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Abstract 
This paper investigates the effects of COVID-19 induced school and daycare closures on the 
labour market outcomes of working-age South Africans (SA). This aggregate, exogenous shock 
to the labour market had profound implications for the world of work around the globe. We 
apply the theoretical underpinnings of human capital theory and time allocation models to 
examine the socio-economic impacts of school closures on parental labour supply. What sets 
the SA context apart is the high levels of unemployment pre-COVID, which leads to more 
readily available caregivers both before and during the pandemic. We postulate that this leads 
to an excess supply of caregivers and a low substitutability between parental and educator 
time, depending on the age of the child. However, we find persistent negative associations 
between school closures and hours worked that are not minor in size, with larger effects for 
parents and those living with pre-school-age children, in both a balanced and unbalanced 
panel of the SA National Income Dynamics Study-Coronavirus Rapid Mobile Survey (NIDS-
CRAM). No impact is found for the probability of being employed, or on broad labour force 
participation, or income. These effects are attenuated to insignificance in households where a 
grandparent is present or where grants constitute the main household income source, 
consistent with the availability of alternative caregivers in larger, multigenerational 
households. The hours effect is driven almost exclusively by changes in female labour supply. 
Our results are robust to a number of specifications, placebo checks, and variations in 
covariates. 
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I. Introduction

On January 30, 2020, the World Health Organization declared COVID-19 to be a pub-

lic health emergency of international concern (WHO, 2023). When COVID-19 was

declared a global pandemic by the WHO on 11 March 2020, South Africa (SA) fol-

lowed the regulatory response of the majority of countries in the world by imposing

severe restrictions on socio-economic activity and human mobility that became known

as lockdowns1. These measures caused an immediate contraction in the labour mar-

ket, the loss or temporary furlough of many jobs, and major disruptions to childcare

and education throughout the country (Daniels & Casale, 2022). When ECD centers

and schools closed in late March 2020, parents lost both the learning environment

and the daily supervision and safety that schools provide. Each family then had to

decide whether to replace those functions — and whether they were able to. Simul-

taneously, restrictions on business operations and movement reduced the supply of

domestic workers, a key backup childcare option for many employed families, further

constraining parents’ choices.

The impact of school closures on parental labour market outcomes likely differed

by gender, socio-economic status, household composition, and access to alternative

childcare. In South Africa, high unemployment, informal labour markets (Ranchhod

& Daniels, 2021), and multigenerational households may have attenuated these effects

relative to other settings. At the same time, because children are more likely to live

with their mothers and women face higher unemployment, the effects on maternal

labour market outcomes may have been more pronounced (Casale & Shepherd, 2022;

1The dates of each of the COVID lockdowns are presented in Table A1 - see Appendix Item A. Table A2 in Appendix Item
A.2 shows the restrictions in place for each wave of the NIDS-CRAM data, particularly those for schools, travel, vaccination and
social grants.
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Mosomi, 2019); SA’s legacy of high paternal absence in lower-income households,

rooted in the migrant labour system, reinforces this (Hatch & Posel, 2018). Consistent

with labour supply and time allocation models, higher childcare burdens would be ex-

pected to reduce labour supply, and evidence from COVID-19 shows that these addi-

tional burdens fell disproportionately on women (Del Boca et al., 2015; Killingsworth

& Heckman, 1986).

We investigate whether and how parents changed their labour supply when the

government closed schools and daycare centres. Our goal is to estimate whether

and how school closures were associated with changes in parental labour supply and

whether effects varied by socio-economic status. We use panel data from five waves of

the SA National Income Dynamics Study - Coronavirus Rapid Mobile Survey (NIDS-

CRAM). We use fixed-effects methods and a set of identifying assumptions about

whether and when the government closed schools and the timing of the NIDS-CRAM

interviews. School closures reduced hours worked, an effect driven by mothers —

the coefficient for fathers is small and statistically insignificant. A placebo test on

childless adults confirms that the effect is specific to parents. In households where a

grandparent is present, or where grants constitute the main household income source,

the impact is attenuated and no longer statistically significant. We find no significant

effects on employment or labour force participation, and no differential impact by in-

come group, consistent with low-income households having other household members

available to help absorb childcare needs.

The rest of this paper proceeds as follows: Section II. discusses the underlying con-

text in which these changes took place. Section III. presents the theoretical framework.

Sections IV. and V. present the data, methodology, and results, while Sections VI. and
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VII. discuss and conclude.
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II. Background

A. The South African Context

South Africa’s labour market displays structural features that bear directly on how

parents would be expected to respond to a childcare disruption. Despite its upper-

middle-income classification, SA has persistently high unemployment — exceeding

30% on the narrow definition and higher still on the broad measure that includes

discouraged workers — a large informal sector, and pronounced income inequality

(Daniels, Ingle, & Brophy, 2022; Mosomi, 2019). Women’s labour force participation

has grown since the end of apartheid but remains below men’s and is heavily concen-

trated in the informal sector and domestic service (Casale & Shepherd, 2022; Mosomi,

2019). These structural conditions are relevant to predicting labour supply responses:

where employment is already precarious or absent, the employment margin may be

less sensitive to a childcare shock than the hours margin for those who remain em-

ployed.

Pre-pandemic childcare arrangements in SA reflected both income stratification

and distinctive household structures. For higher-income families, childcare typically

relied on employed domestic workers or stay-at-home parents; domestic workers col-

lectively constituted an estimated one million jobs in the informal economy (Casale &

Shepherd, 2022). For lower-income families, a high proportion of young children lived

in multigenerational households, often with grandparents providing day-to-day care

— a pattern rooted in SA’s history of migrant labour and fluid household composition

(Duflo, 2000; Hatch & Posel, 2018). School enrolment was near-universal for children

of compulsory school age (Eyal, Woolard, & Burns, 2018), and approximately 40%
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of younger children attended early childhood development (ECD) centres, including

creches, playgroups, and day-mothers (Casale & Shepherd, 2022).

When national lockdown regulations took effect in late March 2020, ECD centres

and schools closed immediately, removing supervised care and education for the ma-

jority of children with employed parents. Simultaneously, restrictions on movement

sharply curtailed access to domestic workers (Casale & Shepherd, 2022). These dis-

ruptions coincided with broad labour market contraction: the employment-to-population

ratio fell by approximately 17 percentage points between February and April 2020,

with losses concentrated among informally employed women, domestic workers, and

lower-skilled workers (Daniels & Casale, 2022; Ranchhod & Daniels, 2021). Govern-

ment relief measures, including the COVID-19 Social Relief of Distress grant, mit-

igated food insecurity and hunger among vulnerable households (Eyal & Njozela,

2025). Against this backdrop, the childcare shock fell on an already-stressed labour

market.

Two features of the SA context lead to competing predictions about the labour sup-

ply response. On one hand, the prevalence of multigenerational households — par-

ticularly in lower-income communities where grandparents and other working-age

but unemployed adults are commonly co-resident — implies that many households

had potential substitute caregivers available, reducing the direct labour supply cost of

school and ECD closures. On the other hand, the concentration of childcare responsi-

bility in mothers is especially marked in SA: children are far more likely to live with

their mothers than their fathers, a pattern amplified by the legacy of migrant labour

(Hatch & Posel, 2018). Women already performed a disproportionate share of unpaid

domestic and care work before the pandemic (Casale & Shepherd, 2022), and the addi-
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tional burden from school closures would be expected to fall primarily on them. The

intersection between these two forces — household-level substitution possibilities and

gender-specific care burdens — motivates the empirical design of this paper.

B. International Evidence

Time allocation theory generates a clear prediction: when external childcare becomes

unavailable or more costly, the household member with the lower market wage —

typically the mother — reduces market work to substitute home production (Gronau,

1986; Killingsworth & Heckman, 1986). The higher the household’s reliance on exter-

nal childcare and the less substitutable that care is, the sharper the predicted labour

supply response (Del Boca et al., 2015). School and ECD closures during COVID-19

provided an unusually clean test of these predictions across many countries. Inter-

national evidence broadly supports the theory’s directional predictions, but reveals

important nuances regarding which margin adjusts and which households are most

affected — nuances that bear on what we should expect in the SA context.

Maternal labour supply fell more than paternal. The most consistently replicated finding

across countries is that school and childcare closures reduced maternal work hours

substantially more than paternal. Studies from Canada (Beauregard et al., 2022), the

United States (Heggeness, 2020), Austria (Hanzl & Rehm, 2023), and Spain (Farré et

al., 2022) all document that mothers reduced hours or detached from employment dis-

proportionately when schools closed, and that maternal hours recovered when schools

reopened. Theory provides a partial rationalization through the wage gap: if mothers’

wages are lower, their opportunity cost of home production is lower, and the optimal

response to rising childcare costs involves a larger maternal adjustment. However,
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the consistency and magnitude of the gender asymmetry exceeds what relative wages

alone can explain (Del Boca et al., 2020; Zamarro & Prados, 2021). Causal evidence

from the reverse direction corroborates this: Duchini and Van Effenterre (2024) ex-

ploit a French reform that extended school hours to Wednesday mornings and find

that only mothers — not fathers — increased their labour supply in response, reducing

the monthly gender pay gap by 6 percent. Standard income-effect logic predicts that

fathers should increase labour supply in response to household income loss, yet most

studies find negligible or even negative paternal responses. This disconnect points to

gender norms and default caregiver roles operating alongside — and sometimes dom-

inating — the wage-cost mechanism. In the SA context, where paternal absence from

the household is widespread and gender norms around childcare are at least as pro-

nounced as in high-income settings (Hatch & Posel, 2018), theory predicts a similarly

concentrated maternal response among employed mothers.

Hours effects dominated employment and participation effects. Across most country stud-

ies, school closures affected hours worked (the intensive margin) more than employ-

ment status or labour force participation (the extensive margin). Heggeness (2020)

finds that employed mothers in early-closure US states were significantly more likely

to be “employed but not at work” — i.e. furloughed or on leave — than to exit employ-

ment, with minimal effect on working fathers or childless women. Garcia and Cowan

(2022) similarly find effects on hours and full-time work status alongside small or

fragile employment effects (predominantly among women). Cross-country analysis

by Bluedorn et al. (2021) confirms that the pandemic “she-cession” was concentrated

at the employment margin in some settings, but that for those who remained em-

ployed, hours gaps between men and women often narrowed rather than widened,
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pointing to a substitution of formal leave for outright job loss. Women’s exit from the

labour force, when it occurred, tended to be temporary rather than permanent (Lim

& Zabek, 2023). Theory attributes intensive-margin dominance to the fixed costs of

employment: workers facing a short-run childcare shock prefer to maintain job attach-

ment, absorbing the disruption through reduced hours or temporary leave rather than

exit. In SA, where employment is already low and job search is costly, this logic applies

with even greater force: school closures would be expected primarily to reduce hours

among those already employed, rather than driving employment exit — a prediction

that shapes our choice of outcomes and is consistent with our main findings.

Effects were heterogeneous by income, education, and teleworkability. Evidence from high-

income countries finds that school closure effects were amplified for parents unable

to work remotely and those in lower-wage occupations (Garcia & Cowan, 2022). The

mechanism is intuitive: teleworkable jobs allow parents to partially interleave child-

care and work within the same time block, mitigating the labour supply cost of clo-

sures, while non-teleworkable workers face a harder trade-off. Kim et al. (2022) find

that employment declines during the she-cession were steepest for less-educated, un-

married mothers — those with the fewest options for flexible working or purchased

substitute care. Yet the education gradient is not unambiguous: Beauregard et al.

(2022) find that school reopening effects on maternal hours were larger for single

mothers and for mothers in non-teleworkable jobs in Canada, consistent with these

groups facing harder trade-offs between childcare and paid work. The gradient there-

fore depends on whether the binding constraint is childcare affordability or schedule

flexibility. In SA, the formal–informal labour market divide may be the more rele-

vant dimension of heterogeneity than education per se: informal-sector workers lack
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job protection but may have more flexible schedules, while formal workers are more

likely to have access to remote-work options. A further SA-specific moderating factor

is household composition: lower-income households that contain unemployed adults

or grandparents have internal substitute care resources that reduce the labour supply

cost of school closures, potentially dampening income-gradient effects that are promi-

nent elsewhere.

Resident substitute caregivers attenuated the effect. Household time allocation models

predict that the labour supply cost of losing external childcare is lower when inter-

nal substitutes are available. This prediction receives empirical support: Collins et

al. (n.d.) show that states with more limited in-person schooling experienced larger

declines in maternal labour force participation. The implication for SA is direct and

important. Given the prevalence of multigenerational households, particularly among

lower-income families, the stock of potential in-home caregivers is substantially higher

in SA than in the nuclear-household economies where most of this literature is set.

This structural difference leads us to predict an attenuated average labour supply re-

sponse to school closures in SA relative to international benchmarks, with further at-

tenuation in households where grandparents or other non-employed adults are present

— a prediction we test directly.
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III. Theoretical Framework

A. Model Assumptions and Framework

The theoretical framework is adapted from Lillard (2024), where three key assump-

tions underpin the model (we discuss the applicability of them to the South African

context after our model is presented). Firstly, we analyse decisions about work and

work hours under the assumption that jobs are available. Secondly, we view leisure as

a normal good. Thirdly, we suggest that parental time can fully replace teacher time.

Parent receives utility from child’s education, Z i, and a composite good, X i, which

is produced in market. Child quality, Z i, produced in the market, at home, or by a

mix of both according to:

Z i = fi
(
si , t

c
i | t

s
i

)
Where si : vector of purchased goods (e.g. books, computer, computer programs), tci

: parental time invested in child quality (education), and tsi : labour time of other

(market) actors (school teachers). Diminishing marginal productivity in each input is

denoted as follows:

(
∂fi(·)/∂j > 0,∂2fi(·)/∂j2 < 0 where j = si , t

c
i , t

s
i

)
Embedding the child quality production function in parent’s utility function:

U = U (Zi ,Xi) ≡U (fi ,Xi) ≡U
(
si , t

c
i ,Xi | tSi

)
With budget constraint (have endowment yi and earn money by working):

yi +wmt
w
i = pssi + τtsi + pxXi

15



Using (normalized) available time 1 = tci + twi ≡ 1− tci = twi

yi +wm = pssi +wmt
c
i + τtsi + pxXi

Formally, a parent chooses child quality inputs and composite good2 to:

max
si ,t

c
i ,Xi

L : U
(
si , t

c
i ,Xi | tsi

)
+λ

[
yi +wm − pssi −wmt

c
i − τt

s
i − pxXi

]
First-order conditions yield usual implications (choose until MB = MC )

∂U
∂Zi

∂Zi

∂si
−λps = 0

∂U
∂Zi

∂Zi

∂tci
−λwm = 0

∂U
∂Xi
−λpx = 0

and

∂U∂Zi

∂Zi∂t
c
i

/∂U∂Zi

∂Zi∂si

=
wm

ps

∂Zi

∂tci
/wm =

∂Zi

∂si
/ps

In equilibrium, parents invest such that the last dollar spent on each input yields

the same marginal increase in child quality, and in the short-run, parents take the

teacher’s time as "given". This is the Lillard (2024) result.

Figure A.: Optimal time devoted to child quality production

2tci : Parental time invested in child quality; si : Purchased school inputs; U : Utility function of the parent; Zi : Child quality;
Xi : Composite good; yi : Endowment (income) of the parent; wm: Parent’s wage; τ : Taxes levied for school teacher’s time; ps :
Price of school inputs; px : Price of composite good.
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From the indifference curve and budget line in Figure A.3, several key insights emerge.

The x-intercept of the budget line signifies the maximum time a parent could devote to

enhancing child quality if all income was allocated towards this purpose. Conversely,

the y-intercept denotes the utmost quantity of school inputs a parent could procure,

assuming all income was spent on these inputs. The slope of the budget line, −wm/ps,

encapsulates the trade-off rate between parental time and school inputs in the mar-

ketplace. The point of tangency between the budget constraint and the indifference

curve, designated as (tci ∗, si∗), illustrates the optimal blend of parental time and school

inputs. Here the marginal rate of substitution (the rate at which the parent is willing

to trade off tci for si) equals the price ratio (the rate at which the market is willing to

trade off tci for si). This condition can be written as:

∂U/∂tci
∂U/∂si

=
wm

ps

3In the diagram, the x-axis represents parental time invested in child education (tci ), and the y-axis represents purchased
school inputs (si ). The budget line represents the trade-off between these two inputs given the parent’s income and the prices
of the inputs. The indifference curve represents combinations of tci and si that give the parent the same level of utility. The
point where the budget line is tangent to the indifference curve is the optimal choice for the parent. This point represents the
combination of tci and si that maximizes the parent’s utility given their budget constraint.

17



B. High Unemployment

Where no work is available, or the parent chooses not to work, the wage wm becomes

0. School inputs si can be bought up to a maximum of yi/ps. Parent’s time invested

in child quality tci does not have a wage cost associated with it, as the parent is not

working. The choice variables are still si , t
c
i ,Xi (school input, time spent with child,

amount spent on composite good). The new budget constraint is:

yi = pssi + τtsi + pxXi

Maximize utility subject to the new budget constraint4:

max
si ,t

c
i ,Xi

L : U
(
si , t

c
i ,Xi | tsi

)
+λ

[
yi − pssi − τtsi − pxXi

]
The first-order conditions of this problem are:

∂U
∂Zi

∂Zi

∂si
−λps = 0

∂U
∂Zi

∂Zi

∂tci
= 0

∂U
∂Xi
−λpx = 0

We now have in equilibrium:

∂U∂Zi

∂Zi∂t
c
i

/∂U∂Zi

∂Zi∂si

=
0
ps

= 0

and

∂U
∂Zi

∂Zi
∂si

∂U
∂Xi

=
ps
px

4Remembering Z i = fi
(
si , t

c
i | t

s
i

)
and U = U (Zi ,Xi ) ≡U (fi ,Xi ) ≡U

(
si , t

c
i ,Xi | tSi

)
.
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And if simplifying,

∂U∂Zi

∂Zi∂t
c
i

/∂U∂Zi

∂Zi∂si

=
∂U/∂tci
∂U/∂si

= 0

The parent will choose tci and si such that the marginal utility of tci is maximized

relative to the marginal utility of si , given the constraint that the parent is not working.

In the model where the parent chooses not to work, the wage wm becomes 0. This

changes the condition at the point of tangency. Now, the parent’s time invested in

child quality tci does not have a wage cost associated with it. Therefore, the condition

at the point of tangency becomes:

∂U/∂tci
∂U/∂si

=
wm

ps
= 0

C. School is not available:

In the event of school disruptions, tsi : labour time of other (market) actors (school

teachers), is now not available. Thus child quality, Z i, is produced through parental

time investment according to the more limited composite good function:

Z i = fi
(
si , t

c
i

)
Marginal productivity is still assumed to be diminishing in each input5. Embedding

the child quality production function in the parent’s utility function we obtain:

U = U (Zi ,Xi) ≡U (fi ,Xi) ≡U
(
si , t

c
i ,Xi

)

5 ∂fi∂si
> 0,

∂2fi
∂s2

i

< 0,
∂fi
∂tci

> 0,
∂2fi

∂tci
2 < 0


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The new budget constraint now excludes the cost of school inputs pssi :

yi +wmt
w
i = wmt

c
i + pxXi

Formally, a parent chooses child quality inputs and the composite good to:

max
si ,t

c
i ,Xi

L : U
(
si , t

c
i ,Xi

)
+λ

[
yi +wmt

w
i −wmt

c
i − pxXi

]
First-order conditions yield the following implications:

∂U
∂Zi

∂Zi

∂si
−λpx = 0

∂U
∂Zi

∂Zi

∂tci
−λwm = 0

∂U
∂Xi
−λpx = 0

In equilibrium, the absence of school inputs would lead to a modification of the child

quality production function and the budget constraint, resulting in changes in the

optimal allocation of parental time and purchased goods to produce child quality (see

Lillard, 2024).

South Africa, unlike other middle income countries, suffers from extremely high

income and wealth inequality. The use of segmented labour market theory, exam-

ining formal and informal sectors separately, is particularly suited to this market.

Other models which take into account the very different decision making among South

African workers, given a labour market bifurcated based on income levels, may also be

applicable - see Section D in the Appendix. Preliminary evidence of the applicability

of such a model is presented in Section D..
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D. Application

E. Challenges: from Theory to Practice

The closure of schools and daycares implies that the childcare costs have effectively

risen, as having to increase childcare would necessarily come at the cost of potential

wages or the ability to search for work. A reduction in childcare availability, as well as

falling wages or available jobs, would change these decisions, particularly whether to

take available jobs, continue to work the same number of hours (presuming flexibility

in hours is possible), or search for work (or in the South African context, be willing

and able to work even if no search activities have been engaged in). In nuclear fami-

lies, reduced childcare could decrease women’s ability to work, however if fathers lose

their jobs, the added worker effect would predict an increase in female labour force

participation if possible. This effect would be more predominant in households where

other childcare options are available, or if fathers take on the added childcare burden.

In larger households, any adult in the household who lives with children might also

have been affected by school closures.

During the pandemic, multiple simultaneous changes in this model make predict-

ing the direction of labour supply changes difficult. Wages (w) may have fallen, which

in normal economic times the substitution effect might have predicted lowered op-

portunity cost of leisure and childcare, and thus if work hours were flexible, labour

supply might decrease. As the demand for childcare (D) rose, less time may have

been available for work. In addition, the cost of alternative childcare itself may have

risen. Falling wages and increased childcare are income effects which would predict

the opposite - increased labour supply.
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Other simultaneous changes include: (1) increases in non-labour income V for

low-income individuals receiving grants, (2) increased time available for those able to

work from home, with commute times reduced entirely, (3) changes in the utility func-

tion to include a higher value placed on time spent at home due to increased health

risks, or to reflect a changed UC given changes in the availability of goods and ser-

vices, and (4), changes in the functional form of P (D) as alternative childcare options

changed. Classifying each of the factors mentioned as income or substitution effects

may be possible, but the interplay of these factors, and the net effect on work hours is

difficult to evaluate or predict in a sample which has high variability in income, ed-

ucation, and employment levels. In addition, the high rates of paternal absence, and

the predominant gender roles where women take on a higher burden of childcare and

domestic duties, also affect the model.
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IV. Data and Methods

A. Data Sources and Outcomes

This paper makes use of the NIDS-CRAM, an individual level panel study conducted

telephonically. The sampling frame for this data was the 2017 National Income Dy-

namics Study, a nationally representative panel survey (Brophy et al., 2018). As such

the NIDS-CRAM contains a subsample of individuals 18 years and older, with 5 waves

of longitudinal data collected from April/May 2020 to May 2021 (Ingle, Brophy, &

Daniels, 2021).

The main sample chosen for analysis is the working age population from age fifteen

to sixty-four, who form part of the balanced panel (i.e. observed in each of the 5 waves

of the NIDS-CRAM). This sample comprises 3,238 individuals. We refer to this as the

base sample6. 3 main sub-samples are analysed: 1. affected parents (defined as living

with biological or adopted children under the age of 18, reported in NIDS-CRAM

Waves 2 and 3); 2. individuals who report living in households containing school aged

children (ages 7 to 17); and 3. those who live with younger children under school-

going age.

The outcomes available for analysis from the NIDS-CRAM include hours worked,

whether the individual is employed, a labour force participant, or not economically

active, as well as whether an individual is classified as a discouraged worker or not.

Data were collected for February 2020, a pre-pandemic baseline, for 3 outcomes in

particular: hours worked (not necessarily including self-employed hours), whether an

individual is employed (measured in the full working age sample including NEA),

and monthly wages earned. Work hours and pay are observed only for those who are

6The unbalanced panel is analysed in Section D..
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employed. Our main outcomes chosen for analysis are total work hours (including self

employment hours) and strict employment (excluding discouraged workers). Other

outcome measures are explored in the robustness checks in Section i). Our choice is

made taking into account sufficient sample size, and comparability of our estimates to

the literature.

B. Trends in Labour Market Outcomes

In this section we provide a descriptive overview of key labour market outcomes.

We examine the NIDS-CRAM, using the working age balanced panel sample. Em-

ployment data from February 2020 includes those not economically active, a defini-

tion which equates to evaluating the employment to population ratio (EPOP), and is

used in all waves of the NIDS-CRAM. The February 2020 data does not include self-

employment hours in the count of working hours (although this is collected from April

2020 onwards). In NIDS-CRAM, hours are categorized into work hours per day in the

previous month, self-employment hours, and a combined total.

Figure 1: EPOP and Hours Worked (Feb 2020-May 2021)
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Figure 2: Employment and Labour Supply by Parental Status (Feb 2020-May 2021)
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Figure 1 shows that average daily hours of the employed population fluctuated be-

tween 8.1 and 8.5 hours over the period Feb 2020-April 2021. When we disaggregate

these trends to parents (to children of any age) and non-parents, Figure 2 reveals that

parents have higher employment rates and work longer hours than non-parents, the

latter is something that diverges sharply during the first month of lockdown in April

2020, which was the most stringent in South Africa over the period of investigation.

By July 2020 though, the difference reduced, before trending more closely thereafter.

This suggests that there were notable differences in hours worked between parents

and non-parents during the different lockdown levels and months of interview.

C. School Closures in SA

Figure 3 graphs the original cumulative school days as per the gazetted school cal-

endars for 2020 and 20217, and the updated cumulative number of days which took
7See Appendix Item B for a full description of announcements and a list of the original and updated school calendars.
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place following COVID-19 lockdown restrictions. The planned number of days of

school for 2020 and 2021 were 198 and 197 days respectively, with the actual number

of days of school open approximately 156 and 192 in 2020 and 2021. In 2020, we can

see the large gap in planned and actual days beginning in the first lockdown in March

2020, and the subsequent gap continuing with no full recovery by December 2020.

In 2021, we see a large initial difference between the two measures due to school re-

opening being delayed to the middle of February, with the gap between planned and

updated days of school closing by the end of the year.

Figure 3: Cumulative School Days Open per Year
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Figure 4: Percentage of School Days Lost since Jan 2020
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Potential school closure variables include the cumulative number of school days lost

since January 1st each year, the cumulative number of actual school days since January

1st each year, the deficit between planned and actual school days, as well as versions

of these variables since 1st of January 2020. For our main analysis, we use the percent-

age of school days lost since the 1st of January 2020 - see Figure 4. This is calculated

as the cumulative sum of school days lost (monotonically increasing with time), di-

vided by the planned number of school days at the date of interview. As the deficit

between planned and actual school days decreases by the end of 2021, this proportion

first increases and then decreases. See Figure 5 in Appendix Item B which shows the

variability in school days lost since the beginning of the school year, in 2020 and 2021.

D. Empirical Strategy

Identification of the impact of school closures on hours worked is our main empirical

task, though for robustness purposes we also investigate the impact on employment.

We use all 5 waves of NIDS-CRAM data for a balanced panel sample, for individual i
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at time t. The base model employed is as follows:

Yit = β0 + β1Sit + β2Xit +γHHht + δ1Mt ∗AdjLit +αi +uit (1)

Yit is a measure of labour market outcomes: either hours of labour supplied (Hit),

or a binary indicator for strict employment (Eit). Sit is a measure of school closures.

Xit is a vector of demographics including age, age squared, race, gender, education

level, and others (fixed characteristics which predict labour market outcomes are men-

tioned here for completeness, and are included in other specifications where appro-

priate). HHht is a vector of household level variables including a measure of socio-

economic status (whether household income, household hunger levels, or household

grant access), household size (or a decomposition of household size into the number

of children in different age categories), location variables such as province and type

of location (urban, rural, informal, etc) and other household predictors of individual

labour market outcomes. Occupation is also controlled for in the hours and employ-

ment specifications. AdjLit is the lockdown level at the time of data collection8, which

varies by interview date. The inclusion of Mt ∗AdjLit controls for all possible combi-

nations of lockdown level (including adjusted lockdown levels) and month. Mt covers

any seasonal aspects to an individual’s labour market prospects. Lockdown level effec-

tively controls for other COVID-19 policies in effect at the time of interview, including

adjustments made by government further into the pandemic9. We include individual

time invariant fixed characteristics αi . uit is an idiosyncratic error.

We report ordinary least squares fixed effects in our main estimates in Section V.

8See Table A2 for the distribution of the sample across wave and lockdown level.
9We elect to control for adjusted lockdown level rather than wave of data collection. Wave of data collection does not fall

neatly across lockdown levels and conveys no special meaning regarding restrictions in place. Waves of data were collected 3
months apart approximately, for a month. Results do not change significantly with other time combinations - month*year fixed
effects or wave indicators are included - see Section D.
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This choice makes our results easily comparable to those in the literature, and relies

on less onerous assumptions. In our robustness checks in Section D., we thoroughly

investigate and compare the different specifications available for use, including the

results of non-linear models10 (pooled and random effects probit, logistic fixed effects

estimates).

E. Identification

Some caveats are necessary. In the context of SA, several unique factors may attenu-

ate the impact of school closures on parental labour supply, leading to potential null

results, even if our identification strategy correctly isolates the causal effect of school

closures, and despite the substantial disruption to the educational system. In South

Africa (SA), the public school system did not offer a remote learning option, implying

the impact of a school closure on parental labour supply would not stem from a need

to supervise school work. In addition, the lower education levels in SA parents, as a

result of the legacy of apartheid educational policies, imply parental time is not at all

close to a perfect substitute for teacher time (Spaull, 2013). SA households are also

likely to contain an excess supply of caregivers, due to the high prevalence of large

intergenerational households.

A common method for this type of identification would be to use a difference-

in-differences approach, with a treatment defined by parental status, and the time

component when schools were closed, with coefficient on the interaction of the two

our main estimate of the school closure effect in this group. While this is potentially

possible using the NIDS-CRAM, and will be explored more in Section D., it is not

10For employment, we model P r(Eit = 1) = Φ(β0 +β1X), with Φ() the cumulative distribution function of the standard normal
distribution (in a probit model) or the logistic distribution.
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preferable to our base specification for a number of reasons. Firstly, we do not have

full data on immediate pre-pandemic outcomes. The February data collected was

only for certain labour market outcomes, which have been exploited in the descriptive

analysis in Section A.. However data on characteristics such as number of children

in the household, the location of the person prior to the first lockdown, whether they

were living in higher or lower income households, is not known. Given that more than

5 million South Africans moved in the first few months of the pandemic, most of these

prior to March 27th, the date of the first lockdown (Posel & Casale, 2021), household

characteristics in particular would differ greatly from February 2020 to April 2020,

when NIDS-CRAM Wave 1 was collected. Eyal and Njozela (2025) find that of those

who did not move between NIDS-CRAM Waves 1 and 2, 39% did experience changes

in their household size, and 31% of those lived in households which sent at least one

child under school-going age to live elsewhere.

In addition, an assumption of parallel trends in labour market outcomes between

our most likely treatment and control groups: parents of children of school going

age, and parents of children not of school going age, is unlikely to hold true. A com-

parison may only pick up age effects given the wide age band of 7 to 17 collected

in the data (older parents are more likely to be labour force participants). We could

attempt to argue for conditional random assignment based on a complete set of con-

trols, but without being able to control for the age or number of children a parent has

(particularly the age of the youngest child), and the large proportion of adults in our

South African sample in households contain at least 1 child under the age of 7 (see

Table A6), this will not yield plausible or clean identification of the effect of school

closures. In addition, we know that labour market status is likely to respond with
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a lag to school closures, and school closures happened frequently, and thus a binary

measure of "School currently closed" would not be an appropriate time control. Our

two main outcomes: employed in the previous month, and labour supply in the pre-

vious week, will also not cleanly change on a particular date. Lastly, school opening

and closing changed at times not perfectly coinciding with lockdown level changes.

We know that the number of days of school open is exogeneous depending on when

the individual was interviewed. This cumulative measure is obviously correlated with

time, hence the use of a percentage measure, as well as fixed effects estimates, and

month and lockdown fixed effects. Estimates using other measures of school closures

yield similar effects - see Section D. Our results are robust to a number of robustness

checks, and display estimates which accord with the theory. Further work using two

stage fixed effects with continuous treatment over multiple time periods, and includ-

ing other detailed measures of COVID-19 policies in effect during the study period,

should serve to reinforce the causal effect. All of this noted, a null result may be pre-

dicted by the theoretical model, especially in the South African context, which may

not be evidence of flawed identification.
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V. Results

A. Descriptive Statistics

Table 1 presents pre-pandemic baseline means11 (Column 1) and wave-by-wave differ-

ences from those baselines for outcomes available in February 2020, alongside mean

values for outcomes not collected pre-pandemic, for our four samples of interest. In

February 2020, 54% of the working-age balanced panel sample was employed (includ-

ing the not economically active in the denominator), rising to 60% among parents.

Conditional on employment, individuals worked just over 8 hours per day, and 43%

of employed workers earned below R3,000 per month; this share was higher (48%) in

households with at least one child under 7. The onset of the pandemic and the Level

5 lockdown is associated with a sharp decline in employment in Wave 1 (April/May

2020): the EPOP fell by 8 percentage points in the full sample and 9 percentage points

among parents and both child-based sub-samples. By Wave 3 (November/December

2020), this gap had largely closed, with the full-sample EPOP within 1 percentage

point of the pre-pandemic level.

Strict employment (excluding discouraged workers) also weakened early in the

pandemic, but with greater heterogeneity across sub-samples: in the full sample it

moved from 77% in Wave 1 to 74% in Waves 2–4 before recovering to 76% in Wave

5, while among parents it stayed between 76 and 81%. Those living with at least one

child under 7 experienced the steepest decline, with strict employment falling from

76% in Wave 1 to 68% in Wave 2, compared with 74% in the full sample in Wave 2,

11A full set of weighted12 descriptive statistics is presented in Table A6 in Appendix Item C.
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Table 1: Descriptive Statistics: Changes Compared to Pre-Pandemic Data
(NIDS-CRAM)

Feb Wave 1 Wave 2 Wave 3 Wave 4 Wave 5
2020 2020 2020 2020 2021 2021

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

Full sample (balanced panel) Differences with pre-pandemic values

Earns under R3000 (N = 703) 0.43 -0.11 -0.15 -0.17 -0.19 -0.15
Work hours (N = 571) 8.07 0.16 0.43 0.32 0.42 0.34
Employed (0 includes NEA) (N = 3173) 0.54 -0.08 -0.08 -0.01 -0.02 0.00

Mean values

Work hours (total) (N = 681) 7.95 8.24 8.11 8.21 8.16
Employed (strict) (N = 1732) 0.77 0.74 0.74 0.74 0.76
Broad labour force participant (N = 3173) 0.82 0.81 0.87 0.83 0.83

Parent Differences with pre-pandemic values

Earns under R3000 (N = 560) 0.43 -0.10 -0.16 -0.19 -0.19 -0.16
Work hours (N = 446) 8.15 0.33 0.54 0.38 0.48 0.34
Employed (0 includes NEA) (N = 2296) 0.60 -0.09 -0.08 -0.00 -0.04 -0.01

Mean values

Work hours (total) (N = 527) 8.14 8.40 8.24 8.31 8.22
Employed (strict) (N = 1344) 0.81 0.77 0.76 0.76 0.77
Broad labour force participant (N = 2296) 0.87 0.88 0.92 0.87 0.88

HH has at least 1 child under 7 Differences with pre-pandemic values

Earns under R3000 (N = 313) 0.48 -0.09 -0.18 -0.20 -0.16 -0.12
Work hours (N = 253) 8.08 0.25 0.47 0.34 0.23 0.11
Employed (0 includes NEA) (N = 1605) 0.50 -0.09 -0.11 -0.02 -0.03 -0.03

Mean values

Work hours (total) (N = 307) 8.00 8.19 7.92 8.02 7.97
Employed (strict) (N = 826) 0.76 0.68 0.70 0.72 0.73
Broad labour force participant (N = 1605) 0.80 0.81 0.86 0.81 0.79

HH has at least 1 child aged 7 to 17 Differences with pre-pandemic values

Earns under R3000 (N = 406) 0.48 -0.10 -0.15 -0.17 -0.21 -0.15
Work hours (N = 303) 7.93 0.16 0.44 0.47 0.52 0.33
Employed (0 includes NEA) (N = 1932) 0.52 -0.09 -0.08 -0.01 -0.04 -0.00

Mean values

Work hours (total) (N = 375) 7.72 8.13 7.97 8.09 7.93
Employed (strict) (N = 1035) 0.74 0.75 0.73 0.72 0.75
Broad labour force participant (N = 1932) 0.81 0.79 0.86 0.82 0.82

Notes. Weighted statistics derived from pre-COVID NIDS CRAM sample (Feb 2020) and NIDS-CRAM waves
1-5 in the working-age population, balanced panel, weighted using the balanced panel weights. Pay brackets
provided for the employed. “Hours worked" indicates average daily work hours from the previous month. Data
on business hours or individual employment status components were not collected in Feb 2020. Sub-sample
N values per variable indicate available observations in Wave 1. Column 1 shows mean values (Feb 2020);
Columns (2)-(6) display differences from the Feb mean or mean values, depending on data availability.33



before recovering gradually to 73% by Wave 5. Conditional work hours among the

employed were slightly higher than the February baseline across all waves and sub-

groups, consistent with a composition effect: lower-hours workers were more likely

to lose employment, raising the mean among those who remained employed. The

share earning below R3,000 fell throughout the study period across all sub-samples,

similarly reflecting the disproportionate job losses among lower-wage workers.

B. Estimates

In Table 2 we present the results of 2 sets of estimates, in 4 sub-samples. These are

the full balanced panel, the set of individuals who report living with their children

under the age of 18 (our definition of parent), those living in households with children

younger than school going age (Child < 7), and those living with at least 1 school child

(aged 7 to 17). The dependent variables are Employed (strict) - in Columns 1 to 4 - and

Hours worked per day in the previous month - in Columns 5 to 8. We report robust

standard errors. We include controls for the number of children under school going

age in the household, of school going age, and the number of adults 60 or above. We

control for whether households receive a child support grant, the old age pension, or

the newly introduced COVID-19 Social Relief of Distress (SRD) grant.
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Table 2: The Impact of School Closures on the Probability of Employment and Labour Supply

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES All Parent Child < 7 School child All Parent Child < 7 School child

Days lost (%) 0.007* 0.005 0.013* 0.008 -0.125** -0.161*** -0.175** -0.136*
(0.004) (0.005) (0.007) (0.006) (0.052) (0.062) (0.082) (0.070)

Age in years 0.028 0.033 0.028 0.072 -0.431 -0.343 -0.104 -0.401
(0.034) (0.038) (0.053) (0.050) (0.296) (0.338) (0.464) (0.414)

Age2 -0.000 -0.000 -0.000 -0.001 0.004 0.003 0.001 0.003
(0.000) (0.000) (0.001) (0.001) (0.003) (0.004) (0.006) (0.004)

Married 0.003 -0.011 0.010 0.007 0.142 0.120 0.047 0.125
(0.015) (0.017) (0.021) (0.021) (0.136) (0.158) (0.227) (0.202)

Tertiary education 0.020 0.011 -0.005 -0.011 -0.114 -0.241 -0.027 0.253
(0.029) (0.031) (0.042) (0.040) (0.296) (0.333) (0.483) (0.385)

Matric 0.059** 0.052** 0.033 0.039 -0.070 -0.209 -0.289 0.194
(0.025) (0.026) (0.034) (0.033) (0.306) (0.336) (0.451) (0.396)

# Children < 7 -0.012 -0.011 -0.013 -0.005 0.128 0.123 0.042 0.008
(0.008) (0.008) (0.013) (0.011) (0.087) (0.095) (0.148) (0.102)

# School-age children -0.006 -0.002 0.003 0.000 0.017 0.052 0.034 -0.025
(0.006) (0.006) (0.008) (0.008) (0.056) (0.062) (0.069) (0.066)

# Adults 60+ -0.024 -0.030* -0.016 -0.004 0.188 0.228 0.755** 0.274
(0.015) (0.016) (0.024) (0.020) (0.185) (0.208) (0.307) (0.226)

CSG recipient in HH -0.006 -0.006 -0.013 -0.024 -0.353** -0.414** -0.478* -0.548**
(0.016) (0.017) (0.025) (0.024) (0.156) (0.168) (0.267) (0.222)

OAP recipient in HH -0.007 -0.008 -0.025 -0.024 -0.175 -0.224 -0.725** -0.092
(0.023) (0.027) (0.034) (0.030) (0.216) (0.259) (0.341) (0.281)

SRD recipient in HH 0.020 0.031* 0.020 0.021 0.151 0.266* 0.075 0.290*
(0.014) (0.016) (0.021) (0.019) (0.132) (0.154) (0.192) (0.172)

Rural 0.012 0.018 0.045 0.023 0.440** 0.442* 0.319 0.104
(0.019) (0.020) (0.028) (0.025) (0.216) (0.245) (0.339) (0.299)

Observations 8,286 6,449 4,138 5,199 5,357 4,117 2,510 3,224
Number of pid 2,488 1,935 1,558 1,856 1,929 1,494 1,126 1,363
Dependent variable Employed Employed Employed Employed Hours Hours Hours Hours
Month*Lockdown Level FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. NIDS-CRAM Waves 1 to 5. Balanced panel sample, working age.
Dependent variables are Employed (strict) - in Columns 1 to 4 - and Hours worked per day in the previous month - estimates in Columns 5 to 8.
Days lost (%) refers to the percentage of days of the total cumulative number of planned school days, measured since 1st Jan 2020, measured
between 0 and 100. A 1 unit increase in Days lost (%) is a 1 percentage point increase.
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Days lost (%) refers to the percentage of days of the total cumulative number of

planned school days, measured since 1st Jan 2020, measured between 0 and 100, thus

a 1 unit increase in Days lost (%) is a 1 percentage point increase. To contextualise

this, we look at the planned days for 2020 and 2021 gazetted prior to COVID-19:

these were 198 and 197 respectively. The actual days which took place were 156 and

192. Looking just at 2020, we see that 42 days of school were lost, 21% of the 2020

total (just under 9 weeks). In 2021, the planned and actual days were close by the end

of the year, but the delayed start of school by a month raised the proportion initially

- see Figure 4. In our balanced panel sample, in 2020 the mean percentage of school

days lost ranged between 36% and 50% (with a median of 43%), and in 2021 the

range was between 36% and 42%. To interpret the school closure variable coefficient,

we choose to examine the impact of a 20 percentage point increase in school closures

on hours worked (no significant effects for employment probability are found). Thus

in the full sample, in Column 6, we see that a 20 percentage point increase in school

closures reduces average daily hours worked by 0.125*20 or 2.5 hours. The effect is

even larger for parents, at 3.2 hours (-0.175*20), and approximately the same for those

with younger children. Please note, we use the words impact, reduce and effect here,

for ease of interpretation, but while we hope to have estimated a causal effect, this is

not assumed. We choose 20% as a lower bound estimate, which accords with the 21%

observed in 2020.

C. Heterogeneous Effects: Sub-sample Analysis

In the next steps of the analysis, we dissect the data further to gain more nuanced

insights, specifically by different subgroup (including those defined by time-invariant

samples naturally eliminated from the fixed effects regressions, such as gender and
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race). We examine the existing estimates by gender, in separate years (given that the

2020 disruptions to school were more severe than those in 2021), by differing house-

hold living arrangements and marital status (those living with their partners, single,

etc), and by high and low income13 (as defined by those living in a household receiv-

ing or not receiving any government grants). These results can be found in Table A11

in Appendix Item E. Vulnerable groups are also investigated, including those living

in rural areas, and the youth group.

We next examine subgroup heterogeneity and placebo tests using Table A11, in-

cluding men, women, parents, mothers, fathers, and an “Independent” group of in-

dividuals who are neither parents nor living with children. These results support the

theory that the impact of school closures on parental labour supply is driven solely

by the effect on mothers, and the traditional gendered caregiving roles result in neg-

ative effects on female labour supply in general, regardless of whether a woman has

children or not. As expected, the effect of school closures on labour supply in the Inde-

pendent group is null. Table A12 displays the estimates for 2020 and 2021 separately.

In Table A12 an interesting result emerges. When estimated in 2021, we observe for

the first time a negative effect of school closures on employment probability, which is

driven by effects on parents, and those living with younger than school age children in

particular. This is a result which possibly requires further investigation. In 2021, the

school closure variable is not a significant determinant of hours worked. Table A12

supports other research which finds that employment may respond with a lag to neg-

ative shocks, and it indicates that the effects on hours were most keenly felt in the first

year of the pandemic in South Africa, when lockdown restrictions were the harshest.

Of interest: school closures appear to positively impact employment probability in

2020. It is possible that by separating the sample by year, some of the time correlated

effect is not stripped out, and what is being captured is the recovery in employment

in the latter half of 2020. This interpretation requires further investigation however.

Table A15 shows estimates for total hours worked in a number of sub-samples de-

lineated by socio-economic status and household structure. The impact for those who

can work from home is included, but this sample (pooled over the 4 waves this data is

available) is very small, and this result is not robust to changes in specification. How-

13This serves as a preliminary test of the alternate labour supply model in Section D in the Appendix.
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ever it indicates minor support for the hypothesis of school closures having a larger

effect on households with higher income, which may be smaller, and not have other

potential caregivers. Table A15 shows support for this. In Column 3, top panel, we see

that for those living in households whose main income is employment income, a large

effect on their own hours supply is observed related to school closures. Other signifiers

of higher income households are households which do not receive grants (Column 4,

top panel), and households which are likely to be nuclear (Column 6, household size

less than 5). A large negative significant effect is found of school closures on hours

worked. Similarly, when we examine the effect in individuals living in households

whose main income is grants (Column 5), no significant effect of school closures is

found, giving support to the availability of alternate caregivers in these households.

In the second panel we see that more educated mothers (Mothers who have matricu-

lated, Column 2) are impacted more by school closures, implying the substitutability

of their time with teacher time is higher. Single mothers (Column 3, bottom panel)

are also negatively affected, while Columns 4 and 5 in the bottom panel of Table A15

serve as "placebo" samples. Those who are child-free, or do not live with any children,

are not affected by school closures. And lastly, the availability of older caregivers (Col-

umn 6, grandparent present in the household) is associated with no effect on labour

supply associated with school closures.

D. Robustness Checks

We explore a variety of specifications and tests to ensure both robustness and compre-

hensiveness of our findings - see Appendix Item E for the full results where applicable.

All estimates include the same controls as the fixed effects specifications in the main

specifications in Table 2, with minor alterations14. We present pooled ordinary least

squares (OLS) regression as a benchmark model, bearing in mind its simplicity and

widespread use in econometric analysis- Table A10. This yields similar coefficients

but without similar significance patterns on the main school closure variable. While

the coefficients observed in the OLS estimates in Table A10 echo those in the fixed

effects, the lack of significance serves to motivate for panel techniques to exploit the

14OLS estimates include fixed characteristics such as gender and race, Labour force participation estimates exclude occupa-
tion
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longitudinal nature of the panel.

Results presented using a cumulative school percentage of days lost since the 1st

of January of each year, as opposed to the 1st of January 2020, yield similarly signifi-

cant negative coefficients for hours worked, but which are smaller in size - see Table

A14. We also test the effect of the cumulative number of school weeks lost since 1 Jan

2020 (not the percentage). In Table A14, we still observe a null impact on employment

probability, for the 2 alternate measures of school closures. The percentage of Days

lost since the beginning of the school year (calculated from the 1st Jan of 2020 or 2021

depending on the interview date) has a significant and negative effect on hours, but

which is smaller in size than the effect as measured since 1 Jan 2020, implying a cumu-

lative negative effect on employment hours as the pandemic continued. The number

of weeks of school lost is highly correlated with time, rendering it insignificant in the

fixed effects model with month and lockdown controls, as expected.

In the NIDS-CRAM, certain labour force status predictors were collected in some

waves and not others (see Table A6), and some covariates are only collected in applica-

ble samples - such as number of hours of childcare in households containing children,

or SRD receipt only in unemployed individuals. The inclusion of additional covariates

to test the stability of certain results is possible, as well as estimates performed in only

certain sub-samples. It is also known that certain variables suffer from data issues

(particularly income measures such as pay or household income). Not captured in all

waves include: work from home status (available from Wave 2 onwards), a measure

of mental health (the PHQ-2), which was collected in waves 2, 3 and 5. In addition,

pre-pandemic outcomes (from February) are collected, such as hours worked (exclud-

ing self-employed), employed, and take-home pay. These may also be included as

covariates where possible and appropriate.

Different permutations of household composition and structure, and more com-

posite measures of grant access are possible different specifications. We controlled for

the number of children of under and of school going age, and the number of elderly

in the household, and then binary indicators of whether households received each of

3 types of grant - the CSG (for caregivers of children under 18), the SRD (newly intro-

duced during the pandemic to unemployed working age adults), and the pre-existing

pre-pandemic OAP (a more substantial grant for older individuals). It is possible to
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include a single binary variable of any grant access (fairly high across households),

or to control for household size and binary indicators of the presence of children in

different age groups, as well as the number of different types of grants received in the

household.

We consider alternative specifications such as probit and logit models, establishing

a comparison between the two to determine the most fitting for our data. Hausman

tests support the use of fixed effects. We compare the results from weighted and un-

weighted models. For the figures produced, the differences were not substantial, en-

suring the robustness of our findings. We also present estimates using the unbalanced

panel, which are similar - see Table A9.

Given that our data was collected over five waves in a 13-month period, collinear-

ity when controlling for time and lockdown combinations was a potential issue. We

experimented with various combinations of wave, year, and month. We found that

while certain month/year/lockdown combinations do become collinear in the fixed

effects, the main coefficients remained stable in size and significance. In pooled OLS

results, high VIF values are found when a measure of cumulative days missed since

January 2020 is used, rather than the percentage of days missed. All specifications

were tested for high variance inflation factors, and excluding the obvious correlated

variables such as age and age squared, no other major collinearities were found.

Lastly, we tested for omitted variable bias (OVB) in the pooled OLS results using

the Ramsey RESET test. The results confirm the choice of fixed effects as preferred,

removing at least time invariant omitted variables. We also experimented with the

inclusion and exclusion of age-squared and other covariates, ensuring a robust model

specification.

i) Other Labour Market Outcomes

Our exploration further extends to various labour market outcomes, with a particular

focus on labour force participation (LFP). We dissect hours worked into its different

components to offer a more granular view of labour market behaviour. It is possible

to explore hours worked which excludes self employment, pay information, and an

employment measure for which "unemployed" includes the not economically active.

These 3 variables can be compared to the February 2020 data. Table A13 replicates
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Table 2, with broad labour force participation and binary indicator of whether deflated

pay value is under R3000, as dependent variables. No significant impact of school

closures on broad labour force participation are observed, or on the probability of

earning lower than median pay.

ii) Data Limitations

The NIDS-CRAM does not interview all household members. Thus we may know if

the house contains young children, but not whether those children “belong" to any

particular person. Parent can only be defined by whether a person has a child under

the age of 18 living with them in Waves 2 and 3 - we extrapolate this information

to the other waves. In addition, data is missing in certain waves only (for example

childcare, or whether own children were resident), and others are asked based on skip

patterns (e.g. hours of childcare only asked of those reporting living in households

with children under 18). We also know that those who do live with school going

children are likely to have been affected differentially depending on the age of the

children. Younger children, for example ages 7, 8, 9 or 10 years old, are likely to

require more care than older children ages 11 to 17, who are likely to be more self-

sufficient. In addition, the compulsory school going age in South Africa is grade 8

or age 15, at which point children may legally not attend school. These children are

captured in the number of children reported in the age band 7 to 17, despite their

expected heterogeneous effects.

In addition, identifying patterns in occupation and sector of employment is not

encouraged due to lack of statistical power (Daniels & Casale, 2022; Daniels, Ingle, &

Brophy, 2022). The occupational codes are only 1 digit codes and thus are too broad to

find individuals more likely to have been affected. Missing data is present to a degree

in the hours variable. We excluded individuals who were part of the armed forces - as

this number was only 27 individuals. We also excluded 474 individuals from wave 2

whose occupational code was "Never worked".
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VI. Discussion

Our main finding — that school closures reduced hours worked for parents, but not

employment probability or labour force participation — is situated within a broader

international literature where findings are mixed. Some studies document persistent

extensive margin effects: reduced employment and labour force exit, especially for

mothers (Bluedorn et al., 2021; Garcia & Cowan, 2022; Heggeness, 2020). Others find

the primary channel is reduced hours among those who remained employed (Beau-

regard et al., 2022; Hanzl & Rehm, 2023). The South African result falls in the lat-

ter category. The absence of employment effects in our main specification, alongside

persistent hours effects, is consistent with a pattern in which parents who kept their

jobs adjusted how much they worked rather than withdrawing from employment al-

together. This is also consistent with the composition effects visible in the descriptive

data: the workers most likely to lose employment early in the pandemic were lower-

hours workers, leaving the remaining employed sample more strongly attached to

their jobs even as they faced mounting childcare pressures.

The gender asymmetry in our findings mirrors international and local evidence of

she-cessions (Bluedorn et al., 2021; Casale & Shepherd, 2022), but the mechanism in

South Africa differs in an important respect. The effect on hours is not confined to

mothers: the coefficient for all women in the sample is large and highly significant

(−0.239, p < 0.01), while the coefficient for all men is small and insignificant (−0.032).

The Independent group — those who are neither parents nor living with children —

shows no significant effect, consistent with the female hours reduction being concen-

trated among women in contact with children. This points to gendered care norms

that allocate childcare responsibilities to women in the household more broadly, not

only to biological mothers, a pattern consistent with the extended family structures

and informal care arrangements prevalent in South Africa (Hatch & Posel, 2018).

The most striking result in the South African context is that we find no differential

effect by income group. International studies find that school closure effects are con-

centrated among lower-educated, lower-income parents and those in non-teleworkable

occupations (Beauregard et al., 2022; Garcia & Cowan, 2022). Here the pattern is re-

versed: households that are more likely to be nuclear, earn employment income, or

have matriculated mothers show the largest effects, while households receiving grant
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income show no significant effect. We interpret this through the lens of household

composition: lower-income households in South Africa are typically larger and multi-

generational, with unemployed adults and grandparents available to absorb child-

care when schools close. Our results directly support this mechanism — the effect on

hours worked is attenuated and no longer statistically significant in households where

a grandparent is present, and similarly, no significant effect is found in households

whose main income is from grants, a proxy for households with unemployed adults.

Nuclear, higher-income households, by contrast, lack these alternative caregivers and

face the full impact of school closures on labour supply. The COVID-19 Social Relief

of Distress grants were used primarily to alleviate food insecurity and were not large

enough to act as a disincentive to labour supply (Eyal & Njozela, 2025).

These findings have direct policy implications. The absence of school closures as

a determinant of employment status or labour force participation — and the recov-

ery in employment by Wave 3 — suggests that the primary damage was to working

conditions rather than jobs, at least in the short run. The emergence of a negative

employment effect in 2021 (Table A12), significant in the full sample, among par-

ents, and among those living with children under 7, raises the possibility of a lagged

employment response to sustained care burdens that warrants further attention. For

the women disproportionately bearing these burdens, the structural constraints are

clear: investment in widely accessible remote learning infrastructure would reduce

the care shock from future school disruptions. Legal frameworks that protect flexible

and remote work — rather than treating these as employer-by-employer concessions

— would extend the protective benefits of telework beyond the households currently

most likely to have access to it. Truly free, universally accessible early childhood de-

velopment remains important, given the evidence that even modest ECD fees con-

strained take-up during the pandemic. The primary mechanism through which low-

income households absorbed the childcare shock in this study was the availability of

other household members; policies that strengthen social protection for the unem-

ployed and caregivers therefore serve a dual function: direct welfare support, and an

indirect buffer for employed parents in the same household.
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VII. Conclusion

South Africa’s labour market entered the pandemic with well-known structural vul-

nerabilities: unemployment above 25 percent, a large informal sector, significant skills

mismatches, high inequality, and a sharp divide between a small formal skilled work-

force and a large pool of low-income and informally employed workers. Against

this backdrop, we investigate the association between school and ECD closures and

parental labour market outcomes using five waves of the NIDS-CRAM balanced panel,

covering April 2020 to July 2021. We estimate a fixed-effects model with a continuous

measure of cumulative school days lost as the treatment variable, and examine four

outcomes: daily hours worked, employment probability, broad labour force participa-

tion, and below-median pay.

School closures are associated with a statistically significant reduction in hours

worked, an effect driven entirely by women. A 20 percentage point increase in school

days lost — roughly equivalent to the actual disruption in 2020 — is associated with

a reduction of 2.5 hours per day in the full sample and 3.2 hours among parents.

When disaggregated by gender, the hours coefficient for mothers is large and highly

significant (−0.290 per percentage point, p < 0.01), while the coefficient for fathers

is small and not statistically significant. Women more broadly show a significant

hours effect (−0.239, p < 0.01), while the coefficient for men is small and insignifi-

cant (−0.032). Individuals who are neither parents nor living with children — the

Independent group — show no significant effect, consistent with the hours reduction

being concentrated among women in contact with children. The effects on hours are

attenuated and no longer statistically significant in households where a grandparent

is present. We find no statistically significant association between school closures and

employment probability, labour force participation, or below-median pay in the main

specification, though a lagged employment effect emerges in 2021. There is no dif-

ferential effect by income group, which we interpret as reflecting the availability of

alternative household caregivers in larger, multigenerational low-income households.

These results should be interpreted as associative rather than causal. The nature

of the treatment — nationwide school closures with no spatial variation, and a panel

spanning a period of multiple concurrent shocks — means that the parallel trends as-

sumption required for a causal difference-in-differences interpretation is difficult to
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verify. Time-varying omitted variables and selection into the balanced panel remain

possible sources of bias. The data also do not allow us to identify children with specific

parents, or to track children’s ages precisely, limiting our ability to distinguish effects

by child age. Notwithstanding these limitations, the consistency of results across mul-

tiple robustness checks, the specificity of effects to parents and to those living with

children, and the coherence of the heterogeneity patterns with prior knowledge about

South African household structures, all support the interpretation that the associa-

tions we estimate reflect a real reduction in labour supply in response to the childcare

demands generated by school closures.

The bifurcation of the South African labour market, which might have been ex-

pected to produce stronger effects among lower-income households as in other coun-

tries, instead appears to be partially offset by the multigenerational household struc-

ture of those households. Future work on this question should examine whether

the lagged employment effects observed in 2021 persist beyond the study period,

and should investigate the feasibility of stronger causal identification — including

difference-in-differences designs that exploit geographic variation in school reopen-

ing timing, should such data become available.
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Appendices

A Lockdown Restrictions

A.1 Lockdown Alert Levels

The National State of Disaster was in effect from midnight 26 March to 30 April 2020.

Table A1: Lockdown Alert Levels

Level Start Date End Date
Alert Level 5 Midnight 26 March 2020 30 April 2020
Alert Level 4 1 May 2020 31 May 2020
Alert Level 3 1 June 2020 17 August 2020
Alert Level 2 18 August 2020 20 September 2020
Alert Level 1 21 September 2020 28 December 2020
Adjusted Alert Level 3 29 December 2020 28 February 2021
Adjusted Alert Level 1 1 March 2021 30 May 2021
Adjusted Alert Level 2 31 May 2021 15 June 2021
Adjusted Alert Level 3 16 June 2021 27 June 2021
Adjusted Alert Level 4 28 June 2021 25 July 2021
Adjusted Alert Level 3 26 July 2021 12 September 2021
Adjusted Alert Level 2 13 September 2021 30 September 2021
Adjusted Alert Level 1 1 October 2021 4 April 2022

The National State of Disaster has been lifted as from 5 April 2022.

A.2 Lockdown Regulations

Table A2 shows the restrictions in place for each wave of the NIDS-CRAM data, par-

ticularly those for schools, travel, vaccination and grants, as well as some evidence in

the data itself of the potential “bite" of these policies.
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Table A2: Lockdown Regulations by Wave: Official and Observed

NIDS-CRAM

Wave 1 Wave 2 Wave 3 Wave 4 Wave 5
2020 2020 2020 2021 2021

Start Date 7th May 13th July 2nd Nov 2nd Feb 6th Apr
End Date 27th June 13th Aug 13th Dec 10th Mar 11th May

Lockdown level (# of obs) Level 3 (5,157) Level 3 (5,676) Level 1 (6,130) Level 1 (222) Level 1 (5,862)
Full sample Level 4 (1,916) Level 3 (5,407)

Restrictions reported for: Level 3 Level 3 Level 1 Level 3 Level 1

Schooling
ECD centres open No No With With Yes

restrictions restrictions
Schools open No Practically No Yes Yes Yes
Domestic workers allowed No Yes Yes Yes Yes

Workplace restrictions
See notes

Public Transport
Short distance taxis 70% 100% (restrictions) 100% 70% 100%
Bus (restrictions) 50% 100% 100% 100% 100%

Vaccination No No No Selected Selected
Health Workers Health Workers

Travel restrictions
Curfew (different times) Yes Yes Yes Yes No
Interprovincial movement No Restricted Yes Restricted Yes
Domestic Air Travel Business Business All purposes Business All
International Air Travel No No Yes No Yes

Economic support programs
SRD No Yes Yes Yes Yes
TERS No Yes Yes Yes Yes
UIF No Yes Yes Yes Yes
Social grant top-ups* Yes Yes Yes Yes Yes
CSG caregiver top-ups* Yes Yes No No No

Observed in the data
UIF receipt 0.06 0.05 0.04 0.04 0.03
TERS receipt 0.13 0.11 0.08 0.05 0.04
SRD receipt 0.00 0.14 0.19 0.19 0.19
Moved since last wave 0.16 0.20 0.09 0.07
ECD attendance 0.13 0.29 0.13 0.36
School attendance 0.39 0.86 0.89

N 3145 3141 3134 3126 3120

Notes. ECD - early childhood development. SRD - social relief of distress grant. UIF - unemployment insurance fund. TERS - tempo-
rary employee/employer relief scheme. NB - restrictions are reported for the bulk of observations in a wave. CSG - child support grant.
NB - lags existed in provision of grants. Balanced panel sample - present in all 5 waves.
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B School closures

Figure 5: Percentage of School Days Lost - per School Year
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Percentage of School Days Lost − per School Year

Cumulative days lost as a percentage of scheduled school days over the full study
period, calculated since the beginning of each school year.

B.1 School Terms: As Planned, and Updated

Table A3: School Terms and Holidays: Original and New Dates

Year Term Original Dates New Dates Notes
2020 Term 1 15 Jan - 20 Mar 15 Jan - 18 Mar

Term 2 31 Mar - 12 Jun 8 Jun - 24 Jul
Term 3 7 Jul - 18 Sep 24 Aug - 23 Oct
Term 4 29 Sep - 2 Dec 2 Nov - 15 Dec

2020 Holidays 21 Mar - 30 Mar 19 Mar - 7 Jun Includes Human Rights Day
13 Jun - 6 Jul 25 Jul - 23 Aug
19 Sep - 28 Sep 24 Oct - 1 Nov Includes Heritage Day
3 Dec onwards 16 Dec onwards Includes Christmas, Day of Goodwill

2021 Term 1 13 Jan - 26 Mar 15 Feb - 23 Apr
Term 2 13 Apr - 25 Jun 3 May - 9 Jul
Term 3 20 Jul - 1 Oct 26 Jul - 1 Oct
Term 4 12 Oct - 8 Dec 11 Oct - 15 Dec

2021 Holidays 27 Mar - 12 Apr 24 Apr - 2 May Includes Good Friday, Family Day
26 Jun - 19 Jul 10 Jul - 25 Jul
2 Oct - 11 Oct 2 Oct - 10 Oct
9 Dec onwards 16 Dec onwards Includes Christmas, Day of Goodwill, Public Holiday

Table A3 shows the original (as gazetted prior to 2020) and updated school calen-

dars. These were more nuanced in terms of grades sent back to school, and the nature

of attendance (rotating or full). See Table A4.
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B.2 Percentage of School Days Lost - with Lockdown Markers

Figure 6: Percentage of school days lost since 1/1/2020
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3b. 2021
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Cumulative school days open in each year. Dash lines show changes in adjusted lockdown levels.
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Table A4: School Closures: Grades

Time Period School Status School Restrictions

Jan 1 - Jan 14, 2020 Holiday N/A

Jan 15 - Mar 17, 2020 Open (Term 1) Schools open as normal

Mar 18 - Mar 26, 2020 Closed Schools closed early due to

COVID-19

Mar 27 - June 7, 2020 Closed Schools fully closed during lock-

down levels 5, 4, and 3

June 8 - Jul 5, 2020 Open (Term 2) Grades 7 and 12 attended on a

rotational basis

July 6 - Jul 26, 2020 Open (Term 2) Grades R, 6, 7, 11, and 12 at-

tended on a rotational basis

July 27 - Aug 2, 2020 Closed Schools closed due to COVID-19

Aug 3 - Aug 9, 2020 Open (Term 3) Only Grade 12

Aug 10 - Aug 23, 2020 Open (Term 3) Grades 7 and 12

Aug 24 - Aug 30th, 2020 Open (Term 3) All grades but Grade 5 and 8 at-

tended on a rotational basis

Aug 31 - Oct 25th, 2020 Open (Term 3) All grades attended on a rota-

tional basis

Oct 26 - Nov 1st, 2020 Holiday N/A

Nov 2nd - Dec 15, 2020 Open (Term 4) Grades R-3, 6, 10, 11 attended

full-time. Grades 4, 5, 8, 9 at-

tended on a rotational basis

Dec 16 - Dec 31, 2020 Holiday N/A

Jan 1, 2021 - Feb 14th,

2021

Holiday School opening postponed to

Feb 15

Feb 15, 2021 - Apr 23,

2021

Open (Term 1) Still rotational/part-time

Apr 24, 2021 - May 2nd,

2021

Holiday N/A

May 3 - July 1st, 2021 Open (Term 2) Closed early
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July 2nd - July 18, 2021 Holiday Holiday end brought forward

July 19 - October 1, 2021 Schools Open

(Term 3)

October 4 - October 10,

2021

Holiday N/A

October 11 - December 15,

2021

Open (Term 4) None

Dec 15, 2021 - Dec 31,

2021

Holiday N/A

Public holidays in 2021 fell on the following dates: 01 January (New Year’s Day), 21

March (Human Rights Day), 22 March (Public holiday), 02 April (Good Friday), 05

April (Family Day), 27 April (Freedom Day), 01 May (Workers’ Day), 16 June (Youth

Day), 09 August (National Women’s Day), 24 September (Heritage Day), 16 December

(Day of Reconciliation), 25 December (Christmas Day), 26 December (Day of Good-

will), and 27 December (Public holiday). Different conditions for tertiary and ECD,

special needs children, private schools. Many restrictions put into place for schools to

reopen. Only partial attendance. Rotational learning only fully scrapped in January

2022.
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C Sample characteristics

Table A5: Work Related descriptive statistics

NIDS-CRAM

Wave 1 Wave 2 Wave 3 Wave 4 Wave 5
2020 2020 2020 2021 2021

Childcare (hours per day)
No childcare hours 0.24 0.26 0.23 0.20
Childcare (1-7 hours) 0.24 0.47 0.40 0.48
8 hours of childcare 0.09 0.09 0.10 0.09
9 to 11 hours of childcare 0.04 0.06 0.08 0.05
12 hours of childcare 0.13 0.08 0.11 0.15
13 to 21 hours of childcare 0.01 0.02 0.04 0.02
24 hours of childcare 0.24 0.03 0.04 0.01

Occupation categories
Managers 0.05 0.04 0.04 0.04 0.04
Professionals 0.13 0.12 0.13 0.14 0.14
Technicians and associate profession 0.07 0.06 0.07 0.07 0.06
Clerical support workers 0.10 0.11 0.16 0.06 0.06
Service and sales workers 0.20 0.16 0.20 0.19 0.21
Skilled agricultural, forestry and f 0.01 0.01 0.01 0.02 0.01
Craft and related trades workers 0.10 0.10 0.12 0.10 0.11
Plant and machine operators, and ass 0.09 0.08 0.08 0.08 0.08
Elementary occupations 0.25 0.21 0.20 0.31 0.29

Take home pay/profit (last month) 8430.00 9094.96 9145.36 8497.16 8155.35

N 3238 3238 3238 3238 3238

Notes. Weighted descriptive statistics using the NIDS-CRAM waves 1 to 5, working age population.
Balanced Panel.
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Table A6: Full Descriptive statistics: Working Age population - Balanced Panel

NIDS NIDS-CRAM

Wave 5 Wave 1 Wave 2 Wave 3 Wave 4 Wave 5
2017 2020 2020 2020 2021 2021

Age in years 34.78 37.81 37.98 38.32 38.52 38.70
Female 0.50 0.50 0.50 0.50 0.50 0.50
African 0.81 0.81 0.81 0.81 0.81 0.81
Coloured 0.10 0.10 0.10 0.10 0.10 0.10
Indian/Asian 0.02 0.02 0.02 0.02 0.02 0.02
White 0.08 0.08 0.08 0.08 0.08 0.08
Above Matric 0.31 0.31 0.35 0.34 0.34
Matric 0.26 0.26 0.23 0.23 0.23
Less than Matric 0.43 0.43 0.43 0.43 0.43
Depressed (PHQ > 2) 0.20 0.23 0.29 0.27
Parent 0.52 0.67 0.63 0.62 0.67 0.67
Moved since last wave 0.16 0.19 0.09 0.07
CSG recipient 0.23 0.05 0.13 0.13 0.11 0.12
Daily hours childcare 9.67 5.26 6.19 5.65
No child care 0.24 0.26 0.23 0.20
Childcare > 8 hours (main caregiver) 0.51 0.27 0.37 0.32

SRD receipt 0.00 0.14 0.19 0.18 0.18
UIF receipt 0.06 0.05 0.05 0.04 0.03
TERS receipt 0.13 0.11 0.08 0.05 0.04

Employed (strict) 0.81 0.77 0.74 0.74 0.74 0.76
Employed (0 includes NEA) 0.51 0.46 0.46 0.53 0.52 0.54
Labour force participant (strict) 0.62 0.60 0.63 0.72 0.70 0.71
Work from home (entirely/sometimes) 0.23 0.24 0.24 0.20
Work hours 6.10 8.23 8.50 8.39 8.49 8.41
Work hours (self-employment) 5.56 6.53 6.97 6.81 6.65 6.75
Work hours (total) 6.12 7.95 8.24 8.11 8.21 8.16
Earns under R3000 0.32 0.28 0.26 0.24 0.28

Days of school missed (per year) 0.00 43.85 48.82 71.00 20.77 23.48
Days of school open (per year) 81.13 50.50 77.97 144.77 1.45 42.35
Days of school missed (since 1/1/2020) 43.85 48.82 71.00 91.77 94.48
Days of school open (since 1/1/2020) 50.50 77.97 144.77 157.45 198.35
Percentage of days lost since 1/1/2020 47.25 43.65 36.44 41.67 37.04

Household variables
Household size 4.13 4.31 4.13 4.09 4.07 3.94
Rural 0.41 0.20 0.26 0.26 0.25 0.24
Urban 0.59 0.80 0.74 0.74 0.75 0.76
CSG recipient present in HH 0.52 0.49 0.49 0.46 0.44 0.42
OAP recipient present in HH 0.17 0.25 0.22 0.19 0.20 0.19
SRD recipient present in HH 0.00 0.23 0.31 0.29 0.29
HH receives any social grant 0.56 0.58 0.66 0.65 0.63 0.61

HH has at least 1 child under 7 0.41 0.39 0.41 0.40 0.39 0.38
HH has at least 1 child aged 7 to 17 0.51 0.49 0.50 0.52 0.51 0.51
HH has at least 1 child under 18 0.62 0.62 0.63 0.63 0.62 0.62

N 3238 3238 3238 3238 3238 3238

Weighted descriptive statistics. NIDS 2017 Wave 5, NIDS-CRAM Waves 1-5, base sample.
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Table A7: Employment Status and Child Care

NIDS-CRAM

Variable Wave 1 Wave 2 Wave 3 Wave 4 Wave 5

Total hours worked per day 8.03 8.22 8.13 8.24 8.17
Take home pay/profit (last month) 7726.76 8881.01 8390.49 8102.67 7417.52
UIF receipt 0.06 0.05 0.04 0.04 0.03
TERS receipt 0.13 0.11 0.08 0.05 0.04

Occupation categories
Managers 0.05 0.04 0.03 0.04 0.04
Professionals 0.11 0.11 0.12 0.13 0.12
Technicians and associate profession 0.06 0.06 0.06 0.06 0.06
Clerical support workers 0.10 0.11 0.15 0.06 0.06
Service and sales workers 0.21 0.16 0.21 0.20 0.22
Skilled agricultural, forestry and f 0.02 0.01 0.01 0.02 0.01
Craft and related trades workers 0.11 0.10 0.12 0.10 0.11
Plant and machine operators, and ass 0.09 0.09 0.08 0.08 0.09
Elementary occupations 0.26 0.21 0.21 0.32 0.30

Strict definition (excludes discouraged)
Employed 0.76 0.73 0.73 0.73 0.75
Unemployed 0.24 0.27 0.27 0.27 0.25
Labour force participant 0.59 0.63 0.73 0.71 0.73

Female unemployed 0.30 0.33 0.32 0.31 0.29
Male unemployed 0.19 0.23 0.21 0.23 0.21
Female labour force participant 0.49 0.54 0.66 0.64 0.65
Male labour force participant 0.70 0.72 0.80 0.79 0.80

Broad definition (includes discouraged)
Broad Unemployment 0.45 0.45 0.39 0.38 0.36
Broad Labour Force Participant 0.82 0.82 0.88 0.85 0.85

Female unemployed 0.56 0.54 0.48 0.46 0.44
Male unemployed 0.35 0.36 0.31 0.31 0.28
Female labour force participant 0.78 0.78 0.86 0.81 0.82
Male labour force participant 0.87 0.87 0.91 0.89 0.88

Childcare (hours per day)
Daily hours childcare 9.80 5.37 6.15 5.74
Daily childcare hours (women) 12.35 5.96 7.29 6.75
Daily childcare hours (men) 6.58 4.52 4.59 4.29

No childcare hours 0.24 0.25 0.22 0.19
Childcare (1-7 hours) 0.24 0.47 0.41 0.48
8 hours of childcare 0.09 0.09 0.10 0.09
9 to 11 hours of childcare 0.04 0.07 0.08 0.05
12 hours of childcare 0.13 0.08 0.11 0.15
13 to 21 hours of childcare 0.01 0.02 0.04 0.02
24 hours of childcare 0.24 0.03 0.03 0.01

N 3145 3141 3134 3126 3120

Notes. NIDS-CRAM Waves 1 to 5, working age individuals. Take home pay imputed using mid-ranges
of pay brackets if pay was missing. Childcare data for sub-sample of those living with children under
18.
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D Alternative Labour Supply Model: A Bifurcated Sam-

ple

In the static model, individuals decide between leisure or labour. Factors such as

the wage rate affect this decision, causing income effects (labour supply is lowered)

or substitution effects (labour supply increases) if wages increase, depending on the

worker’s initial wage (Ashenfelter & Heckman, 1974). Non-labour income sources

are also part of the decision making calculus. In the dynamic labour supply model,

investigating a family labour supply model becomes complex, especially as family

composition is likely to change over time.

In Becker’s theory of the allocation of time, utility U is a function of consumption

C and leisure L, with the constraint reflecting the relationship between consumption

(C), wage rate (w), total time available (H), non-labour income (V ), and leisure time

(L).

Maximize U = U (C,L)

Subject to C = w(H −L) +V

The expression H −L is the definition of work hours in this simple model. For parents,

the standard model is modified to define utility as a function of consumption, and

non-work activities (N ). N includes time spent on leisure and childcare. The revised

model is as follows:

Maximize U = U (C,N )

Subject to C = wW +V − P (D)

H = W +N

Consumption (C) is the sum of income from work hours15 (wW ) and non-labour in-

come V , and an additional component, P (D). P (D) is the cost of alternative childcare,

where D reflects the demand for alternative childcare. It is assumed that P ′(D) > 016.

Many modifications to this model are often presented in the literature. More complex
15W may be changed to a fixed value, to reflect standard work hours.
16P (D) may be non-linear, increasing at an increasing rate, or may reflect economies of scale in childcare (thus P (D) = αDβ

with 0 < β < 1).
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formulations possibly relevant to our case might modify the parental utility function

to include a third component: either child outcomes (E) or the quality of childcare

(q). E is usually formulated as a function of the amount of time spent on childcare by

parents17. We may also choose to specify the functional form of P (D).

The closure of schools and daycares implies that the childcare costs have effectively

risen, as having to increase childcare would necessarily come at the cost of potential

wages or the ability to search for work. A reduction in childcare availability, as well

as falling wages or available jobs, would change these decisions, particularly whether

to take available jobs, continue to work the same number of hours (presuming flex-

ibility in hours is possible), or search for work (or in the South African context, be

willing and able to work even if no search activities have been engaged in). In nu-

clear families, reduced childcare could decrease women’s ability to work, however if

fathers lose their jobs, the added worker effect would predict an increase in female

labour force participation (REF - Argentinian paper). This effect would be more pre-

dominant in households where other childcare options are available, or if fathers take

on the added childcare burden. In larger households, any adult in the household who

lives with children might also have been affected by school closures.

During the pandemic, multiple simultaneous changes in this model make predict-

ing the direction of labour supply changes difficult. Wages (w) may have fallen, which

in normal economic times the substitution effect might have predicted lowered op-

portunity cost of leisure and childcare, and thus if work hours were flexible, labour

supply might decrease. As the demand for childcare (D) rose, less time may have

been available for work. In addition, the cost of alternative childcare itself may have

risen. Falling wages and increased childcare are income effects which would predict

the opposite - increased labour supply.

Other simultaneous changes include: (1) increases in non-labour income V for

low-income individuals receiving grants, (2) increased time available for those able to

work from home, with commute times reduced entirely, (3) changes in the utility func-

tion to include a higher value placed on time spent at home due to increased health

risks, or to reflect a changed UC given changes in the availability of goods and ser-

vices, and (4), changes in the functional form of P (D) as alternative childcare options

17This yields a utility function of U = U (C,N,E) where E = f (N ). Including childcare quality yields U = U (C,N,q).
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changed. Classifying each of the factors mentioned as income or substitution effects

may be possible, but the interplay of these factors, and the net effect on work hours

is difficult to evaluate or predict in a sample which has high variability in income,

education, and employment levels. In addition, the high rates of paternal absence,

and the predominant gender roles where women take on a higher burden of childcare

and domestic duties, also affect the model. Given the high level of inequality in South

Africa, a more complex model may be necessary.

We use 2 types of agents in the model: middle income workers (M) and low-income

workers (L). Each type of worker faces different constraints and opportunities. For

example:

Maximize Ui = U (Ci ,Ni) for i ∈ {M,L}

Subject to Ci = wiWi +Vi − Pi(Di)

H = Wi +Ni

Assumptions: VL < VM and wL < wM ,

PL(DL) < PM(DM) and P ′L(DL) > 0, P ′M(DM) > 0

In this model, i indexes the type of worker (M for middle-income, L for low-income).

The definitions of Ci , wiWi , Vi , Pi(Di), Di , H and Ni are as before18. Given lockdown

restrictions on movement, both types of workers would have faced increased available

time, Ni , due to reduced time spent on travel. Childcare demand (Pi(Di)) increases for

both types of workers, although not necessarily at the same rate.

• Middle-income workers: more likely to be employed initially, have higher wages,

and have more non-labour income, but also have less access to alternate child-

care. These workers are more likely to be able to work remotely and would have

reduced commute times. These factors could be reflected in the parameters wM ,

VM , PM(DM) and NM .

• Low-income workers: less likely to be employed, have lower wages, have less

non-labour income to begin with (but may reflect small increases in V due to the

18Ui is the utility function for worker type i. Ci is consumption, which is the sum of income from work (wiWi , where wi is
the wage rate and Wi is work hours) and non-labour income (Vi ), minus the cost of alternative childcare (Pi (Di ), where Di is the
demand for alternative childcare). H is the total time available, divided between work and non-work activities. Ni is time spent
on non-work activities, including childcare and leisure.
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introduction of the SRD), have more access to alternate childcare, and would also

have reduced commute times. These factors could be reflected in the parameters

wL, VL, and PL(DL).

Low income workers

For low-income workers, we assume that the increase in non-wage income due to the

SRD was too small to impact labour supply decisions. Available wages might not have

fallen if individuals were working close to minimum wage jobs, but hours of work

available might have. Assuming no change in childcare costs (if alternative sources

were available), this all might predict lower labour supply but only due to reduced

work hours, with the SRD slightly cushioning this, and also if child expenses relating

to schooling fell in any way.

Middle-income workers

For middle-income workers, considering the constraints and opportunities unique to

this group, several impacts on their labour supply are predicted by the model. Wages

(wM) for middle-income workers are expected to remain relatively stable, with poten-

tial minor decreases due to the economic downturn induced by the pandemic. The

available work hours (WM) might diminish owing to reduced job opportunities or de-

creased hours at existing positions, an effect possibly attenuated for middle-income

workers by a greater capacity for remote work. Non-labour income (VM) is projected

to remain stable, or possibly decrease if investment returns or interest rates decline,

with no influence from government support like the Social Relief of Distress grant

which primarily targets lower income groups.

A notable change is anticipated in the demand for alternative childcare (DM),

which is likely to increase with the closure of schools and childcare facilities. Cor-

respondingly, the cost of alternative childcare (PM(DM)) could escalate, as middle-

income workers may be obliged to employ additional assistance or resort to more ex-

pensive daycare services. The time devoted to non-work activities (NM) is expected

to increase due to a reduction in commute times and an increased need for at-home

childcare.

Under these conditions, the model predicts a decrease in labour supply for middle-

income workers. This is driven by the likely reduction in available work hours and
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an increase in non-work activities, both of which reduce the time available for work.

Additionally, the increase in childcare costs could further incentivize middle-income

workers to allocate more time at home, reducing labour supply. However, the static or

slightly decreasing non-labour income might exert pressure on some middle-income

workers to maintain or even enhance their labour supply to compensate for potential

losses.

Ultimately, the net effect on labour supply would depend on the interplay of these

factors, inclusive of individual preferences and constraints, and the relative stability

of non-labour income.

Labour force participation and search

For all individuals, labour force participation is characterised by Wi > 0. For the un-

employed, we can examine utility as a function of consumption, leisure and time spent

on job-search Si :

Maximize Ui = U (Ci ,Ni ,Si) for i ∈M,L

Subject to Ci = Vi − Pi(Di)

H = Ni + Si

Assumptions: VL < VM and PL(Di) < PM(Di)

and P ′L(DL) > 0, P ′M(DM) > 0
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E Robustness Checks

E.1 Balancing

In Table A8 we present weighted means for the balanced panel sample for their Wave 1

characteristics, including demographics, pre-pandemic labour market outcomes, and

household characteristics (structure, size, socio-economic status etc). We investigate

whether these variables are significantly correlated with the school closure percent-

age variable using weighted regressions in the full sample (NIDS CRAM Waves 1 to

5). There appears to be minimal or no significant relationship between wave 1 charac-

teristics, and the percentage of school closure experienced by a particular individual

on any given interview date. The regression coefficient is reported in Column 2.
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Table A8: Balancing Tests: by % School Closures: Wave 1 Characteristics

All Coeff p-value Sig.

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

Female 0.52 0.00 0.12
Age in years 37.41 -0.03 0.02 **
Married/has partner 0.49 -0.00 0.48
Moved since last wave 0.16 -0.00 0.71
Parent 0.68 -0.00 0.10
African 0.84 0.00 0.09 *
Coloured 0.09 -0.00 0.46
Indian/Asian 0.01 -0.00 0.01 **
White 0.06 -0.00 0.93

Managers 0.05 0.00 0.94
Professionals 0.11 -0.00 0.21
Technicians & associated 0.06 -0.00 0.97
Clerical support workers 0.10 -0.00 0.41
Service & sales workers 0.21 -0.00 0.97
Skilled agricultural, forestry etc 0.02 0.00 0.17
Craft/related trades workers 0.11 0.00 0.08 *
Plant & machine operators etc 0.09 0.00 0.80
Elementary occupations 0.26 -0.00 0.87

Pre-pandemic Outcomes
Earns under R3000 0.46 0.00 0.80
Hours worked 8.09 0.00 0.56
Employed (including NEA) 0.53 -0.00 0.01 **

Household variables
Household size 4.32 0.00 0.15
Rural area 0.20 0.00 0.40
CSG recipient present in HH 0.49 0.00 0.16
OAP recipient present in HH 0.23 0.00 0.65
Any grant receipt in HH 0.58 0.00 0.63
Anyone gone hungry in past week 0.24 -0.00 0.20

HH has at least 1 child under 7 0.39 0.00 0.73
HH has at least 1 child aged 7 to 17 0.49 0.00 0.76
HH has at least 1 60 plus member 0.26 0.00 0.39

N 15666 11235

Notes. Mean values for the base sample for Wave 1 characteristics (Column 1),
Correlation coefficient with school closure percentage - Column 2 (obtained by
weighted regression of the covariate on school closure percentage in the full
sample of 5 waves), p-value, and Significance in Columns 3 and 4 respectively.
NIDS-CRAM Waves 1 to 5, working age. Balanced Panel.

64



E.2 Sub-sample analysis and specification checks

A number of sub-sample estimates and robustness checks are presented in this sec-

tion. All estimates include the same controls as the fixed effects specifications in the

main specifications in Table 2, with minor alterations19.Table A9 shows the fixed ef-

fects estimates in the unbalanced panel, with no noticeable differences found in the

size or significance of the effects compared to the balanced panel, despite the larger

sample size. Ordinary least squares are presented in Table A10. While the coefficients

observed in the OLS estimates in Table A10 echo those in the fixed effects, the lack of

significance serves to motivate for panel techniques to exploit the longitudinal nature

of the panel.

Table A11 shows sub-sample analysis for the full sample, women, men, an "Inde-

pendent" group (individuals who do not live with any children, not a parent), parents,

and mothers and fathers separately. These results support the theory that the impact

of school closures on parental labour supply is driven solely by the effect on moth-

ers, and the traditional gendered caregiving roles result in negative effects on female

labour supply in general, regardless of whether a woman has children or not. As ex-

pected, the effect of school closures on labour supply in the Independent group is

null. Table A12 displays the estimates for 2020 and 2021 separately. In Table A12

an interesting result emerges. When estimated in 2021, we observe for the first time a

negative effect of school closures on employment probability, which is driven by effects

on parents, and those living with younger than school age children in particular. This

is a result which possibly requires further investigation. In 2021, the school closure

variable is not a significant determinant of hours worked. Table A12 supports other

research which finds that employment may respond with a lag to negative shocks,

and it indicates that the effects on hours were most keenly felt in the first year of the

pandemic in South Africa, when lockdown restrictions were the harshest. Of interest:

school closures appear to positively impact employment probability in 2020. It is pos-

sible that by separating the sample by year, some of the time correlated effect is not

stripped out, and what is being captured is the recovery in employment in the latter

half of 2020. This interpretation requires further investigation however. Labour force

19OLS estimates include fixed characteristics such as gender and race, Labour force participation estimates exclude occupa-
tion
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participation and pay are investigated in Table A13, with school closures not found to

be associated with either of these measures.

Other school closure measures are shown in Table A14 including percentage of

days lost since 1 January in each school year, and the cumulative number of school

weeks lost since 1 Jan 2020 (not the percentage). In Table A14, we still observe a

null impact on employment probability, for the 2 alternate measures of school clo-

sures. The percentage of Days lost since the beginning of the school year (calculated

from the 1st Jan of 2020 or 2021 depending on the interview date) has a significant

and negative effect on hours, but which is smaller in size than the effect as measured

since 1 Jan 2020, implying a cumulative negative effect on employment hours as the

pandemic continued. The number of weeks of school lost is highly correlated with

time, rendering it insignificant in the fixed effects model with month and lockdown

controls, as expected.

Table A15 shows estimates for total hours worked in a number of sub-samples de-

lineated by socio-economic status and household structure. The impact for those who

can work from home is included, but this sample (pooled over the 4 waves this data is

available) is very small, and this result is not robust to changes in specification. How-

ever it indicates minor support for the hypothesis of school closures having a larger

effect on households with higher income, which may be smaller, and not have other

potential caregivers. Table A15 shows support for this. In Column 3, top panel, we see

that for those living in households whose main income is employment income, a large

effect on their own hours supply is observed related to school closures. Other signifiers

of higher income households are households which do not receive grants (Column 4,

top panel), and households which are likely to be nuclear (Column 6, household size

less than 5). A large negative significant effect is found of school closures on hours

worked. Similarly, when we examine the effect in individuals living in households

whose main income is grants (Column 5), no significant effect of school closures is

found, giving support to the availability of alternate caregivers in these households.

In the second panel we see that more educated mothers (Mothers who have matricu-

lated, Column 2) are impacted more by school closures, implying the substitutability

of their time with teacher time is higher. Single mothers (Column 3, bottom panel)

are also negatively affected, while Columns 4 and 5 in the bottom panel of Table A15
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serve as "placebo" samples. Those who are child-free, or do not live with any children,

are not affected by school closures. And lastly, the availability of older caregivers (Col-

umn 6, grandparent present in the household) is associated with no effect on labour

supply associated with school closures.
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Table A9: Unbalanced panel: The Impact of School Closures on the Probability of Employment and Labour Supply

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES All Parent Child < 7 School child All Parent Child < 7 School child

Days lost (%) 0.007* 0.003 0.008 0.003 -0.123*** -0.163*** -0.114** -0.144***
(0.004) (0.004) (0.005) (0.004) (0.040) (0.033) (0.047) (0.041)

Observations 8,334 10,335 6,986 8,514 5,384 6,701 4,326 5,350
Dependent variable Employed Employed Employed Employed Hours Hours Hours Hours

Notes. Unbalanced panel Fixed effects.
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Table A10: Ordinary Least Squares Estimates: The Impact of School Closures on the Probability of Employment and Labour
Supply

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES All Parent Child < 7 School child All Parent Child < 7 School child

Days lost (%) 0.008 0.004 0.010 0.008 -0.059 -0.081 -0.072 -0.051
(0.005) (0.006) (0.007) (0.007) (0.055) (0.064) (0.077) (0.067)

Observations 8,286 6,449 4,138 5,199 5,357 4,117 2,510 3,224
Dependent variable Employed Employed Employed Employed Hours Hours Hours Hours

Notes. Ordinary Least Squares Estimates: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. NIDS-CRAM Waves
1 to 5. Balanced panel sample, working age. Dependent variables are Employed (strict) - in Columns 1 to 4 - and Hours worked per day in
the previous month - estimates in Columns 5 to 8. Days lost (%) refers to the percentage of days of the total cumulative number of planned
school days, measured since 1st Jan 2020, measured between 0 and 100. A 1 unit increase in Days lost (%) is a 1 percentage point increase.
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Table A11: Other samples: The Impact of School Closures on the Probability of Employment and Labour Supply

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES All Female Male Independent All Female Male Independent

Days lost (%) 0.007 0.009 0.004 0.019 -0.125*** -0.239*** -0.032 -0.109
(0.004) (0.006) (0.006) (0.012) (0.040) (0.056) (0.057) (0.097)

Observations 8,286 4,654 3,632 947 5,357 2,855 2,502 671
Dependent variable Employed Employed Employed Employed Hours Hours Hours Hours

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES All Parent Mother Father All Parent Mother Father

Days lost (%) 0.007 0.005 0.006 0.003 -0.125*** -0.161*** -0.290*** -0.043
(0.004) (0.005) (0.007) (0.007) (0.040) (0.046) (0.066) (0.065)

Observations 8,286 6,449 3,732 2,717 5,357 4,117 2,243 1,874
Dependent variable Employed Employed Employed Employed Hours Hours Hours Hours

Notes. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. NIDS-CRAM Waves 1 to 5. Balanced panel sample,
working age. Dependent variables are Employed (strict) - in Columns 1 to 4 - and Hours worked per day in the previous month - esti-
mates in Columns 5 to 8. Days lost (%) refers to the percentage of days of the total cumulative number of planned school days, measured
since 1st Jan 2020, measured between 0 and 100. A 1 unit increase in Days lost (%) is a 1 percentage point increase. Samples used are
all, women, men, and single individuals with no children (Independent), and parents, mothers and fathers.
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Table A12: Estimates by year The Impact of School Closures on the Probability of Employment and Labour Supply (2020/2021)

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES All Parent Child < 7 School child All Parent Child < 7 School child

Days lost (%) 0.014** 0.014** 0.024** 0.009 -0.154** -0.177** -0.237** -0.191**
(0.005) (0.006) (0.010) (0.008) (0.061) (0.075) (0.113) (0.095)

Observations 4,560 3,481 2,259 2,841 2,839 2,129 1,309 1,707
Dependent variable Employed Employed Employed Employed Hours Hours Hours Hours
YEAR 2020 2020 2020 2020 2020 2020 2020 2020

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES All Parent Child < 7 School child All Parent Child < 7 School child

Days lost (%) -0.018* -0.027** -0.037** -0.021 -0.023 -0.040 -0.006 0.070
(0.010) (0.011) (0.016) (0.014) (0.077) (0.085) (0.137) (0.106)

Observations 3,726 2,968 1,879 2,358 2,518 1,988 1,201 1,517
Dependent variable Employed Employed Employed Employed Hours Hours Hours Hours
YEAR 2021 2021 2021 2021 2021 2021 2021 2021

Notes. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. NIDS-CRAM Waves 1 to 5. Balanced panel sample, work-
ing age. Dependent variables are Employed (strict) - in Columns 1 to 4 - and Hours worked per day in the previous month - estimates in
Columns 5 to 8. Days lost (%) refers to the percentage of days of the total cumulative number of planned school days, measured since 1st
Jan 2020, measured between 0 and 100. A 1 unit increase in Days lost (%) is a 1 percentage point increase. These estimates are run
separately in 2020 and 2021.
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Table A13: The Impact of School Closures on the Probability of Labour Force Participation and on Pay

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES All Parent Child < 7 School child All Parent Child < 7 School child

Days lost (%) 0.003 0.003 0.004 0.002 0.009 0.008 0.006 0.003
(0.003) (0.003) (0.004) (0.004) (0.006) (0.006) (0.010) (0.008)

Observations 14,681 10,305 7,699 9,457 3,717 2,937 1,730 2,265
Dependent variable LFP LFP LFP LFP Pay < R3000 Pay < R3000 Pay < R3000 Pay < R3000

Notes. Fixed effects estimates. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. NIDS-CRAM Waves 1 to 5. Balanced
panel sample, working age. Dependent variables are Labour force participation (broad) - in Columns 1 to 4 - and Pay < R3000 (a binary) - in
Columns 5 to 8. Days lost (%) refers to the percentage of days of the total cumulative number of planned school days, measured since 1st
Jan 2020, measured between 0 and 100. A 1 unit increase in Days lost (%) is a 1 percentage point increase.
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Table A14: The Impact of School Closures on the Probability of Employment and Labour Supply - Different school closure
measures

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES All Parent Child < 7 School child All Parent Child < 7 School child

Days lost (%) 0.007 0.005 0.013* 0.008 -0.125*** -0.161*** -0.175** -0.136**
(0.004) (0.005) (0.007) (0.006) (0.040) (0.046) (0.069) (0.059)

Observations 8,286 6,449 4,138 5,199 5,357 4,117 2,510 3,224
Dependent variable Employed Employed Employed Employed Hours Hours Hours Hours

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES All Parent Child < 7 School child All Parent Child < 7 School child

Days lost since 1 Jan (%) 0.001 0.002 -0.001 0.002 -0.029** -0.027** -0.057*** -0.040**
(0.001) (0.001) (0.002) (0.002) (0.011) (0.013) (0.019) (0.016)

Observations 8,286 6,449 4,138 5,199 5,357 4,117 2,510 3,224
Dependent variable Employed Employed Employed Employed Hours Hours Hours Hours

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES All Parent Child < 7 School child All Parent Child < 7 School child

Number of weeks lost 0.006 -0.001 0.024 0.000 -0.074 -0.135 -0.031 -0.090
(0.012) (0.013) (0.018) (0.016) (0.106) (0.122) (0.176) (0.152)

Observations 8,286 6,449 4,138 5,199 5,357 4,117 2,510 3,224
Dependent variable Employed Employed Employed Employed Hours Hours Hours Hours

Notes. Dependent variables are Employed (strict) - in Columns 1 to 4 - and Hours worked per day in the previous month - estimates
in Columns 5 to 8. Days lost (%) refers to the percentage of days of the total cumulative number of planned school days, measured
between 0 and 100. A 1 unit increase in Days lost (%) is a 1 percentage point increase. Days lost (%) since 1 Jan refers to the cumu-
lative percentage of days lost for each school year separately. Number of Weeks lost is the cumulative number of school weeks lost
since 1 Jan 2020. Fixed effects estimates. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. NIDS-CRAM Waves
1 to 5. Balanced panel sample, working age.
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Table A15: Sub-sample analysis: Alternate caregivers and Teacher/Parent Time substitution: The Impact of School Closures on
Labour Supply

(1) (2) (3) (4) (5) (6)
VARIABLES All Work from Home Employed HH No Grant HH Main HH Inc Grants HH Size < 5

Days lost (%) -0.125*** 0.267* -0.154*** -0.191*** -0.143 -0.125**
(0.040) (0.150) (0.042) (0.063) (0.159) (0.051)

Observations 5,357 753 3,970 1,904 1,037 2,891
Dependent variable Hours Hours Hours Hours Hours Hours

(1) (2) (3) (4) (5) (6)
VARIABLES All Mother has Matric Single Mother Child-Free No children in HH Grandparent in HH

Days lost (%) -0.125*** -0.236*** -0.208** -0.047 -0.023 0.127
(0.040) (0.090) (0.105) (0.083) (0.069) (0.095)

Observations 5,357 1,169 1,190 1,240 1,477 1,149
Dependent variable Hours Hours Hours Hours Hours Hours

Notes. Dependent variable is Hours worked per day in the previous month. Days lost (%) refers to the percentage of days of the total cu-
mulative number of planned school days, measured between 0 and 100. A 1 unit increase in Days lost (%) is a 1 percentage point increase.
Days lost (%) since 1 Jan refers to the cumulative percentage of days lost for each school year separately. Fixed effects estimates. Robust
standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. NIDS-CRAM Waves 1 to 5. Balanced panel sample, working age.
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Table A16: Key Announcements (2020 & 2021)

Date Description of Announcement School Attendance
March 15, 2020 Introduction of a National State of

Disaster.
Schools closed from
March 18.

March 23, 2020 Announcement of a 21-day nation-
wide lockdown.

Schools to remain
closed.

April 9, 2020 Extension of the initial 21-day lock-
down by an additional two weeks.

Schools to remain
closed.

April 23, 2020 Presentation of the risk-adjusted
strategy for economic activity, unveil-
ing 5 levels of lockdown.

Not mentioned.

May 13, 2020 South Africa to move to Level 4 of
lockdown.

Schools to remain
closed.

May 24, 2020 Decision to move to Level 3 starting
June 1, easing many restrictions.

Schools to reopen on
June 1, starting with
Grade 7 and 12.

June 1, 2020 Basic Education Minister Angie Mot-
shekga: Announcement on schools
reopening starting June 1.

Schools to reopen on
June 1, starting with
Grade 7 and 12.

July 12, 2020 Reinstatement of the alcohol ban and
curfew.

Schools closed tem-
porarily for four
weeks from July 27.

July 23, 2020 Further tightening of restrictions
amid rising infections.

Schools to remain
closed.

August 15, 2020 South Africa moves to Level 2, further
easing restrictions.

Not mentioned.

September 16, 2020 Move to Level 1 announced, lifting
many of the remaining restrictions.

Not mentioned.

December 14, 2020 Adjustments to Level 1, including a
renewed alcohol ban and curfew amid
a second wave.

Not mentioned.

December 28, 2020 Introduction of Level 3 restrictions
due to resurgence of cases.

Not mentioned.

February 1, 2021 Easing of Level 3 restrictions, lifting
alcohol ban and adjusting curfew.

Schools to reopen on
February 15.

February 12, 2021 Basic Education Minister Angie Mot-
shekga: Schools to reopen on Febru-
ary 15.

Schools to reopen on
February 15.

March 15, 2021 South Africa remains on Level 1 but
with eased restrictions.

Not mentioned.

June 15, 2021 Move to an adjusted Level 3 amid a
third wave of infections.

Not mentioned.

June 27, 2021 Transition to Level 4 due to rapid rise
in cases.

Schools to close early
for winter break on
June 30.

July 25, 2021 Easing of Level 4 restrictions, moving
to an adjusted Level 3.

Schools to reopen on
July 26, with primary
schools fully reopen-
ing.

August 8, 2021 Further easing of Level 3 restrictions,
reopening several sectors.

Not mentioned.

October 7, 2021 Move to adjusted Level 1 with eased
restrictions.

Not mentioned.

November 28, 2021 Move to adjusted Level 1 in response
to rising Omicron cases.

Not mentioned.

December 12, 2021 Introduction of adjusted Level 3 re-
strictions amid surge in Omicron
cases.

Schools to close early
for year-end break
from December 16.
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