
1 | INTRODUCTION

COVID-19 related economic effects are devastating for vulnerable populations from Low- and Middle-Income Countries 
(LMICs). COVID-19-suppression strategies like nation-wide lockdowns led to huge disruptions of labor markets across the 
world, causing major income losses, especially among those more economically vulnerable (Jain et al., 2020; UNCTAD, 2020; 
WHO, 2020; Wills et al., 2020). There is a strong risk that these COVID-19 lockdown induced income shocks exert strong 
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Abstract
COVID-19 caused an unprecedented health and economic crisis. Nation-wide 
lockdowns triggered major economic disruptions across the world. We provide 
evidence of the impact of these extreme economic shocks on health outcomes across 
wealth levels. We further identify if cash transfers can mitigate the negative health 
effects for the most economically vulnerable. The study focuses on South Africa, 
an Upper Middle-Income Country with high levels of inequality, a large informal 
labor market and with low levels of social welfare. Using difference-in-difference 
estimation (DD) on a longitudinal sample of 6437 South Africans, we find that 
the lockdown income shock significantly reduces health by 0.2 standard deviations 
(SD). We find no difference of the effect across wealth quartiles. Exposure to a cash 
transfer program mitigates the negative health effects for recipients in the lowest 
wealth quartile to 0.25 SD compared to 0.4 SD for non-recipients. Full mitigation 
occurs for individuals exposed to an on average higher scale-up of the cash trans-
fer program. Our analysis shows that a lockdown induced income shock caused 
adverse health outcomes; however, a pro-poor cash transfer program protected the 
most economically vulnerable from these negative health effects.
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negative effects on health outcomes (Bilal et  al.,  2017; Grossman,  1972; Gundersen & Ziliak,  2015; Jebena et  al.,  2017; 
Mwabu, 2007; Schiele & Schmitz, 2016; Strauss & Thomas, 1998; Wagstaff, 1986). Worse health outcomes can materialize 
due to lost health investment opportunities such as the inability to afford sufficient nutritious food as less disposable income is 
available (Strauss & Thomas, 1998). It is important to consider social safety nets like cash transfer programmes in this context, 
which can mitigate the supposedly negative health effects among vulnerable populations (Fiszbein & Schady, 2009; Gaarder 
et al., 2010; Porreca & Rosati, 2019; Skoufias & Di Maro, 2008; Skoufias et al., 2013). The focus of this paper is to provide first 
evidence of the average and distributional health effects resulting from a COVID-19 lockdown induced income shock in South 
Africa. We further assess if a cash transfer program can mitigate the effect of the income shock on health for the economically 
vulnerable population.

The existing literature finds a negative relationship between income shocks and health outcomes. A systematic review 
by Margerison-Zilko et al. (2016) shows that job-loss during the financial crisis in 2007–2009 caused negative health effects 
such as increased morbidity, increased psychological distress and lower self-rated health among populations from middle- and 
high-income countries. A longitudinal study on the effects of the economic recession in Brazilian municipalities in 2014–2016 
corroborates these findings in a LMIC-setting, showing that recession-related unemployment increased all-cause mortality 
(Hone et al., 2019). Income shocks due to the loss of financial support following the premature death of a household member 
have further shown to negatively affect mental health outcomes among South African adults (Burger et al., 2017). The existing 
literature suggests that social support programmes can mitigate the negative health effects. Unemployment support programmes 
mitigated the negative health effects from the economic recession among European populations (Margerison-Zilko et al., 2016). 
Similarly, Hone et al. (2019) find no significant associations of recession-related unemployment increased all-cause mortality 
in Brazilian municipalities with high social protection expenditures.

A limitation of existing research on the income-shock and health relationship is that they do not provide an understanding 
of the heterogenous distributional health effects which are important to understand to target policies. Another limitation is 
that studies lack robust causal methods to establish the causal impact of both the income shock on health and the mitigation 
effect of social protection programmes. Neither provide existing studies an understanding of the scale-up effects of social 
support programmes on health effects. The context of the analyzed recession and bereavement related income shocks are 
also very different to the COVID-19 lockdown induce income shocks. The latter are unprecedented in their magnitude, their 
scope, and in their abruptness in modern times (ILO-OECD, 2020; World Bank, 2020). The immediate decline of the working 
population, following national lockdowns across the world in April 2020, exceeded the 2-year effects of the financial crisis 
2007–2009 by 14 times, affecting all national and global supply-chains and different economic sectors suddenly and simultane-
ously (ILO-OECD, 2020). The severity of the shock may affect economically more vulnerable populations disproportionately 
which emphasizes the importance to understand the distributional health effects and how cash transfer programmes mitigate 
the effects for this population.

We aim to fill these gaps in the literature by understanding the effect of COVID-19 lockdown induced income-shocks 
on individual health among populations living in South Africa. Our first objective is to identify the causal effect of the 
lockdown-induced income loss on individual health. The second objective is to understand the distributional health effects 
of the income shock by wealth quartiles. Our third objective is to establish the mitigation effects of a scaled-up cash transfer 
program on health for the those in the lowest wealth quartile, that is, the most economically vulnerable population. Building on 
the existing evidence and theory, we hypothesize negative health effects due to the income-shock across the wealth distribution 
with marginally lower effects for individuals protected by the cash transfer. We further contribute to the literature by using 
unique longitudinal data which provides individual observations across a time span of 12 years. The rich longitudinal data gives 
us the opportunity to use robust causal inference methods. This is of importance for research focusing on LMICs where such 
data is scarce and causal inference often difficult to establish.

We focus in the analysis on South Africa, as the country has experienced the highest prevalence of COVID-19 infections 
in Sub-Saharan Africa and has also seen a significant disruption in economic activities (Drain & Garrett, 2020). In a major 
response to the COVID-19 induced economic crisis, the South African government scaled-up the country's largest cash transfer 
program, the Child Support Grant (CSG) (Köhler & Bhorat, 2020). This provides us with an ideal setting to explore different 
variations of a large-scale social protection program and related consequences for health in response to the lockdown induced 
income shock. We argue that lockdown effects on health outcomes are driven by income shocks. This makes sense in a country 
like South Africa which has a young labor force with 90% in the labor force being under age 55 and the pre-delta variant strain 
of COVID-19 causing mostly asymptomatic cases among the population below age 60 (Statistics South Africa (SSA), 2020b; 
Poletti et al., 2021). National data on employment supports this argument as most individuals report to have stopped working 
for the lockdown itself and not due to health related reasons (Statistics South Africa (SSA), 2020b).
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We build our analysis on the first wave of the National Income Dynamics Study – Coronavirus Rapid Mobile Survey 
(NIDS-CRAM). The NIDS-CRAM is a broadly nationally representative panel study of South African adults of age 18 and 
older (Ingle et  al., 2020). We supplement the analysis with data from five waves of the National Income Dynamics Study 
(NIDS) ranging from 2008 until 2018 (Leibbrandt et al., 2009). Our sample is comprised of 6437 individuals who are observed 
in both the NIDS-CRAM and the NIDS. Individual health is measured by self-rated health and lockdown induced income 
shock is measured by the loss of the main source of income at the household level. To identify the health effects of exposure 
to the  income shock, we use difference-in-difference (DD) estimation. We then use a heterogeneous difference-in-difference 
analysis to understand, firstly, if health effects vary by wealth quartiles, and secondly, if the CSG mitigated the hypothesized 
negative health effects in the lowest wealth quartile.

2 | CONTEXT

The first South African COVID-19 case was detected on March 5 th, 2020. Toward the end of the month, 1353 cases were 
reported (44,292 tests), with five COVID-19 related deaths. These numbers further increased to 32,683 cases (725,125 tests) 
and 638 deaths toward the end of May. By mid-June 2020, 61,927 cases (1,060,425 tests) and 1354 COVID-19 related deaths 
were reported (Mbunge, 2020). The first COVID-19 wave peaked in-July 2020 in South Africa (Salyer et al., 2021). In response 
to the COVID-19 outbreak and the growing pressure on the health system, the South African government established a hard 
national lockdown on March 27, 2020. It restricted economic activities to essential services, limited public transport signifi-
cantly, and forbid inter-provincial journeys. The lockdown was first adjusted on April 30, 2020, permitting economic activities 
in certain sectors (i.e., mining, agriculture, and finance) and essential services. Restrictions on transport and personal freedom 
of movement were kept in place. A further adjustment to the lockdown was made at the beginning of June, permitting the 
retail business to reopen. Public transport and the freedom of movement remained restricted (Department of Health South 
Africa, 2021; South African Government, 2021).

The economic consequences of the national lockdown were immense for the South African economy. Unemployment in 
both the informal and formal sector rose significantly by 2.2 million people in the months following the country's national 
lockdown (Haider et al., 2020; Jain et al., 2020). This resulted in large lockdown related wage-income losses, especially among 
low-skilled populations in South Africa, putting the food security of low-income households at risk (Arndt et al., 2020). Whilst 
all sectors of the South African economy recorded losses in employment in the second quarter of 2020, the hardest hit sectors 
were finance and business, construction, manufacturing, services, and trade which account for more than 50% of the South 
African economy (Statistics South Africa (SSA), 2020a). Parts of the labor force could mitigate the negative effects of the 
lockdown on their economic activity by shifting to a working from home routine. However, this ability was limited and possibly 
further increased income inequalities in the country as evidence from non-white populations, populations living in informal 
settlements and in urban areas and individuals engaged in the formal sector, especially in services, mining and manufacturing 
were less likely to be able to work from home (Benhura & Magejo, 2021). The lockdown included income shock showed early 
signs of limited health investment possibilities. Findings from a study using nationally representative data show that about half 
of the interviewed South Africans reported insufficient funds to buy food in April 2020. About 20% reported to have gone 
hungry to bed in the months of May and June in 2020 (Wills et al., 2020).

3 | DATA

3.1 | Data sources

We combine two sources of data. The main source is the first wave of the NIDS-CRAM. The NIDS-CRAM is a nationally repre-
sentative panel survey of South African individuals of age 18 and older and provides information of COVID-19 related impacts 
on health, socio-economic outcomes and social support (Ingle et al., 2020). The NIDS-CRAM is set to be conducted as a panel 
study every month from May until October 2020 using phone interviews of one adult per household. Data collection of the first 
wave was conducted in May and June 2020, about two months since the COVID-19 lockdown was imposed in South Africa. As 
such the first wave of the NIDS-CRAM provides us with ideal data to understand the short-term impacts of lockdown related 
income shocks on health. The study sample was derived from the latest wave of the NIDS sample in 2017/2018. A stratified 
sampling design with batch sampling was used, randomly selecting a household member (Kerr et al., 2020). Batch-sampling 
splits the targeted population into small batches, starting with one initial batch. Strata sampling rates are adjusted in the follow-
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ing batches according to response rates (i.e., over- or under-sampling in the strata in the subsequent batches depending on the 
initial responses). Batch sampling permits to adjust for non-responsiveness during the data collection.

The second data source is the NIDS, a representative biennial longitudinal study of the South African population which 
provides information on socio-economic status, household variables, health outcomes and neighborhood characteristics 
(Leibbrandt et al., 2009). We use in the analysis all available five waves of the NIDS, from 2008 until 2018. Our sample of 
6437 individuals is observed in various waves of the NIDS and constitutes an unbalanced panel. Due to the design of the 
NIDS-CRAM, which is drawn from the NIDS sample in 2017/2018, all individuals in our data are observed in 2020 and in 
2017/2018, but their number of observations in the other pre-treatment period varies. This is as individuals from the NIDS 
sample in 2017/18 can enter the NIDS at various points in time; firstly, by being part of the initial panel in 2008, secondly, by 
moving into an existing NIDS household at any given time in the pre-intervention period, or thirdly becoming age-eligible for 
the adult surveys (age 15+). Table A1 in the supplementary material presents the evolution of the panel over time, showing that 
most individuals of the NIDS-CRAM sample joined the NIDS panel survey in 2008 (4012 individual or 62% of the sample), 
which is the first wave of the NIDS. Combining both datasets enables us to use and test our identification strategy of DD and 
the heterogeneous DD.

3.2 | The income shock

We can make a strong case that observed changes in health due to income losses are driven by the lockdown, not individual 
health problems, health problems of household members or health preferences related to COVID-19 infection or the risk of an 
infection.

Figure 1 illustrates work patterns for economically active individuals within 6 months prior to the interview in the first wave of 
the NIDS-CRAM. Information for economically inactive individuals is not available in the NIDS-CRAM; however, those individuals 
will be unaffected by lockdown or health reasons due to their inactive economics status irrespective of the COVID-19 pandemic. 42% 
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F I G U R E  1  Evolution of work patterns during the lockdown. Descriptive work characteristics on the estimation sample, using data from the 
first wave of the National Income Dynamics Study – Coronavirus Rapid Mobile Survey (NIDS-CRAM). Statistics are presented for individuals 
that were either economically active during the lockdown or have not been active during the lockdown but were economically active over the 
course of the last six months prior to the interview; † includes all health reasons such as ill health, caring for ill family member or more specifically 
COVID-19 related reasons



of the sample were not economically active during the lockdown. About half of those state their intention to return to work within 
the next 4 weeks. 89% of those state that the lockdown itself and not health reasons caused them to stop working. Less than one 
percent of those returning to work within the next four weeks state explicitly COVID-19 as reason for stopping to work. Among those 
economically active prior to the lockdown but not planning to return to work within the next four weeks, only 1% state that COVID-19 
related reasons stop them from returning to work. This clearly illustrates that the lockdown caused the economic disruptions for those 
individuals who were only temporarily affected in their economic activities, not COVID-19 or other health reasons.

Data from Quarterly Labor Force Surveys in South Africa from 2015 to 2020 further confirms the abnormal temporary 
impact of the lockdown on economic activity. Total employment (including both formal and informal) dropped by 2.2 million 
in the second quarter of 2020, which is the period immediately affected by the lockdown, compared to the first quarter in 2020 
which is unaffected by the lockdown. This is a huge change in employment compared to previous changes in the preceding five 
years (2015, 2016, 2017, 2018, 2019) which range between decreases in employment of 129,000 and increases of 198,000. 
Importantly, about 80% of those individuals temporarily out of work in the second quarter of 2020 report that the lockdown 
itself is the main reason preventing them from working (Statistics South Africa (SSA), 2021).

3.3 | Variables

3.3.1 | Health outcome measure

We measure individual health with a self-rated health variable. The respondents were asked whether s/he would rate his/her 
health at present as 0 “poor”, 1 “fair”, 2 “good”, 3“very good”, or 4 “excellent”. Self-rated health has been used in previous 
analysis and is considered a good measure of general health status across time,encompassing both mental and physical health 
components (Beck et al., 2015; Contoyannis & Jones, 2004; Huijts et al., 2015; Kim, 2015; Pega et al., 2017).

3.3.2 | Exposure measure

Our exposure measure or treatment indicator is a binary variable taking value one if the individual reported to live in a house-
hold which has lost the main source of income since the beginning of the lockdown on 27 March and is zero otherwise. The 
interviewed individual or another household member can account for the loss of the main source of household income. As such 
exposure is identified on the household-level and not constraint by the economic activity of the reporting individual.

3.3.3 | Wealth quartiles measure

The NIDS provides information on the total value of assets of a household in South African Rand. The measure is summed over the 
value of real estate, business, and financial assets, vehicles, retirement annuities, livestock and durable household goods (Daniels & 
Khan, 2019). We compute asset quartiles using values from 2017/2018, preceding the income shock. Thusly, the wealth measure is 
independent of the shock. This is important, as we aim to understand to what extend the shock affected the populations that were 
vulnerable prior the lockdown. We first adjust the total value of household assets in South African Rand for inflation using monthly 
consumer price index values with baseline in December 2016. We then compute the inflation adjusted per capita household total 
assets using the squared-root method by dividing the real total assets with the squared-root of household members and compute the 
quartiles subsequently (Dudel et al., 2021; OECD, 2011). Assets are widely regarded as strong measure for household wealth and 
usually computed over an asset index of durable items owned by the household (O’Donnell et al., 2008). We have the advantage of 
real financial values which adds more precision in identifying the wealth-level of a household. A previous analysis further found that 
purely durable goods based assets have poor internal validity among the NIDS study sample (Wittenberg & Leibbrandt, 2017).

3.3.4 | Cash transfer measure

We utilize information of household receipt of South Africa's largest cash transfer program, the Child Support Grant (CSG). 
The CSG is discussed in detail elsewhere (UNICEF, DSD and SASSA, 2012). The CSG is targeted to improve the livelihoods of 
children living in poverty in South Africa. It is a means targeted anti-poverty program. Care takers of a child/children can apply 
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to receive the monthly cash transfer on behalf of their child (ren). Existing research shows that the CSG is a substantial income 
source for receiving households, of about 20%–25% of the household income, which is commonly shared between household 
members. It is thus affecting all household members (Cluver et al., 2013; Delaney et al., 2008; Gomersall, 2013).

In response to COVID-19 and the economic hardship of the lockdown, the South African government scaled the CSG up at the 
intensive margin (Köhler & Bhorat, 2020). In May 2020, the government increased the CSG by an additional R300 per child, a 70% 
increase from the initial amount of R440 per child. From June onwards, the scale-up changed to R500 per care giver only. The cash 
transfer amount is larger for households with more than one receiving child in May and it is larger in June for households with only 
one receiving child. Our data suggests that 1.5 children per CSG-receiving household receive the CSG in 2020, with on average two 
children in the lowest wealth quartile. These numbers are comparable between individuals exposed and unexposed to the shock.

We use two types of self-reported CSG variables. Firstly, a binary variable indicating if the individual lives in a CSG-receiving 
household in 2020 (No CSG in 2020 vs. CSG in 2020). And secondly, a dichotomous three-level measure splitting CSG-receipt on 
the household level, which is coded as zero for no CSG exposure in 2020, one for individuals reporting exposure to the May scale-up, 
the on average more increased scale-up, and two for individuals reporting the June scale-up (0 = No CSG in 2020, 1 = May scale-up, 
2 = June scale-up). Splitting the timing of CSG receipt provides us with the opportunity to understand if an increased scale-up, that 
is, a marginally reduced budget constraint, is indeed more protective for individual health. As reporting of the scale-up depends on the 
timing of the interview, individuals reporting the June scale-up will have been exposed to the May scale-up.

3.4 | Descriptive statistics

Sample characteristics are balanced between those individuals exposed and unexposed to the lockdown-induced income shock 
(Table 1). Some small variations occur in for instance self-rated health which is on average higher among exposed prior 2020 
and lower in 2020 compared to unexposed and in educational outcomes with a larger proportion in the exposed group stating 
that secondary education is their highest educational achievement (69% in exposed vs. 64% in unexposed group). Overall, 2319 
individuals report not to live in a CSG receiving household.1042 individuals report to live in a household which is exposed to 
the CSG May scale-up.2976 individuals report exposure to the CSG June scale-up.

Figure 2 provides a first visual evidence of strong parallel pre-shock trends in unexposed and exposed groups in health. 
Self-rated health follows not just similar trends in the pre-lockdown period but also similar levels over the course of 10 years 
before the shock. It is also evident that individual health sees a major drop in both exposed and unexposed groups following the 
lockdown, with the exposed being worse off. We discuss and assess parallel trends in more detail, following the methodological 
discussion of the DD and heterogeneous effect DD approach.

4 | METHODS

4.1 | Understanding the causal effects of the income shock

4.1.1 | Difference-in-difference estimation

We use difference-in-difference (DD) estimation to identify the causal effects of the lockdown induced income shock on health. 
We estimate specification (1) for individual health as follows:

�(�,�) = �1 + �1EXPOSURE(�,�) ∗ POST(�,�) + �1EXPOSURE(�,�) + �1POST(�,�) + �� + �(�,�) (1)

Where 𝐴𝐴 𝐴𝐴(𝑖𝑖𝑖𝑖𝑖) is health at time t for individual i, EXPOSURE(�,�) is the binary exposure indicator taking value one for exposed 
and zero for unexposed, POST(�,�) is the before-and-after dummy variable taking value one for the post-intervention period and 
zero for the pre-intervention period, and the interaction of EXPOSURE(�,�) ∗ POST(�,�) being the DD-estimator with 𝐴𝐴 𝐴𝐴1 indi-
cating the average causal effect of the lockdown shock on health. 𝐴𝐴 𝐴𝐴𝑡𝑡 are quarter of year fixed effects and 𝐴𝐴 𝐴𝐴(𝑖𝑖𝑖𝑖𝑖) is the individual 
error term. We cluster standard errors in all estimation on the panel level, which is the individual (Cameron & Miller, 2015; 
Wooldridge, 2001).
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Unexposed (no loss of main source of household 
income) (n = 3761)

Exposed (loss of main source of 
household income) (n = 2676)

A: Outcome
 Before: Self-rated health 2.87 (1.05) 2.92 (1.01)
 After: Self-rated health 2.19 (1.13) 2.00 (1.14)
B: Individual characteristics
 Male 0.37 0.41
 Age: <15 0.08 0.06
 Age: 15–24 0.23 0.21
 Age: 25–34 0.24 0.29
 Age: 35–44 0.18 0.23
 Age: 45–54 0.11 0.12
 Age: 55–64 0.08 0.06
 Age: 65+ 0.08 0.04
 Black 0.85 0.91
 Mixed-race 0.10 0.07
 Asian 0.01 0.01
 White 0.04 0.02
 Chronic health problem: HIV, tuberculosis, 

diabetes, lunge/heart condition
0.14 0.14

 No education 0.06 0.05
 Primary education 0.22 0.19
 Secondary education 0.64 0.69
 Tertiary education 0.08 0.06
C: Household characteristics
 Household members 5.46 (3.35) 5.48 (3.32)
 1st Quartile of real total household assets per 

capita
0.25 0.25

 2nd Quartile 0.25 0.25
 3rd Quartile 0.24 0.26
 4th Quartile 0.26 0.23
 No child support grant in May or Jun 2020 0.38 0.33
 Child support grant May 2020 scale-up 0.16 0.17
 Child support grant Jun 2020 scale-up 0.46 0.50
D: COVID-19 characteristics
 Behavioral change due to COVID-19 0.90 0.92
 Individual or anyone in household tested/screened 

for COVID-19
0.36 0.40

 Individual tested positive for COVID-19 0.07 0.06
 Likely to get infected with COVID-19: Yes 0.27 0.28
 Likely to get infected with COVID-19: No 0.60 0.60
 Likely to get infected with COVID-19: Unsure 0.12 0.12
E: Geographical characteristics
 Location: Traditional 0.40 0.44
 Location: Urban 0.54 0.51
 Location: Farms 0.06 0.04
Note: Means of variables with standard deviations in parenthesis; Means for Panel B, C and E are computed over the full available data, from 2008 until 2020; means 
for Panel A are split into the time before and after the lockdown shock, that is, before 2020 and in 2020. Means for Panel D are computed on data in 2020. Assets 
are adjusted to inflation with baseline December 2016 = 100. Individual tested positive for COVID-19 relates to those tested for COVID-19 not the full sample. The 
number of individuals in the "Unexposed" group is 3761 and the number of observations over the full period is 17,812; the number of individuals in the "Exposed" 
group is 2676 and the number of observations over the full period is 12,676.

T A B L E  1  Descriptive statistics by exposure status



4.2 | Understanding the causal effects of the income shock by wealth quartiles

We approach the analysis of distributional effects of the income shock on health by wealth quartiles using heterogeneous effect 
difference-in-difference estimation. We estimate specification (2) as follows:

�(�,�) = �2 + �2EXPOSURE(�,�) ∗ POST(�,�) +
4
∑

�=2
��+1EXPOSURE(�,�) ∗ POST(�,�) ∗ ��

(�)

+
4
∑

�=2
��+4EXPOSURE(�,�) ∗ ��

(�) +
4
∑

�=2
��+7POST(�,�)(�,�) ∗ ��

(�) +
4
∑

�=2
��+10��

(�)

+ �2EXPOSURE(�,�) + �2POST(�,�) + �� + �(�,�)

 (2)

Where 𝐴𝐴 𝐴𝐴4
(𝑖𝑖)

 represents a dummy variable indicating the fourth quartile of real total per capita household assets define by 
2017/2018 values (i.e., wealth quartile), with 𝐴𝐴 𝐴𝐴3

(𝑖𝑖)
 the third quartile and 𝐴𝐴 𝐴𝐴2

(𝑖𝑖)
 the second quartile. 𝐴𝐴 𝐴𝐴5 is the heterogeneous effect 

DD-estimator for the fourth quartile of the income shock on health having netted out the effects of the first quartile heteroge-
nous DD presented by 𝐴𝐴 𝐴𝐴2 ; 𝐴𝐴 𝐴𝐴4 and 𝐴𝐴 𝐴𝐴3 are the heterogeneous effect DD-estimators for the third and second wealth quartile, respec-
tively. We estimate the heterogeneous effect DD with the full interaction of dummy variables.

We further estimate specification (2) with only one heterogeneous effect DD-term using a dummy variable pooling 𝐴𝐴 𝐴𝐴4
(𝑖𝑖)

 , 
𝐴𝐴 𝐴𝐴3

(𝑖𝑖)
 , and 𝐴𝐴 𝐴𝐴2

(𝑖𝑖)
  . We aim to understand with this altered specification if individuals classified as belonging to the lowest wealth 

quartile are disproportionately affected compared to all other individuals.

4.3 | Understanding mitigation effects of the CSG on the lowest wealth quartile

To test our hypothesis of mitigation effects of the CSG and the scale-up on individual health for the most vulnerable in the 
population, we use heterogeneous effect DD estimation with CSG-measures on the sub-group of individuals defined as being 
in the lowest wealth quartile. Using the lowest wealth quartile is motivated by identifying the economically most vulnerable 
populations and by the nature the of CSG which is targeted to low-income groups. We first test the general protective effects of 
the CSG a specified in (3) for health:

�(�,�) = �3 + �15EXPOSURE(�,�) ∗ POST(�,�) + �16EXPOSURE(�,�) ∗ POST(�,�) ∗ CSG(�)

+ �17EXPOSURE(�,�) ∗ CSG(�) + �18POST(�,�) ∗ CSG(�) + �19CSG(�)

+ �3EXPOSURE(�,�) + �3POST(�,�) + �� + �(�,�) (3)
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the mean values of self-rated health in its 
evolution over time by exposure status and 
collapsed by quarters of the year. The dashed 
vertical line highlights the timing of the 
lockdown



Where CSG(�) is a dummy variable indicating if the individual lives in a CSG-receiving household in the post-shock 
period. 𝐴𝐴 𝐴𝐴16 is the heterogeneous effect DD-estimator of health effects for CSG recipients that have experienced the income 
shock netting out the estimated effect of the income shock on health for individuals that are not protected by the CSG in the 
post-shock period, indicated by 𝐴𝐴 𝐴𝐴15. We test variations in transfer amounts exploiting changes in government policies as spec-
ified in (4):

�(�,�) = �4 + �20EXPOSURE(�,�) ∗ POST(�,�) + �21EXPOSURE(�,�) ∗ POST(�,�) ∗ CSG – MAY(�)

+ �22EXPOSURE(�,�) ∗ POST(�,�) ∗ CSG – JUNE(�) + �23EXPOSURE(�,�) ∗ CSG – MAY(�)

+ �24POST(�,�) ∗ CSG – MAY(�) + �25EXPOSURE(�,�) ∗ CSG – JUNE(�)

+ �26POST(�,�) ∗ CSG – JUNE(�) + �27CSG – MAY(�) + �28CSG – JUNE(�)

+ �4EXPOSURE(�,�) + �4POST(�,�) + �� + (�,�) (4)

Where CSG – MAY(�) is a dummy variable indicating the CSG May scale-up and CSG – JUNE(�) a dummy variable indicating 
the CSG June scale-up. Consequentially, 𝐴𝐴 𝐴𝐴21 is the heterogeneous effect DD-estimator of CSG May scale-up effects on health, 

𝐴𝐴 𝐴𝐴22 is the heterogeneous effect DD-estimator of the CSG June scale-up effects on health, having netted out the effects of the 
income shocks on health for individuals not protected by the CSG estimated with 𝐴𝐴 𝐴𝐴20 . Jointly estimating and thus controlling for 
the May and June top-up effects permits to understand the isolated respective scale-up effects. This is important as individuals 
exposed to the June scale-up will have been exposed to earlier May scale-up.

4.4 | Identification assumptions

Causal inference of DD and the heterogeneous effect DD estimation relies on the assumption that the outcome variable 
follows the same trend in both the treatment and control group in the post-intervention period had treatment not happened 
(Cunningham, 2021). Assessing parallel trends in outcomes in the period before treatment (here the shock) occurred is the 
common approach to test the plausibility of this assumption (Angrist & Pischke, 2008). Recent research advances in DD meth-
ods show that for the plausibility of parallel trends to hold the levels of the outcomes should ideally be similar too (Kahn-Lang 
& Lang, 2020). Using Figure 2, we have shown that both conditions are satisfied.

To further assess the parallel trends, we empirically test for parallel trends in outcomes in the pre-shock period. Doing so 
for the DD specifications, we regress the outcomes on the full interaction of quarters of the year with 𝐴𝐴 𝐴𝐴1

(𝑖𝑖𝑖𝑖𝑖)
 the exposure indi-

cator for the period before the intervention occurred. For the heterogeneous effect DD specifications, we regress the outcomes 
on the full interaction of quarters of the year with 𝐴𝐴 𝐴𝐴1

(𝑖𝑖𝑖𝑖𝑖)
 and the specific heterogeneous effect DD-model (i.e., quartile of 

wealth quartiles, CSG or CSG scale-up levels) and test whether the effects of the specific heterogeneous effect DD-model are 
jointly significantly different from zero in the pre-shock period. No significance of the interaction effect in DD and the joint 
heterogeneous effect DD interaction effects is supporting evidence for the parallel trends to hold. These tests are standard 
practice in the literature (Angrist & Pischke, 2008; Muralidharan & Prakash, 2017). We provide findings from the parallel 
trend tests alongside the DD and heterogeneous effect DD-estimations. To preface the results, we find that parallel trends hold 
in all models.

In the context of our study, statistical testing and graphical illustrations provide strong evidence for parallel trends in health. 
However, we have further arguments to support the assumption. For instance, policies or trends on the sub-national level could 
have affected health and the composition of exposed and unexposed groups if exposed and unexposed had different exposure 
to such policies. Accordingly, we show that this is not a concern in map A1 in the supplementary material. The map illustrates 
South Africa divided by its 52 districts. The top picture presents the distribution of unexposed in the pre-shock period as per 
district share of unexposed of the total number of unexposed. Darker shades of green imply a higher share. The same pres-
entation is done for exposed in the picture below. Comparing the shades of the two maps, it becomes evident that both groups 
are similarly distributed across the country by districts. Therefore, both groups should have similar exposure to sub-national 
policies before 2020.

Another important factor in determining whether it is reasonable to assume parallel trends in outcomes is the similarity of 
the socio-demographic composition of the compared groups. This is likely the case for our sample as exposed and unexposed 
are balanced in their characteristics (Table 1). We provide further supporting evidence by illustrating pre-trends in time-varying 
demographic characteristics age, education, and household size which are all overlapping (see Figures A1, A2, and A3 in the 
supplementary material).
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4.5 | Robustness of findings

We assess the robustness of our findings with regards to the following five potential threats to causal inference: (1) assessing 
potential confounding of health due to individual characteristics including unobserved individual heterogeneity in health and 
COVID-19 behaviors; (2) Confounding of health due to other health outcomes; (3) plausibility of self-rated health as good 
health measure; (4) assumption of stability of wealth levels over time; and (5) assessing the sensitivity of findings to variations 
to pre-treatment waves and panel composition. We present a detailed description of each robustness test in the supplementary 
material.

5 | RESULTS

We present firstly findings from the DD estimation of the income shock on health, secondly findings from the heterogeneous 
effect DD estimation by wealth quartiles, thirdly results from the DD mitigation effect analysis of the CSG cash transfer on 
health for the lowest wealth quartile, and lastly findings from the robustness analysis.

5.1 | Causal effects of the income shock on average and by wealth quartiles

Findings from the DD analysis show a strong and significant average reduction in health of 0.237 points or 0.2 standard devia-
tions (SD) due to the income shock (Table 2, column 1). The negative health effect of the shock does not vary across the wealth 
distribution, as no significant difference of the effect for the second, third, and fourth wealth quartile is found when compared 
to the significant and negative effect of −0.256 for the first and lowest wealth quartile (Table 2, column 2). Pooling the second, 
third, and fourth wealth quartile together and comparing to the first wealth quartile, the effects remain unchanged (column 4). 
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(1) (2) (3) (4) (5)

Wealth quartiles
Linear combinations 
model (2)

1st wealth quartile 
versus rest

Linear 
combinations 
model (4)

DD −0.237*** (0.032)

DD 1st wealth quartile −0.257*** (0.065) −0.257*** (0.065) −0.257*** (0.065) −0.257*** (0.065)

DD 2nd wealth quartile 0.056 (0.092) −0.202*** (0.066)

DD 3rd wealth quartile 0.057 (0.090) −0.200*** (0.062)

DD 4th wealth quartile −0.003 (0.089) −0.260*** (0.062)

DD 2nd+3rd+4th wealth quartile 0.028 (0.074) −0.229*** (0.037)

Constant 2.714*** (0.030) 2.723*** (0.036) 2.723*** (0.036) 2.724*** (0.036) 2.724*** (0.036)

Observations 30,490 30,490 30,490 30,490 30,490

Individuals 6437 6437 6437 6437 6437

R-squared 0.094 0.098 0.094 0.094 0.098

Time effects Yes Yes Yes Yes Yes

Covariates No No No No No

District fixed effects No No No No No

Individual fixed effects No No No No No

F-Stat: Parallel trends 1.652 1.725 1.725 1.285 1.285

Prob > F: Parallel trends 0.119 0.141 0.141 0.277 0.277

Note: Individual clustered standard errors in parentheses; ***p < 0.01, **p < 0.05, *p < 0.1; The outcome variable is individual self-rated health, with higher values 
indicating better health. We control for the fully interacted difference-in-difference framework but present only the difference-in-difference estimators for each model. 
DD stands for difference-in-difference. Findings presented in column (1) relate to Equation (1), with DD being the 𝐴𝐴 𝐴𝐴1 coefficient. Findings in column (2) relate to 
Equation (2), with “DD first wealth quartile” being the 𝐴𝐴 𝐴𝐴2 coefficient, and “DD second wealth quartile”, “DD third wealth quartile”, and “DD fourth wealth quartile” 
representing 𝐴𝐴 𝐴𝐴3, 𝐴𝐴4 and 𝐴𝐴5 respectively.

T A B L E  2  Difference-in-Difference and heterogeneous difference-in-difference analysis by wealth for health



The two bottom rows of the table present findings from the parallel trend tests. Statistically, we have strong evidence for paral-
lel trends to hold in all models as no significant differences in pre-shock period are observed indicated by p-values > 0.1. As 
heterogeneous effect DD estimates are presented as net effects of the first wealth quartile, we also present the total effects of 
each respective quartile and of the aggregated quartiles on health, computed as linear combinations. The results show that the 
income shock has significant negative health effects across the wealth distribution in both models (column 3 and 5).

5.2 | Mitigation effects of the CSG on the lowest wealth level

Findings from the mitigation effect analysis of the CSG cash transfer program on health for the first wealth quartile. Show that 
I those individuals who were exposed to the income shock but not protected by the CSG have a statistically significant and 
largest loss in health of 0.474 units or 0.4 SD in health (Table 3, columns 1). The protective effect of the CSG for individuals 
exposed to the income shock is significant and of size 0.3 (0.25 SD in health), meaning that individuals exposed to the shock 
and protected by the CSG are presenting 0.3 units better health compared to individuals exposed to the shock but unprotected 
by the CSG (column 1). This is a substantial effect as the cash transfer nearly fully mitigates the negative health effects from 
the income shock. The largest protective health effects materialize for those individuals exposed to the on average larger CSG 
scale-up in May. For those individuals is the negative heath impact of the income shock fully mitigated due to the signifi-
cant and substantial positive effect of 0.493 (0.5 SD in health). This is larger in magnitude than the negative health effect for 
non-recipients (Table 3, column 3). In comparison, the on average lower scale-up of the CSG in June provides no protection as 
the effect is not significantly different from the observed negative effect for non-recipients. All models pass the parallel trends 
test as p-values > 0.1.

Using linear combinations we find that the full effect of the income shock for CSG recipients, irrespective of scale-up 
level, remains significant and negative (−0.173; 0.16 SD in health); however, the effect is smaller in magnitude (column 2). It 
is evident that the early scale-up in May exerts full protective health effects as the total effect is positive and not statistically 
significant. The later scale-up in June reduces the negative health effects by about half the size; however, it remains still statis-
tically significant and negative with size 0.234 (0.28 SD in health) (column 4).
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(1) (2) (3) (4)

CSG: 1st wealth quartile
Linear combinations model 
(1)

CSG scale-up: 1st wealth 
quartile

Linear combinations 
model (3)

DD No CSG −0.474*** (0.120) −0.474*** (0.120) −0.474*** (0.120) −0.474*** (0.120)

DD CSG May 2020 scale-up 0.493** (0.210) 0.019 (0.172)

DD CSG Jun 2020 scale-up 0.240 (0.147) −0.234*** (0.085)

DD CSG 0.301** (0.142) −0.173** (0.077)

Constant 2.645*** (0.072) 2.645*** (0.072) 2.645*** (0.072) 2.645*** (0.072)

Observations 7626 7626 7626 7626

Individuals 1561 1561 1561 1561

R-squared 0.119 0.119 0.120 0.120

Time effects Yes Yes Yes Yes

Covariates No No No No

District fixed effects No No No No

Individual fixed effects No No No No

F-Stat: Parallel trends 0.140 0.140 0.321 0.321

Prob > F: Parallel trends 0.870 0.870 0.810 0.810

Note: Individual clustered standard errors in parentheses; ***p < 0.01, **p < 0.05, *p < 0.1; The outcome variable is individual self-rated health, with higher values 
indicating better health. We control for the fully interacted difference-in-difference framework but present only the difference-in-difference estimators for each model. 
DD stands for difference-in-difference. Findings presented in column (1) relate to Equation (3), with “DD No CSG” being the 𝐴𝐴 𝐴𝐴15 coefficient, and “DD CSG” being 
the 𝐴𝐴 𝐴𝐴16 coefficient. Findings in column (3) relate to Equation (4), with “DD No CSG” being the 𝐴𝐴 𝐴𝐴20 coefficient, and “DD CSG May scale-up” and “DD CSG June 2020 
scale-up” representing 𝐴𝐴 𝐴𝐴21 and 𝐴𝐴22 respectively.

T A B L E  3  Heterogeneous difference-in-difference analysis of cash transfer mitigation effects for the lowest wealth quartile for health



5.3 | Robustness (1): Conditioning on covariates and fixed effects

Findings from the DD analysis, the heterogeneous effect DD analysis by wealth levels, and the DD CSG mitigation effect anal-
ysis are all robust to include both covariates, district fixed effects and individual fixed effects. Significance levels and direction 
of effects remain unchanged and parallel trends hold in all models (Tables 4 and 5).

5.4 | Robustness (2): Conditioning on health outcomes

Conditioning the DD analysis, the heterogeneous effect DD by wealth quartiles, and the DD CSG mitigation analysis on indi-
vidual chronic health problems and COVID-19 status, results remain robust as coefficient size, significance, and direction of 
the effect remain unchanged (Tables A2 and A3 in the supplementary material). Parallel trends hold in all models.
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(1) (2) (3) (4) (5) (6)

Wealth quartiles

1st wealth 
quartile versus 
rest Wealth quartiles

1st wealth 
quartile versus 
rest

DD −0.225*** (0.032) −0.218*** (0.036)

DD 1st wealth 
quartile

−0.264*** (0.064) −0.264*** (0.064) −0.244*** (0.072) −0.244*** (0.072)

DD 2nd wealth 
quartile

0.078 (0.092) 0.052 (0.103)

DD 3rd wealth 
quartile

0.069 (0.089) 0.074 (0.100)

DD 4th wealth 
quartile

0.031 (0.089) −0.004 (0.100)

DD 
2nd+3rd+4th 
wealth 
quartile

0.054 (0.074) 0.036 (0.083)

Constant 2.743*** (0.097) 2.722*** (0.098) 2.739*** (0.098) 2.897*** (0.233) 2.843*** (0.237) 2.866*** (0.236)

Observations 30,490 30,490 30,490 30,490 30,490 30,490

Individuals 6437 6437 6437 6437 6437 6437

R-squared 0.193 0.196 0.194 0.415 0.416 0.415

Time effects Yes Yes Yes Yes Yes Yes

Covariates Yes Yes Yes Yes Yes Yes

District fixed 
effects

Yes Yes Yes Yes Yes Yes

Individual fixed 
effects

No No No Yes Yes Yes

F-Stat: Parallel 
trends

0.704 1.129 0.554 1.240 1.566 0.805

Prob > F: 
Parallel 
trends

0.402 0.341 0.575 0.266 0.181 0.447

Note: Individual clustered standard errors in parentheses; ***p < 0.01, **p < 0.05, *p < 0.1; The outcome variable is individual self-rated health, with higher values 
indicating better health. Columns (4) to (6) include additional individual fixed effects. We control for the fully interacted difference-in-difference framework but 
present only the difference-in-difference estimators for each model. DD stands for difference-in-difference.

T A B L E  4  Robustness: Difference-in-Difference and heterogeneous difference-in-difference analysis by wealth for health with covariates and 
fixed effects



5.5 | Robustness (3): Self-rated health, high blood pressure and depression

Graphical illustrations of the objective health measures CES-D and high blood pressure indicate parallel trends and similar 
levels between exposed and unexposed groups over a 10-year period prior to the occurrence of the shock (Figures A4 and A5 
in the supplementary material). These findings are corroborated in the statistical analysis (Table A4 columns (1) and (2) in the 
supplementary material).

We further find a strong significant and negative association of both variables with self-rated health which is evidence of the 
construct validity of our main outcome measure self-rated health (Table A5 in the supplementary material). CES-D and high 
blood pressure exert a similar average effect on self-rated health when comparing their standardized beta-coefficients (column 
(2)), further evidencing that self-rated health is a good general health measure among the study population. Controlling for age 
group and gender of the individual, CES-D and high blood pressure retain their strong statistically significant negative rela-
tionship with self-rated health (column (3)). The standardized beta-coefficient (column (4)) of high blood pressure is reduced 
whilst the CES-D beta coefficient remains unchanged. The change in magnitude likely occurs due to the higher prevalence of 
high-blood pressure among the older population (Peltzer & Phaswana-Mafuya, 2013).

5.6 | Robustness (4): Stability of (low) wealth over time

Findings from the Wilcoxon signed-rank tests show that no significant rank effects are present (Table A6 in the supplementary 
material), neither for the lowest per capita household income quartile across the entire NIDS-surveys, spanning a period of 12 
years, nor for the lowest per capita total household assets quartile, comparing NIDS wave five to NIDS wave four and three. 
Estimating the DD and heterogeneous effect DD analyses using wealth quartiles expressed in 2014/2015 values (Table A7 in 
the supplementary material), we observe the same pattern of effects (i.e., coefficient magnitude, significance of effects, paral-
lel trends) as in the main specification using wealth quartiles with 2017/2018 values. This indicates, together with the results 
from  the Wilcoxon signed-rank tests, that our findings are robust to the timing of the choice of wealth variables and that we can 
indeed assume temporal stability in wealth levels across time.
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(1) (2) (3) (4)

CSG: 1st wealth quartile
CSG scale-up: 1st wealth 
quartile CSG: 1st wealth quartile

CSG scale-up: 1st 
wealth quartile

DD No CSG −0.483*** (0.120) −0.485*** (0.120) −0.453*** (0.131) −0.453*** (0.131)

DD CSG May 2020 scale-up 0.485** (0.209) 0.427* (0.234)

DD CSG Jun 2020 scale-up 0.254* (0.147) 0.256 (0.161)

DD CSG 0.308** (0.142) 0.298* (0.157)

Constant 2.520*** (0.188) 2.512*** (0.187) 2.376*** (0.363) 2.370*** (0.362)

Observations 7626 7626 7626 7626

Individuals 1561 1561 1561 1561

R-squared 0.215 0.217 0.424 0.425

Time effects Yes Yes Yes Yes

Covariates Yes Yes Yes Yes

District fixed effects Yes Yes Yes Yes

Individual fixed effects No No Yes Yes

F-Stat: Parallel trends 0.168 0.241 0.220 0.170

Prob > F: Parallel trends 0.845 0.868 0.803 0.917

Note: Individual clustered standard errors in parentheses; ***p < 0.01, **p < 0.05, *p < 0.1; The outcome variable is individual self-rated health, with higher values 
indicating better health. Column (3) and (4) include additional individual fixed effects. We control for the fully interacted difference-in-difference framework but 
present only the difference-in-difference estimators for each model. DD stands for difference-in-difference.

T A B L E  5  Robustness: Heterogeneous difference-in-difference analysis of cash transfer mitigation effects for the lowest wealth quartile for 
health



5.7 | Robustness (5): Panel composition and length of study period

Lastly, estimating the DD and heterogeneous DD analyses by wealth and by CSG-receipt respectively, and hence using a shorter 
pre-treatment time-period from 2014 onwards, our main findings remain unchanged (see Table A8 and A9 in the supplementary 
material). This shows that our analysis is robust to alternative compositions of the panel and to using shorter time-periods.

6 | DISCUSSION

We have aimed to identify the effect of the COVID-19 lockdown induced income shock on health among the South African 
population. We used longitudinal data on 6437 individuals observed across fives waves of the NIDS and the first wave of the 
NIDS Coronavirus Rapid Mobile Survey. Employing difference-in-difference analysis, we found significant evidence for on 
average strong depreciations in individual health equivalent to 0.2 standard deviations in health. Moving beyond mean effects, 
we assessed heterogeneous effects of the income shock across wealth quartiles using heterogeneous effect difference-in-differ-
ence analysis. We found neither a difference of the income shock on health outcomes across wealth quartiles, nor for the lowest 
wealth quartile. This evidence differs to our hypothesis of distributional negative health effects which was that the income 
shock would have more severe negative health effects on the lower income group.

Our last objective was to understand mitigation effects of scaled-up cash transfers for the lowest wealth quartile, which 
provides a tenable answer for these unexpected findings. We found, as initially hypothesized, protective effects of the CSG on 
health. General exposure to the CSG mitigated the negative health effect by more than half the size. Further analysis by CSG 
scale-up levels showed that the on average larger scale-up of the CSG in May fully mitigated the negative health consequences 
of the income shock. In contrast, the on average lower scale-up from June onwards did not fully mitigate the negative health 
effects; however, it still exerted protective health effects as it reduced the burden of the shock by half the size compared to indi-
viduals exposed to the shock but unprotected by the CSG. These findings can explain why we have neither seen distributional 
effects nor a disadvantage in health outcomes, specifically among those in the lowest wealth quartile. The rapid response to an 
unprecedented crisis in form of scaled-up social safety nets for those at the bottom of the wealth distribution is a reasonable 
explanation for avoided inequity in health outcomes in the short run.

Causal inference of difference-in-difference analysis relies on the assumption that the outcome follows the same trend 
in the treated and untreated (exposed and unexposed to the shock) group post-intervention had the treatment not happened 
(Cunningham,  2021). Commonly, parallel trends in outcomes in the pre-treatment period (pre-shock) between treated and 
untreated are tested for the plausibility of this assumption (Angrist & Pischke, 2008). We conducted various graphical and  statis-
tical analyses which all identified strong parallel trends in outcomes. We further made a compelling argument for parallel trends 
by showing that exposed and unexposed share not just similar trends in demographic characteristics and objective measures of 
health outcomes, but also similar exposure of local variations on the district level. We also showed that the findings are robust to 
controlling for possible confounders, COVID-19 related outcomes such as infection risk or behavioral change, health outcomes 
such as chronic health conditions or a positive COVID-19 test, and individual and district fixed effects. This evidence indicates 
that the (heterogeneous effect) difference-in-difference method successfully isolates the effect of the shock on health.

Our findings corroborate existing analysis of the effects of recession related job-loss on health outcomes. Similar to previ-
ous studies, we found significant negative health effects of the lockdown induced income shock (loss of main source of house-
hold income) and (full) mitigation of the negative effects through social support and security programmes such as cash transfers 
(Hone et al., 2019; Margerison-Zilko et al., 2016). Different to existing analyses is the context of COVID-19 and its extreme 
disruption to individual livelihoods, moving far beyond the experience of a recession-related job-loss. A limitation of related 
existing research in LMIC-settings is the focus on purely employment effects, which likely produces an underestimation of 
the health consequences of economic shocks (Hone et  al.,  2019; Margerison-Zilko et  al.,  2016). This is due the nature of 
labor markets in LMICs, which have a large share of individuals engaged in the informal labor market rather than in formal  
employment (Medina et al., 2017; World Bank, 2020). Consequentially, a measure of unemployment is less likely to capture 
effects for populations with a larger share of informal workers, whereas a broader measure such as ours (exposure to loss of the 
main source of household income) reflects such variations.

Our analysis is also unique for its complexity by moving beyond mean effects and understanding distributional effects 
across wealth quartiles. Another important contribution is the analysis of different scale-ups of a nation-wide cash transfer 
program as an immediate response to the crisis by a national government. Our study is to our knowledge the first study to show 
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that despite the extreme event of a nation-wide lockdown, social protection programmes can fully mitigate the negative health 
if scaled-up and implemented swiftly.

We are aware that our study has limitations. We measured wealth quartiles with financial values of household assets in 
2017/2018. Financial assets will likely change to the better or worse within 2 years. However, as we use a distributional meas-
ure rather than an absolute measure of wealth, marginal changes are less relevant if the composition and distribution of assets 
across the population are relatively constant across time, and South Africa has indeed a low social-mobility (World Economic 
Forum, 2020). We also showed that our findings are robust to using financial values of households assets in 2014/2015 and that 
Wilcoxon signed-rank tests on income and wealth quartiles rejected significant changes of ranking for individuals in the lowest 
quartiles over time. Both finding support the argument of a stable distribution of assets across time and the appropriateness of 
our measure.

The scale-ups of the CSG cash transfer program occurred successively, consequently individuals exposed to the scale-up 
in June are also likely to have been exposed to the May scale-up. This may affect the ability to isolate the true scale-up effect 
in June, if parallel trends in May and June groups had been different (the effect would not be as if random), and, if we had 
not controlled for both May and June scale-up effects in the estimation. However, there is no concern as we controlled in 
all estimations for both effects and parallel trends were observed in both groups, implying that changes in outcomes are as 
if random. Any change in May would have been observed for those individuals in June had they been observed in May, and 
vice versa. Consequentially, we identified the causal marginal change of May and June scale-ups using heterogeneous effect 
difference-in-difference analysis.

A final limitation is the use of a subjective self-rated health measure. It may raise the question which underlying health 
concept and according changes in health we observed. Self-rated health is widely regarded as a general health measure which 
can pick up variations in both physical and mental health (Contoyannis & Jones, 2004). Using available data on objective 
physical and mental health measures in the NIDS, to test the construct validity of our self-rated health outcome, we found that 
our measure indeed shows strong associations with both physical and mental health in the pre-shock period. We also showed 
the presence of parallel trends in objective mental health and physical health measures along the observed parallel trends in 
self-rated health in exposed and unexposed groups. Therefore, we are confident that self-rated health is indeed picking up vari-
ations in general health which is conceptually a combination of both physical and mental health.

Our research makes important contributions to health policy Our analysis showed that nationwide lockdowns to control the 
spread of COVID-19 had a significant negative impact on self-reported health of people across all income quartiles in South 
Africa. However, we found that social protection programmes like cash transfer programmes, if scaled-up, can be a powerful 
tool. In the South African context, they (fully) mitigated these adverse health effects for the most economically vulnerable 
population. Increasing cash transfer programmes at the intensive margin caused protective income effects which in turn led 
to protective health effects. Looking beyond COVID-19, policy makers may consider the positive health effects alongside the 
economic benefits when scaling-up social protection mechanisms in the immediate aftermath of an extreme income shock, 
which could result from future economic recessions, natural disasters, or other epidemics/pandemics.

Whilst our research identified the immediate effects of the income shock on health and related mitigation of cash transfer 
programmes in the South African context, future research should identify the mid-to long-term consequences and mitigation 
potential alongside the costs and benefits of such interventions, ideally comparing to alternative social protection interventions. 
Furthermore, ongoing research should also assess the relevance of our findings in other settings, such as lower income countries 
with more severe levels of economic poverty and consumer markets even more exposed to global shocks.
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