urban and rural 

areas were both benefiting from improved labor market conditions during this time. In the case of 

rural regions, it may well be the case that seasonal harvests were a factor behind this evolution in 

labor incomes, especially with respect to income from farming. 

    

Table 11. Change in share of households reporting income changes since the start of the 

pandemic between April/May and August by direction of income change and location 

 
Source: Authors’ calculations based on the HFPS. 

Notes: The table presents the share of household reporting income changes by type of income, direction of change, 

and location in April/May and August. Statistics include information on Chile, Costa Rica, Dominican Rep., 

Ethiopia, Cambodia, St. Lucia, Myanmar and Uzbekistan. For April we use a question capturing income changes 

since the start of the pandemic; in August, the question refers to income changes since the last wave of the survey. 

 

  

April/May August Difference April/May August Difference

Panel A: Farm income

Increased 0.04 0.06 0.02 0.03 0.09 0.06

Stayed the same 0.23 0.30 0.07 0.20 0.33 0.13

Decreased 0.53 0.50 -0.03 0.69 0.48 -0.21

Not received 0.20 0.15 -0.05 0.08 0.10 0.02

Panel B: Non-farm income

Increased 0.02 0.08 0.05 0.04 0.07 0.03

Stayed the same 0.15 0.23 0.08 0.13 0.22 0.09

Decreased 0.72 0.44 -0.28 0.67 0.43 -0.24

Not received 0.10 0.25 0.14 0.16 0.28 0.12

Panel C: Wage income

Increased 0.05 0.09 0.04 0.06 0.11 0.05

Stayed the same 0.35 0.53 0.18 0.33 0.48 0.15

Decreased 0.52 0.36 -0.16 0.52 0.37 -0.16

Not received 0.08 0.02 -0.06 0.08 0.04 -0.04

Urban Rural
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5. Robustness checks  
5.1 Sampling frame  

We start by confirming the disproportionate declines in employment and higher rates of work 

stoppage for women, young and low educated workers in countries with RDD sampling frame 

(Table 12). The RDD samples are less skewed towards household heads and therefore would be 

expected to provide more accurate information on employment disparities between types of 

workers. The gender and education differences are larger in RDD countries than in countries with 

a sampling frame based on previous surveys. Figure 4 shows country level calculations for the 

gender gap. It is impossible to distinguish, however, how much this is due to absence of selection 

bias, as opposed to systematic differences between RDD countries, which are mainly in LAC, and 

the countries that implemented other types of sampling frames. Nonetheless, it is reassuring that 

the substantial gender and education differences observed in the full sample are also observed in 

the RDD samples.  

 

Table 12. Net employment changes and gross flows by sampling frame and groups,  

simple averages, wave 1 of survey 

 
Source: Authors’ calculations based on the HFPS.  

Panel A: RDD

Women -49% 50% 8%

Men -35% 37% 23%

Young -44% 47% 16%

Adults -41% 42% 10%

Low educated -48% 50% 9%

High educated -39% 41% 12%

Urban -39% 40% 11%

Rural -39% 41% 13%

Panel B: Based on previous surveys

Women -25% 26% 10%

Men -22% 23% 18%

Young -25% 27% 13%

Adults -23% 24% 14%

Low educated -23% 25% 13%

High educated -23% 24% 14%

Urban -25% 25% 7%

Rural -19% 21% 21%

% change in 

employed people

Rate of work 

stoppage
Rate of work 

starting
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Figure 4. Gender gaps in rate of work stoppage by sampling frame and country 

 
Source: Authors’ calculations based on the HFPS. 

Notes: Dark (light) colors indicate that the difference between groups is (not) statistically significant at 5% level or 

less. 

 

 

5.2 Reweighting of HFPS  

The reweighting approach in this section seeks to correct for biases introduced by the under-

sampling of some population groups in the HFPS. Given that the source of the sample selection is 

related to, besides having a phone, position in the household and gender, we use a reweighting 

scheme based on observables reflecting these characteristics. We merged the HFPS (selected 

sample) to nationally representative microdata collected before the pandemic (representative 

sample) and estimated a Probit model for the probability of being selected into the HFPS-Wave 1 

sample. Depending on availability, the independent variables included sex, age, educational level, 

and urban/rural area. The reweighting factor is defined as the inverse of the propensity score. This 

gives greater weight to observations that are in fact present in the phone survey despite having a 

low predicted probability of being sampled by the phone survey.  
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The comparison of results with and without reweighting reveals that the differences that stem from 

the adjustment are not substantive (see Figure 5, focusing on gender differences). In other words, 

reweighting based on observables does not materially alter the main results reported in this paper. 

Figure 5. Gender gaps in rate of work stoppage by country without and with reweighting 

 
Source: Authors’ calculations based on the HFPS. 

Notes: Dark (light) colors indicate that the difference between groups is (not) statistically significant at 5% level or 

less. 

 

 

5.3 Comparison with ILO data  

As an additional robustness check, we examine ILO data on employment rates by groups for a 

small set of 14 developing and transition countries (mostly middle income) with available 

information from 2019Q2 to 2020Q2. The ILO data come from nationally representative labor 

force surveys that cover all workers and were able to continue data collection activities during the 

pandemic, but cover fewer countries, and particularly no low-income countries. Analyzing the ILO 
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data largely corroborate HFPS findings of larger employment declines for women, young and low-

educated, and urban workers. However, the differences by education are less pronounced than 

those in the HFPS data.  

Table 13. Average employment change between 2019Q2 and 2020Q2 (in percentages)  
Source: Authors’ calculations based on data from ILO Stat. 

Notes: The sample includes 14 countries (Argentina, Brazil, Chile, Colombia, Costa Rica, Ecuador, St. Lucia, 

Mexico, Mongolia, Peru, Paraguay, Thailand, Vietnam and South Africa ). 

 

5.4 Validation of HFPS sampling methodology and reweighting 

5.4.1 Method and descriptive statistics  

The robustness checks above, while encouraging, only partially address a key question that arises 

when analyzing phone surveys: Does the skewed selection of household respondents bias the 

assessment of which types of workers experienced the largest declines in employment? As noted 

above, the HFPS sampling strategy leads to bias because it only samples one member per 

household, which tends to be the head in most countries that drew the sample from a previous 

survey. Moreover, unlike traditional household surveys that often use proxy respondents to provide 

information on behalf of other household members not available to be interviewed, the HFPS (due 

to the time constraints induced by the phone survey setting) typically only ask about the 

employment situation of the respondent. To better understand how this source of bias affects 

comparisons between types of workers and the effectiveness of reweighting strategies, we use data 

from five countries which collected household surveys containing labor market information for all 

household members during the COVID-19 pandemic. These five countries are Brazil, Colombia, 

Kenya, Malawi, and Nigeria. Using this information, we compare employment statistics of all 

working-age household members, defined as 18 years old and above, with those from a subsample 

comprising only one person per household without and with reweighting. For Nigeria, we use the 

Wave 5 of the National Longitudinal Phone Survey collected in September 2020. For Kenya, we 

Women -17.6

Men -12.4

Young -21.7

Adult -14.3

Low educated -16.9

High educated -14.2

Urban -15.8

Rural -11.0
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use the World Bank Covid-19 Rapid Response Phone Survey collected between May and June of 

2020, while for Malawi, we use information from the Wave 5 of the HFPS.19 For these three 

countries, we can identify the respondent of the survey who provided information of all household 

members. Because the data was collected after the pandemic started, and there is no comparable 

data from 2019 or 2020, we compare between-group differences in employment levels during the 

pandemic for all working-age household members versus the subsample of respondents.  

It is important to clarify that for Brazil and Colombia, we do not use the HFPS data to validate the 

HFPS sampling methodology.20 Instead, we use household phone survey data collected by national 

statistics offices using pre-existing sampling frames. This means that, for both  Brazil and 

Colombia, we have information from before and directly after the pandemic. For Brazil, we use 

the Pesquisa Nacional por Amostra de Domicilios Continua (PNAD-C) and compare the second 

quarter of 2019 (pre-pandemic period) with the second quarter of 2020 (during-pandemic period). 

For Colombia, we use data from January to June 2020 from the Gran Encuesta Integrada de 

Hogares (GEIH). We consider the first quarter of 2020 as a pre-pandemic period and the second 

quarter as a during-pandemic period. For these two countries, we cannot identify a respondent of 

the survey. Therefore, we simulate a phone survey following the composition of HFPS by selecting 

only one person per household. We randomly draw individuals in a way that the resulting sample 

consists of 66 percent of household heads, 20 percent of spouses, 11 percent of children, and 3 

percent of other members, to match the pooled composition of HFPS surveys (in countries that 

collected relationship to head).  

We use four candidate reweighting methods. First, similarly to the reweighting of the HFPS 

presented in previous section, we calculate an inverse propensity score from a Probit model where 

the dependent variable takes the value one when the observation belongs to the subsample of 

respondents or to the simulated phone survey, depending on the country considered. For Brazil 

and Colombia, we run the model combining data from the pre-COVID complete sample (including 

all household members) and during-COVID simulated phone survey, while for Nigeria, Kenya 

and Malawi we combine the during-COVID full household data and during-COVID respondent 

subsample. Depending on availability, controls include age, gender, education, location, and  
19 For some specific waves and countries, the HFPS collected information of all household members. 
20 No HFPS data was collected in Brazil.  
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region. In this method, weights are defined as the original household weights times the inverse of 

the propensity score. 21   

Second, relying on the propensity score obtained previously, we calculate the average value by 

deciles and define weights as the original household weights times the inverse of the average 

propensity score by deciles, as is common in the epidemiological literature.22  

Third, we adjust weights using raking applied to the simulated phone survey sample in Colombia 

and Brazil or respondents’ sample in Nigeria, Kenya, and Malawi. This method adjusts the original 

weights allowing them to represent the total number of women, men, young, adult, low, high –

educated, urban and rural people in the pre-COVID full household data in Colombia and Brazil, 

or during-COVID complete sample in Nigeria, Kenya and Malawi.23 

Finally, we combine the raking and inverse probability score methods. In this case, the weights 

obtained applying raking are multiplied by the inverse probability. 

In the next subsection we present results comparing employment levels between the complete 

household data, the sample of respondents or simulated phone survey, and sample of respondents 

or simulated phone survey using the inverse propensity score reweighting method. Results using 

the other methods are shown in Appendix 3 and are generally similar. The same appendix presents 

the results obtained when comparing employment changes.   

Below, we provide descriptive statistics comparing characteristics between the complete 

household data and the samples of respondents or simulated phone survey data, depending on the 

country. As expected, the simulated phone survey samples (Table 14) and respondent samples 

(Table 15) are, on average, older, and contain a higher share of household heads, compared to the 

samples of all household members. This shows that the reweighting approach successfully 

improves the balance of characteristics that were used to estimate the propensity score. 

 

   
21 Following Horvitz and Thompson (1952), Robins et al (1995), Woolridge (2002), and many others.   22 Kurth et al (2006), Schneeweiss et al (2009), and others.    23 See Kalton and Flores-Cervantes (2003) for more information on raking.  
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Table 14. Surveys with simulated phone survey 

 
Source: Authors’ calculations based on the GEIH 2020 (Colombia) and PNAD-C 2019 and 2020 (Brazil). 

Notes: Table shows basic descriptive statistics of samples in Colombia and Brazil. These surveys obtained labor 

market information for all household members. 

 

Table 15. Surveys with observed respondent  

 
Source: Authors’ calculations based on NLPS-Wave 5 (Nigeria), World Bank Covid-19 Rapid Response Phone 

Survey (Kenya), and HFPS-Wave 5 (Malawi). 

Notes: Table shows basic descriptive statistics of samples in Nigeria, Kenya, and Malawi. These surveys obtained 

labor market information for all household members. Data on all respondents is not available for certain 

characteristics in Kenya and Malawi. 
 

 

  

Pre-    

COVID

During-

COVID

Pre-        

COVID

During-

COVID

2020Q1 2020Q2 2019Q2 2020Q2

Panel A: Complete sample

Female 0.54 0.55 0.52 0.52

Young 0.16 0.16 0.24 0.23

Low educated 0.27 0.27 0.88 0.89

Urban 0.88 0.88 0.88 0.85

Share heads 0.42 0.42 0.34 0.35

Share spouses 0.23 0.23 0.22 0.21

Share children 0.21 0.22 0.39 0.39

Share other members 0.14 0.14 0.06 0.05

N 94,506 99,700 82,175 81,248

Panel B: Simulated phone survey

Female 0.55 0.55 0.54 0.55

Young 0.11 0.10 0.14 0.13

Low educated 0.29 0.29 0.85 0.86

Urban 0.87 0.87 0.88 0.86

Share heads 0.66 0.66 0.66 0.66

Share spouses 0.20 0.20 0.19 0.19

Share children 0.11 0.11 0.11 0.11

Share other members 0.03 0.03 0.04 0.04

N 40,110 41,422 27,840 27,840

Colombia Brazil

All hhld All hhld All hhld

members members members

Share heads 0.82 0.33 0.65 n.a. 0.75 0.40

Share spouses 0.10 0.31 0.22 n.a. 0.20 0.30

Share children 0.07 0.24 0.06 n.a. 0.04 0.19

Share other members 0.02 0.13 0.06 n.a. 0.01 0.12

Female 0.25 0.51 0.52 0.52 0.40 0.51

Young 0.05 0.26 0.10 0.26 0.10 0.29

Low-educated n.a. n.a. 0.47 n.a. n.a. n.a.

Urban 0.39 0.37 0.55 0.54 0.37 0.39

N 1,527 4,454 4,057 10,268 1,570 3,868

Kenya Malawi

Respondent RespondentRespondent

Nigeria
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5.4.2 Validation of differences in employment levels 

Table 16 compares between group differences in employment levels for the samples of all 

household members and the samples that mimic the phone survey --i.e., the simulated phone 

survey samples in Brazil and Colombia and the respondent samples in Kenya, Malawi, and 

Nigeria. The table shows that the simulated phone surveys and respondent samples, because they 

are skewed towards household heads, consistently overestimate employment rates. The amount of 

the bias ranges from about 2 percentage points in Brazil to about 12 percentage points in Malawi.    

For Brazil and Colombia, the simulated phone survey provides reasonably good estimates - i.e., 

close to the values observed in the sample of all household members --of between-groups 

differences in employment levels. There are exceptions when the grouping variable is very 

unbalanced between samples, such as age in Brazil. For Kenya, Malawi and Nigeria, the sample 

of respondents provides a close estimation of differences in employment levels observed in the 

complete sample when grouping by gender and location but underestimates the difference by age 

groups. A possible explanation is that in the three countries, age is the variable for which the 

samples of all household members and respondents differ the most. 
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Table 16. Between-group differences in employment levels during-COVID 

 
Source: Authors’ calculations based on GEIH (Colombia), PNAD-C (brazil), NLPS-Wave 5 (Nigeria), World Bank 

Covid-19 Rapid Response Phone Survey (Kenya), and HFPS-Wave 5 (Malawi). Propensity score reweighting 

approach shown. Notes: The reweighting method presented in the last column is the inverse propensity score. 

All hhld   

members

Simulated PS / 

Respondents

Simulated PS / 

Respondents 

Reweighted

Panel A: Colombia

Women 0.37 0.41 0.41

Men 0.66 0.70 0.71

-43% -42% -42%

Young 0.38 0.44 0.44

Adults 0.54 0.56 0.57

-28% -21% -22%

Low-educated 0.45 0.50 0.51

High-educated 0.54 0.58 0.58

-16% -14% -12%

Urban 0.50 0.54 0.54

Rural 0.54 0.59 0.59

-8% -9% -8%

All people 0.51 0.55 0.55

Panel B: Brazil

Women 0.40 0.40 0.42

Men 0.58 0.62 0.63

-31% -35% -34%

Young 0.29 0.37 0.37

Adults 0.53 0.51 0.54

-45% -28% -32%

Low-educated 0.44 0.46 0.48

High-educated 0.74 0.73 0.75

-40% -38% -37%

Urban 0.49 0.51 0.52

Rural 0.42 0.44 0.46

18% 15% 14%

All people 0.48 0.50 0.52

Panel C: Nigeria

Women 0.67 0.75 0.69

Men 0.80 0.88 0.88

-16% -15% -21%

Young 0.62 0.73 0.57

Adults 0.77 0.86 0.82

-19% -15% -31%

Urban 0.68 0.79 0.67

Rural 0.76 0.88 0.82

-10% -10% -19%

All people 0.74 0.85 0.77

Panel D: Kenya

Women 0.47 0.53 0.53

Men 0.55 0.62 0.62

-14% -15% -14%

Young 0.40 0.50 0.50

Adults 0.55 0.59 0.60

-27% -15% -15%

Urban 0.39 0.45 0.44

Rural 0.57 0.64 0.64

-31% -31% -32%

All people 0.51 0.57 0.58

Panel E: Malawi

Women 0.59 0.71 0.70

Men 0.73 0.89 0.88

-19% -20% -21%

Young 0.43 0.78 0.73

Adults 0.74 0.82 0.79

-42% -5% -8%

Urban 0.57 0.74 0.69

Rural 0.68 0.84 0.82

-17% -13% -16%

All people 0.66 0.82 0.79
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In Brazil and Colombia, the inverse propensity score reweighting method provides results that are 

close to those obtained using the simulated phone surveys. Thus, the reweighting method is close 

to the between-group differences in employment levels observed in the sample of all household 

members, except when the grouping variable is unbalanced between samples. In Kenya, Malawi 

and Nigeria, the inverse propensity score reweighting method tends to overestimate differences in 

employment between groups in Nigeria and provides mixed results – i.e., overestimation or 

underestimation—depending on the grouping variable in Kenya and Malawi. To summarize, the 

simulated phone survey and respondents’ samples provide good estimates of between-group 

differences in employment levels when the grouping variable is balanced between samples, 

suggesting that the specific selection approach of household members in the phone surveys does 

not have a strong effect on measured employment gaps between groups. All things considered, the 

reweighting methods do not improve the accuracy of the estimated disparities across groups.  

 6. Conclusion  
The primary objective of this research was to identify which groups were hit hardest by the labor 

market impacts of COVID-19. This question was answered for demographic groups based on 

respondents’ gender, age, education, and urban/rural location, combining information from the 

HFPS for 40 countries. An earlier complementary paper to the current analysis by Khamis et al. 

(2021) already quantifies the massive early adverse labor market impacts of COVID-19 in 

developing countries using the HFPS data, which is why we focus on the distributional 

implications of the labor market crisis. In this paper, we find, in particular, that the brunt of the 

burden from the pandemic in terms of employment losses has been borne by women, young, less 

educated and urban segments of the workforce. In terms of gender differentials, two key points should be highlighted: (i) the fact that women are hit harder by the pandemic is different from past crises (e.g. Alon et al, 2020), and (ii) that the “female penalty” in this crisis is largely due to within-sector differentials rather than sectoral segregation (or, put differently, across sector differentials). 
Between April and August, employment increased moderately in the 10 countries for which data 

are available, and gains were more pronounced for the groups that experienced the largest initial 

job losses. In other words, female, less educated, and to a lesser extent, young and urban workers 

experienced disproportionate employment gains. However, these were not sufficient to offset the 
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size of the initial losses and we cannot gauge if the new employment opportunities offer wages or 

conditions similar to the jobs lost. Thus, there are relative improvements compared to the early stage of the crisis but possibly reflecting an evolution towards a lower-level equilibrium. Our results may also reflect a ‘trampoline’ effect, with some groups having a stronger rebound given their (relatively) lower baseline due to the employment losses they experienced in the early stages of the pandemic. This recovery, however, does not offset the observed initial work stoppages across the labor force. In addition, it is likely that re-employment could be of lesser quality compared to the jobs lost and might also be more transient in nature. While the primary objective of the paper is to document differences in employment impacts from the pandemic across different groups of workers, we needed to carefully examine the role of sample bias to be confident in the results. The HFPS have the virtue of collecting data widely and 

fast, but could provide a biased picture of employment changes during the COVID-19 pandemic 

due to: (i) people not having access to phones experiencing systematically different labor market 

outcomes than people included in the sample, and (ii) the tendency for samples that used previous 

surveys as sample frames to overrepresent household heads and underrepresent members who are 

neither heads nor spouses.  In surveys that were based on samples from a previous survey, the first 

form of selection bias was partially addressed by generating household weights based on 

information collected in the previous nationally representative survey used as the sample frame. 

The second form of selection bias is more challenging to address. We further reweighted 

observations in the HFPS based on individual characteristics, and tested the performance of the 

reweighting method. To assess the extent of bias in the sample and the reweighted estimates, we 

compared post-COVID-19 levels and, when possible, trends in employment from the HFPS with 

those from household surveys for a selected group of five countries: Brazil, Colombia, Kenya, 

Malawi, and Nigeria.24 These five countries were selected because they collected data, since the 

beginning of the pandemic, that included information on all household members and not only the 

respondent of the survey.  

Despite its skewed composition and the identified potential biases, the evidence from the five 

countries indicates that the HFPS surveys overstate employment rates for the full population but  24 In Brazil and Colombia, it was possible to compare trends in employment from directly before and after the crisis from a simulated phone survey with a phone survey that interviewed all household members (see Appendix 1.4).  
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do reasonably well at tracking overall disparities in employment rates across gender, education, 

and urban/rural groups. Furthermore, evidence from two of these countries suggests that, in 

general, the HFPS accurately tracked the pattern of changes between these groups.25 In other 

words, gender, education, and urban/rural gaps in employment were generally similar for heads, 

who were overrepresented in the HFPS, and members that were not heads or spouses who were 

underrepresented. The non-representative nature of the surveys (i.e., oversampling household 

heads) leads to an upward bias in estimated employment levels, but there is little evidence that 

differences between groups in employment outcomes and trends are affected by this bias. 

Therefore, the “distributional” differences across groups estimated in this paper are likely to be 

robust and provide meaningful insights to policy makers. The HFPS, when used with appropriate 

caution, are proving to be a most valuable tool for the timely monitoring of group differences in 

the impact of this massive economic shock across gender, education, and urban/rural dimensions.  

 
25 Results are presented and discussed in Appendix 3. 
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Appendix 1: Figures and tables 

1. Sample size and data description 
Table A1. Summary statistics for survey waves conducted between January and August 2020 

(unweighted) 

 

Source: HFPS. 
 

  

Region 

code

Country code Country Survey month in 

2020

Full sample 

size (Jan.-

Aug. waves)

Young 

(under 

age 25)

Male Low 

education 

level

Urban 

location

Stopped 

working

Employed Changed 

job

Self-

employed

Employee

EAP KHM Cambodia 5, 8 1.302 0.04 0.52 n.a 0.32 0.14 0.71 0.07 0.22 0.28

EAP IDN Indonesia 5 8.449 0.02 0.65 0.28 0.62 0.22 0.78 0.11 0.27 0.49

EAP LAO Lao PDR 7 2.500 0.18 0.6 0.24 0.36 0.13 0.69 0.07 0.21 0.49

EAP MNG Mongolia 5, 9, 12 1.327 0.02 0.35 0.08 0.52 0.18 0.55 n.a 0.25 0.52

EAP MMR Myanmar 5, 6, 8, 10 4.500 0.11 0.57 0.35 0.31 0.58 0.48 0.05 n.a n.a

EAP PNG Papua New Guinea 6 3.115 0.25 0.7 0.38 0.5 0.18 0.82 0.04 n.a n.a

EAP PHL Philippines 8 9.448 0.14 0.36 0.08 0.8 0.26 0.56 0.18 n.a n.a

EAP SLB Solomon Islands 6 2.665 0.26 0.61 0.21 0.68 0.2 0.52 0.13 n.a n.a

EAP VNM Vietnam 6 6.210 0.02 0.54 n.a 0.29 0.03 0.69 0.06 0.2 0.37

ECA BGR Bulgaria 7 1.510 0.08 0.48 0.01 0.74 0.19 0.81 n.a n.a n.a

ECA HRV Croatia 6 1.500 0.03 0.35 0.11 0.63 0.27 0.73 n.a n.a n.a

ECA POL Poland 0 1.537 0.1 0.49 0.06 0.62 0.22 0.78 n.a 0.2 0.67

ECA ROU Romania 5 1.512 0.05 0.35 0.03 0.58 0.25 0.75 n.a n.a n.a

ECA UZB Uzbekistan 4, 5, 6, 7, 8 7.643 0.04 0.45 n.a 0.23 0.5 0.31 n.a 0.2 0.55

LAC BOL Bolivia 5, 6, 7 2.456 0.18 0.51 0.13 0.75 0.69 0.41 0.18 0.48 0.47

LAC CHL Chile 5, 7, 8 2.306 0.06 0.46 0.12 0.8 0.32 0.49 0.06 0.2 0.76

LAC COL Colombia 6, 7, 8 2.368 0.1 0.39 0.25 0.74 0.51 0.4 0.08 0.34 0.6

LAC CRI Costa Rica 5, 7, 8 2.095 0.14 0.48 0.52 0.51 0.35 0.55 0.07 0.33 0.61

LAC DOM Dominican Rep. 5, 7, 8 2.147 0.15 0.47 0.34 0.82 0.51 0.45 0.08 0.32 0.63

LAC ECU Ecuador 5, 6, 7 3.105 0.11 0.5 0.2 0.77 0.52 0.46 0.18 0.45 0.53

LAC SLV El Salvador 6, 7, 8 2.033 0.14 0.52 0.29 n.a 0.54 0.5 0.14 0.32 0.6

LAC GTM Guatemala 5, 7, 8 2.067 0.22 0.51 0.18 n.a 0.39 0.59 0.12 0.39 0.55

LAC HND Honduras 6, 7, 8 1.878 0.17 0.45 0.35 n.a 0.53 0.41 0.1 0.38 0.56

LAC PRY Paraguay 6, 7, 8 1.658 0.15 0.48 0.22 0.78 0.43 0.59 0.09 0.41 0.54

LAC PER Peru 5, 6, 7 2.662 0.16 0.48 0.1 0.77 0.59 0.46 0.19 0.42 0.5

LAC LCA St. Lucia 5 1.093 0.02 0.45 n.a 0.57 0.46 0.36 0.05 0.31 0.61

MNA DJI Djibouti 0 2.943 0.1 0.53 n.a 0.67 0.26 0.69 n.a 0.29 0.33

SSA BFA Burkina Faso 6, 7, 9 4.171 0.02 0.81 n.a 0.68 0.11 0.8 0.07 0.56 0.2

SSA CAF Central African Rep. 0, 6 1.865 0.19 0.64 0.41 n.a 0.37 0.7 n.a n.a n.a

SSA ETH Ethiopia 4, 5, 6, 8, 9, 10 12.177 0.12 0.63 n.a 0.7 0.17 0.74 0.01 0.49 0.42

SSA GHA Ghana 6 3.250 0.03 0.68 0.3 0.6 0.28 0.72 n.a n.a n.a

SSA KEN Kenya 6 5.389 0.14 0.51 0.5 0.49 0.08 0.5 n.a n.a n.a

SSA MDG Madagascar 6 1.228 0.06 0.65 0.36 0.72 0.1 0.6 n.a 0.52 0

SSA MWI Malawi 6, 7, 8, 9 4.979 0.11 0.61 0.54 0.37 0.13 0.85 0.04 0.35 0.34

SSA MLI Mali 0, 6, 7 9.268 0.01 0.89 n.a 0.67 0.29 0.63 n.a 0.65 0.23

SSA NGA Nigeria 4, 6, 7, 8 7.316 0.05 0.73 n.a 0.39 0.5 0.69 0.05 0.35 0.15

SSA SSD South Sudan 5 1.213 0.3 0.66 0.46 0.75 0.39 0.41 0.21 0.37 0.35

SSA UGA Uganda 6 2.196 0.05 0.52 0.65 0.26 0.17 0.69 0.15 n.a n.a

SSA ZMB Zambia 0 1.576 0.31 0.56 0.06 0.64 0.26 0.55 0.17 n.a n.a

SSA ZWE Zimbabwe 6, 7 3.340 0.05 0.49 n.a 0.26 0.2 0.48 0.05 0.22 0.33

All regions All countries All countries Full sample 139.997 0.1 0.56 0.26 0.56 0.26 0.6 0.08 0.36 0.41

All regions All countries All countries Std. deviation - 0.3 0.5 0.44 0.5 0.44 0.49 0.28 0.48 0.49
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Table A2. Summary statistics for survey waves conducted between January and August 2020 

(weighted) 

 
Source: HFPS. 

 

  

Region 

code

Country code Country Survey month in 

2020

Full sample 

size (Jan.-

Aug. waves)

Young 

(Under 

age 25)

Male Low 

education 

level

Urban 

location

Stopped 

working

Employed Changed 

job

Self-

employed

Employee

EAP KHM Cambodia 5, 8 1.302 0.17 0.53 0.16 0.73 0.7 0.42 0.18 0.49 0.47

EAP IDN Indonesia 5 8.449 0.08 0.47 0.01 0.64 0.2 0.8 n.a n.a n.a

EAP LAO Lao PDR 7 2.500 0.03 0.83 n.a 0.32 0.12 0.82 0.08 0.58 0.11

EAP MNG Mongolia 5, 9, 12 1.327 0.03 0.5 n.a 0.15 0.14 0.71 0.07 0.2 0.29

EAP MMR Myanmar 5, 6, 8, 10 4.500 0.19 0.64 0.43 n.a 0.33 0.71 n.a n.a n.a

EAP PNG Papua New Guinea 6 3.115 0.05 0.44 0.13 0.8 0.33 0.46 0.06 0.2 0.77

EAP PHL Philippines 8 9.448 0.09 0.38 0.28 0.68 0.54 0.39 0.1 0.37 0.56

EAP SLB Solomon Islands 6 2.665 0.1 0.45 0.56 0.49 0.39 0.54 0.08 0.35 0.6

EAP VNM Vietnam 6 6.210 0.04 0.51 0.18 0.57 0.3 0.7 n.a n.a n.a

ECA BGR Bulgaria 7 1.510 0.11 0.55 n.a 0.63 0.27 0.69 n.a 0.26 0.36

ECA HRV Croatia 6 1.500 0.12 0.47 0.39 0.8 0.51 0.44 0.08 0.33 0.63

ECA POL Poland 0 1.537 0.13 0.43 0.3 0.62 0.48 0.43 0.15 0.41 0.55

ECA ROU Romania 5 1.512 0.13 0.49 0.34 n.a 0.57 0.49 0.16 0.33 0.59

ECA UZB Uzbekistan 4, 5, 6, 7, 8 7.643 0.1 0.73 n.a 0.33 0.08 0.85 0.01 0.7 0.2

LAC BOL Bolivia 5, 6, 7 2.456 0.03 0.69 0.29 0.57 0.29 0.71 n.a n.a n.a

LAC CHL Chile 5, 7, 8 2.306 0.19 0.48 0.22 n.a 0.42 0.56 0.13 0.42 0.53

LAC COL Colombia 6, 7, 8 2.368 0.14 0.43 0.4 n.a 0.54 0.41 0.11 0.39 0.55

LAC CRI Costa Rica 5, 7, 8 2.095 0.02 0.66 0.37 0.62 0.23 0.76 0.11 0.3 0.5

LAC DOM Dominican Republic 5, 7, 8 2.147 0.2 0.5 0.44 0.36 0.08 0.57 n.a n.a n.a

LAC ECU Ecuador 5, 6, 7 3.105 0.15 0.6 0.24 0.35 0.13 0.7 0.06 0.21 0.5

LAC SLV El Salvador 6, 7, 8 2.033 0.06 0.72 0.48 0.21 0.08 0.66 n.a 0.48 0

LAC GTM Guatemala 5, 7, 8 2.067 0.08 0.59 0.68 0.19 0.12 0.85 0.04 0.31 0.28

LAC HND Honduras 6, 7, 8 1.878 0.01 0.91 n.a 0.29 0.29 0.6 n.a 0.68 0.17

LAC PRY Paraguay 6, 7, 8 1.658 0.02 0.35 0.07 0.66 0.19 0.53 n.a 0.25 0.55

LAC PER Peru 5, 6, 7 2.662 0.09 0.57 0.38 0.31 0.57 0.48 0.04 n.a n.a

LAC LCA St. Lucia 5 1.093 0.05 0.75 n.a 0.32 0.5 0.7 0.05 0.37 0.12

MNA DJI Djibouti 0 2.943 0.21 0.51 0.73 0.13 0.22 0.78 0.04 n.a n.a

SSA BFA Burkina Faso 6, 7, 9 4.171 0.13 0.48 0.24 0.73 0.43 0.6 0.1 0.44 0.52

SSA CAF Central African Repu 0, 6 1.865 0.14 0.48 0.13 0.74 0.6 0.47 0.21 0.46 0.47

SSA ETH Ethiopia 4, 5, 6, 8, 9, 10 12.177 0.16 0.34 0.36 0.52 0.28 0.51 0.18 n.a n.a

SSA GHA Ghana 6 3.250 0.1 0.49 0.06 0.62 0.22 0.78 n.a 0.2 0.67

SSA KEN Kenya 6 5.389 0.08 0.48 0.04 0.57 0.25 0.75 n.a n.a n.a

SSA MDG Madagascar 6 1.228 0.2 0.48 0.59 0.15 0.15 0.38 0.12 n.a n.a

SSA MWI Malawi 6, 7, 8, 9 4.979 0.3 0.66 0.46 0.75 0.39 0.41 0.21 0.37 0.35

SSA MLI Mali 0, 6, 7 9.268 0.02 0.53 n.a 0.71 0.4 0.38 0.05 0.31 0.59

SSA NGA Nigeria 4, 6, 7, 8 7.316 0.05 0.52 0.61 0.31 0.19 0.7 0.12 n.a n.a

SSA SSD South Sudan 5 1.213 0.04 0.45 n.a 0.23 0.5 0.32 n.a 0.2 0.55

SSA UGA Uganda 6 2.196 0.02 0.53 n.a 0.35 0.03 0.67 0.06 0.2 0.39

SSA ZMB Zambia 0 1.576 0.35 0.49 0.05 0.44 0.26 0.54 0.18 n.a n.a

SSA ZWE Zimbabwe 6, 7 3.340 0.05 0.51 n.a 0.34 0.21 0.52 0.06 0.24 0.45

All regions All countries All countries Full sample 139.997 0.07 0.57 0.31 0.43 0.3 0.57 0.08 0.39 0.36

All regions All countries All countries Std. deviation - 0.26 0.49 0.46 0.49 0.46 0.5 0.27 0.49 0.48
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Table A3. Summary statistics for survey waves conducted in April or May 2020 (unweighted) 

 

Source: HFPS. 
 

Table A4. Summary statistics for survey waves conducted in April or May 2020 (weighted) 

 

Source: HFPS. 
 

  

Region 

code

Country 

code

Country Full sample 

size (April & 

May waves)

Young 

(under 

age 25)

Male Low 

education 

level

Urban 

location

Stopped 

working

Employed Changed 

job

Self-

employed

Employee

LAC BOL Bolivia 1.075 0.18 0.5 0.13 0.75 0.69 0.27 0.14 0.47 0.49

EAP KHM Cambodia 694 0.04 0.52 n.a 0.32 0.14 0.72 0.07 0.26 0.27

LAC CHL Chile 1.000 0.07 0.45 0.13 0.8 0.32 0.52 0.04 0.2 0.78

LAC CRI Costa Rica 801 0.15 0.49 0.52 0.51 0.35 0.52 0.04 0.3 0.64

LAC DOM Dominican Rep. 807 0.15 0.47 0.34 0.82 0.51 0.37 0.04 0.29 0.66

LAC ECU Ecuador 1.227 0.11 0.51 0.21 0.76 0.52 0.38 0.15 0.43 0.54

SSA ETH Ethiopia 6.249 0.12 0.63 n.a 0.7 0.17 0.71 0.01 0.49 0.43

LAC GTM Guatemala 806 0.23 0.5 0.18 n.a 0.39 0.51 0.08 0.39 0.56

EAP IDN Indonesia 8.449 0.02 0.65 0.28 0.62 0.22 0.78 0.11 0.27 0.49

EAP MNG Mongolia 1.327 0.02 0.35 0.08 0.52 0.18 0.55 n.a 0.25 0.52

EAP MMR Myanmar 1.500 0.1 0.58 0.44 0.31 0.58 0.34 0.06 n.a n.a

SSA NGA Nigeria 1.942 0.05 0.73 n.a 0.39 0.5 0.43 n.a 0.3 0.19

LAC PER Peru 1.000 0.16 0.48 0.1 0.77 0.59 0.34 0.13 0.38 0.55

ECA ROU Romania 1.512 0.05 0.35 0.03 0.58 0.25 0.75 n.a n.a n.a

SSA SSD South Sudan 1.213 0.3 0.66 0.46 0.75 0.39 0.41 0.21 0.37 0.35

LAC LCA St. Lucia 1.093 0.02 0.45 n.a 0.57 0.46 0.36 0.05 0.31 0.61

ECA UZB Uzbekistan 3.058 0.04 0.45 n.a 0.23 0.5 0.25 n.a 0.13 0.64

All regions All countries All countries 33.753 0.08 0.56 0.24 0.58 0.36 0.53 0.07 0.35 0.48

All regions All countries Std. deviation - 0.27 0.5 0.43 0.49 0.48 0.5 0.26 0.48 0.5

Region 

code

Country 

code

Country Full sample 

size (April & 

May waves)

Young 

(Under 

age 25)

Male Low 

education 

level

Urban 

location

Stopped 

working

Employed Changed 

job

Self-

employed

Employee

LAC BOL Bolivia 1.075 0.17 0.52 0.16 0.73 0.7 0.26 0.16 0.49 0.46

EAP KHM Cambodia 694 0.04 0.51 n.a 0.15 0.14 0.71 0.08 0.23 0.29

LAC CHL Chile 1.000 0.06 0.43 0.13 0.8 0.33 0.49 0.04 0.19 0.78

LAC CRI Costa Rica 801 0.11 0.46 0.55 0.49 0.39 0.49 0.04 0.32 0.64

LAC DOM Dominican Repu 807 0.12 0.47 0.39 0.8 0.51 0.37 0.06 0.3 0.66

LAC ECU Ecuador 1.227 0.13 0.45 0.3 0.61 0.48 0.37 0.12 0.39 0.56

SSA ETH Ethiopia 6.249 0.1 0.73 n.a 0.33 0.08 0.83 0.01 0.7 0.2

LAC GTM Guatemala 806 0.18 0.47 0.22 n.a 0.42 0.47 0.09 0.4 0.55

EAP IDN Indonesia 8.449 0.02 0.66 0.37 0.62 0.23 0.76 0.11 0.3 0.5

EAP MNG Mongolia 1.327 0.02 0.35 0.07 0.66 0.19 0.53 n.a 0.25 0.55

EAP MMR Myanmar 1.500 0.08 0.58 0.45 0.31 0.57 0.35 0.05 n.a n.a

SSA NGA Nigeria 1.942 0.05 0.75 n.a 0.31 0.5 0.43 n.a 0.32 0.17

LAC PER Peru 1.000 0.13 0.47 0.13 0.72 0.6 0.33 0.15 0.43 0.52

ECA ROU Romania 1.512 0.08 0.48 0.04 0.57 0.25 0.75 n.a n.a n.a

SSA SSD South Sudan 1.213 0.3 0.66 0.46 0.75 0.39 0.41 0.21 0.37 0.35

LAC LCA St. Lucia 1.093 0.02 0.53 n.a 0.71 0.4 0.38 0.05 0.31 0.59

ECA UZB Uzbekistan 3.058 0.04 0.45 n.a 0.23 0.5 0.26 n.a 0.13 0.64

All regions All countries All countries 33.753 0.05 0.61 0.33 0.47 0.33 0.54 0.08 0.38 0.43

All regions All countries Std. deviation - 0.21 0.49 0.47 0.5 0.47 0.5 0.27 0.48 0.49
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Table A5. Summary statistics for survey waves conducted in August 2020 (unweighted) 

 
Source: HFPS. 

 

Table A6. Summary statistics for survey waves conducted in August 2020 (weighted) 

 
Source: HFPS. 

 

2. Rate of work stoppage by groups 

Section 3.1 showed that, for the average of the 40 countries under analysis, women, youth, less 

educated, and urban workers were affected the most by job loss in the first months of the pandemic 

(between April and June). Figures A1 to A4 present the between-group differences in the rate of 

work stoppage differentiating by country.  

 

Region 

code

Country 

code

Country Full sample 

size (August 

waves)

Young 

(under 

age 25)

Male Low 

education 

level

Urban 

location

Stopped 

working

Employed Changed 

job

Self-

employed

Employee

EAP KHM Cambodia 608 0.03 0.51 n.a 0.33 n.a 0.71 0.06 0.18 0.29

LAC CHL Chile 684 0.06 0.46 0.12 0.8 n.a 0.49 n.a 0.21 0.74

LAC COL Colombia 638 0.08 0.4 0.27 0.75 n.a 0.43 n.a 0.35 0.57

LAC CRI Costa Rica 658 0.13 0.47 0.53 0.52 n.a 0.58 n.a 0.35 0.59

LAC DOM Dominican Rep. 667 0.14 0.46 0.34 0.82 n.a 0.48 n.a 0.33 0.62

LAC SLV El Salvador 604 0.14 0.52 0.29 n.a n.a 0.59 n.a 0.38 0.55

SSA ETH Ethiopia 2.874 0.12 0.62 n.a 0.71 n.a 0.78 0.01 0.48 0.42

LAC GTM Guatemala 636 0.22 0.52 0.17 n.a n.a 0.65 n.a 0.39 0.54

LAC HND Honduras 521 0.17 0.44 0.36 n.a n.a 0.49 n.a 0.36 0.58

SSA MWI Malawi 1.616 0.11 0.58 0.67 0.37 n.a 0.95 0.03 0.35 0.33

EAP MMR Myanmar 1.500 0.11 0.53 0.23 0.31 n.a 0.81 0.02 n.a n.a

SSA NGA Nigeria 1.781 0.05 0.73 n.a 0.39 n.a 0.84 0.03 0.36 0.14

LAC PRY Paraguay 457 0.16 0.47 0.23 0.78 n.a 0.69 n.a 0.4 0.54

EAP PHL Philippines 9.448 0.14 0.36 0.08 0.8 0.26 0.56 0.18 n.a n.a

ECA UZB Uzbekistan 1.530 0.05 0.45 n.a 0.23 n.a 0.36 n.a 0.25 0.52

All regions All countries All countries 24.222 0.12 0.48 0.16 0.63 0.26 0.63 0.1 0.37 0.41

All regions All countries Std. deviation - 0.32 0.5 0.36 0.48 0.44 0.48 0.3 0.48 0.49

Region 

code

Country 

code

Country Full sample 

size (August 

waves)

Young 

(under 

age 25)

Male Low 

education 

level

Urban 

location

Stopped 

working

Employed Changed 

job

Self-

employed

Employee

EAP KHM Cambodia 608 0.03 0.51 n.a 0.33 n.a 0.71 0.06 0.18 0.29

LAC CHL Chile 684 0.06 0.46 0.12 0.8 n.a 0.49 n.a 0.21 0.74

LAC COL Colombia 638 0.08 0.4 0.27 0.75 n.a 0.43 n.a 0.35 0.57

LAC CRI Costa Rica 658 0.13 0.47 0.53 0.52 n.a 0.58 n.a 0.35 0.59

LAC DOM Dominican Rep. 667 0.14 0.46 0.34 0.82 n.a 0.48 n.a 0.33 0.62

LAC SLV El Salvador 604 0.14 0.52 0.29 n.a n.a 0.59 n.a 0.38 0.55

SSA ETH Ethiopia 2.874 0.12 0.62 n.a 0.71 n.a 0.78 0.01 0.48 0.42

LAC GTM Guatemala 636 0.22 0.52 0.17 n.a n.a 0.65 n.a 0.39 0.54

LAC HND Honduras 521 0.17 0.44 0.36 n.a n.a 0.49 n.a 0.36 0.58

SSA MWI Malawi 1.616 0.11 0.58 0.67 0.37 n.a 0.95 0.03 0.35 0.33

EAP MMR Myanmar 1.500 0.11 0.53 0.23 0.31 n.a 0.81 0.02 n.a n.a

SSA NGA Nigeria 1.781 0.05 0.73 n.a 0.39 n.a 0.84 0.03 0.36 0.14

LAC PRY Paraguay 457 0.16 0.47 0.23 0.78 n.a 0.69 n.a 0.4 0.54

EAP PHL Philippines 9.448 0.14 0.36 0.08 0.8 0.26 0.56 0.18 n.a n.a

ECA UZB Uzbekistan 1.530 0.05 0.45 n.a 0.23 n.a 0.36 n.a 0.25 0.52

All regions All countries All countries 24.222 0.12 0.48 0.16 0.63 0.26 0.63 0.1 0.37 0.41

All regions All countries Std. deviation - 0.32 0.5 0.36 0.48 0.44 0.48 0.3 0.48 0.49



 

44  

In 88% of the countries the rate of work stoppage was larger for women than for men and in 55%, 

the gender gap in favor of women, i.e., women being more likely to have lost their job, was 

statistically significant (Figure A1). The largest female rate of work stoppage appears in Bolivia 

where 74% of surveyed women stopped working since the start of the pandemic. On the other 

hand, the largest gender gap is reported in Costa Rica, where the rate of work stoppage was 25 

percentage points larger for women than for men. 

When grouping by age, the country-level evidence indicates that the age gap in the rate of work 

stoppage was larger for young workers in 63% of the countries, being statistically significant in 

only 18% of them (Figure A2). Again, Bolivia is the country with the largest rate of work stoppage 

for the disadvantage group –i.e., young workers—who reported a rate of 73%. The largest age gap 

appears in Croatia where the rate of work stoppage of young workers surpassed the rate of adult 

workers by 36 percentage points. 

The comparison by level of education shows that in 70% of the countries the rate of work stoppage 

was larger for low-educated workers and in 23% of the countries the difference was statistically 

significant (Figure A3). Peru is the country where low-educated workers were hit hardest by job 

loss. In this country, the rate of work stoppage for low-educated workers was 75%. The largest 

education gap appears in Bulgaria with a difference in the rate of work stoppage between low- and 

high-educated workers of 21 percentage points.   

Finally, urban workers lost their jobs more than rural workers in 60% of the countries, with 

statistically significant differences in 31% of them (Figure A4). Bolivia is the country with the 

largest rate of work stoppage among urban workers (72%), while Ethiopia is the country where 

the location gap is largest (17 percentage points). 
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Figure A1. Gender gaps in rate of work stoppage by country 

 
Source: Authors’ calculations based on HFPS. 

Notes: Dark (light) colors indicate that the difference between groups is (not) statistically significant at 5% level or 

less.   
Figure A2. Age gaps in rate of work stoppage by country 

 
Source: Authors’ calculations based on HFPS. 

Notes: Dark (light) colors indicate that the difference between groups is (not) statistically significant at 5% level or 

less.   
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Figure A3. Education gaps in rate of work stoppage by country 

 
Source: Authors’ calculations based on HFPS. 

Notes: Dark (light) colors indicate that the difference between groups is (not) statistically significant at 5% level or 

less.   
Figure A4. Location gaps in rate of work stoppage by country 

 
Source: Authors’ calculations based on HFPS. 

Notes: Dark (light) colors indicate that the difference between groups is (not) statistically significant at 5% level or 

less. 

 

3. Understanding the gender gap in the rate of work stoppage 

The between-group difference in the rate of work stoppage was larger when grouping by gender. 

Specifically, 34% of women stopped working since the pandemic started while the rate for men 

was 27%. Three possible reasons behind this result are the differential incidence of childcare 
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activities, the possibility of working remotely, and the pre-pandemic sectoral structure of 

employment.    

Regarding childcare activities, the HFPS asks to households with school age children who attended 

primary or secondary school before the pandemic whether they have participated in any learning 

or education services since school closure. Figure A5 presents the correlation between the average 

of this variable at the country and group level and the average of the rate of work stoppage. For all 

groups there is a positive association between the incidence of childcare activities and the rate of 

work stoppage. The grouping by gender also reveals a steeper association for women than for men. 

Figure A6 presents the correlation between the measure of amenability of working from home 

developed by Hatayama et al. (2020) and the rate of work stoppage by groups. This work-from-

home measure uses pre-pandemic information on tasks performed at work, such as the intensity of 

computer and internet use, the intensity of physical and manual work, and the intensity of face-to-

face interaction, and the availability of an internet connection at home. The figure separates 

between two groups of countries depending on the data source use to generate the work from home 

measure --i.e., the PIAAC survey or the STEP survey. The evidence indicates that for all groups a 

higher amenability of working remotely protected workers from job loss. However, although 

women are more likely than men to have a job that can be done from home, their rate of work 

stoppage was larger. 
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Figure A5. Work stoppage and children learning activities by groups and countries 

 
Source: Authors’ calculations based on HFPS. 

Notes: Work stoppage rate by groups and countries and share of people in each group and country indicating that 

school age children are performing learning activities since school closing. 
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Figure A6. Work stoppage rate and Work-from-Home measure by groups and countries 

  

Source: Authors’ calculations based on HFPS. 

Notes: Work from home measure from Hatayama, Viollaz and Winkler (2020). A higher value indicates a higher 

amenability of working from home. Countries in the HFPS and PIAAC survey include Chile, Ecuador, Peru and 

Polonia. Countries in the HFPS and the STEP survey include Bolivia, Colombia, Ghana, Kenya, Laos, Philippines, 

El Salvador and Vietnam. 

 

4. Change in employment by type and sector 

Section 3.3 presented evidence indicating that, for all demographic groups and for the average of 

all countries, workers who remained employed since the start of the pandemic tended to move 

from wage employment to self-employment. Figures A7 and A8 present these changes by country. 

The figures present, for each country and group, the difference between the share of wage or self-

employment before the start of the pandemic and the share by April-June of 2020. The pre-

pandemic information comes from retrospective questions available in the HFPS. In both cases, 

the overtime change in employment type was statistically significant in very few cases (dark bars 

or diamonds), and the between-group difference (indicated with an asterisk next to the name of the 

country) was statistically insignificant for all groups and countries.  
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Figure A7. Change in the share of wage employment by country and groups 

 
Source: Authors’ calculations based on HFPS. 

Notes: Calculations use HFPS retrospective data as pre-COVID information. Dark (light) colors indicate that 

overtime change is (not) statistically significant at 5% level or less within a group. * in the country name indicates 

that the overtime change between groups is statistically significant at 5% level or less. 

 

 

 

  



 

51  

Figure A8. Change in the share of self-employment by country and groups 

 
Source: Authors’ calculations based on HFPS. 

Notes: Calculations use HFPS retrospective data as pre-COVID information. Dark (light) colors indicate that 

overtime change is (not) statistically significant at 5% level or less within a group. * in the country name indicates 

that the overtime change between groups is statistically significant at 5% level or less. 
 

 

Regarding differences in employment sector, Section 3.3 reported small differences for all groups 

and for the average of all countries when comparing the pre-pandemic sector of employment with 

the actual sector of employment for workers who remained employed since the pandemic started. 

Figures A9 to A12 present the overtime changes in the share of workers in the primary, industry, 

services, and public administration sectors by country. These figures show that the overtime 

change in employment sector was statistically significant in very few countries (dark bars or 

diamonds), and the between-group difference (indicated with an asterisk next to the name of the 

country) was not statistically significant in most of them.  
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Figure A9. Change in the share of primary activity sector by country and groups 

 
Source: Authors’ calculations based on HFPS. 

Notes: Calculations use HFPS retrospective data as pre-COVID information. Dark (light) colors indicate that 

overtime change is (not) statistically significant at 5% level or less within a group. * in the country name indicates 

that the overtime change between groups is statistically significant at 5% level or less. 
 

Figure A10. Change in the share of industry sector by country and groups 

 
Source: Authors’ calculations based on HFPS. 

Notes: Calculations use HFPS retrospective data as pre-COVID information. Dark (light) colors indicate that 

overtime change is (not) statistically significant at 5% level or less within a group. * in the country name indicates 

that the overtime change between groups is statistically significant at 5% level or less. 
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Figure A11. Change in the share of services sector by country and groups 

 
Source: Authors’ calculations based on HFPS. 

Notes: Calculations use HFPS retrospective data as pre-COVID information. Dark (light) colors indicate that 

overtime change is (not) statistically significant at 5% level or less within a group. * in the country name indicates 

that the overtime change between groups is statistically significant at 5% level or less. 
 

 

Figure A12. Change in the share of public administration sector by country and groups 

 
Source: Authors’ calculations based on HFPS. 

Notes: Calculations use HFPS retrospective data as pre-COVID information. Dark (light) colors indicate that 

overtime change is (not) statistically significant at 5% level or less within a group. * in the country name indicates 

that the overtime change between groups is statistically significant at 5% level or less. 
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5. Differential impacts after the initial pandemic shock 

The evidence presented in Section 4.1 indicated employment recoveries when comparing the 

employment level in April or May with the level in August for the average of all countries with 

information in these months. Figures A13 to A16 present the employment change by gender, age, 

education, and location groups and by countries.  

Employment changes between April/May and August were positive for women and men, except 

in Chile and Cambodia where employment continued to decline for both genders (Figure A13). 

The change in employment was, in general, larger among women. With the only exceptions of 

Chile and Cambodia, the change in employment was positive for young and adult workers (Figure 

A14), and the employment recovery was in general larger among adults, although statistically 

significant in two countries (Myanmar and Nigeria). When grouping by education, employment 

changes were positive for both low- and high-educated workers with the only exception of Chile 

(Figure A15). The between-group comparison indicates that employment recoveries tended to be 

larger for low-educated workers. Finally, the comparison between urban and rural locations 

indicates that, with the only exceptions of Chile and Cambodia, employment increased for both 

groups of workers with no clear pattern when making a between-group comparison (Figure A16). 

 

Figure A13. Change in employment between April-May and August by gender 

 
Source: Authors’ calculations based on HFPS. 

Notes: Dark (light) colors indicate that overtime change is (not) statistically significant at 5% level or less within a 

group. An asterisk in the country name indicates that the overtime change between groups is statistically significant 

at 5% level or less. Countries with available information in August and April (Nigeria) or May (Chile, Costa Rica, 

Dominican Rep., Ethiopia, Guatemala, Cambodia, St. Lucia, Myanmar and Uzbekistan. 
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Figure A14. Change in employment between April-May and August by age 

 
Source: Authors’ calculations based on HFPS. 

Notes: Dark (light) colors indicate that overtime change is (not) statistically significant at 5% level or less within a 

group. An asterisk in the country name indicates that the overtime change between groups is statistically significant 

at 5% level or less. Countries with available information in August and April  (Nigeria) or May (Chile, Costa Rica, 

Dominican Rep., Ethiopia, Guatemala, Cambodia, St. Lucia, Myanmar and Uzbekistan. 

 

 

 

Figure A15. Change in employment between April-May and August by education 

 
Source: Authors’ calculations based on HFPS. 

Notes: Dark (light) colors indicate that overtime change is (not) statistically significant at 5% level or less within a 

group. An asterisk in the country name indicates that the overtime change between groups is statistically significant 

at 5% level or less. Countries with available information in August and April  (Nigeria) or May (Chile, Costa Rica, 

Dominican Rep., Ethiopia, Guatemala, Cambodia, St. Lucia, Myanmar and Uzbekistan. 
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Figure A16. Change in employment between April-May and August by location 

 
Source: Authors’ calculations based on HFPS. 

Notes: Dark (light) colors indicate that overtime change is (not) statistically significant at 5% level or less within a 

group. An asterisk in the country name indicates that the overtime change between groups is statistically significant 

at 5% level or less. Countries with available information in August and April  (Nigeria) or May (Chile, Costa Rica, 

Dominican Rep., Ethiopia, Guatemala, Cambodia, St. Lucia, Myanmar and Uzbekistan. 
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Appendix 2: Reweighting methodology 

To consider the potential biased results from the HFPS due to sample selection --

overrepresentation of household heads and men, a reweighting of HFPS based on observable 

characteristics is applied. The HFPS is combined with data from pre-COVID-19 harmonized 

household surveys to estimate a Probit model for each country with the dependent variable taking 

the value 1 when the observation belongs to HFPS and 0 otherwise. The control variables include, 

depending on availability, gender, age, educational level, location (urban vs. rural) and relation to 

household head. Details on availability of information by country appears in Table A7. The Probit 

models use the HFPS weights and weights available in the pre-COVID harmonized household 

surveys. The reweighting factor is defined as the inverse of the estimated probability for HFPS 

observations, and the new weights are defined as the HFPS weights times the reweighting factor. 

Table A8 summarizes the differences in observable characteristics between the HFPS and the 

harmonized pre-COVID household surveys. As expected, differences decline after the reweighting 

in between 58% and 94% of the countries depending on the variable considered. 

 

Table A7. Available information to obtain reweighting factors  
Source: Authors’ calculations based on HFPS. 

 

Table A8.  Differences in average characteristics after reweighting  
Source: Authors’ calculations based on HFPS. 
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Appendix 3. Validation of HFPS sampling methodology and reweighting 

 

Section 5.4 assesses the validity of the HFPS sampling methodology that tends to oversample 

household heads or their spouses. The analysis focuses on five countries (Colombia, Brazil, 

Nigeria, Kenya, and Malawi) and four reweighting methodologies. Figure A17 presents the results 

obtained when using the four proposed reweighting methods: inverse propensity score, inverse 

propensity score by deciles method, raking method, and raking combined with inverse propensity 

score to predict between differences in employment levels. The figure confirms the results 

presented in the main text. The respondents’ sample in Kenya, Nigeria and Malawi, and the 

simulated phone survey in Brazil and Colombia provide good estimates –i.e., close to those 

observed in the sample of all working age household members-- of between-groups differences in 

employment levels when the grouping variable is balanced between samples. In general, the 

reweighting methods do not improve results. 

 

Figure A17. Between-group differences in employment levels during-COVID. In percentages 

Colombia 
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Brazil 

 
Nigeria 

 
Kenya 
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Malawi 

 
Source: Authors’ calculations based on GEIH (Colombia), PNAD-C (Brazil), NLPS-Wave 5 (Nigeria), World Bank 

Covid-19 Rapid Response Phone Survey (Kenya), and HFPS-Wave 5 (Malawi). 

Notes: Dark (light) colors indicate that the difference in employment levels between groups is (not) statistically 

significant at 5% level or less in the corresponding sample. 
 

 

In terms of validation of employment changes using surveys with labor market information for all 

household members, Table A9 shows the trends in employment changes by group in Brazil and 

Colombia, the two countries for which we have data on all household members before and after 

the beginning of the pandemic. By and large the differences in employment trends, in percentage 

points, are comparable for each group. Moderate differences between the simulated phone survey 

data and the full data are observed when comparing youth and adult works in Colombia, as the 

simulated phone survey found youth employment declined 1 percentage point less than adult 

employment, whereas the actual survey found that youth employment declined four percentage 

points more for youth. Overall, however, the simulated phone surveys accurately reflect the greater 

employment losses faced by female workers in both countries, and the greater losses faced by 

younger and less educated workers in Brazil.  

When using the inverse propensity score on the simulated phone survey sample, the results are 

very close to the selected sample without reweighting in both countries. If anything, the 

reweighting provides an estimation of changes in employment between groups that are one 

percentage point off from the true value in comparison to the estimation provided by the simulated 

phone survey – e.g., education groups in Colombia and Brazil. 
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When comparing employment changes between groups with other reweighting methods the 

evidence indicates that all the methods provide results which are close to those obtained using the 

simulated phone survey (Figure A18). 

 

Table A9. Differences in Employment Changes by Groups 

 
Source: Authors’ calculations based on GEIH (Colombia) and PNAD-C (Brazil). 

Notes: The reweighting method presented in the last column is the inverse propensity score. 
 

 

  

Pre-  

COVID

During-

COVID
Difference

Pre-  

COVID

During-

COVID
Difference

Pre-  

COVID

During-

COVID
Difference

Panel A: Colombia

Women 0.48 0.37 -22% 0.51 0.41 -20% 0.51 0.41 -20%

Men 0.77 0.66 -15% 0.80 0.70 -12% 0.80 0.71 -12%

Difference -0.07 -0.07 -0.07

Young 0.49 0.38 -21% 0.52 0.44 -15% 0.52 0.44 -15%

Adult 0.65 0.54 -17% 0.67 0.56 -15% 0.67 0.57 -15%

Difference -0.04 0.01 0.01

Low-educated 0.55 0.45 -18% 0.58 0.50 -14% 0.59 0.51 -14%

High-educated 0.65 0.54 -18% 0.68 0.58 -16% 0.69 0.58 -16%

Difference 0.00 0.01 0.02

Urban 0.62 0.50 -20% 0.65 0.54 -18% 0.65 0.54 -18%

Rural 0.62 0.54 -12% 0.65 0.59 -9% 0.65 0.59 -9%

Difference -0.08 -0.08 -0.08

All people 0.62 0.51 -18% 0.65 0.55 -15% 0.65 0.55 -15%

Panel B: Brazil

Women 0.47 0.40 -16% 0.47 0.40 -15% 0.49 0.42 -15%

Men 0.66 0.58 -13% 0.69 0.62 -10% 0.70 0.63 -10%

Difference -0.03 -0.04 -0.04

Young 0.39 0.29 -25% 0.48 0.37 -23% 0.47 0.37 -22%

Adult 0.61 0.53 -13% 0.58 0.51 -12% 0.61 0.54 -11%

Difference -0.12 -0.11 -0.11

Low-educated 0.53 0.44 -16% 0.53 0.46 -14% 0.55 0.48 -14%

High-educated 0.79 0.74 -6% 0.78 0.73 -6% 0.80 0.75 -6%

Difference -0.10 -0.08 -0.07

Urban 0.57 0.49 -14% 0.58 0.51 -12% 0.60 0.52 -12%

Rural 0.48 0.42 -14% 0.50 0.44 -12% 0.52 0.46 -11%

Difference 0.00 0.00 -0.01

All people 0.56 0.48 -14% 0.57 0.50 -12% 0.59 0.52 -12%

Full survey Simulated Phone Survey Simulated PS - Reweighted
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Figure A18. Differences in Employment Changes by Groups. In percentage points  

Colombia 

 
 

Brazil 

 
 

Source: Authors’ calculations based on GEIH (Colombia) and PNAD-C (Brazil). 

Notes: Dark (light) colors indicate that the difference in employment change between groups is (not) statistically 

significant at 5% level or less in the corresponding sample. 

 

 

 

   
 


