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Abstract

The potential of social protection to ensure well-being and food security in Southern
Africa is gaining renewed interest in the presence of unprecedented shocks such as
the COVID-19 pandemic and the incessant climate-change induced disasters. This
study investigates the impact of social protection on welfare in Southern Africa and
is comprised of three papers. In the first paper, | analyzed whether the Foster Care
Grant in South Africa has an impact on child health. Based on five waves of the
National Income Dynamics Study, the findings indicate that the grant improves
height-for-age z-score by 0.23 standard deviations for children who received the
grant compared to their counterpart and by 0.14 standard deviations for children who
received the grant twice compared to those that received it only once. However,
there is no further marginal impact for girls who receive the grant twice when
compared to those that receive it only once. In the second paper, | assessed the
impact of social capital on food security in Zimbabwe based on Zimbabwe
Vulnerability Assessment Committee data, finding that households with social
capital are more food secure and are more likely to receive agricultural extension
services. In the third paper, | assessed the impact of social protection and the Special
COVID-19 Social Relief of Distress Grant on hunger in South Africa. Based on two
waves of the National Income Dynamics Study - Coronavirus Rapid Mobile Survey,
the findings indicate that receiving a government grant reduces the likelihood of
going hungry and running out of money to buy food by 6 and 12 percentage points
respectively, and receiving the special COVID-19 Social Relief of Distress Grant
lowers chances of child hunger. Further, the findings indicate no heterogeneity on
hunger between those that were screened or tested for COVID-19 and those who

were not.
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CHAPTER 1

INTRODUCTION

1.1 Background and Motivation

The potential of social protection to provide care, fight poverty and contribute
toward inclusive growth in Southern Africa is gaining renewed recognition,
particularly in the presence of unprecedented shocks such as the COVID-19
pandemic and the incessant climate change-induced disasters that leave communities
extremely vulnerable. These shocks are associated with deterioration of welfare with
households being thrown into sustained periods of food insecurity, children not
receiving adequate care and the general erosion of social fabric. In desperate
situations such as these, poor households, individuals and communities may only

have formal or informal social protection as their last resort.

Social protection comprises actions adopted as a result of vulnerability, risks, and
deprivation (see e.g. Nifio-Zarazua et al., 2012) or a combination of formal or
informal tools which empower households to fight and reduce vulnerability, risk and
cope with economic shocks. Social protection in Southern Africa is diverse with
complex and interesting dynamics. In Zimbabwe, for example, because of weak
formal systems, vulnerable members of society draw upon informal initiatives that
rely on traditional social networks such as family, neighbours, membership in a
social group and community solidarity, self-organization and reciprocity. On the
other hand, South Africa is characterized by formal social protection systems that are
guided by statutes and laws, institutionalized in policy and legislation as well as
funded by government with delivery centered on national priorities and eligibility
criteria. Both formal and informal mechanisms of social protection in Southern
Africa aim to address deep-seated vulnerabilities through either cash transfers or
social capital (see e.g. Barrientos et al., 2013; Devereux, 2013; Hajdu et al., 2020;
Mupedziswa and Ntseane, 2013; Mendola, 2017; Toska et al., 2016).

This study empirically assesses the impact of social protection on welfare in

Southern Africa, with emphasis on South Africa and Zimbabwe. South Africa was



chosen mainly because it is the only country in Southern Africa with a
comprehensive formal social protection system reaching to millions of beneficiaries
and cutting across almost all layers of vulnerable members of society. It is a possible
model for other relatively wealthier Southern African countries such as Botswana
and Namibia (see e.g. Devereux, 2013) and its influence has been fundamental in the
diffusion of social protection systems to neighbouring countries such as Lesotho and
Eswatini (see e.g. Nifio-Zarazuia et al., 2012). On the other hand, Zimbabwe was
chosen because of the relative uniqueness of its circumstances characterized by weak
formal systems, a majority of people living outside the formal sector with irregular,
unpredictable incomes and little to no chance of making any contributions towards
social security as well as the prevalence of informal social protection organized
according to behavioural principles of reciprocity, affective relationships, and

community bonding.

One group of vulnerable members of society in South Africa is children, 50 percent
of whom live below the poverty line. These children normally suffer from chronic
malnutrition (see e.g. Modjadj and Madiba, 2019; Nyati et al., 2019) which is the
underlying cause for half of South Africa’s childhood deaths. In general,
malnutrition is typically caused by a combination of inadequate food intake and
associated infections that may result in low food conversion efficiency (Hough and
Sosa, 2015; Jensen et al., 2017). This includes challenges such as stunting, wasting,
and inadequacies of essential vitamins and minerals as well as obesity (Ayllon and
Ferreira, 2015). For example, 1.5 million children in South Africa are stunted and
75,000 are obese.

Other relevant characteristics such as appropriate care, parental education, access to
quality health care, as well as living environment and household food security are
important in the health production function of a child. To that effect, however,
height-for-age is generally used as a measure of children’s additive development and
therefore reflects a child’s history and present inadequate nutrition. Early childhood
development, as measured by height-for-age for example, is therefore of paramount
importance. Lack of cumulative development in the early years of children’s lives

may lead in the long term to poor cognitive development, reduced adult size, and



undermined labour outcomes in adulthood (Deaton, 2008). This is where cash

transfer programs are becoming important as vehicles of human capital development.

1.1.1 Chapter 2: The Impact of the Foster Care Grant on Child Health in South
Africa

The second Chapter of this thesis assesses the impact of the Foster Care Grant on
child health in South Africa. Specifically, the chapter seeks to answer the following
question: Does a Foster Care Grant have an impact on child health in South Africa?
The grant is an unconditional cash transfer, which provides temporary, substitute,
away-from-home care to vulnerable children whose families cannot provide it within
a safe and nurturing environment. The grant is an interesting case study in many
respects. Compared to almost all unconditional cash transfers in Africa, the Foster
Care Grant is relatively more generous. This is important because this has
implications for the range and intensity of impacts on food security and nutrition

outcomes.

The Foster Care Grant is unique in that it caters for children up to the age of 17 and
in some cases even up to the age of 22 under special circumstances. This brings in
another dimension of catch-up that is often ignored in the literature (see Hirvonen,
2014; Leroy et al., 2009; Lundeen et al., 2014; Porter and Goyal, 2016; Prentice et
al., 2013; Schott et al., 2013). Surprisingly, this grant has not been subjected to
rigorous evaluations and has not received much attention. Although there has been
an interest in assessing the impact of unconditional cash transfers on food security,
nutrition and health in Africa, this study presents an interesting opportunity to better
understand the long-term impact of unconditional cash transfers on health since the
Foster Care Grant has been around for over 20 years compared to many
unconditional cash transfers in Africa. For example, Miller et al. (2011) evaluation in

Malawi was short-term, conducted over the course of one year.

Based on five waves of the nationally representative National Income Dynamics
Study (NIDS) and Correlated Random Effects, Hybrid Model and Propensity Score
Matching estimations, the study provides the following findings. First, there is a

positive and significant program and program intensity impact of the Foster Care



Grant on height-for-age for children in South Africa. The grant improves height-for-
age z-score by 0.23 standard deviations for children who received the grant
compared to their counterparty and by 0.14 standard deviations for children who
received the grant twice compared to those that received it only once. However,
when disaggregated by gender, there is no further marginal impact for girls who
receive the grant twice when compared to those that receive it only once. This is an
important result with serious policy implications. Boys experience both significant
program and program intensity impacts. Since there is a provision for extension of
the Foster Care Grant benefit after the initial two years, accessing the grant more
than once can therefore be encouraged for boys, where circumstances allow, since it
leads to program intensity impacts. Furthermore, the findings indicate no program
intensity and program impact of the Foster Care Grant on weight-for-age, implying
that the program appeals to the long-term human capital development through
height-for-age as opposed to short-term changes in nutritional status.

1.1.2 Chapter 3: Coping Strategies, Agricultural Extension Services and the

Impact of Social Capital on Food Security in Zimbabwe

When wvulnerability is mentioned in Southern Africa, food insecurity, a perennial
challenge for many households in Zimbabwe, always comes up. This results from a
number of factors ranging from droughts, climate change (see e.g. Govere et al.,
2020; Nyagumbo et al., 2019) to land tenure. Some parts of Zimbabwe have become
synonymous with drought (Belle, 2017; Mavhura, 2017) and flood-related disasters
(Gwimbi, 2007) which destroy crops, livestock and hopes, resulting in food
insecurity. Coupled with lack of appropriate agricultural technologies and little
research and development as well as heterogeneity in productivity created by land
reform and its migration from large scale commercial farms to small and medium

land holding, many households are left at the mercy of food insecurity.

Unlike South Africa, with its comprehensive formal social protection systems,
Zimbabwean households fall back on their social networks and other coping
strategies to ensure survival. In light of this, this study empirically assesses the
impact of social capital on food security in Zimbabwe by addressing whether

households with members belonging to a social group are more likely to be food-



secure and less likely to go hungry; less likely to adopt behavioral hunger-coping
strategies; more likely to receive and seek agricultural extension services; and more
likely to treat harvests against post-harvest losses, than those without. Although there
is work on social capital, much of the work on social capital and coping strategies in
Southern Africa tend to focus on climate change (see e.g. Mbiba et al., 2019; Nagoli
et al,, 2017). This research is distinct in that it adds to the extant literature by
assessing the impact of social capital on food security in Zimbabwe based on a

quasi-experimental approach.

Drawing on 2015 nationally representative data collected by the Zimbabwe
Vulnerability Assessment Committee (ZIMVAC) and employing Propensity Score
Matching, the findings show that households with social capital are more food
secure. More specifically, households with members belonging to a social group
such as community associations, informal savings and loans associations,
agricultural extension groups, credit unions for inputs and burial societies are less
likely to engage in demanding, psychologically stressful behavioural hunger-coping
strategies such as skipping meals, limiting portion size of meals and reducing
number of meals eaten. Households with members belonging to a social group have
a 7 percentage point lower chance of experiencing a day with no food to eat, a 4
percentage point lower chance of going to sleep at night hungry, a 5 percentage point
lower chance of limiting portion size of meals and a 5 percentage point lower chance
of reducing number of meals eaten; compared with households without members
belonging to a social group. Furthermore, households with members belonging to a
social group are more likely to seek and to receive agricultural extension services

than those without these social networks.

The results also show that households with social capital are more likely to preserve
their harvest against post-harvest losses. For example, social capital increases the
chances of receiving agricultural training, seeking crop advice, and treating harvests
against post-harvest losses by 23, 17, and 14 percentage points, respectively. This
ensures food security. These results have important policy implications. For a
country with weak formal social protection systems as well as recurrently
experiencing persistent climatic shocks ranging from droughts to devastating tropical

cyclones, self-organization, reciprocity and informal, traditional social protection



systems in the form of social capital ensure food security. This may also mean that
other food security interventions may ride on existing informal social structures

since intended beneficiaries value the collective functioning of the society.

1.1.3 Chapter 4: The Impact of Social Protection and the Special COVID-19
Social Relief of Distress Grant on Hunger in South Africa

An understanding of vulnerability and food security also needs to be gained in
relation to the COVID-19 pandemic. In Southern Africa, in general, the pandemic
coincided with other existing shocks such as adverse climatic effects in Zimbabwe
(Ejeromedoghene et al., 2020) and thus it amplified the threats to food security.
However, food insecurity coping strategies usually common in countries like
Zimbabwe such as social networks for support in the form of sharing meals with
neighbours and family are difficult due to lockdowns and social distancing
restrictions. This increases the importance of a robust safety net led by the state. To
that effect and considering the potential policy implications for the whole region, the
study empirically assesses the impact of social protection and the Special COVID-19

Social Relief of Distress Grant on Hunger in South Africa.

Based on Correlated Random Effects estimations employed on two waves of the
National Income Dynamics Study — Coronavirus Rapid Mobile Survey (NIDS-
CRAM), which is the first nationally representative panel data survey investigating
the socioeconomic impacts of the national lockdown in South Africa, the findings
show that receiving a government grant reduces the likelihood of going hungry and
running out of money to buy food by 6 and 12 percentage points, respectively. This
is an important finding. This means that countries with a strong safety net system are
likely to be better prepared to contain COVID-19-induced food insecurity. COVID-
19 pandemic is associated with prolonged periods of restrictive measures, severe
income shocks, and disruption of traditional coping strategies. For many vulnerable

members of society, government grants may be the only coping strategy available.

The results also indicate that receiving the Special COVID-19 Social Relief of
Distress Grant lowers chances of child hunger. This is an important finding too. The
fact that there is no impact of the Special COVID-19 Social Relief of Distress Grant



on overall household hunger but an impact on child hunger may reflect altruism on
the part of adults. Adults may skip meals in order to make sure children get enough
to eat. However, the results indicate that the Special Unemployment Insurance Fund
benefit does not have an impact on hunger and does not cushion individuals and
households from running out of money to buy food; possibly pointing to the need to
pay special attention to each type of social protection and its accessibility to ensure

its effect is maximized.

1.2 Structure of the Thesis

The rest of the thesis is organized as follows. Chapter 2 investigates the impact of the
Foster Care Grant on child health in South Africa. Chapter 3 assesses the impact of
social capital on food security in Zimbabwe while Chapter 4 investigates the impact
of social protection and the Special COVID-19 Social Relief of Distress Grant on
hunger in South Africa. Finally, Chapter 5 concludes the thesis, provides some

policy implications and identifies potential areas for further research.



CHAPTER 2

THE IMPACT OF THE FOSTER CARE GRANT ON CHILD HEALTH IN
SOUTH AFRICA

2.1 Introduction

Cash transfers have become a respected development tool with potential to fight
intergenerational poverty through investments in human capital development
(Rawlings and Rubio, 2005). They are targeted interventions providing cash to
selected beneficiaries (Manley et al.,, 2013); particularly disadvantaged and
vulnerable members of society. Child nutritional investments can have a significant
impact on human capital attainments (Potter and Goyal, 2016) and there is a
sustained interest to find out the extent to which social protection impacts child

health and nutritional outcomes.

Vulnerable children normally suffer from malnutrition which is typically caused by a
combination of inadequate food intake and associated infections that may result in
low food conversion efficiency (Hough and Sosa, 2015; Jensen et al., 2017). This
includes challenges such as stunting, wasting, and inadequacies of essential vitamins
and minerals as well as obesity (Ayllon and Ferreira, 2015). Other relevant
characteristics such as appropriate care, parental education, access to quality health
care, as well as living environment and household food security are important in the
health production function of a child. Early childhood development is of paramount
importance and lack of cumulative development in the first years of children’s lives
is caused by inadequate diet and incessant infections, which in the long term may
lead to poor cognitive development, reduced adult size, and undermined labour
outcomes in adulthood (Deaton, 2008). This is where cash transfer programs are

becoming important as vehicles of human capital development.

Most of what is known about the impact of cash transfers on food security, nutrition
and health comes from well-documented experiences of mostly Latin American
countries (e.g.Attanasio and Mesnard, 2005; Galaso, 2011; Hidrobo et al., 2018;
Hidrobo et al., 2015; Fiszbein et al., 2014; Gertler et al., 2012; Manley et al., 2013;
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Morris et al., 2004). Cash transfer programs in Africa are relatively new
development phenomena with most programs in their pilot stages and covering a few
thousand beneficiaries. Most of these programs are unconditional as opposed to the
experiences drawn from Latin American countries. Results from the relatively few
unconditional cash transfer programs are mixed and in some cases disappointing
(Himaz, 2008; Potter and Goyal, 2016; Ruel et al., 2013). For example, Kirk et al.
(2018) used rural samples of three waves of the Uganda National Panel Survey and
estimated panel regressions of child height-for-age z-scores controlling for time-
invariant child-level heterogeneity and found no impact of short-term changes in
total gross income on height-for-age z-scores.

On the other hand, Fisher et al. (2017) examine whether and how cash transfers go
beyond welfare objectives to promote livelihoods using evidence from six Sub-
Saharan African countries concluding that a small but predictable flow of cash
improves strategic livelihood choices and stimulates productive investments.
Similarly, Tiwari et al. (2016), working on evidence from four Sub-Saharan African
countries also found that a relatively generous, regular and predictable transfer
increases the quantity and quality of food and reduces the prevalence of food

insecurity.

This study contributes to the growing and interesting literature on cash transfers in
general and on the impact of unconditional cash transfers from Africa in particular.
Although Fisher et al. (2017) looked at a cross-country analysis of the impact of cash
transfers on livelihoods in Sub-Saharan Africa, their focus was on Kenya, Ethiopia,
Malawi, Lesotho, Zimbabwe and Ghana. Related, a cross-country analysis of the
impact of unconditional cash transfers in Sub-Saharan Africa by Tiwari et al. (2016)
focused on Ghana, Kenya, Lesotho and Zambia. Yet, South Africa is a very
interesting case study as far as social protection programs are concerned. It has a
comprehensive social protection system for all vulnerable members of the society
(children, the elderly, disabled, and war veterans) with beneficiaries running into

several thousands and in some cases into millions.

The Foster Care Grant in South Africa is an unconditional cash transfer, which
provides temporary, substitute, away-from-home care to vulnerable children whose

families cannot provide them with a safe and nurturing environment. The obligations

9



of the foster parent are to ensure that the child’s welfare is adequately taken care by
making sure that the child is fed, clothed, healthy, and attending school. Remarkably,
notwithstanding its monetary generosity, the grant has not been subjected to rigorous
evaluations nor received much attention. On the other hand, most of the health and
nutrition grants target children up to 3 years old and in some cases up to the time
they enrol in primary school. The Foster Care Grant is unique in that it caters for
children up to the age of 17 and in some cases even up to 22 under special
circumstances. This brings in another dimension of catch-up that is often ignored in
the literature (see Hirvonen, 2014; Leroy et al., 2009; Lundeen et al., 2014; Porter
and Goyal, 2016; Prentice et al., 2013; Schott et al., 2013). For example, Rieger and
Wagner (2015) found that children can partially catch-up from malnutrition spells;

suggesting that sustainable nutrition interventions have to be long term.

Improvements in living conditions brought about by adoption may trigger catch-up
growth among vulnerable children. Therefore, the Foster Care Grant may lead to
improvement in nutritional status for foster children and ultimately may lead to
improved health outcomes. A natural question is: Does a monthly transfer of cash in
the form of a Foster Care Grant have a positive impact on child health? 1
hypothesized that the Foster Care Grant has an impact on height-for-age, weight-for-
age, and body mass index for vulnerable children in South Africa that have been

placed in foster care.

The arrangement of the rest of this Chapter is as follows. The next section details the
background to the Foster Care Grant. Section 2.3 presents a review of relevant
strands of the literature and clarifies the hypotheses to be tested whilst section 2.4
provides the data and descriptive analysis. Section 2.5 specifies the methodology.
Section 2.6 and 2.7 specifies balancing and estimation results, respectively. Finally,

section 2.8 concludes.

2.2 Background of the Foster Care Grant

The Foster Care Grant is a social protection program in South Africa intended to

provide for the basic needs of children who have been placed in the care of foster
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parents by a Children’s Court. The grant is paid to the foster parent for children aged
between 0 and 18 years with a possibility of an extension to until the age of 21 years
if the child is still in secondary school. It provides temporary, substitute, away-from-
home care to vulnerable children whose families cannot provide them with a safe
and nurturing environment. The obligations of the foster parent are to ensure that the
child’s welfare is adequately taken care by making sure that the child is fed, clothed,
healthy, and attending school. This means that the foster parent must be a sustainable
family or individual willing to act as foster parents to the child and must have
capacity to provide an environment that is conducive to the child’s growth and

development.

The grant is usually for two years with a provision for extension for a further two
years subject to assessment by a social worker given compelling circumstances.
Eligibility criteria for Foster Care Grant require that the foster parent and the foster
child must be resident in South Africa at the time of making an application but not
necessarily citizens. This means that a child from any country that is in South Africa
and in need of care and protection can be fostered; including undocumented and
refugee children. Importantly, the would-be foster parent must be in possession of a
court order that makes the foster care status legal. This means that the child must
have been placed in foster care by order of the court before the Foster Care Grant can

be sought.

Circumstances are dynamic and as a result a social worker regularly reviews the
situation of a child who is placed in foster care to determine whether the foster child
remains in the care of the parents; is fed, clothed, and receives necessary medical
attention; and goes to school regularly. The Foster Care Grant can be terminated if
the foster child or both foster parents pass away; the child is no longer in the custody
of the foster parent; and when the court order expires as well as when the child turns

18 and when the child leaves school at school leaving age.

The value of the Foster Care Grant is R 1,050 (USD 70) per eligible child per month.
This is an important figure considering that monthly food poverty line in South
Africa is at R 561 (USD 37) per person per month. The poverty line refers to the
amount of money that a person requires to get the minimum required daily energy

intake. The grant amount is greater than the lower-bound poverty line which is
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currently at R 810 per month per person and not so far off from the upper-bound
poverty line at R 1,227 per person per month. The lower-bound poverty line refers to
the food poverty line plus the average amount derived from non-food items of
households whose total expenditure is equal to the food poverty line. On the other
hand, the upper-bound poverty line refers to the food poverty line plus the average
amount derived from non-food items of households whose food expenditure is equal
to the food poverty line. The grant is a third of the median wage in South Africa
which is put at R 3,300, a figure that is reported to support 3.5 people. This goes to
show how important the Foster Care Grant is in fighting poverty.

The Foster Care Grant is very generous when compared to other child grants in
South Africa. For example, it is almost 2.4 times greater than the Child Support
Grant which is a means-test social protection program given to a primary caregiver
for children under the age of 18 who do not receive any other social assistance from
the government and who do not receive any care from a state institution. Elsewhere
in Southern Africa, Zambia’s Child Grant gives a child 70 Kwacha (ZMW) which is
equivalent to USD11 per month. The Lesotho Grant Program pays varying amounts
depending on the number of children and it pays per quarter as opposed to monthly.
It pays M360 for a household with 1 to 2 children, M600 for 3 to 4 children, and
M750 for 5 or more children. The Lesotho Lot (M) is pegged at 1:1 with the South
African Rand (R). Therefore the Foster Care Grant is very generous when compared

to many child grants in Southern Africa.

The Foster Care Grant, in South Africa, is not a new phenomenon having been in
existence since the early 1960s. However, the number of beneficiaries never rose
above 40,000. Only after South Africa gained independence in 1994 did the Foster
Care Grant experienced relative phenomenal growth. By the year 2000, a total of
almost 50,000 beneficiaries received court-ordered foster care; 120,000 by the year
2004; and the figure skyrocketed to slightly above 450,000 by 2008. In February
2017, the number of beneficiaries reached 478,158 (South African Human Rights
Commission/UNICEF,2011; Factsheet, 2017). The Foster Care Grant has become an
important case both in terms of coverage and importance that warrants interrogation
to assess the impact of a social protection program that has been in the backwaters of

rigorous evaluation.
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2.3 Literature review and hypotheses

Cash transfer programs have proved to be an important development tool for poverty
alleviation in developing countries (Bazzi et al., 2015; Davis et al., 2016; Hanlon et
al., 2010; Jensen et al., 2017). They are a form of a social protection mechanism with
long-term potential for breaking intergenerational poverty through promoting human
capital development (Barrientos, 2012; Fisher et al., 2017; Robertson et al., 2013);
through investments in vulnerable children’s health and education. Cash transfers
have also proved to be life-sustaining for vulnerable social groups and households in
the face of shocks (Hur et al., 2010) by improving availability, access and utilization
of food during crisis (Handa et al., 2014; Maluccio, 2005; Miller et al., 2011; Tiwari
et al., 2016).

Most of what is known about the impact of cash transfers on food security, nutrition
and health comes from well-documented experiences of mostly Latin American
countries (e.g.Attanasio and Mesnard, 2005; Galaso, 2011; Hidrobo et al., 2018;
Hidrobo et al., 2015; Fiszbein et al., 2014; Gertler et al., 2012; Manley et al., 2013;
Morris et al., 2004). In particular, Hidrobo et al. (2018) reviewed 66 studies on food
security and concluded that social protection programs improve both the quantity
and quality of food consumed by beneficiaries. Most of the experiences from Latin
America comprise conditional cash transfer programs; and have registered success in
improving nutritional status. For example, Oportunidades in Mexico improved child
growth (see Fernald et al., 2009; Manley et al, 2013; Gertler, 2004; Gertler, 2000;
Rawlings and Rubio, 2005; Rivera et al., 2004); Bono de Desarrollo Humano in
Ecuador (Paxson and Schady, 2010) and Familias en Accion in Colombia (Attanasio
et al., 2005) improved height of preschool children. Leroy et al., (2009) assessed
evidence on the impact of Conditional Cash Transfers on child nutrition and
discovered significant improvements in child anthropometrics. Lopez-Arana et al.,
(2016) evaluated the effect of Familias en Acciion (FA) on children’s stunting, body
mass index, thinness, overweight and obesity and discovered reduced odds of
thinness; with prevalence of stunting, overweight and obesity decreasing over time.

However, no impact on height-for-age was observed.
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In a comprehensive study, Manley et al. (2013) analysed evidence on the relationship
between cash transfer programs and nutritional status of children in recipient
households and found that the programs’ average impact on height-for-age is
positive; albeit small and not statistically significant. Besides, they discovered that
girls tend to benefit more than boys. The issue of gender heterogeneity in the impact
of cash transfers on health outcomes is widely noted. For example, girls may see
larger benefits than boys from cash transfers (Duflo, 2003). Related, the issue of
kinship and caregiver characteristics has also been under scrutiny. For example,
Ayllon and Ferreira-Batista (2015) studied the relationship between single
motherhood and children’s height-for-age z-score in Brazil. They paid attention to
the role of the gender of the first-born and a low sex ratio to marital status and found
out that single mothers that have been affected by giving birth to first-born girl child
with a low sex ratio have a height-for-age z-score that is lower than that of children
of similar characteristics that cohabit with both progenitors.

Elsewhere, Himaz (2008) found that the largest social assistance program in Sri
Lanka, which is aimed at integrating youth, women, and disadvantaged groups into
economic and social development, as well as promoting social stability and
alleviating poverty, improves height-for-age z-score of a child from a grant-receiving
family by roughly 0.40 standard deviations with the impact led by children between
six, and 36 months of age, in comparison to those that did not receive the grant. In
the case of weight-for-height, the results show an improvement of 0.45 standard

deviations for children aged 36 — 60 months.

Cash transfer programs in Africa are relatively new development phenomena with
most programs in their pilot stages and covering a few thousand beneficiaries. Most
of these programs are unconditional as opposed to those from Latin American
countries. Although conditional cash transfers are popular, questions have been
raised on the importance of conditionalities (Barrientos, et al., 2010); with arguments
centred on the supply-side constraints emanating from lack of sufficient health
infrastructure for example. This means that conditional cash transfers may not be the
best option in circumstances where access to health facilities is poor, which is true in
most African countries. In such situations, unconditional programs are more likely to

deliver improved welfare.
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Porter and Goyal (2016) investigated the impact of the Productive Safety Net
Program, a large-scale social protection scheme in Ethiopia, on child nutritional
outcomes. The Productive Safety Net Program is a safety net introduced in 2005
which is designed to provide predictable support to selected food insecure
households over several years. In their analysis, they focused on the effect of the
program on individual child nutritional status as measured by height-for-age. Their
results show an important positive medium-term nutritional impact of the program
for children aged 5-15 years that is comparable in size to Conditional Cash Transfer
program impacts for much younger children. They went on to show expressive
evidence that the program impact on improved nutrition is identified with improved
food security and reduced child working hours.

In rural Malawi, Miller et al. (2011) found sizeable program impact of the Malawi
Social Transfer Cash Transfer Scheme on food security and food diversity. On the
other hand, the Zambia Child Grant and the Zambia Multiple Category Cash
Transfer Program (both unconditional) were found not to reduce perceived stress but
improve economic security as measured by per capita consumption expenditure,
food insecurity, and asset ownership (Hjelm et al., 2017). In general, some of the
unconditional cash transfers and pilot programs in Africa have exhibited positive
impacts on food expenditure and consumption (Gillian et al., 2013; Haushofer and
Shapiro, 2014; Merttens et al., 2013). An unconditional cash transfer for orphans and
vulnerable children in Kenya was found to reduce the likelihood of early pregnancy
of adolescent girls (Handa et al., 2015); as well as contributing to higher household
economic security and overall wellbeing (Handa et al., 2014). It was also found to

reduce depressive symptoms (Kilburn et al., 2015).

This study contributes to the growing and interesting literature on cash transfers in
general and on the impact of unconditional cash transfers from Africa in particular.
Although Fisher et al. (2017) looked at a cross-country analysis of the impact of cash
transfers on livelihoods in Sub-Saharan Africa, their focus was on Kenya, Ethiopia,
Malawi, Lesotho, Zimbabwe and Ghana. Relatedly, a cross-country analysis of the
impact of unconditional cash transfers in Sub-Saharan Africa by Tiwari et al. (2016)
focused on Ghana, Kenya, Lesotho and Zambia. Yet, South Africa is a very

interesting case study as far as social protection programs are concerned.
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South Africa, as mentioned above, has a comprehensive social protection system for
all vulnerable members of society (children, the elderly, disabled, and war veterans)
with beneficiaries running into several thousands and in some cases into millions.
The Foster Care Grant, in particular, is an interesting case study in many respects. It
gives a foster child R 1,050 (USD 70 equivalent) per month per foster child.
Surprisingly, the Foster Care Grant has not been subjected to rigorous evaluations
and has not received much attention. South Africa in general, and the Foster Care
Grant in particular is an interesting case study in terms of coverage and grant
amount. Compared to almost all unconditional cash transfers in Africa, the Foster
Care Grant is relatively more generous. This is important because this has
implications for the range and intensity of impacts on food security and nutrition
outcomes. Although there has been an interest on assessing the impact of
unconditional cash transfers on food security, nutrition and health in Africa, this
study presents an interesting opportunity to better understand the long-term impact
of unconditional cash transfers on child health since the Foster Care Grant has been
around for over 20 years compared to many unconditional cash transfers in Africa.
For example, Miller et al. (2011) evaluation in Malawi was short-term, conducted

over the course of one year.

There is little that has been written on unconditional cash transfers in South Africa in
general and the Foster Care Grant in particular. Previous studies of cash transfer
programs’ impact on child nutritional status in South Africa are limited despite
comprehensive social protection programs for children. Notable, however, is Duflo
(2003) who assessed the impact of the Old-Age Pensions on children’s nutritional
status. Booysen and Van Der Berg (2005) did not give insights into how food
expenditures change as households become income-grant recipients when they
examined income sources and food expenditures among a population of HIV
affected households and non-affected controls. This research is distinct and aims to
add value to the body of knowledge by bridging the gap on the Foster Care Grant.
The question that arises is whether the Foster Care Grant leads to consumption gains

that are reflected by improved health outcomes for foster children.
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Testable Hypotheses

Cash transfer programs are important for human capital development. In some cases,
they are the only source of income and provide food security for poor households
and vulnerable children. There is a powerful connection between early childhood
nutrition and health status and subsequent economic success (Hoddinott et al., 2008).
A strong correlation between ill-health, malnutrition, under-nutrition, and poverty
and chronic poverty (Krishna, 2007; Lentz and Barrett, 2013) exists. Vulnerable
children such as orphaned and neglected children are more likely to suffer from ill-
health, mal- and under-nutrition, which is associated with reduced human capital
accumulation, including below average adult stature, poor cognitive capacity, and
reduced economic productivity and lower adult earnings, among others. This implies
that low and poor investment in human capital accumulation leads to inter-
generational transmission of poverty. For example, mothers who were themselves
undernourished as children are more likely to give birth to low weight children (see
Behrman et al., 2009; Victoria et al., 2008).

Although other factors such as household preferences and intra-household dynamics
are important for a guarantee in children nutritional improvements, the importance of
a regular cash transfer cannot be underestimated. Cash transfer programs, in some
cases, have been found to have a positive effect on child height (see Labrecque et al.,
2018; Rivera et al., 2004). In the case of the Foster Care Grant in South Africa, the
obligations of the foster parent are to ensure that the child’s welfare is adequately
looked after by making sure that the child is fed, clothed, healthy, and attending
school. The Foster Care Grant, therefore, may lead to improvement in nutritional
status for foster children and ultimately may lead to improved health outcomes. |
therefore propose the following hypotheses linking the impact of the Foster Care

Grant to child health outcomes:

Hypothesis 2.1:

The Foster Care Grant has an impact on child health for foster children in South
Africa.
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2.4 Data

This study draws on the National Income Dynamics Study (NIDS), which is South
Africa’s first nationally representative panel data. It is a comprehensive longitudinal
study, which investigates livelihood dynamics, coping strategies and well-being of
households and individuals over time by examining changes in household
composition and structure, poverty and demographics. It also follows and details
economic activity and labour market issues, human capital development on health
and education as well as changes in social capital and social protection programs.
The NIDS is a rich dataset with detailed child, adult and household level panel

information.

The data has five waves, as detailed in Table 2.1 below. The data has four
anthropometric variables namely: height-for-age; weight-for-age; weight-for-height;
and body mass index z-scores. Each child was measured on these variables three
times in order to minimize or eliminate the chances of errors and as such the

variables are relatively highly reliable.

Table 2.1: National Income Dynamics Study (NIDS) — Number of Observations

Households Adults Children  Total Observations

Wave 1 (2008) 7,296 16,871 9,606 31,144
Wave 2 (2010) 9,127 21,880 11,081 36,156
Wave 3 (2012) 10,219 22,466 12,216 42,150
Wave 4 (2015) 11,889 26,804 13,971 49,532
Wave 5 (2017) 13,719 30,110 14,993 52,361

Table 2.2 presents descriptive statistics for the entire dataset as well as for 2008,
2010, 2012, and 2015 datasets. The average age for a child is 7 and about 50 percent
of the children are girls; while 89 percent are black. Thirty-eight percent of the

children live in urban areas. A cross-wave average of 3.7 percent of the children is
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receiving the Foster Care Grant. The average age of the household head is 50 with an
average of 6 years of education. On average, the household size in the dataset is 7
and 69 percent of households are female-headed.

On the other hand, Table 2.3 below presents descriptive statistics for the outcome
variables. The average height-for-age z-score is -1.17, -0.76, and -0.83 for children
aged 1-4, 5-9, and 10-14 years respectively. The summary statistics for weight-for-
age and body mass index z-scores are detailed in the same Table.

Table 2.2: Descriptive Statistics for Covariates

Full Sample 2008 2010 2012 2015

Mean Mean Mean Mean Mean
VARIABLES (sd) (sd) (sd) (sd) (sd)
Child’s Age 7.09 6.83 7.18 7.23 7.04

(4.09)  (3.95) (411)  (410)  (4.13)

Girl 0.50 0.50 0.50 0.51 0.51
(0.50)  (0.50)  (0.50)  (0.50)  (0.50)

Head’s Education 5.98 5.06 5.50 6.42 6.43
(4.49)  (4.41) (459)  (4.60)  (4.25)

Head’s Age 50.31 5250  51.14 48.22 50.32
(15.61)  (15.01) (15.45) (15.89)  (15.60)

Head is Female 0.69 0.58 0.68 0.753 0.69
(0.46)  (0.49)  (0.46)  (0.43)  (0.46)

Household Size 7.0 6.75 7.27 7.06 6.87
(3.63) (3.25) (3.95) (3.78) (3.45)

Foster Care Grant 0.04 0.03 0.03 0.03 0.04
(0.19) (0.18) (0.18) (0.18) (0.20)

Child is black 0.89 0.89 0.90 0.89 0.89
(0.31)  (0.31) (0.30)  (0.32)  (0.32)

Geo Area: Urban 0.38 0.35 0.36 0.38 0.40
(0.49) (0.48) (0.48) (0.49) (0.49)

Observations 31,023 5,377 6,991 8,470 10,185

Notes: SD = Standard errors; are in parenthesis.
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Table 2.3: Descriptive Statistics for Outcome Variables

Panel A:
Full Sample 2008 2010 2012 2015
Mean Mean Mean Mean Mean
VARIABLES (sd) (sd) (sd) (sd) (sd)
Height-for-age -0.897 -0.873  -0.973 -0.919 -0.858
(1.426) (1.453) (1.493) (1.557) (1.267)
Weight-for-age -0.284 -0.367  -0.264 -0.231 -0.294
(1.248) (1.292) (1.308) (1.292) (1.159)
Body Mass Index 0.379 0.244 0.473 0.473 0.331
(1.429) (1.442) (1.532) (1.531) (1.279)
Observations 22,427 4,069 3,594 6,447 8,317
Panel B:
Full Sample 1-4years 5-9years 10— 14 years
Mean Mean Mean Mean
VARIABLES (sd) (sd) (sd) (sd)
Height-for-age -0.897 -1.173 -0.755 -0.829
(1.426) (1.532) (1.235) (1.219)
Weight-for-age -0.284 -0.237 -0.345 -0.438
(1.248) (1.232) (1.236) (1.209)
Body Mass Index 0.379 0.733 0.141 -0.0344
(1.429) (1.453) (1.312) (1.313)
Observations 22,427 8,704 12,415 436

Notes: SD = Standard errors; are in parenthesis.

2.5 Methodology

Impact evaluations are carried out to determine the difference between an outcome
with intervention and the outcome without the intervention. However, a major
challenge mostly encountered in impact evaluations is that one cannot observe a
counterfactual for participants had they not participated. Comparing outcomes of
participants to those of people who did not participate in the intervention results in
biased estimates due to potential selection bias arising from unobserved

characteristics correlated with the outcome. For example, children whose parents or
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caregivers with higher intellectual capacity are more likely to receive the Foster Care
Grant than those whose caregivers are less intelligent. Accessing the Foster Care
Grant involves a court order and foster parents with a strong legal understanding are

more likely to access the grant than those without.

In other cases, the bias may not arise due to individuals self-selecting into treatment,
but from being selected for treatment on the basis of an interview or evaluation of
their willingness to cooperate with the program giving rise to administrative
selection bias or program placement bias. The issue of selection bias is not a
challenge where participants are selected randomly; but full randomised selection is
not always available. Access to the Foster Care Grant is not based on randomisation
but rather on eligibility and in the National Income Dynamics Study (NIDS),
baseline data for the Foster Care Grant is not available for intervention evaluation.
The standard Difference-in-Differences method cannot be applied, and Instrumental
Variables approach are likewise unavailable for want of plausible instruments. For
the purpose of this study, and given that the NIDS is a panel data with 5 waves, three
identification strategies namely Correlated Random Effects; Hybrid; and Propensity

Score Matching models are adopted.

2.5.1 Correlated Random Effects

The Correlated Random Effects (CRE) model is selected for its several benefits.
First, it circumvents the disadvantages of Fixed-Effects models by estimating within
effects in Random-Effects models (Allison, 2009; Schunck, 2013). It can lead to the
use of time-invariant fixed effects in a linear model, and simple robust tests of
correlation between heterogeneity and explanatory variables. It introduces extra
parameter heterogeneity and provides two over-identifying restrictions that can be
tested in the data (Wooldridge, 2019). In our case, it allows for heterogeneity in the
returns to receiving the Foster Care Grant and decomposes the cross-sectional bias
for each child separately. For each child, the CRE gives a parameter that shows the
partial correlation between background characteristic effect and receiving the Foster
Care Grant. The model is applied here to a relationship in which specific unobserved
background and household characteristics such as a taste for healthy children and

child high food conversion efficiency are of particular concern.
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Second, CRE models can also allow the estimation or identification of average
partial effects as opposed to just parameters. They do not suffer from over-
parameterization problems (Suryadipta, 2017; Woodridge, 2010; 2011; 2018). The

general model specification adopted is as follows:

hie = 90 + 26 + Fyyp + wir 9+ a; + iy, (1)

where:

h;: is health outcome for child i at time t denoting height-for-age, weight-for-age
and body mass index z-scores. Height-for-age was chosen because it is widely
regarded as the main indicator of nutritional status (see Manley et al., 2013; WHO,
1986, 1995, 2006), which reflects long term human capital development. It is of
particular interest because it is a good proxy for cumulative nutritional status
(Himaz, 2008; Labrecque et al., 2018; Rieger and Wagner, 2015). It is documented
in the literature that improvements in height-for-age z-scores may be due to an
improvement in past nutritional status and may improve health and cognitive
outcomes later in life. On the other hand, weight-for-age indicates shorter-term

changes in nutritional status.

g: captures a vector of aggregate time effects corresponding to the wave year; z; is a
set of time-invariant observed covariates such as gender, race, geographical area, and
child health status; F;; captures the Foster Care Grant status for child i at time t; w;;
is a vector of time-varying covariates; a; captures child fixed effects and y;; is an
idiosyncratic error. Equation 1 above is then transformed to become a Correlated

Random Effects (CRE) model by allowing time-constant variables as follows:
hiy= g0+ 206+ Fep+ w9+ w0+ Wy + a; + iy (2)

In other words, the CRE equation (2) supplements the Fixed Effects equation (1) by
estimating a linear projection of the unobserved heterogeneity onto covariates. In
particular, interest is on estimators of ¢ that allow for correlation between «; and the
history of covariates, {w;; :t =1,..........,T}. The CRE approach enables the
unification of fixed and random effects estimation approaches. This specification

follows proposal by Mundlak (1978) who projected the unobserved heterogeneity
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onto the mean of the explanatory variables; and which was later relaxed by
Chamberlain (1980, 1982). The main assumption here is that:

€ [ai\Wil, ......... ,WiT] =€ [(a’l’\V_Vl') = w+ M_/l]/] (3)

By assumption, Equation (3) is expected to be linear and a sufficient condition. It is
important to note that w; = T-* XI_, w;, is a vector of time averages. From
Equation (3), y estimates the between-group effect. Note that at times a group mean
may be included to obtain the within effect of ¥ in order to ensure that effect
estimates of level 2 variables are corrected for between-group differences in w;; (see
Schunck, 2013). As highlighted above, there are quite a number of advantages for
taking this approach, which include an opportunity to test for equivalence of within-
group and between-group estimates; can be used with generalized equations enabling
specification of less restrictive within-group structures; and can be extended to allow

for effects of level 1 variables to vary between clusters by including random slopes.

2.5.2 Hybrid Model

The hybrid model extends the Correlated Random-Effects model by including
random slopes thereby allowing effects of level 1 variables to vary between groups.
The Correlated Random-Effects model uses the undemeaned level-one variables
captured by w;; . Although it is possible to include random slopes with a purely
Correlated Random-Effects model, it is not equivalent to the corresponding Hybrid
model with random slopes; in which case it is highly recommended to use the
Hybrid model (see Schunck, 2013). The Hybrid model also allows for the inclusion
of level 2 variables as well as capable of being used with generalized estimating

equations.

The Hybrid model used in this study is specified as follows:

hie = Bo+ (B + po) Wi — W; ) + Loy + BaW; + py; + & (4)
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The Hybrid model works by splitting within- and between-group effects for level-
one covariates by including both the deviation from the cluster-specific mean of the
time-varying covariates and the cluster-specific mean w; From Equation 4, ; yields

the within-group effect, and S5 captures the between-group effect.

The Hybrid and Correlated Random-Effects models are preferred here over the
Fixed-Effects and Random Effects models because they are flexible and separate
within- and between- group effects. They permit consistent estimation of level-one
effects and the inclusion of level-two variables (see Schunck and Perales, 2017).
They combine the strengths of Random- and Fixed-Effects models by yielding level-
one estimates that are unbiased by cluster-level unobserved heterogeneity and at the

same time permitting level-two cluster-invariant explanatory variables.

2.5.3 Propensity Score Matching

As in many real-world applications, where it is not feasible to assign participants to
treatment alternatives, observational studies are the only viable options (Rosenbaum,
2002, 2010; Lechner, 2000; Lee, 2017). In that case therefore other methods which
deal with selection on unobservables have to be adopted. This study also uses
Propensity Score Matching (PSM) to estimate causal treatment effects. PSM is used
here to build a statistical counterfactual group that is based on a model of the

probability of participating in the Foster Care Grant using observed characteristics.

The specification is as follows. Defining the number of times a child received Foster
Care Grant as 9 (treatment) when compared with ¢ (control) number of times the
child received the Foster Care Grant (where 9 > ¢ and can take the value of 0 but
not necessarily means zero), the average impact of the Foster Care Grant will be

given by:

ATT?? = E[Y® — Y?|D = 9] = E[Y?|D = 8] - E[Y?ID=9] (5

As Moreno-Serra (2005) argued, a specification of this nature leads to an Average
Treatment Effect on the Treated (ATT) equivalent to the marginal gain in terms of an

outcome. In the context of this study, it is @ marginal gain in terms of height-for-age,
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weight-for-age, and body mass index accruing to a randomly selected child who
received the Foster Care Grant 9 times relative to what would have been the
outcome if the child had received the Foster Care Grant ¢ times in the four time

periods.

The major assumptions in a specification of this nature are weak unconfoundedness
and overlap. This captures the assumption of ignorability (Rosenbaum and Rubin,
1983). The first assumes that covariates that affect receiving the Foster Care Grant
have been measured in the study. On the other hand, the second is based on an
assumption that every child has a probability greater than zero of receiving
Treatment or Control. The probability of assignment is bounded away from zero and

one as follows:

0 <Pr(D=1]|X,9¢) <1 (6)

where D = 1 is receiving the Foster Care Grant a specified number of times in the
four time periods. This is the assumption of common support, which ensures that
there is ample overlap in the characteristics of the treatment and the control for
adequate matches. This means that for each value of X, there is a positive probability
of being both treated and untreated. This way, therefore, would allow for a balanced

distribution in measured important baseline covariates in the compared groups.

2.5.4 The experiment

In designing the experiment, the study uses two Control Groups. The first Control
Group (which is conveniently called Control Group 1) is comprised of children who
received the Foster Care Grant only once in the whole time period. This yielded a
total of 1,567 children who received the Foster Care Grant only once in the four time
periods (i.e. Control Group 1: n = 1,567). The second Control Group (Control Group
2) is comprised of children whose caregivers never received the Foster Care Grant in
the four time periods and from the data, a total of 42,119 such children never
received the Foster Care Grant in the four time periods (i.e. Control Group 2: n =
42,119).
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The Treatment Group is comprised of children whose caregivers received the Foster
Care Grant twice in the four time periods and this yielded a total of 504 children (i.e.
Treatment Group: n = 504). Designing the two Control Groups against this
Treatment Group also provides a platform to check robustness of the results. The
choice of this treatment group is motivated by specifications in the regulation of the
grant in which it is categorically stated that the grant is usually for two years with a
provision for extension for a further two years subject to assessment by a social

worker given compelling circumstances.

2.6 Balancing results

2.6.1 Estimating Propensity Score

In estimating a model of program participation, samples of children who received the
grant once (T = 0) and those that received twice (T = 1); as well as those that did not
receive any grant (T = 0) and those that received it twice (T = 1), were pooled to
estimate participation on observed covariates that are likely to determine

participation. The specification of the participation equation used is as follows:

FCGl: a+ TVVL+ ,BXL+ &; (7)

where FCG; stands for Foster Care Grant status and is binary reflecting T=1o0or T =
0 for a child; W; is a vector for interaction and higher order terms and X; is a vector
of other explanatory variables. The model is estimated using probit and the predicted
outcome from the participation equation is therefore the probability of participation
or the propensity score. Results of this probit model are presented in Table 2.4
below. Arguably, all the variables chosen in the calculation of the propensity score
are associated with both the treatment and outcomes. For example, the Child’s Age
is definitely associated with height-for-age (for example) and in turn associated with
the Foster Care Grant. The younger the child the more likely there is a change in
anthropometric outcomes, and the younger the child the more likely the family is to
receive the Foster Care Grant but not necessarily in a causal way. The Household

Head’s Education, for example, is associated with health outcomes.
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Table 2.4: Probit Results on Program Participation

1) (2)
Child’s Age 0.167*** -0.0269
(0.0308) (0.0349)
Child’s Squared Age -0.00580*** 0.00837***
(0.00178) (0.00217)
Household Head’s Age 0.00946*** 0.00315
(0.00173) (0.00243)
Household Head is Female 0.123** -0.179**
(0.0506) (0.0722)
Household Head’s Education 0.0237*** 0.0359***
(0.00621) (0.00890)
Race: Black -0.182** -0.0623
(0.0709) (0.1000)
Geo-Area: Urban -0.0288 -0.105
(0.0512) (0.0704)
Household Size -0.00159
(0.00947)
Constant -3.769*** -0.526**
(0.187) (0.246)
Observations 29,484 1,775

Standard errors in parentheses. ***Significant at 1%; **Significant at 5%; *Significant at 10%.
Estimations in Column (1) are based on a sample comprising of children who never received the
Foster Care Grant and those that received the grant twice; and estimations in Column (2) are
comprised of children who received the grant once and those who received the grant twice.

The more educated the household head is the more likely it will be for her to have a
higher taste for healthier children. Likewise, the more educated the household head
is, the more likely he or she will better understand the requirements for applying for
the Foster Care Grant including understanding court proceedings that are used to
determine eligibility. To improve the estimation and balancing, also included is the
Square of the Child’s Age.
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In order to achieve strong ignorable treatment assignment, a rich set of covariates
was used by excluding variables that are related to treatment but not the outcome and
variables that may be influenced by the treatment (see, Lee and Little, 2017; Imbens,
2004) as well as those that perfectly predict treatment status. Excluding variables
that perfectly predict treatment status is important because distributions of covariates
need to overlap between treatment and comparison groups. On the other hand,
variables affected by treatment obscures part of the treatment effect that is being
estimated (see, Ho et al., 2007); and variables associated with treatment but not
outcome add noise to the estimate and thereby reduce precision. Importantly too,
including too many covariates was avoided since over-specification can result in

higher standard errors for the estimated propensity score.

2.6.2 Balance on the propensity score

In order to generate confidence in the estimates, there is need for considerable
overlap in the propensity scores between treatment and comparison groups. The idea
is to make sure that no inference about treatment effects can reasonably be made for
a treated child for whom there is not a comparison child with the same propensity
score. This can be achieved by subjectively assessing the common support using
graphs of propensity scores across treatment and control groups. Figure 2.1 below
shows the distribution of propensity score across Treatment and Comparison Groups

and it can be concluded that the extent of the overlap is quite satisfactory.
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Figure 2.1: Distribution of Propensity Score across Treatment and Comparison
Groups

Distribution of Propensity Score across Treatment and Comparison Groups

A 2 3 4
Propensity Score

I Untreated [ Treated

Notes: Treated = Children whose caregivers received the Foster Care Grant twice in the four time
periods. Comparison (Untreated) = Children whose caregivers received the Foster Care Grant only
once in the four time periods.

2.6.3 Balance on the Covariates

It is also important to check for balance of individual covariates across treatment and
comparison groups within blocks of the propensity score after the propensity score is
balanced. Balance on covariates assures that the propensity score is correctly
specified and that its distribution is not different across groups within each block.
Table 2.5 shows the covariate balance across Treatment and Comparison Groups
after the Inverse Probability of Treatment Weights (IPTW) on the propensity score
based on Control Group 1, which is comprised of children whose caregivers received

the Foster Care Grant only once.
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Table 2.5: Covariate Balance across Treatment and Comparison Groups after
the Inverse Probability of Treatment Weights (IPTW) Matching on the
Propensity Score using Control Group 1

............. Inverse Probability of Treatment Weights

Mean Mean

Treatment Comparison Standardized
Variable (n =504) (n = 1567) Difference (%)
Child’s Age 8.61 8.66 -0.014
Child’s Age Squared 88.36 88.72 -0.006
Household Head’s Age 94.14 54.07 0.004
Household Head is 0.72 0.73 -0.014
Female
Household Head’s 5.81 5.80 0.003
Education
Race — Black 0.86 0.86 -0.008
Geo-Area : Urban 0.42 0.41 0.019

Notes: Control Group 1 is comprised of children who received the Foster Care Grant only once in the
four time periods. The Treatment Group is comprised of children who received the Foster Care Grant
twice in the four time periods.

In turn, covariate balance across Treatment and Comparison Groups after Inverse
Probability of Treatment Weights (IPTW) Matching for Control Group 2, which is
comprised of children whose caregivers never received the Foster Care Grant in the
four time periods is presented in Table 2.6. It is important to note that the small

differences in means after the balance are very desirable.
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Table 2.6: Covariate Balance across Treatment and Comparison Groups after
the Inverse Probability of Treatment Weights (IPTW) Matching on the
Propensity Score using Control Group 2

............. Inverse Probability of Treatment Weights

Mean Mean

Treatment Comparison Standardized
Variable (n =504) (n=42119) Difference (%)
Child’s Age 6.97 7.35 -0.097
Child’s Age Squared 67.11 70.79 -0.061
Household Head is 0.63 0.66 -0.055
Female
Household Head’s 6.60 6.61 -0.001
Education
Geo-Area: Urban 0.44 0.41 0.050
Household Size 6.77 6.78 -0.001

Notes: Control Group 2 is comprised of children who did not receive the Foster Care Grant in any of
the four time periods. The Treatment Group is comprised of children who received the Foster Care
Grant twice in the four time periods.

Table 2.7 to Table 2.10 below show covariate balance between treatment and control
groups using Nearest-Neighbour matching (with and without caliper) since the
Inverse Probability of Treatment Weights (IPTW) matching of covariate balance
across treatment and control groups does not show standardized difference between
Treatment and Control Group before matching. These descriptive results show

standardized differences before and after matching.
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Table 2.7: Covariate Balance across Treatment and Comparison Groups before and after Matching on the Propensity Score
Based on Control Group 1

....0riginal Sample............. ... Nearest Neighbor Matched Sample.....
Mean Mean Mean Mean
Treatment Comparison Standardized  Treatment Comparison Standardized
Variable (n=504) (n=1567) Difference (%) (n=504) (n = 1567) Difference (%)
Child’s Age 8.82 8.28 14.5 9.0 8.93 1.9
Child’s Age Squared 90.03 84.29 9.5 92.63 91.37 2.1
Head’s Age 54.67 53.51 7.2 54.01 55.64 -10.1
Head is Female 0.71 0.72 -2.7 0.73 0.72 2.1
Head’s Education 591 5.69 5.2 6.01 5.46 12.5
Race — Black 0.85 0.86 -0.7 0.87 0.84 8.2
Geo-Area : Urban 0.37 0.43 -11.0 0.36 0.35 0.5

Notes: Control Group 1 is comprised of children who received the Foster Care Grant only once in the four time periods. The treatment Group is comprised of
children who received the Foster Care Grant twice in the four time periods.
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Table 2.8: Covariate Balance across Treatment and Comparison Groups before and after Caliper Matching on the Propensity
Score Based on Control Group 1

....0Original Sample............. ... Caliper Matched Sample.....
Mean Mean Mean Mean
Treatment Comparison Standardized  Treatment Comparison Standardized

Variable (n=504) (n=1567) Difference (%) (n=504) (n = 1567) Difference (%)
Child’s Age 8.82 8.28 14.5 9.0 8.93 1.8
Child’s Age Squared 90.03 84.29 9.5 92.63 91.37 14
Head’s Age 54.67 53.51 7.2 54.01 55.64 -8.8
Head is Female 0.71 0.72 -2.7 0.73 0.70 6.4
Head’s Education 591 5.69 5.2 6.01 5.75 6.0
Race — Black 0.85 0.86 -0.7 0.87 0.85 4.1
Geo-Area : Urban 0.37 0.43 -11.0 0.36 0.36 -1.0

Notes: Control Group 1 is comprised of children who received the Foster Care Grant only once in the four time periods. The treatment Group is comprised of
children who received the Foster Care Grant twice in the four time periods. The Caliper (1: 2 with replacement) was calculated as 0.2*0.0552985.
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Table 2.9: Covariate Balance across Treatment and Comparison Groups before and after Nearest Neighbour Matching on the
Propensity Score Based on Control Group 2

....0riginal Sample............. ... Nearest Neighbor Matched Sample.....
Mean Mean Mean Mean

Treatment Comparison Standardized  Treatment Comparison Standardized

Variable (n=504) (n=42119) Difference (%) (n=504) (n=42119) Difference (%)
Child’s Age 8.82 6.93 48.3 8.99 8.92 1.8
Child’s Age Squared 90.03 66.41 39.2 92.46 90.68 3.0
Head is Female 0.71 0.65 13.1 0.73 0.74 -2.6
Head’s Education 591 6.72 -17.4 5.99 6.00 -0.2
Geo-Area: Urban 0.37 0.43 -12.1 0.36 0.34 3.0
Household Size 7.48 6.73 21.7 7.51 7.32 5.2

Notes: Control Group 2 is comprised of children who did not receive the Foster Care Grant in the four time periods. The treatment Group is comprised of children
who received the Foster Care Grant twice in the four time periods.
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Table 2.10: Covariate Balance across Treatment and Comparison Groups before and after Caliper Matching on the Propensity
Score Based on Control Group 2

....0riginal Sample............. ... Nearest Caliber Matched Sample.....
Mean Mean Mean Mean
Treatment Comparison Standardized  Treatment Comparison Standardized
Variable (n=504) (n=42119) Difference (%) (n=504) (n=42119) Difference (%)
Child’s Age 8.82 6.93 48.3 8.99 8.98 0.1
Child’s Age Squared 90.03 66.41 39.2 92.46 92.0 0.8
Head is Female 0.71 0.65 13.1 0.73 0.76 -5.4
Head’s Education 591 6.72 -17.4 5.99 6.05 -1.1
Geo-Area: Urban 0.38 0.43 -12.1 0.36 0.34 2.7
Household Size 7.48 6.73 21.7 7.51 7.25 7.5

Notes: Control Group is comprised of children who never received the Foster Care Grant in the four time periods. The Treatment Group is comprised of children
who received the Foster Care Grant twice in the four time periods. The Caliper( 1: 2 with replacement) was calculated as 0.2*0.0068011. SD = 0.0068011.
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It is very important to check whether the treatment and comparison groups are well
balanced in the matched and weighted samples. This can be achieved by subjectively
assessing density functions of continuous covariates in treated and control groups
plotted. Figure 2.2 to 2.4 show Density Plots after Kernel Matching based on Control
Group 1. Density plots based on Control Group 2 (comprised of children whose
caregivers did not receive the Foster Care Grant in any of the four time periods) are
presented in Figure 2.6 to 2.8 below. The treatment and comparison are well

balanced.

Figure 2.2: Density Plot of Mean Age after Kernel Matching based on Control
Group 1

Density Plots of Mean Age after Kernel Matching
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kernel = epanechnikov, bandwidth = 1.0200
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Figure 2.3: Density Plot of Mean Household Head’s Age after Kernel Matching

based on Control Group 1

Density Plots of Mean Household Head's Age after Kernel Matching
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Treated: Received FCG twice in the four time periods
Comparison: Received FCG once only in the four time periods

kernel = epanechnikov, bandwidth = 4.3293

Figure 2.4: Density Plot of Mean Household Head’s Education after Kernel
Matching based on Control Group 1

Density Plots of Mean Household Head's Education after Kernel Matching
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Treated: Received FCG twice in the four time periods
Comparison: Received FCG once only in the four time periods

kernel = epanechnikov, bandwidth = 1.1797
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Figure 2.5: Density Plot of Mean Age Squared after Kernel Matching based on

Control Group 2
Density Plots of Mean Age Squared after Kernel Matching
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Treated = Children who received the Foster Care Grant twice in the four time periods. Control group comprises of children wh

Notes: Treated = children who received the Foster Care Grant twice in the four time period. Control =
children who never received the Foster Care Grant in the four time period.

Figure 2.6: Density Plot of Mean Household Head’s Education after Kernel

Matching based on Control Group 2

Density Plots of Mean Household Head's Education after Kernel Matching
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kernel = epanechnikov, bandwidth = 1.1870
Control = not received FCG. Treatment = received FCG twice in the 4 time period:
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Figure 2.7: Density Plot of Mean Household Size after Kernel Matching based

on Control Group 2

Density Plots of Mean Household Size after Kernel Matching
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kernel = epanechnikov, bandwidth = 0.7992
Treated = received FCG twice in the 4 time periods. Control = never received FCG

Notes: Treated = children who received the Foster Care Grant twice in the four time period. Control =
children who never received the Foster Care Grant in the four time period.

2.7 Estimation Results

2.7.1 Propensity Score Matching Estimation Results

Estimation results are based on one treatment group and two control groups. The
treatment group, as highlighted earlier, is comprised of children who received the
Foster Care Grant twice in the four time period. Control Group 1 is comprised of
children who received the Foster Care Grant only once in the four time period. It can
be emphasized that estimations using Control Group 1 therefore tests program
intensity. Control Group 2 is comprised of children who never received the Foster

Care Grant in the four time period.
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2.7.1.1 Program intensity

Table 2.11 below shows the Average Treatment effect on the Treated (ATT) of the
Foster Care Grant on height-for-age, weight-for-age, and body mass index using
propensity score matching based on the Inverse Probability of Treatment Weights
(IPTW) and the Nearest Neighbour matching algorithms. Interpretation and analysis
of the results is based on IPTW; and Nearest Neighbour results are presented here for
robustness check only. The Foster Care Grant has a positive and significant impact
on height-for-age for children aged 0-14 years. For this age group, it improves
height-for-age z-score by 0.137 standard deviations for children who received the
grant twice compared to those that received it only once. This confirms hypothesis
2.1 above. Disaggregating the sample by age, the results show a positive and
significant impact for both children aged 1-4 years and for children aged 5-9 years.
This is an important result because it shows that the Foster Care Grant has a positive
and significant impact on accumulated investments in child health as measured by
height-for-age. It also suggests that receiving the grant more than once has a positive

impact on child health.

The results, however, do not show any significant impact on height-for-age for
children aged 10-14 years. This result does not support the argument of catching-up
but rather is in line with emphasis in the literature that interventions on health
outcomes tend to be more effective in the early stages of a child. On the other hand,
receiving the Foster Care Grant twice as compared to receiving it once does not lead
to significant improvements in weight-for-age z-scores for foster children in South
Africa. The results also show no significant intensity improvement on body mass

index for all the age groups.

Understanding gender heterogeneity in the impact of cash transfer programs on
health outcomes gives another important dimension in better interrogating who
benefits and who does not and can inform on policy formulation in developing
countries. Table 2.12 shows estimation results of the Average Treatment effect on
the Treated (ATT) of the Foster Care Grant on girls’ health using propensity score
matching based on Control Group 1. Just like in Table 2.11, Control Group 1 is
comprised of children who received the Foster Care Grant only once in the four time

period and the Treatment Group is comprised of children who received the grant
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Table 2.11: Average Treatment Effect on the Treated (ATT) of the Foster Care
Grant on Child Health Using Propensity Score Matching Based on Control
Group 1

Full Sample  Sample of Sample of Sample of
(Children Children Children Children
aged 0-14 aged 1-4 aged 5-9 aged 10-14

years) years years years
Height-for-age
IPTW Matching -0.137* -0.548* -0.246** -0.039
Nearest Neighbour -0.160 -0.922*** -0.243 -0.010
Weight-for-age
IPTW matching 0.031 -0.311 0.051
Nearest Neighbour -0.019 -0.071 -0.101
Body Mass Index
IPTW matching -0.002 -0.216 0.072 -0.010
Nearest Neighbour 0.055 -0.133 0.250* -0.107
Balancing
property satisfied Yes Yes Yes Yes
Common support
imposed Yes Yes Yes Yes
Observations
Treated 504 57 201 241
Comparison 1567 291 561 683

Notes: Control Group 1 is comprised of children who received the Foster Care Grant only once in the
four time periods. The treatment Group is comprised of children who received the Foster Care Grant
twice in the four time periods.

twice in the same period. The results show that there are no program intensity
impacts for girls who received the grant twice as compared to those that only
received it once on height-for-age, weight-for-age, and body mass index for all the

age groups.
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Table 2.12: Average Treatment Effect on the Treated (ATT) of the Foster Care
Grant on Girls’ Health Using Propensity Score Matching based on Control
Group 1

Full Sample  Sample of Sample of Sample of
(Children Children Children Children
aged 0-14 aged 1-4 aged 5-9  aged 10-14

years) years years years
Height-for-age
IPTW Matching -0.083 -0.524 -0.294* 0.105
Nearest Neighbour -0.045 -0.938 -0.182 0.143
Weight-for-age
IPTW Matching 0.018 -0.043 -0.021
Nearest Neighbour 0.165 0.181 0.032
Body Mass Index
IPTW Matching -0.104 -0.423 -0.092 -0.072
Nearest Neighbour -0.128 -0.059 -0.140 -0.055
Balancing property Yes Yes Yes Yes
satisfied
Common support Yes Yes Yes Yes
imposed
Observations
Treated 293 36 113 141
Comparison 773 147 271 337

Notes: Control Group 1 is comprised of children who received the Foster Care Grant only once in the
four time periods. The treatment Group is comprised of children who received the Foster Care Grant
twice in the four time periods.

On the other hand, the results in Table 2.13 on the Average Treatment effect on the

Treated (ATT) of the Foster Care Grant on boys’ health, show that there is a positive

and significant program intensity impact on height-for-age for children aged 0-14
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Table 2.13: Average Treatment Effect on the Treated (ATT) of the Foster Care
Grant on Boys’ Health Using Propensity Score Matching based on Control
Group 1

Full Sample  Sample of Sample of ~ Sample of
(Children Children Children Children
aged 0-14 aged 1-4 aged 5-9  aged 10-14

years) years years years
Height-for-age
IPTW Matching -0.261** -0.699* -0.168 -0.340**
Nearest Neighbour -0.157 -1.209*** -0.415** 0.023
Weight-for-age
IPTW Matching 0.032 -0.886** 0.134
Nearest Neighbour -0.032 -0.435 -0.086
Body Mass Index
IPTW Matching 0.092 -0.034 0.273 -0.072
Nearest Neighbour 0.014* 0.294 0.261 0.127
Balancing property
satisfied Yes Yes Yes Yes
Common support
imposed Yes Yes Yes Yes
Observations
Treated 211 21 88 100
Comparison 795 145 290 346

Notes: Control Group 1 is comprised of children who received the Foster Care Grant only once in the
four time periods. The treatment Group is comprised of children who received the Foster Care Grant
twice in the four time periods.

years; 1-4 years; and 10-14 years who received the grant twice compared to those
that received it only once; by 0.26, 0.7, and 0.34 standard deviations respectively.

The significant program intensity impact for boys aged 10-14 years is evidence of
catching up in long term investments in health for boys compared to girls. However,
there is no impact on weight-for-age for boys for the full sample. A positive and
significant program intensity impact on weight-for-age is registered for boys aged 1-

4 years; with boys who received the Foster Care Grant twice witnessing an
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improvement in weight-for-age z-scores by 0.886 standard deviations compared to
those that received the grant only once. No impact on body mass index is registered

for boys of all age groups.

The results on program intensity of the Foster Care Grant on height-for-age, weight-
for-age, and body mass index therefore show that there is a positive and significant
impact of the grant on height-for-age for the full sample (children aged 0-14 years),
for children aged 1-4 years, and for children aged 5-9 years. However, there is no
impact on height-for-age for children aged 10-14 years and neither is there a
significant program intensity impact on weight-for-age and body mass index for all
age categories. By paying particular attention to gender heterogeneity, results show
that there is a positive and significant program intensity impact for boys in all age
categories including even children aged 10-14 years; and a positive and significant
program intensity impact on weight-for-age for boys aged 1-4 years. However, there
IS no program intensity impact on height-for-age, weight-for-age, and body mass

index for girls.

2.7.1.2 Program Impact

Estimations to assess the impact of the Foster Care Grant on height-for-age, weight-
for-age, and body mass index were carried out based on a control group comprised
of children who never received the Foster Care Grant in the four time period. This
comparison group is conveniently named Control Group 2 for ease of reference. The
Treatment Group is comprised of children whose caregivers received the grant twice
in the four time period. As highlighted earlier on, the choice of this treatment group
is motivated by specifications in the regulation of the grant in which it is
categorically stated that the grant is usually for two years with a provision for

extension subject to assessment by a social worker given compelling circumstances.
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Table 2.14: The Average Treatment Effect on the Treated (ATT) of the Foster
Care Grant on Child Health Using Propensity Score Matching (Based on

Control Group 2)

Full Sample  Sample of  Sample of Sample of
(Children Children Children Children
aged 0-14 aged 1-4 aged 5-9  aged 10-14
years) years years years
Height-for-age
IPTW Matching -0.225%**  -0.665***  -0.285*** -0.135
Nearest Neighbour -0.203***  -0.874*** -0.219** -0.132
Weight-for-age
IPTW Matching -0.164 -0.455 -0.133
Nearest Neighbour -0.164 -0.400 -0.151
Body Mass Index
IPTW Matching -0.153** -0.366 -0.144 -0.105
Nearest neighbour -0.159** -0.404 -0.150 -0.079
Balancing
property satisfied Yes Yes Yes Yes
Common support
imposed Yes Yes Yes Yes
Observations
Treated 504 57 201 241
Comparison 42623 11648 14257 13466

Notes: Control Group 2 is comprised of children who never received the Foster Care Grant in the four
time periods. The Treatment Group is comprised of children who received the Foster Care Grant
twice in the four time periods.

Table 2.14 above presents Average Treatment on the Treated Effect (ATT)
estimations of the Foster Care Grant on child health using propensity score matching
based on Control Group 2. The program has a positive and significant impact on
height-for-age for children aged 0-14 years, 1-4 years, and 5-9 years. The estimates
are significant at 1 percent. The program improves height-for-age z-score by 0.225,
0.665, and 0.285 standard deviations for the age categories, respectively. These

results confirm hypothesis 2.1 above. However, there is no effect for children aged
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10-14 years. This, in a way, can be argued to be contrary to the literature of catching
up (see Hirvoneni, 2014; Lundeen et al., 2014). The Foster Care Grant, therefore, has
a significant impact on height-for-age for children when they are most vulnerable.

The program has no impact on weight-for-age. This result is similar to the result
obtained in assessing program intensity above. This means that the program has no
impact on short-term changes in nutritional status but rather appeals to the long-term
human capital development. As for body mass index, there is no impact for children
aged 1-4 years, aged 5-9 years, and aged 10-14 years. A significant result registered
for the full sample can therefore be argued to be driven by the 0-1 year olds.

Disaggregating the sample by gender as presented in Table 2.15, the grant has a
positive and significant impact on height-for-age for girls. Girls aged 0-14 years who
received the Foster Care Grant twice witness an improvement in height-for-age z-
scores by 0.226 standard deviations compared to those who did not receive at all.
The estimates for girls aged 1-4 years and 5-9 years are positive and significant.
However, the program does not have an impact on height-for-age for girls aged 10-
14 years. On the other hand, as detailed in Table 2.16, the program has a positive and
significant effect on height-for-age for boys aged 0-14 years (full sample) and boys
aged 1-4 years with increases in standard deviations by 0.25 and 0.67 respectively.
However, there is no impact for boys aged 5-9 years and the estimate for boys aged
10-14 years is weakly significant. Just as in the ATT results on program intensity,
the program has a positive and significant impact on weight-for-age for boys aged 1-
4 years, increasing the z-score by 0.85 standard deviations. There is no impact on

body mass index for boys of all age categories.
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Table 2.15: The Average Treatment Effect on the Treated (ATT) of the Foster
Care Grant on Girls’ Health Using Propensity Score Matching (Based on
Control Group 2)

Full Sample  Sample of  Sample of  Sample of
(Children Children Children Children
aged 0-14 aged 1-4 aged 5-9  aged 10-14

years) years years years

Height-for-age
IPTW Matching -0.226*** -0.689* -0.362** -0.075
Nearest Neighbour -0.212** -1.111***  -0.350** -0.014
Weight-for-age
IPTW matching -0.156 -0.193 -0.159
Nearest Neighbour -0.132 -0.025 -0.278*
Outcome: Body Mass
Index
IPTW matching -0.200** -0.508 -0.216 -0.110
Nearest neighbour -0.160 -0.483 -0.236 -0.036
Balancing property Yes Yes Yes Yes
satisfied

Yes Yes Yes Yes
Common support
imposed

293 36 113 141
Observations 21028 5853 7047 6694
Treated
Comparison

Notes: Control Group 2 is comprised of children who never received the Foster Care Grant in the four
time periods. The treatment Group is comprised of children who received the Foster Care Grant twice
in the four time periods.
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Table 2.16: The Average Treatment on the Treated Effect (ATT) of the Foster
Care Grant on Boys’ Health Using Propensity Score Matching (Based on
Control Group 2)

Full Sample Sample of  Sample of Sample of
(Children Children Children Children
aged 0-14  aged 1-4 aged 5-9  aged 10-14

years) years years years
Height-for-age
IPTW Matching -0.250*** -0.674** -0.201 -0.266*
Nearest Neighbour -0.259** -0.371 -0.150 -0.229
Weight-for-age
IPTW Matching -0.179 -0.845** -0.103
Nearest Neighbour -0.113 -1.202*** 0.003
Body Mass Index
IPTW Matching -0.111 -0.148 -0.038 -0.157
Nearest Neighbour -0.187 -0.008 -0.030 -0.211
Balancing property
satisfied Yes Yes Yes Yes
Common support
imposed Yes Yes Yes Yes
Observations
Treated 211 21 88 100
Comparison 21062 5789 7203 6758

Notes: Control Group 2 is comprised of children who never received the Foster Care Grant in the four
time periods. The treatment Group is comprised of children who received the Foster Care Grant twice
in the four time periods.

Estimation results of the impact of the Foster Care Grant on child health therefore
show that the program has a significant impact on height-for-age for children living
in South Africa. However, the impact of the program does not cascade to children
aged 10-14 years in general. This result is also confirmed in the estimations of the
impact of the program intensity above where there is a positive and significant

impact on height-for-age for children aged 0-14 years, 1-4 years, and 5-9 years but
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not significant for children aged 10-14 years. On the other hand, there is a positive
and significant impact on height-for-age for both girls and boys. However, as noted
above, although there is an impact on height-for-age for girls who received the grant
twice as compared to those that do not receive, there is no program intensity impact
for girls meaning that there is no further marginal impact for girls who receive the
grant twice compared to those that receive it only once. This is an important result.
In contrast, however, boys witness both significant program and program intensity
impacts. There is no impact on weight-for-age for the full sample and all ages. This

result is also confirmed in the program intensity estimations.

2.7.2 Hybrid and Correlated Random-Effects Estimation Results

Results of the Hybrid and Correlated Random-Effects models are detailed in Tables
2.17 to 2.25 and are based on Wave 3(2012), Wave 4(2015), and Wave 5(2017)
datasets. Colum (1) details estimation results of the Hybrid model and Column (2)
displays Correlated Random-Effects estimations. From the tables, the W-prefix in
some variables means within-cluster effects, B_ prefix denotes between-cluster
effects, and variables with the R_ prefix are estimated the same way as in standard
Random Effects models. Uniquely, variables with a D_ prefix give the difference

between the between- and within-cluster effects.

Table 2.17 details estimation results of Hybrid and Correlated Random-Effects
models for the full sample (children aged 0-14 years). The variable of interest is
binary equaling one if a child received the Foster care Grant and the dependent
variable is height-for-age. Receiving the Foster Care Grant is associated with a
within-cluster improvement in height-for-age for children aged 0-14 years by 0.06
standard deviations (Table 2.17, Column 1). Within-cluster increases in age are
associated with a within-cluster increase in height-for-age by 0.04 standard
deviations; an estimate which is significant at 10 percent. However, between-cluster
effect of the Foster Care Grant is associated with a between-cluster decrease in
height-for-age z-scores by 0.11 standard deviations, albeit weakly significant. An

increase in within-cluster household size by one member reduces height-for-age z-
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Table 2.17: Hybrid and Correlated Random-Effects Health Estimations for
Children aged 0 — 14 years

Dependent Variable = Height-for-age z-score

1) )
Hybrid model Correlated random-effects
model
R__Child is female 0.12%** 0.12%**
(0.02) (0.02)
R__Child is Black 0.17*** 0.17%**
(0.03) (0.03)
W__ Foster Care Grant 0.06 0.06
(0.07) (0.07)
W__Household Size -0.01 -0.01
(0.00) (0.00)
W__ Household Head’s Education -0.00 -0.00
(0.00) (0.00)
W__ Child’s age 0.04* 0.04*
(0.03) (0.03)
W_ Birth place:Hospital 0.02 0.02
(0.04) (0.04)
W__ Health-Excellent -0.01 -0.01
(0.02) (0.02)
W__ Child has health card -0.13*** -0.13***
(0.04) (0.04)
W__ Child has medical aid -0.10 -0.10
(0.08) (0.08)
W__Urban_formal -0.08 -0.08
(0.09) (0.09)
W__ Tribal Authority Area 0.08 0.08
(0.09) (0.09)
W__Urban_informal 0.07 0.07
(0.12) (0.12)
W__Log_income 0.00 0.00
(0.02) (0.02)
W__Log_food Expenditure 0.02 0.02
(0.02) (0.02)
W__Household Head is female 0.01 0.01
(0.02) (0.02)
W__ 2015 Year Dummy 0.07 0.07
(0.07) (0.07)
W__ 2017 Year Dummy 0.10 0.10
(0.12) (0.12)
B__ Foster Care Grant -0.11*
(0.06)
B__ Household Size -0.03***
(0.00)
B Household Head’s Education 0.01%**
(0.00)
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B Child’s age 0.01***

(0.00)
B__Birth place hospital 0.05
(0.03)
B Child’’s health_excellent 0.09***
(0.02)
B__Child has health card -0.00
(0.05)
B__Child has medical aid 0.28***
(0.08)
B__ Urban_formal 0.09**
(0.04)
B__Tribal Authority Areas 0.12%***
(0.04)
B__Urban_informal 0.01
(0.05)
B_ Log_income 0.06***
(0.02)
B__Log_food expenditure 0.12%**
(0.03)
B__Household Head is female -0.02
(0.02)
B_ 2015 Year dummy 0.19***
(0.04)
B_ 2017 Year dummy 0.12***
(0.04)

D__Foster Care Grant

D__ Household Size

D__ Household Head’s Education
D Child’s age

D__ Birth place: hospital

D Child’s health: excellent
D__Child has health card
D__Child has medical aid
D__ Urban_formal

D__ Tribal Authority Areas
D__Urban_informal

D_ Log_income
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-0.18**
(0.09)
_0.02***
(0.01)
0.02***
(0.00)
-0.03
(0.03)
0.03
(0.05)
0.10***
(0.03)
0.12*
(0.07)
0.39***
(0.12)
0.17*
(0.10)
0.04
(0.10)
-0.06
(0.13)
0.05%*
(0.03)



D__Log_food expenditure 0.10***

(0.03)
D__ Household Head is female -0.03
(0.03)
D__ 2015 year dummy 0.11
(0.08)
D__ 2017 year dummy 0.02
(0.13)
Constant -2.71%** -2.71%**
(0.17) (0.17)
Observations 25,554 25,554
Number of groups 14,903 14,903

Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Dependent Variable is height-for-age
z-score. B_ prefix means between-cluster effects; D_ gives the differences between the between- and
within-cluster effects; and R_ prefix denote same effects as those in standard random-effects model.

scores for children by 0.03 standard deviations and is significant at 1 percent. The
between-cluster effects of household head’s education, child’s age, child’s health,
whether a child has a medical aid, a child lives in Tribal Authority Areas compared
to those that live in the rural areas, log of household income, log of food expenditure,
2015 year dummy, and 2017 year dummy are all positive and significant at 1

percent.

The estimations and test results not included in the appendix, proved that the within-
cluster effects are statistically different from the between-cluster effects as evidenced
by small p-values obtained in the tests of orthogonality between observables and
unobservables. This is applicable to all variables except for the child’s age,
birthplace at a hospital, geographical areas (informal urban area and tribal authority
area), female household headship, and year dummies. All the same it is evidence
enough to reject the assumption of orthogonality and therefore ground for not using

the Random Effects model.

Column (2) of Table 2.17 details Correlated Random-Effects estimation results of
the effect of the Foster Care Grant on height-for-age. There is a positive within-
group effect for children receiving the Foster Care Grant. Having a health card
compared to not having one is associated with a within-cluster decrease in height-
for-age z-score by 0.13 standard deviations, which is significant at 1 percent. The
Correlated Random-Effects estimations show that the difference between the

between- and the within-cluster effects of the Foster Care Grant on height-for-age is
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negative by a factor of 0.18 which is significant at 5 percent. The differences for
household head’s education, child’s health, child has a medical aid, lives in formal
urban area, log of household income, and log of food expenditure are all positive and

significant.

Table 2.18 below details Hybrid and Correlated Random-Effects estimation results
of the effect of the Foster Care Grant on height-for-age for children aged 1-4 years.
Both the Hybrid and Correlated Random—Effects models predict that receiving the
Foster Care Grant leads to a within-cluster effect of 0.58 standard deviations in
height-for-age, which is significant at 10 percent. It is worth mentioning in passing
that within-cluster increases in household size are associated with a within-cluster
decrease in height-for-age z-scores and increases in a child’s age is associated with a
within-cluster increases in height-for-age z-scores by 0.33 standard deviations and

are both strongly statistically different from zero.

Table 2.18: Hybrid and Correlated Random-Effects Estimations for Children
aged 1 — 4 years

Dependent Variable = Height-for-age z-score

(1) )
Hybrid model Correlated random-effects

model
W__ Foster Care Grant 0.58* 0.58*
(0.32) (0.32)

W__Household Size -0.04** -0.04**
(0.02) (0.02)
W__ Household head’s education -0.00 -0.00
(0.02) (0.02)
W__Household head’s age 0.00 0.00
(0.00) (0.00)

W__ Child’s age 0.33*** 0.33***
(0.10) (0.10)
W__ Child is female -0.16 -0.16
(0.59) (0.59)
W__Black 0.02 0.02
(0.90) (0.90)
W__ Birth place — hospital 0.05 0.05
(0.13) (0.13)
W__ Child’s health: excellent 0.01 0.01
(0.07) (0.07)
W__ Child has health card 0.04 0.04
(0.24) (0.24)

53



W__ Child has medical aid
W__Urban_formal

W__Tribal Authority Areas
W__Urban_informal
W__Log_income
W__Log_food expenditure
W__Household head is female
W__ 2015 year dummy

W__ 2017 year dummy
B__Foster Care Grant

B__Household Size

B Household head’s education

B Household head’s age
B Child’s age

B__ Child is female

B_ Black

B__Birth place - hospital
B__ Child’s health: excellent
B__Child has health card
B__Child has medical aid
B__Urban_formal

B__ Tribal Authority Areas
B__Urban_informal
B__Log_income

B__Log_food expenditure

-0.29
(0.32)
-0.27
(0.30)
-0.29
(0.30)

0.08
(0.40)
0.11*
(0.06)
-0.03
(0.07)
-0.06
(0.09)
-0.48*
(0.26)
-0.83*
(0.47)
-0.01
(0.18)

-0.04%**
(0.01)

0'03***
(0.01)

O'Ol***
(0.00)

0'08***
(0.02)

O. 14***
(0.04)

O. 17***
(0.06)

0.04
(0.05)
0.07*
(0.04)
-0.02
(0.15)

0.07
(0.14)

0.04
(0.07)

0.14%*
(0.07)
-0.05
(0.09)
0.08%*
(0.03)
0.08*
(0.04)
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-0.29
(0.32)
-0.27
(0.30)
-0.29
(0.30)
0.08
(0.40)
0.11*
(0.06)
-0.03
(0.07)
-0.06
(0.09)
-0.48*
(0.26)
-0.83*
(0.47)



B__Household head is female
B_ 2015 year dummy
B_ 2017 year dummy
D__Foster Care Grant

D__ Household Size

D Household head’s education

D Household head’s age
D Child’s age

D__Child is female

D__ Black

D__Birth place - hospital

D Child’s health: excellent
D__Child has health card
D__Child has medical aid
D_ Urban_formal

D__ Tribal Authority Areas
D__ Urban_informal

D_ Log_income

D__ Log_food expenditure
D__ Household head is female
D_ 2015 year dummy

D_ 2017 year dummy
Constant

Observations
Number of groups

_3.18***

0.00

(0.04)

-0.01

(0.05)

-0.04

(0.05)
-0.59
(0.37)
0.00
(0.02)
0.03
(0.02)
0.00
(0.00)

-0.25%*
(0.10)
0.31
(0.59)
0.16
(0.90)
-0.01
(0.14)
0.06
(0.08)
-0.06
(0.28)
0.36
(0.35)
0.32
(0.31)
0.43
(0.31)
-0.13
(0.42)
-0.03
(0.07)
0.10
(0.08)
0.06
(0.10)
0.48*
(0.26)
0.79*
(0.47)

'3.18***

(0.32) (0.32)

6,856 6,856
5,712 5,712

Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Dependent Variable is height-for-age
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z-score. B_ prefix means between-cluster effects; D_ gives the differences between the between- and
within-cluster effects; and R_ prefix denote same effects as those in standard random-effects model.

For children aged 5-9 years, the within-cluster effect of the Foster Care Grant is
positive but not significant. These results are detailed in Table 2.19.

Table 2.19: Hybrid and Correlated Random-Effects Estimations for Children
aged 5-9 years

Dependent Variable = Height-for-age z-score

1) 2)
Hybrid model Correlated random-effects

model

R_ Black 0.18*** 0.18***
(0.05) (0.05)
W__ Foster Care Grant 0.12 0.12
(0.12) (0.12)
W__Household Size -0.00 -0.00
(0.01) (0.01)
W__ Household head’s education -0.00 -0.00
(0.01) (0.01)

W__ Child’s age 0.09** 0.09**
(0.04) (0.04)
W__ Child is female -0.07 -0.07
(0.27) (0.27)
W__ Birth place -hospital 0.09 0.09
(0.08) (0.08)
W__ Child’s health: excellent -0.04 -0.04
(0.03) (0.03)
W__ Child has health card -0.00 -0.00
(0.08) (0.08)
W__ Child has medical aid 0.00 0.00
(0.13) (0.13)
W__Urban_formal -0.01 -0.01
(0.16) (0.16)
W__Tribal Authority Areas 0.18 0.18
(0.16) (0.16)
W__Urban_informal 0.04 0.04
(0.20) (0.20)
W__Log_income 0.01 0.01
(0.03) (0.03)
W__Log_food expenditure 0.05 0.05
(0.03) (0.03)
W__Household head is female -0.02 -0.02
(0.04) (0.04)
W__ 2015 year dummy -0.08 -0.08
(0.11) (0.11)
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W__2017 year dummy

B__ Foster Care Grant

B__ Household Size

B Household head’s education
B Child’s age

B__ Child is female

B__Birth place -hospital

B__ Child’s health: excellent
B__Child has health card
B__Child has medical aid
B__ Urban_formal

B__ Tribal Authority Areas
B__Urban_informal

B_ Log_income
B_Log_food expenditure
B__ Household head is female
B_ 2015 year dummy

B_ 2017 year dummy

D__ Foster Care Grant

D__ Household Size

D Household head’s education
D Child’s age

D__ Child is female

D__Birth place - hospital

D__Child health: excellent

-0.17 -0.17
(0.19) (0.19)
-0.10
(0.09)

-0.03%**

(0.00)
0.01%*
(0.00)
0.03%*
(0.01)
0.05%
(0.03)
0.05
(0.04)
0.06%*
(0.03)
-0.03
(0.07)
0.28%**
(0.10)
0.19%**
(0.05)
O. 22***
(0.05)
0.17%*
(0.07)
0.04
(0.02)
0.09***
(0.03)
-0.04
(0.03)
0.11%*
(0.04)
0.12***
(0.04)
-0.21
(0.14)
-0.02%*
(0.01)
0.01*
(0.01)
-0.07
(0.04)
0.13
(0.27)
-0.04
(0.08)
0.11***
(0.04)
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D__Child has health card -0.03

(0.12)
D__Child has medical aid 0.28*
(0.16)
D_ Urban_formal 0.19
(0.16)
D__Tribal Authority Areas 0.04
(0.17)
D__ Urban_informal 0.12
(0.21)
D_ Log_income 0.03
(0.04)
D__Log_food expenditure 0.04
(0.05)
D__ Household head is female -0.02
(0.05)
D__ 2015 year dummy 0.18
(0.12)
D__ 2017 year dummy 0.29
(0.20)
Constant -2.23*** -2.23%**
(0.24) (0.24)
Observations 9,579 9,579
Number of groups 7,096 7,096

Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Dependent Variable is height-for-age
z-score. B_ prefix means between-cluster effects; D_ gives the differences between the between- and
within-cluster effects; and R_ prefix denote same effects as those in standard random-effects model.

On the other hand, Table 2.20 details the Hybrid and Correlated Random-Effects
estimation results of the effect of the Foster Care Grant on height-for-age for
children aged 10-14 years. Receiving the Foster Care Grant by children aged 10-14
years is associated with a within-cluster increase in height-for-age by 0.16 standard
deviations, which is significant at 10 percent. However, the between-cluster effect of
the Foster Care Grant on height-for-age for children aged 10-14 years is negative and
weakly significant with a factor of 0.11. The difference between the between- and
within-cluster effect of the Foster Care Grant on height-for-age is significant at 5

percent with a factor of 0.27 standard deviations, though negative.
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Table 2.20: Hybrid and Correlated Random-Effects Estimations for Children
aged 10-14 years

Dependent Variable = Height-for-age z-score

1) )
Hybrid model  Correlated random-effects
model
R__Child is female 0.13*** 0.13***
(0.03) (0.03)
R_ Black 0.13*** 0.13***
(0.05) (0.05)
W__ Foster Care Grant 0.16* 0.16*
(0.09) (0.09)
W__Household Size 0.01 0.01
(0.01) (0.01)
W__ Household Head’s Education -0.00 -0.00
(0.01) (0.01)
W__ Child’s age -0.01 -0.01
(0.04) (0.04)
W__ Birth place — hospital 0.03 0.03
(0.07) (0.07)
W__ Child’s health: excellent 0.06** 0.06**
(0.03) (0.03)
W__ Child has health card -0.12** -0.12**
(0.05) (0.05)
W__ Child has medical aid -0.21 -0.21
(0.14) (0.14)
W__Urban_formal -0.06 -0.06
(0.15) (0.15)
W__Tribal Authority Areas -0.00 -0.00
(0.16) (0.16)
W__Urban_informal 0.05 0.05
(0.20) (0.20)
W__Log_income 0.01 0.01
(0.03) (0.03)
W__Log_food expenditure -0.00 -0.00
(0.03) (0.03)
W__Household Head is female -0.04 -0.04
(0.04) (0.04)
W__ 2015 year dummy 0.15 0.15
(0.10) (0.10)
W__ 2017 year dummy 0.09 0.09
(0.19) (0.19)
B__ Foster Care Grant -0.11*
(0.06)
B__ Household Size -0.02***
(0.00)
B Household Head’s Education 0.02***
(0.00)
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B Child’s age

B__Birth place — hospital

B Child’s health: excellent
B__Child has health card
B__Child has medical aid
B__ Urban_formal

B__ Tribal Authority Areas
B__Urban_informal

B_ Log_income
B__Log_food expenditure
B__Household Head is female
B_ 2015 year dummy

B_ 2017 year dummy
D__Foster Care Grant

D__ Household Size

D Household head’s Education
D Child’s age

D__Birth place — hospital

D Child’s health: excellent
D__Child has health card
D__Child has medical_aid
D__ Urban_formal

D__ Tribal Authority Areas
D__Urban_informal

D_ Log_income

-0.08%**
(0.01)
0.06%
(0.04)
0.05
(0.03)
-0.13%*
(0.05)
0.24*
(0.13)
0.05
(0.05)
0.03
(0.05)
-0.01
(0.07)
0.00
(0.03)
0.11%%*
(0.03)
-0.02
(0.03)
0.33***
(0.04)
0.35***
(0.04)
-0.27%*
(0.11)
_0.03***
(0.01)
0.02***
(0.01)
-0.07*
(0.04)
0.03
(0.08)
-0.02
(0.04)
-0.01
(0.08)
0.45%*
(0.19)
0.11
(0.16)
0.03
(0.17)
-0.06
(0.21)
-0.00
(0.04)
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D_ Log_food expenditure 0.11**

(0.05)
D_ Household Head is female 0.02
(0.05)
D__ 2015 year dummy 0.18
(0.12)
D__ 2017 year dummy 0.26
(0.19)

Constant -1.20%** -1.20***
(0.27) (0.27)
Observations 8,456 8,456
Number of groups 6,290 6,290

Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Dependent Variable is height-for-age
z-score. B_ prefix means between-cluster effects; D_ gives the differences between the between- and
within-cluster effects; and R_ prefix denote same effects as those in standard random-effects model.

2.8 Discussion

It is important to comment on the findings of the impact of the Foster Care Grant on
height-for-age vis-a-vis the impact of the grant on weight-for-age. One would expect
short-run effects on height to be small. In this study, compared to estimates on
weight-for-age, the estimates on height-for-age are relatively larger. However, the
results are acceptable considering that in general, the estimates on weight-for-age are
not statistically different from zero. On the other hand, it is not entirely unique to
witness a situation where estimates on the impact of a program on height-for-age are
relatively larger than those for weight-for-age. For example, for the Targeted
Resource Transfers for families program in Nepal, Renzaho et al. (2017) obtained
relatively greater improvement in height-for-age for children compared to the

improvement in weight-for-age after a five-year period of intervention.

Furthermore, the estimates on the impact of the Foster Care Grant on height-for-age
compare very well with estimates of cash transfers in South Africa. For example,
Duflo (2003) discovered that girls living with a member eligible for the Old Age
Pension program experience an increase in height-for-age by 0.68 standard
deviations and 0.11 for boys; and also discovered that pensions received by women
improved the height-for-age z-scores of younger girls by at least 1.16 standard
deviations. On the other hand, the Child Support Grant in South Africa was observed

to increase children under the age of 36 months’ height-for-age z-scores by 0.25
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standard deviations (see e.g. de Groot et al., 2015). Elsewhere, the effect of the
Samurdhi in Sri Lanka on height-for-age for children under five years ranges
between 0.4 and 0.5 standard deviations (ibid.). The Apni Beti Apna Dhan program
in India improved child height by over 0.3 standard deviations (Manley et al., 2013).
It is also important to note that program characteristics play a role in influencing
impact, some of which are, among others, payment size and duration. As noted in
section 2.2 above, the Foster Care Grant is relatively generous.

It is not directly possible to determine from the data children who were fostered but
did not receive the Foster Care Grant. This may be viewed as a limitation in that
there may be arguments for using just a sample of fostered children in assessing the
impact of the grant. However, given the empirical strategy adopted in this study, it is
plausible to argue that this limitation can be ignored. Propensity Score Matching is
capable of appropriately assigning observations into treatment and control groups
based on observables. On the other hand, just using the sample of fostered children
may accentuate the problem of selection bias that the Propensity Score Matching is
not able to fully address if the bias emanates from unobserved characteristics. If
foster parents who chose to apply for the Foster Care Grant are systematically
different from foster parents who choose not to apply for the grant and these
characteristics are unobserved, then selection bias will be greater. Related, just
choosing a sample of fostered children may suffer from sample selection bias. It can
therefore be argued that broadening the sample may reduce this bias especially
considering that the Propensity Score Matching adopted in this study does not
address the challenge when the characteristics are unobserved. It is proposed,
however, that further research can focus on evaluating how the Foster Care Grant

affects outcomes for unfostered children living in the same household.

The presence of bias emanating from unobserved characteristics can explain the
difference in the impact size estimates between the Propensity Score Matching and
the Correlated Random Effects (as well as those from the Hybrid Model). Program
impact estimates from the Hybrid and the Correlated Random Effects models are
relatively smaller when compared to estimates obtained using Propensity Score
Matching. This confirms that whatever the unobserved heterogeneity bias that may

have persisted in the estimates obtained through Propensity Score Matching must

62



have been sufficiently dealt with under the Hybrid and Correlated Random Effects

models.

It is also important to comment on the importance of disaggregating the sample
according to different age groups and gender. One of the strengths of this study is the
quality of the data. This study draws from a huge panel data with five waves as
detailed in Table 2.1 in Section 2.4. This allowed the disaggregation of the sample
into sub-groups which, enriched the analysis and allowed further interrogation of the
issue at stake. When assessing the impact of a cash transfer on child health
outcomes, it is more informative to disaggregate the sample based on age groups.
Studies on health outcomes are encouraged to stratify their analyses by appropriate
age brackets (see e.g. Alderman and Headey, 2018). It is generally accepted that
children younger than two years are more vulnerable to poor diets (see e.g. Leroy et
al., 2015) and there is continued widening of the absolute height deficit for children
between two to five years. Therefore, disaggregating the sample into age brackets
enhances understanding of the impact of the Foster Care Grant on child health which

is essential on informing the targeting of interventions.

Prior works on cash transfers in South Africa have indicated gender heterogeneity to
impact of cash transfers on child health. Duflo (2003), for example, concluded that
the expansion of the Old-age Pension program in South Africa led to an
improvement in the health and nutrition of girls and no discernible effect on boys. It
is therefore important to disaggregate the sample according to gender so as to be able
to determine the effect of the Foster Care Grant on boys vis-a-vis on girls. In tests
separately carried out, the results indicate that the coefficients are significantly
different from each other, confirming the existence of heterogeneity across the sub-
groups. In one of the tests, | used the Wald chi-square test after estimating separate
models for boys and girls after which I then used suest to combine the models and
tested whether the coefficients differ across the groups. In each case the groups are
significantly different from each other. | also compared the 95 percent confidence
intervals between the groups and | discovered that they do not overlap, meaning that

there are statistically significant differences at 5 percent level.

In future, should there be a major policy shift in the way the Foster Care Grant is

administered or should there be an exogenous shock affecting eligibility for the
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grant, then other empirical strategies such as the Difference-in-Differences
framework may be adopted to check the robustness of the findings presented in this
study. A shift in policy that makes a certain group of people that are not currently
eligible for the grant to become suddenly eligible will present a natural experiment in
which a double difference between ‘treatment and control group before and after the
policy change’ would show the impact of the Foster Care Grant on a number of
selected outcomes. Such a policy shift may also allow empirical strategies such as
the Regression Discontinuity Design to establish the impact of the Foster Care Grant
in the neighbourhood of those that find themselves suddenly eligible against those
that narrowly become ineligible.

2.9 Conclusion

The Foster Care Grant in South Africa is an unconditional social protection program
intended to provide for the basic needs of children who have been placed in the care
of foster parents by a Children’s Court. The grant is generous and presents an
interesting case study, which has not been subjected to rigorous evaluations and has
not received much attention. The study bridged this gap by assessing its impact on

height-for-age, weight-for-age, and body mass index.

The findings indicate that the program has a positive and significant impact on
height-for-age for the full sample (children aged 0-14 years), for children aged 1-4
years, and for children aged 5-9 years. However, the impact does not cascade to
children aged 10-14 years, a result running contrary to studies on catching up such as
Rieger and Wagner (2015). The results also show a positive and significant program
intensity impact for boys on height-for-age. To the contrary, there is no such further
marginal impact for girls who receive the grant twice compared to those that receive
it only once. This result seems to be at parallel with findings by Manley et al. (2013)
and Duflo (2003) where they discovered that girls tend to benefit more than boys.
Since there is a provision for extension to access the Foster Care Grant after the
initial two years, it can therefore be encouraged, where circumstances allow, that
boys be allowed to access the grant more than once since it leads to program

intensity impacts.
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The findings also indicate that in general, there is no program intensity and program
impact on weight-for-age. This means that the program has no impact on short-term
changes in nutritional status but rather appeals to the long term human capital
development through height-for-age. The Foster Care Grant has an impact on height-
for-age. This result runs contrary to studies such as Kirk et al. (2018)’s findings
elsewhere in Africa who find no impact of unconditional cash transfers on height-
for-age. The grant, therefore, has a significant impact on height-for-age for foster
children in South Africa.
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CHAPTER 3

COPING STRATEGIES, AGRICULTURAL EXTENSION SERVICES AND
THE IMPACT OF SOCIAL CAPITAL ON FOOD SECURITY IN
ZIMBABWE

3.1 Introduction

Food security is a perennial challenge for many households in Zimbabwe. This is as
a result of a number of factors ranging from droughts, climate change (see e.g.
Govere et al., 2020; Hove and Gweme, 2018; Nyagumbo et al., 2019) to land tenure.
For example, some parts of Zimbabwe have become synonymous with drought
(Belle, 2017; Mavhura, 2017) and flood-related disasters (Gwimbi, 2007) which
destroy crops, livestock and hopes resulting in food insecurity. The creation of small
to medium land holdings from what used to be large scale commercial farms has
created heterogeneity in productivity (see e.g. Moyo and Salawu, 2018) and
contributing to persistent poverty and food insecurity among smallholder farming
households (see e.g. Komarek et al., 2017; Ragasa and Mazunda; 2018). Coupled
with lack of appropriate agricultural technologies and little research and

development, this has left many households at the mercy of food insecurity.

When faced with food insecurity, households tend to rely on social protection
programs (Bhalla et al., 2018) such as cash transfers. However, in the absence of
formal programs, households fall back on their social networks and other coping
strategies to ensure that they survive (see e.g. Fafchamps, 2006; Fafchamps and
Lund, 2003). Social capital may enhance the ability of households, villages and
communities to tap from informal social support among neighbours and group

members that might curb food insecurity.

Households and minority groups with low social capital experience food insecurity
(Dean and Sharkey, 2011). Relatedly, community-level social capital is also
significantly associated with decreased odds of experiencing hunger (Martin et al.,

2004). On the other hand, individual and collective behaviour, social networks, and
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associations have a great influence on responses and recovery systems against
shocks (see e.g. Chan et al., 2018; Kerr, 2018; Nagoli and Chiwon-Karltun, 2017,
Pacoma and Delda, 2019; Paul et al., 2019; Sabatino, 2019). Collective action
necessitates pooling of resources, knowledge, and effort for community responses
(see e.g Bourne et al., 2017).

It is generally accepted that social capital is contextual (Ehsan et al., 2019;
MacGillivray, 2018). This is the reason why, in each specific context, social capital
remains an interesting research area. Alternative measures may only be relevant to
particular levels — individual, household and community — of social capital (Paul et
al., 2019). It is important to consider different measures in different contexts and this
study adds to the literature by presenting results of the impact of social capital on
food security in Zimbabwe. As noted by Sabatino (2019), there is still absolute
necessity to consider the different social capital measures and this research does so

by using ‘belonging to a social group’ as a measure of social capital.

In Zimbabwe, social groups are increasingly becoming important given the collapse
of formal institutions and persistent poverty. Households are forced to resort to their
social networks for resources and information. Belonging to a social group can
therefore be viewed as a potential resource for household food security. This
explains why social capital measured as ‘belonging to a social group’ is important in
the context of Zimbabwe. Specifically, this study seeks to answer the following
questions. First, are households with members belonging to a social group more
likely to be food-secure and less likely to go hungry than those without? When faced
with food insecurity, households tend to adopt and adapt to certain behavioural
hunger-coping strategies. So, second, are households with members belonging to
social groups less likely to adopt behavioural hunger-coping strategies? Third, does
social capital increase the likelihood of a household receiving and seeking
agricultural extension services? Finally, does social capital increase the likelihood of

a household treating its harvest against post-harvest losses?

To answer these questions, this research uses a nationally representative dataset
collected annually by the Zimbabwe WVulnerability Assessment Committee
(ZIMVAC), which is a consortium of the Government of Zimbabwe, Development

Partners, United Nations, NGOs, and Technical Agencies. For the purpose of this
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study, 2015 ZIMVAC cross-sectional data was selected specifically because it is the
only survey that asked whether households had members belonging to a social
group. Other later surveys used trust as a measure of social capital, which was not of
interest in this study. A quasi-experimental method, Propensity Score Matching, was
used to ascertain the effect of social capital.

The study offers the following major findings. First, households with members
belonging to a social group are more food secure and are less likely to go hungry
than those without membership. Social capital ensures food security and decreases
the risk of hunger in Zimbabwe. Second, households with members belonging to a
social group are less likely to engage in demanding and psychologically stressful
food insecurity coping strategies such as skipping meals, limiting portion size of
meals and reducing number of meals eaten. Third, households with members
belonging to a social group are more likely to participate in agricultural training;
receive visits from agricultural extension officers, seek cropping and veterinary
advice, and technical support. Finally, households with members belonging to a
social group are more likely to treat their harvest against post-harvest losses. This

ensures food security.

The rest of the Chapter proceeds as follows. The next section reviews relevant
literature and outlines the hypotheses to be tested. Section 3.3 describes the data used
in this research and offers descriptive statistics and Section 3.4 details the design of

the study, while Section 3.5 presents the results and Section 3.6 concludes.

3.2 Literature Review

This section presents a discussion on theoretical framework and empirical review
including a detailed consideration and discussion on the concept of social capital in
general and on household hunger and food security, coping strategies, and

agricultural extension services in particular.
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3.2.1 Social Capital, household hunger and food security

The literature generally acknowledges that the concept of social capital is
‘definition-elusive’, debatable, multi-layered and complex (Ng’ang’a, 2016;
Nguyen-Trung et al., 2020; Sabatino, 2019). It embodies features of social
organization such as trust, norms and networks that enhances coordination and
cooperation for reciprocal benefit (Putman, 1995). It is also seen as a ‘stock’ or set of
resources in-built in social networks (Lin, 2017; Sabatino, 2019) and therefore
viewed as an asset of social norms and networks at the core of community collective
actions (Woolcock and Narayan, 2000). Social capital is, in simple terms, frequently
defined in terms of trust, adherence to norms or participation in networks (Fedes van
Rijn, 2015). It is a resource at the disposal of individuals and households, which

emerges from their social bonds and from belonging to a community.

Food security, on the other hand, is important in building a health society.
Household food insecurity has been linked to an array of negative psychological
outcomes, such as mental distress and accompanying feelings of depression,
especially among parents (see Jackson et al., 2019; Mandelbaum et al., 2018) may be
because food insecurity is often linked to family-level processes (Jackson and
Vaughn, 2017). It may also be linked to neighbourhoods with low social capital,
meaning that higher levels of social capital are correlated with decreased risk of
household hunger (Nebbitt et al., 2016). A low level of social capital may undermine
the ability of a community to tap from informal social support among neighbours
and group members that might curb food insecurity. The argument is that social
networks in highly cohesive communities can act as a fall-back when families in the

community face hunger.

It can, therefore, be argued that belonging to a social group can be a potential
resource for household food security. This is because social groups provide a
channel through which households gain new information, resources, and
opportunities. Being a member creates belonging and a sense of confidence; and
members receive acceptance, empathy and support. This leads to the following

hypotheses linking social capital to food security and household hunger:
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Hypothesis 3.1.1:

Households with members belonging to a social group are more likely to be food-
secure than those without membership.

Hypothesis 3.1.2:

Households with members belonging to a social group are less likely to experience a
day when there is no food to eat, go to sleep at night hungry, or go a whole day and

night hungry.

Low social capital is associated with food insecurity (see e.g. Dean and Sharkey,
2011; Jackson et al., 2019; Johnson et al., 2010). Martin et al. (2004) explored
whether social capital is positively associated with decreased risk of hunger and
concluded that social capital at both the household and community levels is
significantly associated with household food security. According to them,
community-level social capital is significantly associated with decreased odds of
experiencing hunger. They also found that having a household member who
participates in a social or civic organization is also significantly associated with
having higher levels of social capital. Social capital, especially in terms of
reciprocity among neighbours, according to them, contributes to household food
security. Households with higher levels of social capital are less likely to experience

hunger.

This research, however, is distinct from theirs on a number of fronts. First, although
they focused on the impact of social capital on household food security, social
capital is contextual since participation is likely to be influenced by culture. Their
study area is a developed country and this research adds to extant literature from a
developing country’s perspective. Second, the measure of social capital they used is
different from the one adopted in this study. In their paper, they used social capital
measured using a 7-item Likert scale analysed at household and community level
whereas in this study social capital is a binary response indicating whether a

household has a member who belongs to a social group. Third, in their empirical
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strategy, they used a logistic regression and this study adopts a different empirical
strategy which is based on quasi-experimental approach.

Although Dean and Sharkey (2011) looked at social capital and food insecurity, this
research is distinct in that it focuses on households as opposed to individuals. The
argument for them is that access of specific individuals to community-based
resources is grounded in these individuals’ engagement with their community. A
counter argument in this research is that in Zimbabwe, ensuring food security is
mainly shouldered by household heads and in turn they make decisions for the
household. This view tends to support what Morton et al. (2008) referred to as
‘reciprocal economies’ where food is shared among friends, family members,
neighbors and other community members. Such decisions are usually made by
household heads on behalf of the household. An individual level cross-sectional
study of social capital and food insecurity may not address social capital as a
structural property. Furthermore, their measure of social capital focuses on extra-
familial community components such as trust in one’s community or community

safety.

3.2.2 Social Capital and Coping Strategies

Households and communities, particularly in developing countries, find themselves
at the receiving end of shocks and are ‘forced’ to adopt and adapt coping strategies
to get by. Such shocks include but are not limited to climate risk and food insecurity.
When faced with food insecurity, households may adopt aggressive coping strategies
such as skipping meals, limiting portion size of meals, reducing number of meals

eaten, and borrowing food.

Individual and collective behaviour, social networks, and associations have a great
influence on responses and recovery systems against shocks. Sabatino (2019)
examined the relationship between resilience and social capital and presented a
review of the theory on the concepts of resilience and social capital concluding that
the relationship between social capital and resilience is important. Interest is on the
capacity to resist shocks using a social system of relations between individuals and
the ability of social groups and the community to ‘adapt, support, absorb, and cope’

with shocks such as food insecurity. At community level, coping processes are
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targeted at supporting and revamping social connections and a sense of belonging

and finding common solutions to common problems.

In the face of food insecurity, a resilient household is one that can develop and take
steps to strengthen individual and household responsibility to address and manage
the change in welfare. The household would respond in relation to pressure from the
shock and invoke the necessary structures and resources. This is where social capital
is called in to cushion households in the face of adverse shocks. A resistant
household with social capital is exposed to stress without suffering serious damage
because its social networks respond effectively through cohesion, shared identity,
learning and adaptability. This line of reasoning is consistent with the findings by
Pacoma and Delda (2019). Their results reveal that local and translocal ties add to
household resilience by way of providing food, financial assistance and
psychological support.

Nagoli and Chiwona-Karltun, (2017) provide an in-depth understanding on how
social dynamics of kinship ties assist in coping with shocks from the recessions of
Lake Chilwa in Malawi. In good seasons, Lake Chilwa provides food security to
over 1.5 million people through crop husbandry and fishing. In their paper, they
interrogated gender roles and relationships at the community level to shed light on
how social structures affect coping strategies during lake recessions. They concluded
that during lake recessions, poor households fall back on fellow households through
lineage networks. Generally, their findings shed light on how households,
communities and their livelihoods respond to shocks. However, this research is
distinct from Nagoli and Chiwona-Karltun’s work in that they looked at community

level whereas this research focuses on households.

Much of the work on social capital and coping strategies focuses on climate change
(see e.g. Bott et al.,, 2019; Chan et al., 2018; Mbiba et al., 2019; Ng’ang’a et al,,
2016; Paul et al., 2019) and not on immediate household decisions facing food
insecurity such as skipping meals, limiting portion size, and reducing number of
meals. Few studies have described and assessed potential behavioural coping
strategies among the food insecure (see e.g. Hoisington et al., 2002; Pinard et al.,
2016). Martin and Lippert (2012) observed that food insecure mothers skip meals,

wait to eat until later in the day, or eat less to spare their children from hunger. In a
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case study of Zvishavane district in Zimbabwe, Ncube et al. (2018) discovered that
rural women develop and adopt drought coping strategies such as, among others,
skipping meals and reducing meal portions. Harvey (2016), Purdam et al. (2016)
and Puddephatt et al. (2020) also observed that the food insecure report restrictive
eating patterns such as eating smaller meals, skipping meals and not eating for an
entire day.

Behavioural hunger-coping strategies such as skipping meals, limiting portion size of
meals and reducing number of meals eaten may result in problems such as
insufficient food intake and nutritional imbalance (see e.g. Lee et al., 2019). This
may lead to health challenges such as illnesses, mental health problems and
generally poor quality of life as well as depressive disorder (Daniel, 2020; Kwak and
Kim, 2017; Lee et al., 2017).

Investing in social capital is at the core of strategies that most households rely on in
responding to shocks. Adaptive households enable knowledge exchange through
social exposure between individuals, households and groups with both homogenous
and diverse socio-economic characteristics. Belonging to a social group and
investing in social networks is important and effective in the presence of
idiosyncratic food insecurity shocks. This is because households with members
belonging to socially knit social groups can rely on the informal social protection
and insurance through sharing arrangements premised on altruism or expected
reciprocity that ensures food security. Social capital, this way, provides a mechanism
through which households can protect themselves against shocks and therefore it has
an inverse relationship with coping strategies such as skipping meals, limiting
portion size of meals, reducing number of meals eaten and borrowing food.
Therefore, the following hypothesis linking social capital to household coping

strategy is proposed:

Hypothesis 3.2:

Households with members belonging to a social group are less likely to engage in
behavioural hunger-coping strategies such as skipping meals, limiting portion size of

meals, reducing number of meals and borrowing food.
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3.2.3 Social Capital and Agricultural Extension Services

Agricultural extension services provide households and farmers with information,
advice and training on various aspects related to agriculture, agricultural productivity
and markets. Agricultural advisory systems, agricultural extension and veterinary
services refer to the whole array of organisations that support and help people
involved in agricultural production to solve problems and to get information, gain
skills and obtain technologies to improve livelihoods and welfare. Agricultural
extension, advisory and veterinary services therefore ensure food security if the
advice is taken to productive use. They ensure food security through unlocking
sustainable agricultural productivity and by bridging the gap between research and
farmer practices, and aim to enhance livelihoods and well-being of communities,
particularly in rural areas, by facilitating information exchange and capacity for
collective action (Bourne et al., 2017).

Advisory services are not only concerned with the transfer of technology and
knowledge, but also facilitating households and farmers to make collective decisions
and cooperate as well as forming effective institutions for managing collective
activities. There is knowledge diffusion from researchers to farmers, among farmers
and from community to researchers. This way therefore, extension officers and
advisory agents strengthen ties between farmers and other actors. Bourne et al.
(2017) acknowledges that there has been a transition in approaches used to deliver
advisory services from technology transfer only to promoting both information flow

and developing capacity for collective action.

Social capital can loosely be viewed as a form of social protection and evidence
shows that social protection does not only have positive welfare impacts but also
stimulates productive activity among households (Cropensstedt et al., 2018). This is
essential particularly in rural areas where most of the poor live and where agriculture
remains pivotal to their livelihoods and food security. For them, linking social
protection with agricultural development may ensure food security. Cropensstedt et
al. (2018) acknowledged that informal support systems are important institutions in
most communities and there are potential synergies between informal support
mechanisms and formal social protection programmes in enhancing food security,

agricultural growth and sustainable rural development. According to them,
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integrating principles from informal networks into formal programmes is likely to
make these more effective and trusted. In the spirit of this line of reasoning,
agricultural extension services represent the formal and social capital the informal

support systems, which when integrated ensures household food security.

Fédes van Rijn et al. (2015) assessed the impact of agricultural extension services on
social capital and found indications that agricultural extension services result in
higher levels of intra-village networks (bonding social capital) in Rwanda and
improved trust and norms of cooperation (cognitive social capital) in the Democratic
Republic of Congo. They observed that agricultural education and extension efforts
need to take into consideration the role of social capital in program success
emphasising the need to have social capital indicators incorporated in the design and
analysis of evaluation tools of agriculture-related development initiatives. However,
their study compared to this research clearly shows that agricultural extension
services and social capital are endogenous. This research is distinct from theirs in
that social capital is the variable of interest and agricultural extension services is the

outcome variable whereas the opposite is true in their case.

Relatedly, Bourne et al. (2017) proposed a framework linking social network
measures to information flow and capacity for collective action and applied it to
networks in 11 sites within East Africa. Their results provide valuable insight into
performance of existing advisory systems. However, based on information networks,
anecdotal evidence and literature, they found limited capacity for collective action
within farmer groups in Rwanda and to some extent in Kenya. Furthermore, they
found that in Tanzania there were few connections with external information sources
potentially limiting new innovations entering communities. These results are not
unique to Africa. For example, Pachoud et al. (2019) conducted a social network
analysis of advice-seeking and an analysis of territorial proximity in Brazil and
concluded that extension agents are at the center of the advice network; however,
there is a lack of trust and reciprocity among producers leading to low levels of

interaction and collective action.

Literature on agricultural producer groups largely accepts that farmers’ collective

action is greatly engraved in social and cultural context driven by social norms (see
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e.g. Bijman et al, 2012; Falkowski et al., 2017). In particular, Falkowski et al. (2017)
investigated factors that promote positive solutions to coordination problems in rural
areas by closely looking at social interactions between individuals who decide to
engage in collective action of participating in agricultural producer groups. Their
analysis shows that farmers who associate more weight on trust and cooperation
organise producer groups around Kkinship and acquaintanceship relations. Their
contribution added to our understanding of how social relations in rural areas are

constructed and performed.

Belonging to a social group results in members sharing information about
agricultural visits by agricultural extension officers and becomes a conduit through
which knowledge is shared resulting in agricultural innovation. Therefore, food
security will come from the integration of knowledge from various actors and
interdependence, learning and social interaction. This means that participation in
social groups (both formal and informal networks) is expected to motivate the
exchange of information, establish synergy among members and stimulate access to
resources (see ibid.); and that may ensure food security particularly if this leads to
productive cooperation. For example, food security is expected to be facilitated by
increased interactions between farm households and other actors in agricultural

research, development and training.

Interaction within social groups and between members and the extension service is
an important part of an agricultural system. Hansen (2015) explored how interaction
between two important parties in knowledge system, namely the farmers and the
extension service can contribute to better farming performance. In particular, the
analysis was on how membership in discussion clubs influences farmers’ problem
solving behaviour and farm performance; as well as how interaction with consultants
through regular farm visits affect farmers’ problem solving behaviour. The major
conclusions are that through membership, farmers learn to improve their problem
solving and that frequent interaction with consultants through regular farm visits
helps farmers to become more proactive due to enough and relevant information.
Both for farmers and for consultants, extension services add to better problem

solving, more proactive behaviour and improved performance.
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It has been noted that farmers have managed not only to increase their knowledge
but also to actively use it through individual and group learning. Discussion group
membership has been found to have a positive impact on farmers’ profits and that
farmers’ participation in networks contributed to cheaper animal husbandry practices
(Hansen, 2013; cited in Hansen, 2015). This means that social capital contributes to
learning through interaction with others which is achieved through shared
understanding between members, agricultural extension officers and personal
relationships between them. Interacting with others can contribute to viable solutions
with the ultimate result of ensuring food security. Social capital, particularly in the
definition adopted in this study of belonging to a social group plays an important

role.

In the case of agricultural extension and veterinary services, as noted elsewhere in
the literature (ibid.), a decline in public extension services results in alternative
extension approaches including more participatory approaches such as volunteer-
farmer training. Agricultural training of this nature increases household food
security. Kumar et al. (2020) found that adoption of improved technologies and
practices is significantly increased by, among others, membership in progressive
farmers groups and cooperative societies, and participation in agricultural training
and farm visits. They also concluded that improved practices increase when farmers
obtain information from informal sources, cooperatives/farmers organizations, and
public and private extension programs. Therefore, the following hypothesis linking

social capital to agricultural extension and veterinary services are proposed:
Hypothesis 3.3.1:

Social capital increases the likelihood of a household receiving agricultural training.

Agricultural technologies can increase crop production thereby improving household
food security. Innovations such as enhanced agricultural practices, crop varieties,
inputs and related products such as crop insurance have potential to improve
household food security (Buisson and Balasubramanya, 2019; Mutenje et al., 2016).
These agricultural innovations are facilitated by a wide array of interactions between

men and women, households and communities; and are moulded by formal and
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informal institutions, practices, behaviours and social relations and ride on diffusion
of information in local systems (BenYishay and Mobarak, 2019; Fafchamps and
Quinn, 2018). Farmers learn about agricultural technology from multiple people
before adopt it themselves (Beaman et al., 2018; Morello et al., 2018; Dalemans et
al., 2018); and they consult a broad range of formal and informal professional
information sources (Fales et al., 2019; Fales et al., 2016; Koutsouris et al. 2017,
Lowe et al., 2019). This observation is supported by Fieldsend et al. (2019) in their
analysis on sustainable approaches to fostering agricultural knowledge where they
observed that most farmers sought advice from several sources; acquire and share the
knowledge. Households that receive agricultural advice have greater productivity
and greater food security compared to those that do not receive any advice at all (see
e.g. Ragasa and Mazunda, 2018). Households with social capital are likely to share
the importance of seeking and receiving this kind of advice. Therefore the following

hypothesis linking social capital to crop advice is proposed:

Hypothesis 3.3.2:

Social capital increases the likelihood of a household seeking crop advice.

Agricultural extension services include, among others, provision of timely
information and the dissemination of innovations to households, farmers, and other
rural residents who depend on agriculture. Site-specific extension advice that is
better suited to the needs of individual farm households can potentially increase
productivity (Oyinbo et al., 2019). It is therefore within the mandate of the extension
agents to disseminate best practices and innovations emanating from research on
ways of enhancing adaptive potential and resilience of vulnerable people (Niu and
Ragasa, 2018; Olorunfemi et al., 2019). This is usually achieved through regular
agricultural extension services visits to communities. Some of the approaches that
have been used include village-based intermediaries, farmer-to-farmer extension,
farmer field days and farmer field schools (see e.g. Kansiime et al., 2019; Baird et
al., 2016). Dates of visits become very important and individuals, households and
communities tend to share and remind each other on pending and upcoming visits by
extension officers. The following hypothesis linking social capital to visits by

agricultural extension officers is advanced:
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Hypothesis 3.3.3:

Social capital increases the chances of a household receiving a visit from an

agricultural extension officer.

Bard et al, (2019) adopted a qualitative approach to conceptualise how and under
what circumstances veterinary advice has the potential to support and inspire farmer
engagement with behavioural change. They concluded that, while accuracy of
veterinary advisory content is valued, it is the relational context of trust; shared
veterinarian-farmer understanding; and meaningful interpretation of advice at farmer
level that is likely to effect change. The knowledge acquired inevitably filters to
other members of the community. On the part of veterinary advisors and for them to
obtain knowledge needed to solve complex veterinary queries, advisors use
distributed networks and rely on informal ‘communities of practice’ comprised of
bonding social capital and also draw upon bridging social capital from multiple
advisors from different advisory professions (see e.g. Klerkx and Proctor, 2013).
Given this, the following hypothesis linking social capital to seeking veterinary

services is proposed:

Hypothesis 3.3.4:

Social capital increases the likelihood of a household to seek veterinary services

In general, agricultural productivity in developing countries, particularly in Southern
Africa, remains low due to limited adoption of innovation. There is some evidence of
the role of social networks in technology diffusion (Beaman et al., 2018). However,
little rigorous work has been done on how to mobilize local social networks for
agricultural innovation (Fafchamps et al.,, 2020). In agricultural innovation,
technology is regarded as an input. Agricultural technologies typically consist of a
package of technical objects, guidelines and instructions for improved farming
practices; and these may require technical support (Akullo et al., 2018). Technical
support increases productivity. Elahi et al. (2018) found that access to advisory

services of this nature improves wheat productivity. This means that agricultural
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innovation through the use of new technologies and practices needs access to
resources such as knowledge, training and emotional support. This requires support
from different actors such as peers, social capital, advisors, and researchers (see e.g.
Cofre-Bravo et al., 2019).

Farming households use all types of social capital to implement and exploit new
technologies (see e.g. Hilkens et al., 2018; Hunecke et al., 2017; ibid; Turner et al.,
2017). Abdul-Rahaman and Abdulai (2018) found that participation in farmer groups
is associated with increased yield and technical efficiency. Relatedly, Kamar et al.
(2020) found that in Nepal the probability of the adoption of improved practices is
affected by farmers’ sources of information concluding that adoption is increased
when farmers obtain information from informal sources, cooperatives/farmers
organizations, and public and private extension programs. This means that farming
innovation is influenced by social networks in which farming households are
naturally members to; giving them access to new knowledge (see e.g. Ainembabazi
et al., 2017; Jitmun et al., 2020; King et al., 2019). For example, bonding social
capital promotes cooperation and connection between farming households thereby
facilitating sharing of knowledge, labour and implements (see e.g. Hoang et al.,
2016, cited in Cofre-Bravo etal., 2019).

On the other hand, farming households with bridging and linking social capital are
likely to have greater ability to amass and assimilate knowledge about new
technologies from external sources as well as receiving timely information.
Agricultural extension networks, for instance, use model farmers to demonstrate new
cultivation techniques and technologies to local communities. This inevitably leads
to social learning (see e.g. Macours, 2019; Shikuku, 2019; Takahashi et al., 2020).
For example, Marcus and Bhasme (2018) showed that the production and transfer of
knowledge occur both horizontally to community members and vertically through
linkages with extension agents, research institutions and private sector interests. This
implies that households with members belonging to social groups may establish
strong inclusion or exclusion mechanisms within their networks so that members are
accorded access to information, whereas those without such networks are left out
from the knowledge transfer process. This leads to the development of the following

hypothesis linking social capital to technical support:
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Hypothesis 3.3.5:

Social capital increases the chances of a household receiving technical support

during an agricultural season.

Addressing seasonal food insecurity does not only require increased food production,
but also taking into account post-harvest losses (Brander et al. 2020). Post-harvest
losses during storage have been noted to be substantial in Sub-Saharan Africa due
mostly to insect infestation and mould damage (see e.g. Chegere, 2018; Danso et al.,
2017; Mutungi et al., 2019; Tesfaye and Tirivayi, 2018). In Zimbabwe, for example,
maize postharvest losses range between 15.5 and 17.5 percent (Govere et al., 2019).
Brander et al. (2020) discovered that improved on-farm storage reduces seasonal
food insecurity of smallholder farmer households. According to them, addressing
seasonal food insecurity demands taking into account post-harvest losses during
storage. In Kenya, Aggarwal et al. (2018) (cited in Brander et al. (2020)) find that
giving community saving clubs hermetic storage bags increases the quantity stored.
Hermetic storage bags are effective against insects by stopping accelerated
multiplication of insects (see e.g. Abass et al., 2018; Mutambuki et al., 2019;
Singano et al.,, 2019). Relatedly, Purdue Improved Crop Storage bags retain

provitamin and caotenoids in biofortified maize genotypes (Nkhata et al., 2019).

In Uganda, Omotilewa et al. (2018) discovered that households that were given an
improved maize storage technology stored maize for a longer period and reported a
substantial drop in storage losses than the untreated cohorts. In another Randomised
Control Trial in Tanzania, Brander et al. (2020) discovered that improved on-farm
storage reduces seasonal food insecurity. These post-harvest storage technologies are
likely to be shared among families, relatives, neighbours and communities. This is
because people prefer to spread knowledge to their acquaintances (Cetto et al., 2018;
Walker, 2011; Zheng et al., 2019); and social networks are an important mechanism
for diffusing information (Beaman and Dillon, 2018). This leads to the following

hypothesis linking social capital to post-harvest treatment of produce against losses:

81



Hypothesis 3.3.6:

Social capital increases the likelihood of a household to treat its harvest against
postharvest losses.

3.3 Data

This research is based on a nationally representative dataset collected annually by the
Zimbabwe Vulnerability Assessment Committee (ZIMVAC), which is a consortium
of the Government of Zimbabwe, Development Partners, United Nations, NGOs,
and Technical Agencies. It is led and regulated by the Government of Zimbabwe and
chaired by the Food and Nutrition Council (FNC), a department in the Office of the
President. In turn, the FNC is mandated to promote a multi-sectoral response to food

insecurity and nutrition.

For the purpose of this study, 2015 ZIMVAC cross-sectional data was selected
specifically because it is the only survey that asked whether households had
members belonging to a social group. Other later surveys used trust as a measure of
social capital, which was not of interest in this research. The 2015 ZIMVAC survey
asks household heads whether there is anyone in their household who is a member of
a social group. Social groups mentioned in the survey are: community associations,
Informal Savings and Loans Associations (ISAL), SACCOs (registered and formal
credit and lending), agricultural extension groups, credit unions for inputs/cash, and
burial societies. It goes on to ask household heads how many months they have been
members to a particular social group, and the benefits of being a member of a
particular group to the household. The respondents were given an option to indicate
whether the benefits were: information sharing; access to credit/loans; learning from

each other; pooling resources for production; group marketing; or not.

The dataset has 10,708 households and descriptively, 22 percent of households have
members belonging to a social group. Table 3.1 below shows descriptive statistics of
household characteristics. The average age of household heads with members
belonging to a social group is higher at 52 years than those without. They also have

more education and bigger households than those without membership. On average,
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relatively more household heads with members belonging to a social group are
female and married than those without.

Table 3.1: Descriptive Statistics: Household Characteristics

Comparison Treatment Mean
group group diff.
@ (2 3
Household head’s age 48.65 51.36 -2.71%**
(17.71) (15.85)
Household size 4.90 5.42 -0.52%**
(2.09) (2.06)
Household head is female 0.35 0.37 -0.02**
(0.48) (0.48)
Household head is married 0.70 0.72 -0.02**
(0.46) (0.45)
Household head is divorced 0.05 0.03 0.01***
(0.21) (0.18)
Head’s education: O level 0.22 0.26 -0.03***
(0.42) (0.44)
Head has no education 0.23 0.18 0.04***
(0.42) (0.39)
Observations 8,307 2,338

Notes: Standard Deviations in parenthesis. Mean Differences in Column (3) were calculated using t-
tests and before Propensity Score Matching. Treatment Group is comprised of households with
members belonging to a social group. Comparison Group is comprised of households without social
capital. *** p<0.01, ** p<0.05, * p<0.1

The outcome of interest is household food security and this study employs mainly
single-item indicators to measure it. These single-item indicators have recently
received favour and are widely accepted as valid indicators and proxies of food
security (see e.g. Jackson et al., 2019; Lee et al, 2016; Narain et al., 2018). Table 3.2

shows descriptive statistics for different food security pillars. Food Security Pillar 1

describes household food security from cereals stocks and food crops; Pillar 2

household food security from cereals stocks, food crops and cash crops; Pillar 3
household food security from cereals stocks, food crops, cash crops, and livestock;
Pillar 4 = household food security from cereals stocks, food crops, cash crops,
livestock, and remittances; and Food Security Pillar 5 = household food security

from cereals stocks, food crops, cash crops, livestock, remittances, and income. On
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average, households with members belonging to social groups are more food secure
than those without.

Table 3.2: Descriptive Statistics: Dependent Variables — Food Security

Comparison Treatment Mean
group group diff.
(1) (2) 3)
Food security Pillar 1 0.18 0.21 -0.02**
(0.39) (0.40)
Food security Pillar 2 0.21 0.23 -0.01
(0.41) (0.42)
Food security Pillar 3 0.27 0.34 -0.07***
(0.44) (0.47)
Food security Pillar 4 0.31 0.37 -0.06***
(0.46) (0.48)
Food security Pillar 5 0.83 0.90 -0.07***
(0.38) (0.30)
Observations 8,357 2,351

Notes: Standard Deviations are in parenthesis. The Mean Differences in Column (3) were calculated
using t-tests and before Propensity Score Matching. Treatment Group is comprised of households
with members belonging to a social group and the Comparison Group is comprised of households
without. Food Security Pillar 1 = household food security from cereals stocks and food crops; Pillar 2
= household food security from cereals stocks, food crops and cash crops; Pillar 3 = household food
security from cereals stocks, food crops, cash crops, and livestock; Pillar 4 = household food security
from cereals stocks, food crops, cash crops, livestock, and remittances; and Food Security Pillar 5 =
household food security from cereals stocks, food crops, cash crops, livestock, remittances, and
income. Each food security pillar is binary indicating whether a household is food secure in the pillar
or not. *** p<0.01, ** p<0.05, * p<0.1

Household food security in this study is also measured by binary responses to
whether there was a day in the past 30 days when there was no food to eat; there was
any household member who went to sleep at night hungry in the past 30 days; and
whether any household member went a whole day and night hungry in the past 30
days; or not. These were conveniently called Household Hunger Scale 1, Household
Hunger Scale 2 and Household Hunger Scale 3, respectively as shown in Table 3.3.
On average, 23 percent of households without any member belonging to a social
group report having a day when there was no food compared to only 15 percent for
households with social capital. Sleeping without eating anything is an implicit
measure of the severity of food insecurity. Of the households without any of their

members belonging to a social group, 22 percent reported ever going to sleep at
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night without eating anything compared to 18 percent of those with social capital.
Only 6 percent of households with members belonging to a social group ever went a
whole day and night hungry compared with 11 percent of households without social
capital. On average, relatively a higher proportion of households without social

capital experience hunger than those with social capital.

Table 3.3: Descriptive Statistics: Dependent Variables — Household Hunger

Comparison Treatment Mean
Group Group diff.
(1) (2 ©)
Household hunger scale 1 0.23 0.15 0.08***
(0.42) (0.36)
Household hunger scale 2 0.22 0.18 0.04***
(0.41) (0.39)
Household hunger scale 3 0.11 0.06 0.04***
(0.31) (0.24)
Observations 8,357 2,351

Notes: Standard Deviations in parenthesis. Treatment group is comprised of households with
members belonging to a social group and Comparison Group is comprised of households without. The
Mean Differences in Column (3) were calculated using t-tests and before Propensity Score Matching.
Household Hunger Scale 1 = whether there was a day in the past 30 days when there was no food to
eat; Household Hunger Scale 2 = whether there was any household member who went to sleep at
night hungry in the past 30 days; and Household Hunger Scale 3 = whether any household member
went a whole day and night hungry in the past 30 days. *** p<0.01, ** p<0.05, * p<0.1

When faced with food insecurity shocks, households tend to adopt coping strategies
such as skipping meals, limiting portion size at meal, and reducing the number of
meals. Table 3.4 below shows descriptive statistics on behavioural hunger-coping
strategies by treatment and control groups. Treatment group is comprised of
households with members belonging to a social group and control group is
comprised of households without any member belonging to a social group. Only 9
percent of households in the treatment group resort to skipping meals compared to
15 percent of households in the control group. The proportion of households
resorting to limiting meal portion sizes and reducing the number of meals is high in
both the treatment and control groups although with significant differences between
the groups. Sixty percent of households in the control group report limiting portion

size of meals compared to 56 percent of households in the treatment group. On the
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other hand, 61 percent and 55 percent reduce the number of meals in the control and
treatment groups, respectively. Forty-six and 42 percent of households without social
capital and those with social capital resort to borrowing food, respectively.

Table 3.4: Descriptive Statistics: Dependent Variables — Coping Strategies

Comparison Treatment Mean
group group diff.
1) (2) ©)
Skipping meals 0.15 0.09 0.06***
(0.36) (0.29)
Limiting portion size 0.61 0.56 0.05***
(0.49) (0.50)
Reducing number of meals 0.60 0.55 0.05***
(0.49) (0.50)
Borrowing food 0.46 0.42 0.04***
(0.50) (0.49)
Observations 8,357 2,351

NOTES: Standard Deviations in parenthesis. Treatment group is comprised of households with
members belonging to a social group and Comparison Group is comprised of households without. The
Mean Differences in Column (3) were calculated using t-tests and before Propensity Score Matching.
*** n<0.01, ** p<0.05, * p<0.1

Table 3.5 shows descriptive statistics for dependent variables of agricultural
extension and veterinary services by treatment and control groups. The survey asked
household heads whether a household received any agricultural training in the
2014/2015 agricultural season, they received any visit by an Agricultural Extension
Officer, any member of the household sought any cropping advice during the
cropping season, any household member sought veterinary services, a household
received any technical support during the agricultural season, and whether a
household treat its harvest against post-harvest losses; or not. As can be seen from
Table 3.5, the mean differences between households with members belonging to a
social group and those without are huge. Fifty-seven percent of households with
members belonging to a social group received agricultural training compared to only
33 percent of households without social capital. On the other hand, 47 percent of
households with social capital had a visit from an Agricultural Extension Officer

compared to only 29 percent for households without social capital.
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Table 3.5: Descriptive Statistics: Dependent Variables - Agricultural Extension
Services

Comparison Treatment Mean
Group Group diff.
1) 2) ©)
Agricultural training 0.33 0.57 -0.24%**
(0.47) (0.49)
Agritex visit 0.29 0.47 -0.19***
(0.45) (0.50)
Seek crop advice 0.23 0.40 -0.17***
(0.42) (0.49)
Seek veterinary services 0.18 0.32 -0.14***
(0.38) (0.47)
Technical support 0.20 0.36 -0.16***
(0.40) (0.48)
Treat harvest 0.55 0.72 -0.16***
(0.50) (0.45)
Observations 8,357 2,351

NOTES: Standard Deviations in parenthesis. Treatment group is comprised of households with
members belonging to a social group and Comparison Group is comprised of households without. The
Mean Differences in Column (3) were calculated using t-tests and before Propensity Score Matching.
Agric Training = whether a household received any agricultural training in the 2014/2015 agricultural
season. Agritex Visit = whether a household received any visit by an Agricultural Extension Officer.
Seek Crop Advice = whether any member of the household sought any cropping advice during the
cropping season. Seek Vet Services = whether any household member sought veterinary services.
Tech Support = whether a household received any technical support during the agricultural season.
Treat Harvest = whether a household treat its harvest against rodents and weevils. *** p<0.01, **
p<0.05, * p<0.1

Relatedly, only 23 percent of households in the comparison group sought crop
advice compared to 40 percent of households in the treatment group. Seeking crop
advice is likely to be associated with good yields and may ensure food security.
Eighteen percent of households in the comparison group sought veterinary services
compared to 32 percent of households in the treatment group and only 20 percent of
them sought technical support compared with 36 percent of households in the
treatment group. Food security is also ensured by preserving harvests from rodents
and weevils and other causes of post-harvest losses. Seventy-two percent of
households in the treatment group treat their harvest against post-harvest losses

compared to only 55 percent from the comparison group.
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Almost all the differences in means from Table 3.1 to Table 3.5 are significantly
different from zero. This means that on average, having social capital improves
welfare and is associated with food security. This also brings in another interesting
scenario from a methodological point of view. In finding the effect of an
intervention, it is important to make sure that the treatment and control groups are

comparable. This issue is sufficiently dealt with in the next section on methodology.

3.4 Methodology

3.4.1 Empirical Strategy

Social capital is potentially endogenous and as such experimental and quasi-
experimental empirical strategies are the most appropriate to establish effects. The
definition of social capital adopted in this study is a binary response on whether a
household has a member who belongs to a social group. This measure is likely to
suffer from selection bias if there are systematic and unobserved characteristics that
make certain members and households self-select themselves into social groups more
than others who do not possess such characteristics. This study is not a Randomised
Controlled Trial (RCT) and as such the effect of social capital on food security
outcome variables can be subject to treatment selection bias in which households
with members belonging to a social group may differ systematically from

households with no member belonging to a social group.

In light of the above arguments, Propensity Score Matching is therefore adopted in
this research. Propensity Score Matching is increasingly used to estimate treatment
effects using observational data (Austin, 2009; Ali et al., 2015; Fullerton, 2016;
Garrido et al., 2014; Lee and Little, 2017; Linden and Samuels, 2013). A propensity
score is a single score that in this case will represent the probability of a household
having a member who belongs to a social group, conditional on a set of observed
covariates. Conditional on the true propensity score, belonging to a social group is
independent of measured baseline covariates. In other words, treated and untreated
households with the same propensity score will have similar distributions of
observed baseline covariates (see Rosenbaum and Rubin, 1983; 1984). This means

that propensity scores are important when estimating a treatment’s effect on an
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outcome using observational data and when selection bias due to non-random
treatment assignment is likely. Propensity scores therefore provide a way to balance
measured covariates across households with members belonging to a social group
and households without and better approximates the counterfactual for treated
households. A probit model used to calculate the propensity score can be

summarized as follows:

P(S; = 11X;) = F(X; ) €]

The empirical strategy is motivated as follows:

ATT = E[Y, - Y, |S=1] )

where Y; is the potential outcome in the case of a household having a member
belonging to a social group. Y, is the potential outcome if a household does not have
any of its members belonging to a social group. S is binary, with S =1 if the
household has a member belonging to a social group and S = 0 otherwise. X; is a
vector of covariates that influence social capital and g is 1 x k vector of coefficients.
F(X;pB) is a cumulative probability function of the standard normal distribution. ATT
is the Average Treatment Effect on the Treated and ATT is only identified when the
outcomes of households from the treatment and comparison groups do not differ in

the absence of treatment. That is if:

ElYolS=1]—-(E[YolS=0]) =0 3)
To achieve that in an observational study such as this one, requires relying on some
identifying assumptions. The first assumption requires that assignment to treatment
be independent of the outcomes, conditional on the covariates, X, -:

[Yo; V;1 LS| X )

The second assumption is the overlap or common support condition. The probability

of assignment should be bounded away from zero and one:
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0<Pr(S=1]%X) <1 (5)

This means that with the common support assumption, the assignment mechanism
can be interpreted as if, within subpopulations of units with the same value for the
covariate, totally randomised experiment was carried out and data can be analysed
from subsamples with the same value of the covariates under such interpretation
(Grilli and Rampichini, 2011). When these two assumptions are satisfied then the
treatment can be referred to as being strongly ignorable (see Rosenbaum and Rubin,
1983). Unfortunately, the strongly ignorable treatment assignment assumption

cannot be empirically tested.

Propensity Score Matching method attempts to imitate the randomised assignment to
treatment and comparison groups by selecting from the comparison group those
households that have similar propensities to households in the treatment group. The
impact of social capital on food security is therefore estimated by comparing the
average outcomes of a household with a member belonging to a social group and the
average outcome among a statistically matched subgroup from households without
any of its members belonging to a social group. This match is achieved based on

observed characteristics available in the ZIMVAC data.

3.4.2 Choice of variables in the calculation of the propensity score

The major consideration in selecting variables to be used in the calculation of a
propensity score is the trade off between bias and efficiency. In choosing variables,
attention was paid to variables that are potentially related to food security but not
social capital. Variables associated with social capital but not food security were left
out because they do not address confounding and are irrelevant for the purposes of
the propensity score. Covariates affected by social capital were left out because they
potentially mask part of the treatment effect being estimated (see e.g. Garrido et al.,
2014). Related, variables that perfectly predict social capital were also left out in the
calculation of the propensity score because they do not achieve sufficient overlap in
some degree between households with members belonging to a social group and

those without.
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The selection of variables for the calculation of the propensity score was limited to
household head’s age, gender of the household head, marital status of the household
head, household head’s education and village, SO as to keep the variables that are
potentially related to both social capital and food security and to disregard those that
are weakly associated with food security. Using all covariates was avoided in order
to circumvent bias arising from selecting a wide bandwidth in response to the
weakness of the common support. Including insignificant covariates in the
propensity score specification would lead to inefficiency since this would increase
the variance of the propensity score estimates.

3.4.3 Balance on the propensity score

It is here that the overlap assumption is addressed. A large area of common support
gives confidence and assurance that the observed treatment effect satisfies external
validity. Therefore, it is important to ensure that there is overlap in the range of
propensity scores across households with members who belong to a social group and
those that do not. This was achieved by subjectively examining graphs of propensity
scores across treatment and comparison groups. For example, Figure 3.1 shows the
overlap of the distribution of the propensity scores across households with a member
belonging to a social group (treatment group) and households without (control
group). As can be seen from the graph on the check of the range of common support,
balance was achieved across treatment and comparison groups. It was also ensured
that the distribution of the propensity score is similar between treatment and
comparison groups by splitting the entire sample into quintiles (see e.g. Lee and
Little, 2017).
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Figure 3.1: A Check on the Range of Common Support
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3.4.4 Balance on the Covariates

In order to ensure that the propensity score’s distribution is not different across
groups and that the propensity score is appropriately specified, a check for balance of
individual covariates across households with members belonging to a social group
and those without within blocks of the propensity score was carried out. This was to
ensure that treatment and comparison groups are comparable on baseline
characteristics so as to guarantee valid results. To achieve this, standardised
differences were calculated. Figure 2 below displays visual inspection of
standardised differences for unmatched and matched samples. Before matching,
standardized percentage bias across covariates ranged from -8% and 16% but after

matching it was significantly reduced to between 0 and 4.5%.
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Figure 3.2: Visual Inspection of Standardized Differences
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Table 3.6 shows standardised differences across covariates after matching. All
standardized differences after matching across covariates are all less than 0.03. This
confirms that the covariates are balanced and the propensity score’s distribution is
similar across groups. Although there is no rule regarding how much imbalance is
acceptable, standardised differences of less than 0.03 are, by all standards very small

and acceptable.

Table 3.6: Standardized Differences across Covariates after Matching

Mean in treated Mean in untreated  Standardized diff.

(1) 2) (3)
Head’s Age 49.72 49.29 0.026
Head is Female 0.36 0.36 0.016
Head is divorced 0.04 0.04 0.002
Head has ‘O’Level 0.23 0.23 -0.006

NOTES: Treatment Group is comprised of households with members belonging to a social group.
Comparison Group is comprised of households without any member belonging to a social group.

The smaller the differences are, the better. Literature points to anything from 0.10 to

0.25 as being indicative of imbalance (Austin, 2009; Garrido et al., 2014; Linden and
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Samuels, 2013; Normand et al, 2001; Rubin, 1973). Using standardised differences
other than t-tests and any other such diagnostic tool is appropriate in that
standardised differences are dimensionless and are not influenced by sample size.
Therefore they can be used to compare balance in measured covariates between
households with members belonging to a social group and those without in the
matched sample with that in the unmatched sample. Figure 3.3 below also confirms
that balance across continuous covariates was also achieved. The figure shows a
density plot of household head’s age for treatment and control groups after matching
and the visual inspection shows that they were indeed balanced and the distribution
is similar in both the treatment and control groups.

Figure 3.3: Density Plot for Household Head’s Age in Treated and Comparison
Groups after Matching

kdensity age01
.01 .015 .02 .025
| | | |

.005
|

T
0 20 40 60 80 100

Head's Age: Treated Head's Age: Comparison

3.4.5 Matching and weighting strategies

The choice of matching and weighting strategy is, to a large extend, influenced by
the trade-off between bias and efficiency. Nearest Neighbour matching and the
Inverse-Probability Treatment Weights (IPTW) were chosen for this study. Nearest

Neighbour was chosen because it often produces well balanced samples. Each
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household with members belonging to a social group was matched to one
comparable household without. This one-to-one matching algorithm was preferred
because it leads to least biased estimates and efficiency was not much of a concern
because of large number of observations in the dataset. The Nearest Neighbour

matching estimator is motivated as:

1
— b b
ATTNN — m Z Yio S __ Z VVU on S (6)
i:wW;=1 jeC(m
— i YObS _ i WYObS 7
iw;=1 jeC(m

where NT is the number of households with members belonging to a social group;

N{ is the number of households without; W;; is equal to % if j is a control units of i

4

and zero otherwise; and W; = %, w;; . As for the Inverse-Probability Treatment
Weights, each household with members belonging to a social group receives a
weight equal to the inverse of the propensity score and each comparable household
without social capital is given a weight equal to the inverse of one minus the

propensity score.

3.5. Results

In assessing the impact of social capital on food security, a number of food security
related outcome variables were used. These included food security pillars, household
hunger scales, coping strategies and agricultural extension and veterinary services
related outcome variables. Table 3.7 below shows estimation results of the impact of
social capital on 5 different food security pillars. Food Security Pillars from 1 to 5
are binary, based on whether a household is food secure to the described categories
or not. Food Security Pillar 1 is based on household food security from cereals
stocks and food crops. Pillar 2 is based on household food security from cereals
stocks, food crops and cash crops; and Pillar 3 on food security from cereals stocks,

food crops, cash crops, and livestock. Relatedly, Pillar 4 is concerned with
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household food security from cereals stocks, food crops, cash crops, livestock, and
remittances. Finally, Food Security Pillar 5 is likewise based on household food
security from cereals stocks, food crops, cash crops, livestock, remittances, and

income.

Panel A of Table 3.7 shows Nearest Neighbour Matching results. These results
measure average treatment effect on the treated. Households with social capital are
more food secure than those without. The impact is significant at 1 percent for Food
Security Pillars 3 to 6. Households with members belonging to a social group have a
6 percentage point higher chance of being food secure in cereal stocks, food crops,
cash crops, and livestock and an 8 percentage point higher chance of being food

secure for Food Security Pillar 6 than those without members who belong to a social

group.

These results are confirmed in Panel B and Panel C in the table. Panel B shows
Kernel Weighted Estimations of the impact of social capital on food security. These
results are consistent with results in Panel A of the table except that the results are
now also picking significance at 1 percent for Food Security Pillar 1. The estimated
effect and level of significance are similar for Nearest Neighbour matching results in
Panel A and those in Panel B for Food Security Pillars 3 to 6. These findings are also
supported by results in Panel C of the table, which shows Inverse-Probability
Treatment Weight results of the impact of social capital on food security. These
results support hypothesis 3.1.1 confirming that social capital has an impact on
household food security. This result supports Jackson et al. (2019) who found that

social capital is positively associated with food security.

In general, households that are food insecure are likely to experience incidences of
hunger. This may involve experiences of lean days in which households may spend
some days without food or even retiring to bed without eating anything. Table 3.8
presents results on the impact of social capital on household hunger. The table has
three panels showing Nearest Neighbour Matching, Kernel Weighted and Inverse-
Probability of Treatment Weight estimation results, respectively. The results are also
presented based on specific household hunger questions. Household Hunger Scale 1
is based on whether there was a day in the past 30 days when there was no food to

eat. Household Hunger Scale 2, in turn, is based on whether there was any household
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Table 3.7: Average Treatment Effect on the Treated (ATT) of Social Capital on Food Security

PANEL A: NEAREST NEIGHBOR MATCHING

Food Security Food Security Food Security Food Security Food Security
Pillar 1 Pillar 2 Pillar 3 Pillar 4 Pillar 5
Social Capital 0.017 0.004 0.058*** 0.055*** 0.082***
(0.013) (0.013) (0.015) (0.015) (0.012)
Observations 10,645 10,645 10,645 10,645 10,645
PANEL B: KERNEL WEIGHT RESULTS OF SOCIAL CAPITAL ON FOOD SECURITY
Food Security  Food Security Food Security Food Security Food Security
Pillar 1 Pillar 2 Pillar 3 Pillar 4 Pillar 5
Social Capital 0.019*** 0.008 0.060*** 0.053*** 0.072***
(0.003) (0.011) (0.001) (0.011) (0.012)
Observations 10,645 10,645 10,645 10,645 10,645
PANEL 3: IPTW RESULTS OF SOCIAL CAPITAL ON FOOD SECURITY
Food Security  Food Security Food Security Food Security Food Security
Pillar 1 Pillar 2 Pillar 3 Pillar 4 Pillar 5
Social Capital 0.020** 0.011 0.062*** 0.054*** 0.073***
(0.009) (0.010) (0.011) (0.011) (0.008)
Observations 10,645 10,645 10,645 10,645 10,645

NOTES: Results based on 2015 ZIMVAC data. The probability of treatment is based on a probit model. Social Capital is binary (=1 if a household has a member
who belongs in a social group). Food Security Pillars from 1 to 5 above are binary. Food Security Pillar 1 = household food security from cereals stocks and food
crops; Pillar 2 = household food security from cereals stocks, food crops and cash crops; Pillar 3 = household food security from cereals stocks, food crops, cash
crops, and livestock; Pillar 4 = household food security from cereals stocks, food crops, cash crops, livestock, and remittances; and Food Security Pillar 5 =
household food security from cereals stocks, food crops, cash crops, livestock, remittances, and income. Standard errors in parentheses *** p<0.01, ** p<0.05, *
p<0.1
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member who went to sleep at night hungry in the past 30 days; and Household
Hunger Scale 3 on whether any household member went a whole day and night

hungry in the past 30 days.

The results show that households with social capital are less likely to experience a
day when there was no food to eat, less likely to have household members who went
to sleep at night hungry, and less likely to go a whole day and night hungry
compared to those without. The results are consistent and significant at 1 percent in
all the three matching algorithms used in this study and for all the household hunger
scales. For example, households with members belonging to a social group have a
7.8 percentage point lower chance of experiencing a day when there was no food to
eat; a 4.7 percentage point lower chance of having a member who went to sleep at
night hungry; and a 4.6 percentage point lower chance of having a member going a
whole day and night hungry than those without members belonging to a social
group. These results confirm hypothesis 3.1.2 and are consistent with the findings of
Martin et al (2004) who concluded that social capital is positively associated with

decreased risk of hunger.

When faced with food insecurity, households are forced to adopt coping strategies
including skipping meals, limiting portion size at meal, reducing the number of
meals, borrowing food, eating less expensive food and sometimes eating immature
crops. Relatively more food secure households are less likely to adopt these
strategies. In order to assess the impact of social capital on these coping strategies,
matching estimations were carried out and the results are presented in Table 3.9,
Table 3.10 and Table 3.11.

Table 3.9 presents Nearest Neighbour Matching estimation results. The table
comprises of results for the impact of social capital on 12 coping strategies. Coping
Strategy 1 is based on whether a household skipped an entire day without eating and
Coping Strategy 2 on limiting portion size at meal. Coping Strategy 3 = reducing
number of meals eaten; Coping Strategy 4 = borrowing food. Household Coping
Strategy 5 = relying on less expensive food; Coping Strategy 6 = harvesting
immature food crops; Strategy 7 = sending household members to eat with

neighbours; and Coping Strategy 8 = sending household members to beg.
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Table 3.8: Impact of Social Capital on Household Hunger Scale

PANEL A: NEAREST NEIGHBOR ESTIMATIMATIONS

Hunger Scale

Hunger Scale

Hunger Scale

1 2 3
Social Capital -0.078*** -0.047*** -0.046***
(0.013) (0.013) (0.009)
Observations 10,645 10,645 10,645

PANEL B: KERNEL WEIGHT ESTIMATIONS

Hunger Scale

Hunger Scale

Hunger Scale

1 2 3
Social Capital -0.073*** -0.031*** -0.043***
(0.009) (0.001) (0.003)
Observations 10,645 10,645 10,645

PANEL C: INVERSE-PROBABILITY OF TREATMENT WEIGHT ESTIMATIONS

Hunger Scale

Hunger Scale

Hunger Scale

1 2 3
Social Capital -0.076*** -0.034*** -0.044%***
(0.009) (0.009) (0.006)
Observations 10,645 10,645 10,645

NOTES: Results based on 2015 ZIMVAC data. The probability of treatment is based on a probit model. Social Capital is binary (=1 if a household has a member
who belongs in a social group). Household Hunger Scale 1 to 3 above are binary. Household Hunger Scale 1 = whether there was a day in the past 30 days when
there was no food to eat; Household Hunger 2 = whether there was any household member who went to sleep at night hungry in the past 30 days; and Household
Hunger 3 = whether any household member went a whole day and night hungry in the past 30 days. Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Household Coping Strategy 9 = purchasing food on credit; Coping Strategy 10 =
gathering food and hunting; Coping Strategy 11 = reducing adult consumption; and
Coping Strategy 12 = relying on casual labour for food.

The results show that households with members belonging to a social group, when
compared to households without, have a: 6.6 percentage point lower chance of
skipping an entire day without eating; 5.4 percentage point lower chance of limiting
portion size of meals; 4.3 percentage point lower chance of borrowing food; 8.2
percentage point lower chance of relying on less expensive food; 8.5 percentage
point lower chance of harvesting immature food crops; 3.4 percentage point lower
chance of sending household members to eat with neighbours; 5.4 percentage point
lower chance of sending members to beg; 2.5 percentage point lower chance of
purchasing food on credit; 3.3 percentage point lower chance of gathering food and
hunt; 6.5 percentage point lower chance of reducing adult consumption; and a 6.1
percentage point lower chance of relying on casual labour for food. All the estimates
are significant at 1 percent except for the estimate for Coping Strategy 9: purchasing

food on credit, which is weakly significant.

To check for robustness, Kernel-Weighted and Inverse-Probability of Treatment
Weight results are presented in Table 3.10 and Table 3.11, respectively. Results in
Table 3.10 are consistent with results in Table 3.9: Households with social capital
are less likely to adopt the outlined coping strategies compared to households
without. All the estimates are also significantly different from zero at the 1 percent
level except for Coping Strategy 9: purchasing food on credit, which is also weakly
significant. These results are also confirmed in the Inverse-Probability of Treatment
Weight results in Table 3.11. All the estimates are strongly significant. However, the
estimate for Coping Strategy 9 is now significant at 5 percent when compared to
results in Table 3.9 and Table 3.10.

These results therefore support hypothesis 3.2 that households with members
belonging to a social group are less likely to engage in behavioural hunger-coping
strategies that include skipping meals through to relying on casual labour for food.
Martin and Lippert (2012) observed that food-insecure mothers skip meals.
Relatedly, Ncube et al. (2018) concluded that women skip meals and reduce meal

portions and Puddephatt et al. (2020) reported that the food-insecure indicate
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Table 3.9: Nearest Neighbour Estimation Results of the Impact of Social Capital on Household Coping Strategy

Coping Strategy  Coping Strategy Coping Strategy Coping Strategy
1 2 4

3
Social Capital -0.066*** -0.054*** -0.052*** -0.043***
(0.011) (0.016) (0.016) (0.016)
Observations 10,645 10,645 10,645 10,645
Coping Strategy Coping Strategy Coping Strategy Coping Strategy
5 6 7 8
Social Capital -0.082*** -0.085*** -0.034*** -0.054***
(0.016) (0.016) (0.009) (0.009)
Observations 10,645 10,645 10,645 10,645
Coping Strategy Coping Strategy Coping Strategy Coping Strategy
9 10 11 12
Social Capital -0.025* -0.033*** -0.065*** -0.061***
(0.015) (0.012) (0.016) (0.015)
Observations 10,645 10,645 10,645 10,645

NOTES: Average Treatment Effects on the Treated Results based on 2015 ZIMVAC data and nearest neighbor matching. The probability of treatment is based on
a probit model. Social Capital is binary (=1 if a household has a member who belongs in a social group). Household Coping Strategy from 1 to 12 above are binary.
Coping Strategy 1 = skipping entire day without eating; Coping Strategy 2 = limiting portion size at meal; Coping Strategy 3 = reducing number of meals eaten;
Coping Strategy 4 = borrowing food. Household Coping Strategy 5 = relying on less expensive food; Coping Strategy 6 = harvesting immature food crops;
Strategy 7 = sending household members to eat with neighbors; and Coping Strategy 8 = sending household members to beg. Household Coping Strategy 9 =
purchasing food on credit; Coping Strategy 10 = gathering food and hunting; Coping Strategy 11 = reducing adult consumption; and Coping Strategy 12 = relying
on casual labor for food. Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.10: Kernel-Weight Results of Impact of Social Capital on Household Coping Strategy

Coping Strategy

Coping Strategy Coping Strategy

Coping Strategy

Pillar 1 Pillar 2 Pillar 3 Pillar 4
Social Capital -0.058*** -0.049*** -0.047*** -0.034***

(0.001) (0.016) (0.010) (0.001)
Observations 10,645 10,645 10,645 10,645

Coping Strategy

Coping Strategy Coping Strategy

Coping Strategy

Pillar 5 Pillar 6 Pillar 7 Pillar 8
Social Capital -0.055*** -0.068*** -0.033*** -0.052***

(0.004) (0.004) (0.008) (0.003)
Observations 10,645 10,645 10,645 10,645

Coping Strategy

Coping Strategy Coping Strategy

Coping Strategy

Pillar 9 Pillar 10 Pillar 11 Pillar 12
Social Capital -0.019** -0.031*** -0.047%** -0.063***

(0.009) (0.003) (0.000) (0.016)
Observations 10,645 10,645 10,645 10,645

NOTES: Average Treatment Effects on the Treated Results based on 2015 ZIMVAC data and Kernel Weighted matching. The probability of treatment is based on
a probit model. Social Capital is binary (=1 if a household has a member who belongs in a social group). Household Coping Strategy from 1 to 12 above are binary.
Coping Strategy 1 = skipping entire day without eating; Coping Strategy 2 = limiting portion size at meal; Coping Strategy 3 = reducing number of meals eaten;
Coping Strategy 4 = borrowing food. Household Coping Strategy 5 = relying on less expensive food; Coping Strategy 6 = harvesting immature food crops;
Strategy 7 = sending household members to eat with neighbours; and Coping Strategy 8 = sending household members to beg. Household Coping Strategy 9 =
purchasing food on credit; Coping Strategy 10 = gathering food and hunting; Coping Strategy 11 = reducing adult consumption; and Coping Strategy 12 = relying
on casual labor for food. Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.11: IPTW Results of the Impact of Social Capital on Household Coping Strategy

Coping Strategy  Coping Strategy Coping Strategy

Coping Strategy

Pillar 1 Pillar 2 Pillar 3 Pillar 4
Social Capital -0.060*** -0.048*** -0.051*** -0.035***

(0.007) (0.012) (0.012) (0.012)
Observations 10,645 10,645 10,645 10,645

Coping Strategy Coping Strategy Coping Strategy

Coping Strategy

Pillar 5 Pillar 6 Pillar 7 Pillar 8
Social Capital -0.056*** -0.065*** -0.035*** -0.052***

(0.012) (0.011) (0.006) (0.006)
Observations 10,645 10,645 10,645 10,645

Coping Strategy  Coping Strategy Coping Strategy

Coping Strategy

Pillar 9 Pillar 10 Pillar 11 Pillar 12
Social Capital -0.019* -0.033*** -0.042%** -0.060***

(0.011) (0.008) (0.011) (0.011)
Observations 10,645 10,645 10,645 10,645

NOTES: Average Treatment Effects on the Treated Results based on 2015 ZIMVAC data and Inverse-Probability of Treatment Weight matching. The probability
of treatment is based on a probit model. Social Capital is binary (=1 if a household has a member who belongs in a social group). Household Coping Strategy from
1 to 12 above are binary. Coping Strategy 1 = skipping entire day without eating; Coping Strategy 2 = limiting portion size at meal; Coping Strategy 3 = reducing
number of meals eaten; Coping Strategy 4 = borrowing food. Household Coping Strategy 5 = relying on less expensive food; Coping Strategy 6 = harvesting
immature food crops; Strategy 7 = sending household members to eat with neighbors; and Coping Strategy 8 = sending household members to beg. Household
Coping Strategy 9 = purchasing food on credit; Coping Strategy 10 = gathering food and hunting; Coping Strategy 11 = reducing adult consumption; and Coping

Strategy 12 = relying on casual labor for food. Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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restrictive eating patterns. However, these behavioural hunger-coping strategies may
lead to health challenges such as illnesses, mental health problems and poor quality
of life as well as depressive disorder (Daniel, 2020; Kwak and Kim, 2017; Lee et al.,
2017). This means that social capital, as confirmed in Tables 3.9 through to Table

3.11, is an implicit social protection program that albeit improves health and welfare.

Agricultural extension and veterinary services provide advisory services that may
increase food security. In order to assess the impact of social capital on household
food security, agricultural extension and veterinary related outcome variables were
used. This included binary variables such as agricultural training, agricultural
extension visits, and crop advice. These results are presented in Tables 3.12, 3.13
and 3.14. Results in Column 1 in each table are based on ‘Agric Training’ measuring
whether a household received any agricultural training in the 2014/2015 agricultural
season. Column 2 presents results for ‘Agritex Visit’ based on whether a household
received any visit by an Agricultural Extension Officer and Column 3 shows results
for ‘Seek Crop Advice’ based on whether any member of the household sought any
cropping advice during the cropping season. Likewise, Column 4 displays results for
‘Seek Vet Services’ premised on whether any household member sought veterinary
services and Column 5 for ‘“Tech Support’ based on whether a household received
any technical support during the agricultural season. Finally, Column 6 is based on
‘Treat Harvest’ measuring whether a household treats its harvest against post-harvest

losses, or not.

Table 3.12 presents Nearest Neighbour Matching results and all the estimates are
positive and significant at 1 percent. A household with social capital has a 23
percentage point higher chance of participating in agricultural training than one
without social capital; an estimate which is significant at the 1 percent level.
Relatedly, a household with social capital has an 18 percentage point higher chance
of both receiving a visit by an agricultural extension officer and of seeking crop
advice; estimates which are strongly significant. Likewise, social capital increases
the chance of households seeking veterinary services, technical support, and treating
their harvests. Households with members belonging to a social group have a 12

percentage point and a 14 percentage point higher chance of seeking veterinary
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Table 3.12: Nearest Neighbour Matching Results of the Impact of Social Capital on Agricultural Extension and Veterinary
Services

Agric Training Agritex Visit  Seek Crop Advice
€)) (2) (©)
Social Capital 0.230*** 0.177%** 0.175***
(0.016) (0.015) (0.015)
Observations 10,645 10,645 10,645

Seek Vet Services Tech Support Treat Harvest

(4) (5) (6)
Social Capital 0.120%** 0.141%** 0.139***
(0.014) (0.014) (0.015)
Observations 10,645 10,645 10,645

NOTES: Average Treatment Effects on the Treated Results based on 2015 ZIMVAC data and nearest neighbor matching. The probability of treatment is based on
a probit model. Social Capital is binary (=1 if a household has a member who belongs in a social group). Outcome Variables in Columns 1 to 6 are all binary. Agric
Training = whether a household received any agricultural training in the 2014/2015 agricultural season. Agritex Visit = whether a household received any visit by
an Agricultural Extension Officer. Seek Crop Advice = whether any member of the household sought any cropping advice during the cropping season. Seek Vet
Services = whether any household member sought veterinary services. Tech Support = whether a household received any technical support during the agricultural
season. Treat Harvest = whether a household treat its harvest against rodents and weevils. Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.13: Kernel Weight Results of the Impact of Social Capital on
Agricultural Extension and Veterinary Services

Agric Training Agritex Visit  Seek Crop Advice
1) 2) ©)
Social Capital 0.223*** 0.172*** 0.162***
(0.006) (0.018) (0.007)
Observations 10,645 10,645 10,645

Seek Vet Services ~ Tech Support Treat Harvest

(4) ®) (6)
Social 0.129*** 0.148*** 0.146%**
Capital
(0.010) (0.000) (0.017)
Observations 10,645 10,645 10,645

NOTES: Average Treatment Effects on the Treated Results based on 2015 ZIMVAC
data and Kernel Weighted matching. The probability of treatment is based on a
probit model. Social Capital is binary (=1 if a household has a member who belongs
in a social group). Outcome Variables in Columns 1 to 6 are all binary. Agric
Training = whether a household received any agricultural training in the 2014/2015
agricultural season. Agritex Visit = whether a household received any visit by an
Agricultural Extension Officer. Seek Crop Advice = whether any member of the
household sought any cropping advice during the cropping season. Seek Vet
Services = whether any household member sought veterinary services. Tech Support
= whether a household received any technical support during the agricultural season.
Treat Harvest = whether a household treat its harvest against rodents and weevils.
Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1

services, technical support, and treating harvest respectively than those without;

estimates which are all significant at 1 percent.

Table 3.13 above presents Kernel-Weighted estimation results for robustness check.
The results confirm the findings of Table 3.12. Social capital increases the chances
of households participating in agricultural training, receiving visits from agricultural
extension officers, seeking veterinary services, seeking crop advice, receiving
technical support and treating harvests against post-harvest losses. The estimates are
not different from those in Table 3.12 and are also all significant at 1 percent. These
results are also confirmed in Inverse-Probability of Treatment Weight estimation

results presented in Table 3.14. Social capital increases the chances of households
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getting agricultural training, receiving visits from agricultural extension officers and

seeking cropping and veterinary services as well as treating and preserving harvests.

Table 3.14: IPWT Results of the Impact of Social Capital on Agricultural
Extension and Veterinary Services

Agric Training  Agritex Visit ~ Seek Crop Advice

1) (2) 3)
Social Capital 0.229*** 0.176*** 0.166***
(0.012) (0.012) (0.011)
Observations 10,645 10,645 10,645

Seek Vet Services  Tech Support Treat Harvest

(4) (5) (6)
Social Capital 0.131%** 0.149*** 0.151***
(0.010) (0.011) (0.011)
Observations 10,645 10,645 10,645

NOTES: Average Treatment Effects on the Treated Results based on 2015 ZIMVAC data and
Inverse-Probability of Treatment Weight matching. The probability of treatment is based on a probit
model. Social Capital is binary (=1 if a household has a member who belongs in a social group).
Outcome Variables in Columns 1 to 6 are all binary. Agric Training = whether a household received
any agricultural training in the 2014/2015 agricultural season. Agritex Visit = whether a household
received any visit by an Agricultural Extension Officer. Seek Crop Advice = whether any member of
the household sought any cropping advice during the cropping season. Seek Vet Services = whether
any household member sought veterinary services. Tech Support = whether a household received any
technical support during the agricultural season. Treat Harvest = whether a household treat its harvest
against rodents and weevils. Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1

These results confirm hypotheses 3.3.1 through to 3.3.6. Unlike findings from
Tanzania, Rwanda and Kenya by Bourne et al. (2017) where they found limited
capacity for collective action, these results show that social capital and collective
action have an impact on ensuring food security through agricultural extension
services and minimizing post-harvest losses. Relatedly, these results are contrary to
Pachoud et al. (2019) who found lack of trust and reciprocity among producers in
Brazil leading to low levels of interaction and collective action. This means that in
trying to understand social capital, context is very important. On the other hand, the

results in general confirm Ragasa and Mazunda (2018) who found that households
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that receive agricultural advice have greater productivity and greater food security;
and more particularly Abdul-Rahaman and Abdulai (2018) who found that
participation in farmer groups is associated with increased yield and technical

efficiency. Findings in this study show that social capital enhances food security.

3.6 Discussion

3.6.1 Further reflection on the concept of social capital

The definition of social capital adopted in this study requires further reflection.
Defining social capital as group participation is deliberate. There is
acknowledgement that measuring social capital requires different approaches that
can reflect the cultural context of social capital (see e.g. Chung et al., 2014); and
different levels of conceptualization (Moore and Carpiano, 2020) and that its
definition and measurement are still rather unclear (Guillen et al., 2011). There is
generally no agreement on the concept of social capital and it is subjective as to
whether there is consistency for which dimensions of social capital are considered
important for measurement (see e.g. Chung et al., 2012; Hong et al., 2007 cited in
Chung et al.,, 2014; Jeong et al, 2021). The concept has multiple aspects,
dimensions, characteristics and associations with the underlying societal context,
contributing to the disagreement on its appropriateness for empirical analysis. Social
participation is an important aspect of social capital in Zimbabwe as it reflects on

environmental context and characteristics of its society.

Treating group membership as social capital is not entirely uncommon. The
Organization for Economic Cooperation and Development (OECD), for example,
includes ‘trust and membership in associations’ as one category of the World Value
Survey that is used to measure social capital (see e.g. Chung et al., 2014; Dalton et
al., 2002; Elgar et al., 2011; Mansyur et al., 2008). On the other hand, the World
Bank developed the ‘Integrated Questionnaire for the Measurement of Social
Capital” which divides social capital into: ‘groups and networks, trust and solidarity,
collective action and cooperation, information and communication, social cohesion
and inclusion, and empowerment and political action’ (see e.g. Grootaert et al.,

2004). Related, the Office for National Statistics (ONS) in the United Kingdom
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designed the ‘Harmonized Question Set’ that includes the following social capital
aspects: social participation, social networks and social support, reciprocity and trust,
civic participation and views of the local area (see e.g. Walsh et al., 2015; Webb,
2015).

There is also acknowledgement of the potential overlap of different social capital
perspectives such as trust, networks, and social participation/civic engagement
providing rationale for researchers to either combine available measures of these
components into one social capital scale or regard one measure as a proxy for
another (Moore and Carpiano, 2020). The definition of social capital adopted in this
study can be viewed in this line of thinking and is closely related to the concept of
group social capital introduced by Oh et al. (2004), which is the configuration of
group members’ social relationships within a group and extending to the broader
social structure to which the group belongs, through which essential resources for the
group can be obtained.

Furthermore, this definition views social capital as a community or neighbourhood-
wide construct implying that having social groups in which some household
members participate is enough to generate networks, norms, and trust (see e.g.
Alaimo et al., 2010). However, research on the topic is relatively sparse despite the
fact that neighbourhood organizations are widely cited as mechanisms of social
capital. In public health literature, inter alia, social capital has been operationalized
as social participation referring to the number of groups and associations to which
citizens belong (Guillen et al., 2011). Literature also points to social participation as
meeting socially, helping behaviour, participation in a voluntary organization,
conventional political participation and political protest behaviour (see Newton and
Montero, 2007 cited in ibid). The definition of social capital adopted in this study is
similar in approach to the European Social Survey which asked respondents to
indicate for 12 organizations whether they “are members”, “participate actively”
and/or “do voluntary work”. In the context of Zimbabwe, and with particular
reference to informal social systems, social capital measured as whether a household
has a member who belongs to a social group reflects the dynamism and complexity

of social capital in general.
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3.6.2 Limitations

The fact that only the 2015 Zimbabwe Vulnerability Assessment Committee
(ZIMVAC) survey asked whether the household has a member who belongs to a
social group and that other later surveys did not ask this question became a weakness
in this study. This means that the study relies on one cross-sectional survey despite
the fact that the ZIMVAC is an annual survey. The analysis could arguably be richer
had it been possible to pool together more annual cross-sectional datasets. Even if it
is not possible to identify the same households across annual ZIMVVAC surveys,
pooling surveys across time would improve on external validity of the findings

presented in this study.

As already detailed above, the fluidity of the concept of social capital as social
participation may demand a further interrogation of within-social group
heterogeneity. It is logical to think that some social groups will have larger social
capital endowment than others probably because of their members’ influence in the
overall social make-up of their group which may in turn influence household food
security. There may be need for further research in which the different social groups
indicated by respondents (i.e. community associations, informal savings and loans
associations, burial societies) can be interrogated to show how different they are
against each other in influencing food security. Furthermore, if the within-group
heterogeneity causes systematic differences and is unobserved, then this is a
potential source of bias that may not be fully addressed by the empirical strategy
adopted in this study. The Propensity Score Matching relies on observed
characteristics to assign households into treatment and control groups. There is need
therefore for further studies based on empirical strategies that address unobserved
heterogeneity. For example, data permitting, studies and findings based on panel

data models are recommended in this regard.

For the potential challenge of endogeneity that may exist between food security and
membership into various social groups, further research based on panel data models
is also recommended. Empirical strategies in which the lag of social capital
(measured as membership in social groups in prior years) can be used as an
Instrumental Variable and this has the potential to address the problem of

endogeneity. This can actually be motivated by the Arellano-Bond Estimator
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approach. This could not be done in this study because the ZIMVAC data does not
have repeated observations on the same unit.

3.7 Conclusion

Based on Zimbabwe Vulnerability Assessment Committee data, this research
assesses the impact of social capital on food security. Social capital is measured at
household level and defined as a binary response as to whether a household has a
member or members belonging to a social group. The research analyses the impact
of social capital on a number of specific food security pillars, household hunger,

coping strategies, and agricultural extension and veterinary services.

The study provides evidence supporting the importance of social capital in ensuring
food security in Zimbabwe. Households with social capital are more food secure
than those without in all the food security pillars outlined in the research, with all
estimates being strongly significant. Relatedly, the findings show that households
with members belonging to a social group are less likely to not have food to eat, to
sleep at night without eating and going for a whole day and night hungry than those
without social capital. Social capital reduces incidences of household hunger.
Furthermore, the results show that households with social capital are less likely to
skip meals, limit portion size at meal, reduce number of meals, borrow food, rely on
less expensive food, harvest immature crops, send members to beg, purchase food on
credit, and reduce adult consumption; than those without social capital. Households
with social capital are less likely to be forced to adopt demanding and
psychologically stressful food insecurity coping strategies compared to households

without social capital.

Finally, the findings indicate that households with members belonging to a social
group are more likely to participate in agricultural training than those without.
Participating in agricultural training is important in ensuring food security. Social
capital increases the household chances of receiving visits from agricultural
extension officers. Interaction with agricultural extension officers is expected to
increase food security through knowledge dissemination and diffusion. This kind of

interaction is therefore expected to lead to increased cropping and animal husbandry
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advisory and technical support. The results show that households with social capital
are more likely to seek cropping advice, veterinary services, and technical support
than their counterparts. This should increase household food security so is preserving
harvests. The results show that households with members belonging to social groups
are more likely to treat their harvest than those without social capital and thereby
ensure food security. The study concludes that social capital increases food security

in Zimbabwe.

These results have important policy implications in that although community-based
food and nutrition interventions should cater for those suffering from food
insecurity, their success depends on how the intended beneficiaries evaluate the
collective functioning of society. Interventions to ensure food security in Zimbabwe
can ride on social groups to leverage on the benefits that members draw from their
social groups, such as information sharing, learning from each other, and pooling of

resources for production.
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CHAPTER 4

THE IMPACT OF SOCIAL PROTECTION AND THE SPECIAL COVID-19
SOCIAL RELIEF OF DISTRESS GRANT ON HUNGER IN SOUTH AFRICA

4.1 Introduction

South Africa became the epicentre of COVID-19 in Africa (Carlitz and Makhura,
2020; Garba et al., 2020; Stiegler and Bouchard, 2020) and continues to record
highest cumulative COVID-19 cases; accounting for the 90 percent of confirmed
deaths in Southern Africa (see e.g. Mbunge, 2020). As a result, this prompted the
authorities to institute drastic measures which include national total lockdown,
curfews and stay-at-home requirements. These measures, which were the most
restrictive on the African continent, have imposed huge economic costs and have
negative implications for the factor distribution of income (see e.g. Arndt et al.,
2020).

The severe shocks to household income and limited means to purchase food have the
potential to throw households into food insecurity. Households with high
dependence on labour income are more likely to experience enormous real income
shock. In South Africa, the lack of food and financial resources led to ‘hunger riots’,
looting and confrontation with police (see e.g. Stiegler and Bouchard, 2020). The
pandemic and the lockdown measures, in general, created fear, anxiety, distress, and
discomfort as well as food insecurity; all which can have long-lasting effects on
well-being. Food-insecurity, for example, has long-term effects on the well-being of
society and understanding its prevalence and determinants during the COVID-19
pandemic is important and can influence the creation of earmarked and effective

strategies (see e.g. Kent et al., 2020).

The South African government introduced a number of temporary social and
economic relief interventions, which include the Special COVID-19 Social Relief of
Distress Grant of R350 per month that is equivalent to US $20, increases to existing
social welfare grants, and economic support through the Special COVID-19

Unemployment Insurance Fund benefit (see e.g. Haffejee and Levine, 2020). For
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example, the basic Child Support Grant was increased by an extra R300 in May 2020
and an additional R500 from June 2020, which is equivalent to an additional US $26
per month per eligible child. Other grant beneficiaries (e.g. of Old Age Grant, Foster
Care Grant) received an additional R250 per month. The Special COVID-19 Social
Relief of Distress Grant can only be accessed by residents of South Africa who are
above the age of 18 and not receiving any income, social grant or unemployment
insurance benefit. The question, however, is whether these interventions have an
impact on hunger given the severe shocks to incomes and the prolonged restrictive
and stringent lockdown measures. This research, therefore, aims to assess the impact
of social protection and the Special COVID-19 Social Relief of Distress Grant on
hunger and contribute to promoting knowledge on food security in a crisis period
thereby preventing the expansion of hunger during and after the social and economic
crisis brought about by COVID-19 pandemic.

Based on Correlated Random Effects estimations employed on two waves of the
National Income Dynamics Study — Coronavirus Rapid Mobile Survey (NIDS-
CRAM), which is the first nationally representative panel data survey investigating
the socioeconomic impacts of the national lockdown associated with the State of
Disaster declared in South Africa in March 2020, the study offers four major
findings. First, receiving a government grant reduces the likelihood of going hungry
and running out of money to buy food. Receiving a government grant leads to a 6
and a 12 percentage point lower chance of going hungry and of running out of
money to buy food, respectively. Second, households with individuals receiving the
Special COVID-19 Social Relief of Distress Grant have an 8 percent lower chance of
facing child hunger than those that do not receive the grant. Third, the results show
that the Special COVID-19 Unemployment Insurance Fund benefit does not have an
impact on hunger and does not cushion individuals and households from running out
of money to buy food. Finally, although COVID-19 has put pressure on food
security for individuals and households, there is no evidence to suggest that those
who were tested or screened for the virus are more likely to go hungry or run out of
money to buy food than those who were not. There is no heterogeneity emanating

from being tested or screened for COVID-19 on hunger.
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The rest of the Chapter is organized as follows. The next section presents short
description of the special COVID-19 social protection interventions in South Africa.
Section 4.3 provides a brief literature review and outlines hypotheses tested in the
study. Section 4.4 details the data and methodology adopted, and Section 4.5
presents the results and discussion of the findings whereas Section 4.6 concludes.

4.2 Special COVID-19 social protection interventions

Following imminent substantial welfare losses to individuals and households as a
result of its lockdown policy, the South African government responded quickly to
address the adverse economic effects of the COVID-19 pandemic. On 21 April,
2020, the government allocated R502 billion (equivalent to USD 33.45 billion)
towards a wide array of economic support measures for businesses and individuals of
which R50 billion (equivalent to USD 3.30 billion) was ear-marked for the most
economically vulnerable members of society in the form of direct financial transfers
(see e.g. Bhorat et al., 2020; National Treasury, 2020), which included a temporary
increase in all existing social grants (i.e. Foster Care Grant, Child Support Grant, Old
Age Grant, Care Dependency Grant, War Veterans Grant, and the Disability Grant),
and introduction of the Special COVID-19 Social Relief of Distress Grant.

4.2.1 Temporary increase to existing social grants

As part of the government’s social grant COVID-19 intervention, the Child Support
Grant amount was increased by an additional R300 in May 2020 and thereafter the
figure was pegged at R500 from June to October 2020; an additional R250 monthly
from May to October 2020 to all other social grants that include the Foster Care
Grant, Old Age Grant, Care Dependency Grant, War Veterans Grant, and the
Disability Grant. This means additional direct financial transfers to 13 million Child
Support Grant and 5 million ‘all other grants’ beneficiaries (see e.g. Kahler and
Bhorat, 2020).

The Child Support Grant is a means-test social protection for children under the age

of 18 given to a caregiver not earning more than R48000 a year (R4000 a month) if
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single and/ or not earning a combined income of more than R96000 per year (R8000
per month) if married. The child must be living with the primary caregiver and not
be in the care of a state institution. The grant gives an eligible child R 440 per month
and as a response to COVID-19 pandemic, the amount was increased by an
additional R500 as noted above. On the other hand, the Old Age Grant is given to
South African citizens, permanent residents or refugees who are 60 years or above.
The recipients of the grant must meet means-test requirements and must not be
maintained or cared for in an institution funded by the state (e.g. a prison,
rehabilitation centre or a state old age home) and must not receive another social
grant. The grant gives an eligible old person R1800 per month and due to special
COVID-19 government intervention the recipient would receive an additional R250

per month for the stipulated time.

Related, recipients of the Care Dependency Grant also received an additional R250
as a direct response to COVID-19 pandemic. The Care Dependence Grant is given to
caregivers of disabled children under the age of 18 upon submission of a medical or
assessment report confirming that the child is severely disabled and receives
permanent care or support services. The grant is means-test and the care-dependent
child must not be permanently cared for in an institution funded by the state. Unlike
the Care Dependency Grant, the Disability Grant is meant for disabled people aged
between 18 and 59 who are certified as such through a medical or assessment report.
Recipients of these grants received an additional R250 per month for the stipulated

period of special COVID-19 pandemic government intervention.

4.2.2 Special COVID-19 Social Relief of Distress Grant

In response to the detrimental economic effects of the COVID-19 pandemic, the
government introduced a new social grant, in the form of a Special COVID-19
Social Relief of Distress Grant, to cater for individuals above the age of 18 who are
unemployed and who do not receive any income, any social grant or support from
the Unemployment Insurance Fund. Furthermore, applicants must not qualify to
receive unemployment insurance benefit and not reside in a government funded or

subsidized institution to qualify for the Special COVID-19 Social Relief of Distress

116



Grant. Eligibility to access the grant extends to South African citizens, permanent
residents, refugees, asylum-seekers, and special permit holders who meet the above-
stated criterion. The grant gives eligible individuals an amount of R350 (USD23)
per month and is expected to reach to more than 11 million beneficiaries (see e.g.
Baskaran et al., 2020) that have never been catered for and the ‘new poor’ who have
been forced to migrate from the middle of the income distribution as a result of
structural changes brought about by COVID-19 pandemic. It is reported to have
brought millions of previously vulnerable but unreached individuals into the social
protection system (Bhorat and Kahler., 2020). Initially, the grant was meant to be for
6 months from May to October 2020 but it has since been extended by an additional
3 months to January 2021 and for a further 3 months in February 2021.

In terms of uptake, a total of 9.15 million unique applications were considered
between May and September 2020 (Baskaran et al., 2020); with 73 percent of the
applications made in May, reducing to 830,000 new applications in July and 195,000
in September 2020. The total number of applications reviewed on a monthly basis
increased by 40 percent from May to September 2020. As of mid October 2020,
more than 18.5 million COVID-19 grants were distributed suggesting that a
substantial number of recipients received the grant more than once (see e.g. ibid.).
The extension of the grant from November 2020 to January 2021 is estimated to
have resulted in 9.8 million additional COVID-19 grants being disbursed over the

three-month extension period.

4.2.3 Special COVID-19 Unemployment Insurance Benefit

The Special COVID-19 Unemployment Insurance Benefit was introduced by
government to provide between 38 and 60 percent of the salary of employees who
found themselves laid off specifically as a result of COVID-19 pandemic. The grant
provides relief to thousands of workers who lost their jobs as a result of the toughest
lockdowns that South Africa was forced to implement in order to curb the spread of
the virus. The benefit covers different situations faced by employer and employees
during national lockdowns as a result of COVID-19; namely illness benefit given to

employees who have to self-quarantine, death benefit given in provision of death to
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oneself or a family member, reduced work time, and the Temporary Employer Relief
Scheme. Under the Temporary Employer Relief Scheme, any employer that closes
operations for 3 months or for a shorter period and suffers financial distress as a
direct result of COVID-19 pandemic qualifies for the benefit. As of October 2020, a
total of almost R50 billion (about USD 3.30 billion) had been disbursed in the form
of benefits to 5 million workers who had been laid off.

4.3 Literature review and hypotheses

Households from developing countries with strong lockdown measures but weak
social protection systems are likely to face a grim food security outlook (Arndt et al.,
2020). Distribution of food parcels for the poorest communities is usually not
enough under such circumstances (see e.g. Stiegler and Bouchard, 2020). The
pandemic severely affects those socioeconomically vulnerable (Ribeiro-Silva et al.,
2020). The health, economic, and social impacts of COVID-19 are complex,
emergent and unpredictable (Lawrence, 2020). In Southern Africa, in general, the
COVID-19 pandemic coincided with other existing shocks such as adverse climatic
effects in Zimbabwe (Ejeromedoghene et al., 2020) and thus the coronavirus

pandemic amplified the threats to food security.

The economic devastation from COVID-19 increases the importance of a robust
safety net (Saloner et al., 2020). Other usual food-insecurity coping strategies such
as depending on social networks for support in the form of sharing meals with
neighbours and family, for example, are difficult due to lockdowns and social
distancing restrictions (see e.g. Kinsey et al., 2020). The severe shocks brought about
by COVID-19 demonstrate the value of having in place social protection programs
that support vulnerable members of society against these unprecedented types of
shocks. The following hypotheses linking COVID-19 and government grants to

household hunger are advanced:

Hypothesis 4.1:

Households with individuals that receive government grants are less likely to

experience hunger during COVID-19 pandemic.

118



Hypothesis 4.1.1

Households with individuals that receive the Special COVID-19 Social Relief of
Distress Grant are less likely to experience hunger.

In general, the wide-spread stay-at-home orders and business closures instituted to
fight the spread of the virus resulted in large increases in unemployment, food
insecurity and hunger (see e.g. Dunn et al., 2020; Kent et al., 2020; Owens et al.,
2020). The global COVID-19 has caused unprecedented job losses and financial
strain (Ribeiro-Silva et al., 2020; Saloner et al., 2020)). In South Africa, a large
number of workers have not been able to report for work and to earn an income
during the lockdown and these also include lowly-paid workers usually engaged in
the service sector, construction, manufacturing, and domestic work (Bhorat et al.,
2020a). The detrimental labour market effects of COVID-19 pandemic and its
associated lockdown restrictions have been disproportionately felt by individuals in
lower-income households (Kohler and Bhorat, 2020). In situations like these, many
individuals look up to social protection such as unemployment insurance programs
as coping strategies. The impact on food security for some households will be
affected in the absence of strategies to guarantee incomes. This leads to the
development of the following hypotheses linking the Special COVID-19

Unemployment Insurance Fund benefit to hunger:

Hypothesis 4.1.2

Households with individuals receiving the Special COVID-19 Unemployment

Insurance Fund benefit in South Africa are less likely to experience hunger.

Hypothesis 4.2

Having been screened or tested for COVID-19 increases the chances of experiencing

hunger in South Africa.
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4.4 Data and Methodology

4.4.1 Data

The research is based on the National Income Dynamics Study — Coronavirus Rapid
Mobile Survey (NIDS-CRAM). It is the first nationally representative panel data
survey that investigates the socioeconomic impacts of the national lockdown
associated with the State of Disaster declared in South Africa in March 2020, and the
social and economic repercussions of the global Coronavirus pandemic. The survey
is aimed at informing policy based on dependable research on income, employment
and welfare in South Africa, in the context of the global Coronavirus pandemic. It is
implemented by the Southern Africa Labor and Development Research Unit
(SALDRU). The NIDS-CRAM therefore provides a measure of how firms and
families are being affected by the lockdown, the pandemic, and takes stock of the

reach and efficacy of government’s social and economic relief efforts.

The NIDS-CRAM is derived from a special follow up of adults from households in
the National Income Dynamics Study (NIDS) Wave 5 of 2017. NIDS-CRAM is a
repeated Computer Assisted Telephone Interview with two waves whose focus is on
the Coronavirus pandemic and the national lockdown. Data collection for Wave 1 of
NIDS-CRAM started on 07 May 2020 and ended on 27 June 2020. It interviewed
7,073 individuals. On the other hand, data collection for Wave 2 of the NIDS-
CRAM commenced on 13 July 2020 and finished on 13 August 2020 after
interviewing 5,676 individuals. The superiority of NIDS-CRAM lies in the fact that
it is a panel survey which tracks the same individual; providing a window to
understand and to be able to identify who is receiving new and existing grants, and
what influence such receipt may have on welfare for vulnerable members of society

in South Africa during trying times brought about by COVID-19 pandemic.

4.4.2 Empirical strategy

The NIDS-CRAM is a panel data with two waves and as such it allows for the

adoption of empirical strategies that can deal with inherent selection bias associated
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with social protection programs. If individuals who choose to take up the Special
COVID-19 Social Relief of Distress Grant, for example, have unique and
unobserved characteristics that make them more likely to take up the grant than
others then estimating the impact of the grant on food security using simple OLS
estimations will result in biased results. Concerning the Special COVID-19 Social
Relief of Distress Grant, Bhorat and Kahler (2020) observed that conditional on
applying, certain individuals are more likely than others to be successful in their
application. However, with panel data, Fixed Effects models are suited to deal with
this challenge. If the unobserved heterogeneity is constant over time, with Fixed
Effects, it will be differenced away and the estimate will be a true reflection of the
impact of the grant on food security.

However, the variables of interest in this study are relatively constant over time
given the short time difference between the waves hence using Fixed Effects
estimations difference them away. It is therefore proposed to use the Mundlak’s
Correlated Random Effects formulation. The Correlated Random Effects allows
unification of Fixed Effects and Random Effects estimation approaches. This way, it
allows the inclusion of time-constant variables while guaranteeing the Fixed Effects
estimates on the time-varying covariates (see e.g. Schunck, 2017). Under the
Mundlak’s approach, the Fixed Effects estimator can be computed either as a pooled
OLS or Random Effects using the original data but adding the time averages of the
covariates as additional explanatory variables (see e.g. Mundlak, 1978; Wooldridge,
2010). The Correlated Random Effects model adopted in this study is motivated as

follows:

hig = B+ X+ z;y + a; +uy €Y

where h;; is a measure of food security for household i at time t, x;; captures a host
of variables that influence household hunger at time t, x; is the average of covariates
over the time periods in which a full dataset on covariates and response variables can
be observed. The inclusion of x;, mops up any correlation between this variable and
the unobserved random effect. z; captures other time constant variables, «; is meant
to account for unobserved heterogeneity, and u;, models idiosyncratic errors. Interest

is on the estimate of B which captures the effect of the grants on household hunger.
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Captured in h; are binary outcome variables based on questions asking whether
there was anyone in the household who had gone hungry in the past 7 days because
there was not enough food; whether there was any child in the household who has
gone hungry in the last 7 days because there was not enough food; and whether the
household ran out of money to buy food in the last 30 days. Relatedly, x;; captures
binary variables of interest based on whether the respondent or anyone in the
household had been screened or tested for Coronavirus; whether the respondent
received any kind of government grant; whether the respondent received the Special
COVID-19 Social Relief of Distress Grant; and whether or not the respondent

received the Special COVID-19 Unemployment Insurance Fund benefit.

4.5 Results and discussion

4.5.1 Descriptive Statistics

Table 4.1 and Table 4.2 show household characteristics. On average, each household
is comprised of six members, two of which are under the age of 18. Five percent of
the people surveyed are white, 9 percent coloured and 1 percent is of Asian origin.
Of interest to note, however, is that in Wave 1 only 18 percent were living in the
rural areas but in Wave 2 the figure has jumped to 28 percent. This can loosely be
associated with the general trend in most countries where people temporarily
migrated to rural areas in an attempt to break away from usually congested urban
areas. Average household income in Wave 2 is slightly smaller compared to that
observed in Wave 1 generally pointing to sustained loss of income during the
COVID-19 pandemic. This is also confirmed in Table 4.3 where those who reported

to be employed fell from 38 percent in Wave 1 to 10 percent in Wave 2.

Table 4.4 and Table 4.5 detail descriptive statistics for variables of interest and
outcome variables respectively. In general, those that have been receiving
government grants increased from 22 percent in Wave 1 to 40 percent in Wave 2
which is a reflection of a coping strategy likely to be adopted in such unprecedented
situations of acute shocks where individuals are losing incomes in the face of

national lockdowns. Social protection programs are therefore likely to be viewed as
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Table 4.1: Descriptive Statistics — Household Characteristics

WAVE 1 WAVE 2
Mean (SD) Mean (SD)
Race : Black 0.85 0.86
(0.35) (0.35)
Coloured 0.09 0.09
(0.28) (0.28)
White 0.05 0.05
(0.21) (0.21)
Asian 0.01 0.01
(0.10) (0.09)
Geo area : Rural 0.18 0.28
(0.39) (0.45)
Urban 0.77 0.69
(0.42) (0.46)
Farm 0.04 0.03
(0.20) (0.17)
Household income 5,324.24 5,058.24
(12,156.79) (10,011.80)
Observations 7,073 5,676

NOTES: Standard deviations are in parenthesis. Black refers to people of specifically African origin.
Asian refers to people of Asian origin including black people from Asia.

Table 4.2: Descriptive statistics — Household Size

WAVE 1 WAVE 2
Mean (SD) Mean (SD)
Household size 5.56 541
(3.31) (3.32)
Under 18 years of age 2.22 2.26
(1.20) (1.94)
Under 7 years of age 1.15 1.11
(1.13) (1.12)
Observations 7,073 5,676

NOTES: Standard deviations are in parenthesis.

the only fall-back. However, none received the Special COVID-19 Social Relief of
Distress Grant in Wave 1 but 7 percent received it in Wave 2. Of interest, however,

is the fall in those that received the Special COVID-19 Unemployment Insurance
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Fund benefit from 14 percent in Wave 1 to 6 percent in Wave 2. Given the fall in
those that are employed from 38 percent to 10 percent, one would expect to see an
increase in unemployment benefit claim. In both the two waves, 37 percent had
undergone COVID-19 testing.

Table 4.3: Descriptive Statistics — Individual Characteristics

WAVE 1 WAVE 2
Mean (SD) Mean (SD)
Age 40.58 40.86
(15.62) (15.69)
Gender : female 0.61 0.61
(0.49) (0.49)
Has tertiary education 0.34 0.33
(0.47) (0.47)
Employed 0.38 0.10
(0.48) (0.29)
Observations 7,073 5,676

NOTES: Standard deviations are in parenthesis.

Table 4.4: Descriptive Statistics — Variables of Interest

WAVE 1 WAVE 2

Mean (SD) Mean (SD)
Special COVID-19 UIF Benefit 0.14 0.06
(0.34) (0.23)
Government grant 0.22 0.40
(0.41) (0.49)
Special COVID-19 SRD Grant 0.00 0.07
(0.08) (0.26)
COVID-19 test 0.37 0.37
(0.48) (0.48)
Observations 7,073 5,676

NOTES: Special COVID-19 UIF Benefit is Unemployment Insurance Fund, which is a social
protection fund that gives short-term relief to workers when they become unemployed or are unable to
work during COVID-19 pandemic in South Africa. Government grant is binary based on whether the
respondent received any kind of government grant. Special COVID-19 SRD Grant is the Special
COVID-19 Social Relief of Distress Grant COVID-19 that can only be accessed by residents of South
Africa who are above the age of 18 and not receiving any income, social grant or unemployment
insurance benefit. COVID-19 Test is binary and based on a question which asked whether the
respondent or anyone in the household had been screened or tested for Coronavirus.

124



On average, households and individuals were relatively more food insecure in Wave
1 than they were in Wave 2. This may be explained by and associated with the
increase in the proportion of those that reported receiving government grants and the
Special COVID-19 Social Relief of Distress Grant. From Table 4.5, 52 percent
reported ever running out of money for food in Wave 1 compared to 40 percent in
Wave 2. On the other hand, 26 percent reported ever going hungry in Wave 1
compared to 19 percent in Wave 2 and finally, 19 percent reported that a child has
ever gone hungry in Wave 1 compared to 14 percent in Wave 2.

Table 4.5: Descriptive Statistics — Outcome Variables of Interest

WAVE 1 WAVE 2
Mean (SD) Mean (SD)
Ever ran out of money for food 0.52 0.40
(0.50) (0.49)
Gone hungry 0.26 0.19
(0.44) (0.39)
Child hunger 0.19 0.14
(0.39) (0.35)
Observations 7,073 5,676

NOTES: Ever ran out of money for food is based on a question that asked whether the household
ran out of money to buy food in the last month. Gone hungry is based on a question which asked
whether there was anyone in the household who had gone hungry in the past 7 days because there
was not enough food. Child hunger is based on whether there was any child in the household who
has gone hungry in the last 7 days because there wasn’t enough food.

4.5.2 Results

Table 4.6 presents Correlated Random Effects results on the effect of government
grants on household hunger. Government grant is binary based on whether the
respondent received any kind of government grant. The dependent variable in
Column (1) of the table is based on a question which asked whether there was
anyone in the household who had gone hungry in the past 7 days because there was
not enough food. Column (2) presents results on the impact of government grant on
child hunger. Child hunger is binary and based on whether there was any child in the

household who has gone hungry in the last 7 days because there was not enough
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food. Results in Column (3) of the same table are based on whether the household

ran out of money to buy food in the last month.

Table 4.6: Correlated Random Effects Results on the Effect of Government
Grants on Household Hunger

Ran out of money to

Gone Hungry  Child Hunger buy food
(1) (2) ©3)
Government grant -0.06*** -0.02 -0.12%**
(0.02) (0.02) (0.02)
COVID-19 Test 0.02 0.03 -0.01
(0.02) (0.02) (0.02)
Age -0.01 0.00 -0.03*
(0.01) (0.02) (0.02)
Household size 0.01%** 0.01*** 0.01***
(0.00) (0.00) (0.00)
Log of household income -0.05*** -0.04*** -0.10***
(0.01) (0.01) (0.01)
Gender — female 0.01 0.02 0.04**
(0.01) (0.01) (0.02)
Tertiary education -0.05*** -0.03** -0.05***
(0.01) (0.01) (0.02)
Employed 0.07** 0.07** 0.06
(0.03) (0.03) (0.04)
Geo area: traditional -0.10 -0.03 -0.01
(0.07) (0.07) (0.07)
Urban -0.06 0.04 0.06
(0.06) (0.07) (0.07)
Race:  Black 0.10*** 0.06** 0.09**
(0.02) (0.03) (0.04)
Coloured 0.08*** 0.03 0.20***
(0.03) (0.03) (0.04)
Asian 0.05 -0.01 0.19***
(0.05) (0.06) (0.07)
Mean: age 0.01 -0.00 0.03*
(0.01) (0.02) (0.02)
Employed -0.11%** -0.09** -0.07
(0.04) (0.04) (0.04)
Traditional 0.01 -0.04 -0.01
(0.09) (0.09) (0.10)
Urban -0.01 -0.10 -0.06
(0.08) (0.09) (0.09)
Government grant 0.03 -0.01 0.07**
(0.03) (0.03) (0.03)
COVID-19 Test -0.01 -0.01 0.04
(0.03) (0.03) (0.03)
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Constant 0.59*** 0.35*** 1.14%**

(0.08) (0.08) (0.11)
Observations 4,239 3,518 4,247
Number of pid 3,368 2,810 3,376

NOTES: Robust standard errors in parentheses. Dependent variables are all binary. The dependent
variable for results in Column (1) is based on a question which asked whether there was anyone in the
household who had gone hungry in the past 7 days because there was not enough food. Column (2) is
based on whether there was any child in the household who has gone hungry in the last 7 days
because there wasn’t enough food. Column (3) is based on a question that asked whether the
household ran out of money to buy food in the last month. Government grant is binary based on
whether the respondent received any kind of government grant. COVID-19 Test is binary and based
on a question which asked whether the respondent or anyone in the household had been screened or
tested for Coronavirus. *** p<0.01, ** p<0.05, * p<0.1

Results in Column (1) of Table 4.6 indicate that, compared to those who do not
receive any government grant, receiving a government grant reduces the likelihood
of going hungry by 6 percentage points, which is significant at 1 percent. This result
confirms hypothesis 4.1 hypothesizing that households with individuals that receive
government grants are less likely to experience hunger during COVID-19 pandemic.
As is generally expected, increasing household size by an additional member
increases the chances of household hunger during crisis periods like COVID-19
pandemic era; and having a tertiary education reduces the chances of going hungry
by 5 percentage points, an estimate which is significant at 1 percent. Increasing
household income by 1 percent reduces the chances of going hungry by 5 percent,

which is significantly different from zero at the 1 percent level of significance.

Authorities instituted drastic measures which include national total lockdown,
curfews and stay-at-home requirements. The severe shocks to household income
threw households into food insecurity. This is reflected in the results as those who
are employed have a 7 percentage point higher chance of going hungry than those
who are not employed; an estimate which is significant at 5 percent, implying that
those that depend on labour income were severely affected by lockdowns. Under
normal circumstances, one would expect employment status to be inversely related
to household hunger. This result confirms that during lockdowns and due to the
COVID-19 pandemic, people in South Africa faced hunger irrespective of
employment status, with those employed bearing the greatest brunt due to income
shock. On another hand, under such circumstances, vulnerable members of society

are the most hard-hit. For example, blacks have a 10 percentage point higher chance
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of going hungry than whites in this pandemic, which is significant at 1 percent.
Likewise, coloureds have an 8 percentage point higher chance of going hungry than
whites, which is also significant at 1 percent.

Column (2) of Table 4.6 presents results of the impact of government grants on child
hunger. The results show that there is no significant impact of receiving a
government grant on child hunger. Household size is also predicted to have a
significant effect on child hunger. An increase in household income by 1 percent is
predicted to lead to a 4 percent lower chance of child hunger, which is significant at
1 percent. Children living with household members with tertiary education are 3
percentage points less likely to go hungry compared to those living with those
without tertiary education; an estimate which is significant at 5 percent. When
compared to whites, blacks have a 6 percentage point higher chance of witnessing
child hunger, which is significant at the 5 percent level. COVID-19 pandemic and its
associated lockdown and social distancing restrictions has had a relatively higher
effect on hunger for the employed. Unfortunately, this is also affecting children as
those who reported having been employed have a 7 percentage point higher chance
of experiencing child hunger than those not employed, an estimate which is also

significant at 5 percent.

On the other hand, Column (3) of the table shows estimation results of the impact of
government grant on money to buy food. Households with individuals that receive a
government grant have a 12 percentage point lower chance of running out of money
to buy food compared to those without; an estimate which is significantly different
from zero at the 1 percent level. This result also confirms Hypothesis 4.1 that
households with individuals who receive government grants are less likely to
experience hunger during COVID-19 pandemic. Estimates of the effect of household
size, household income and tertiary education are all significant at 1 percent. Of
interest however, is the estimated effect of gender on whether the household ran out
of money to buy food. Females have a 4 percentage point higher chance of running
out of money to buy food, an estimate which is significant at 5 percent. This is an
important finding; reflecting gender heterogeneity in food security during the
pandemic. This is an important finding considering that conditional on applying,

Bhorat and Kohler (2020) found that women were less likely than men to experience
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a successful Special COVID-19 Social Relief of Distress Grant application. Related,
blacks, coloreds and those of Asian origin have 9 percentage, 20 percentage and 19
percentage point higher chances of running out of money to buy food than whites,
respectively. All the estimates are significantly different from zero at the 5 percent, 1
percent and 1 percent levels of significance, respectively.

Table 4.7 presents Correlated Random Effects estimation results of the effect of the
special COVID-19 Social Relief of Distress Grant on household hunger. Results in
Column (1) of the table indicate that the Special COVID-19 Social Relief of Distress
Grant does not have an effect on hunger. Although it reduces the chances of running
out of money for food as shown in Column (3) of the table, the estimate is not
statistically different from zero. These results detailed in Column (1) and Column (3)
of the table do not confirm hypothesis 4.1.1 that households with individuals
receiving the Special COVID-19 Social Relief of Distress Grant are less likely to
experience hunger. However, households with individuals receiving the Special
COVID-19 Social Relief of Distress Grant have an 8 percentage point lower chance
of facing child hunger compared to their counterpart, an estimate which is
significantly different from zero at the 5 percent level. This is an important result
since this may reflect hunger coping strategies adopted by households and
individuals when faced with unprecedented shocks of the magnitude such as
COVID-19 has caused. Households may be forced to dedicate specific social
protection benefits to fight child hunger. This may reflect altruism on the part of
adults during trying times. On the other hand, the results show that the Special
COVID-19 Unemployment Insurance Fund benefit does not have an impact on
hunger. This therefore does not support hypothesis 4.1.2 which postulates that
households with members receiving the Special COVID-19 Unemployment
Insurance Fund benefit are less likely to experience hunger during COVID-19

pandemic.

As for whether those that were screened or tested for COVID-19 have higher
chances of going hungry, face child hunger, or run out of money to buy food, results
in Table 4.6 indicate that there is no statistical difference of being screened or tested
for COVID-19 on hunger. This result therefore does not support Hypothesis 4.2

above. However, to check for robustness, Table 4.8 presents results of Correlated
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Random Effects with interactions, the estimate of the mean of those that were
screened or tested on household hunger and on child hunger are positive and pick

significance.

Table 4.7: Correlated Random Effects Results on the Effect of Covid-19 Grant
on Household Hunger

Ran out of money

Gone Hungry  Child Hunger for food
@) (2) 3
Special COVID-19 SRD Grant 0.01 -0.08** -0.09
(0.05) (0.04) (0.06)
Special COVID-19 UIF benefit 0.07 0.07 -0.13
(0.16) (0.16) (0.18)
COVID-19 Test 0.02 0.03 -0.01
(0.03) (0.03) (0.04)
Age 0.00 0.00 -0.03
(0.02) (0.03) (0.02)
Household size 0.00 0.01*** 0.01**
(0.00) (0.00) (0.00)
Log of household income -0.05*** -0.03*** -0.11***
(0.01) (0.01) (0.01)
Gender: female 0.00 0.00 0.01
(0.02) (0.02) (0.02)
Tertiary education -0.05*** -0.03* -0.06**
(0.02) (0.02) (0.02)
Employed 0.15*** 0.09* 0.03
(0.05) (0.05) (0.05)
Geo area: traditional -0.15* -0.07 -0.14
(0.09) (0.09) (0.10)
Urban -0.11 0.07 -0.03
(0.08) (0.09) (0.10)
Race: Black 0.08*** 0.06** 0.03
(0.02) (0.03) (0.05)
Coloured 0.04 0.02 0.15***
(0.03) (0.03) (0.06)
Asian 0.07 0.00 0.14
(0.07) (0.07) (0.10)
Mean: age -0.00 -0.00 0.04
(0.02) (0.03) (0.02)
Employed -0.16*** -0.11** -0.03
(0.05) (0.05) (0.06)
Traditional -0.01 -0.06 0.17
(0.11) (0.12) (0.13)
Urban -0.03 -0.16 0.11
(0.11) (0.12) (0.12)
COVID-19 Test -0.03 -0.02 0.01
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(0.04) (0.04) (0.05)

UIF benefit -0.04 -0.03 0.18
(0.16) (0.16) (0.19)

Constant 0.65*** 0.33*** 1.18***
(0.11) (0.12) (0.15)
Observations 2,034 1,690 2,037
Number of pid 1,962 1,633 1,966

NOTES: Robust standard errors in parentheses. Dependent variables are all binary. The dependent
variable for results in Column (1) is based on a question which asked whether there was anyone in the
household who had gone hungry in the past 7 days because there was not enough food. Column (2) is
based on whether there was any child in the household who has gone hungry in the last 7 days
because there was not enough food. Column (3) is based on a question that asked whether the
household ran out of money to buy food in the last month. The Special COVID-19 SRD Grant is the
Special COVID-19 Social Relief of Distress Grant, which can only be accessed by residents of South
Africa who are above the age of 18 and not receiving any income, social grant or unemployment
insurance benefit. The Special COVID-19 UIF Benefit is binary based on whether the respondent
received any money from the Unemployment Insurance Benefit’s Temporary Employer/Employee
Relief Scheme. COVID-19 Test is binary and based on a question which asked whether the
respondent or anyone in the household had been screened or tested for Coronavirus. *** p<0.01, **
p<0.05, * p<0.1

However, if anything, they should be interpreted to mean that, in general, COVID-19
pandemic has put pressure on food security in South Africa. Furthermore, the results
in Table 4.8 confirm results in Table 4.6 that receiving government grant reduces the
chances of going hungry and of running out of money to buy food. A household with
individuals receiving government grants have a 5 percentage point and a 15
percentage point lower chance of going hungry and running out of money to buy

food, respectively.

Table 4.8: Correlated Random Effects (with interactions) Results on the Effect
of Government Grants on Household Hunger

Ran out of money to

Gone Hungry  Child Hunger buy food
1) (2) ©)

(Government grant) x -0.04 -0.02 0.05
(mCOVID-19 Test)

(0.03) (0.04) (0.04)
(Female) x (Mean -0.03 -0.04 -0.01
COVID-19 Test)

(0.03) (0.03) (0.04)
Government grant -0.05* -0.00 -0.15***

(0.03) (0.02) (0.03)
Mean COVID-19 Test 0.05* 0.06** 0.02

(0.03) (0.03) (0.03)
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Female 0.02 0.04* 0.05**

(0.02) (0.02) (0.02)
Age -0.01 0.00 -0.03*
(0.01) (0.02) (0.02)
Household size 0.01%** 0.01*** 0.01***
(0.00) (0.00) (0.00)
Log of household income -0.05*** -0.04*** -0.10***
(0.01) (0.01) (0.01)
Tertiary education -0.05*** -0.03** -0.05***
(0.01) (0.01) (0.02)
Employed 0.07** 0.07** 0.06
(0.03) (0.03) (0.04)
Geo area: traditional -0.10 -0.03 -0.01
(0.07) (0.07) (0.07)
Urban -0.06 0.04 0.06
(0.06) (0.07) (0.07)
Race: Black 0.10%*** 0.06** 0.09**
(0.02) (0.03) (0.04)
Coloured 0.08*** 0.03 0.21%**
(0.03) (0.03) (0.04)
Asian 0.05 -0.01 0.19***
(0.05) (0.06) (0.07)
Mean: age 0.01 -0.00 0.03*
(0.01) (0.02) (0.02)
Employed -0.11%** -0.09** -0.07
(0.04) (0.04) (0.04)
Traditional 0.02 -0.04 -0.00
(0.09) (0.09) (0.10)
Urban -0.00 -0.10 -0.05
(0.08) (0.09) (0.09)
government grant 0.03 -0.01 0.07**
(0.03) (0.03) (0.03)
Constant 0.58*** 0.34*** 1.13%**
(0.08) (0.08) (0.11)
Observations 4,255 3,531 4,264
Number of pid 3,375 2,817 3,384

NOTES: Robust standard errors in parentheses. Dependent variables are all binary. The dependent
variable for results in Column (1) is based on a question which asked whether there was anyone in the
household who had gone hungry in the past 7 days because there was not enough food. Column (2) is
based on whether there was any child in the household who has gone hungry in the last 7 days
because there was not enough food. Column (3) is based on a question that asked whether the
household ran out of money to buy food in the last month. Government grant is binary based on
whether the respondent received any kind of government grant. COVID-19 Test is binary and based
on a question which asked whether the respondent or anyone in the household had been screened or
tested for Coronavirus. *** p<0.01, ** p<0.05, * p<0.1
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4.5.3 Discussion

The finding that households with individuals who receive government grants are less
likely to go hungry and are less likely to run out of money to buy food than those
without supports Arndt et al. (2020) observation that low income households in
South Africa are significantly insulated by government transfer payments. This
emphasizes the importance of social protection programs during severe shocks
caused by COVID-19 which have a potential to throw many households into food
insecurity. The finding is important because due to COVID-19 pandemic, other
common food insecurity coping strategies may not be feasible. For example, social
capital through sharing food with neighbours and family during lockdowns and strict
social distancing restrictions is difficult (see e.g. Kinsey et al., 2020); making social

protection programs one of the very few strategies available for the vulnerable.

As in many countries, food parcels were distributed to the poorest communities in
South Africa, however, this was not enough (see e.g. Stiegler, 2020) further
confirming the importance of government grants in helping to ensure food security
during the pandemic. Government grants in general have reduced the poverty and
hunger effects of the pandemic. With no extra support from the government, an
estimated 9.8 million people would face hunger. Although it may be known that
providing income support will reduce food insecurity, the Special COVID-19
pandemic government interventions have provided support to millions who faced
destitution, especially given stringent lockdown measures, and highly strained labour

markets and other income-generation activities.

However, although there is a significant impact of the Special COVID-19 Social
Relief of Distress Grant on child hunger, there is no such impact on household
hunger and on running out of money to buy food. This may be due to the challenges
experienced in the distribution of the grant. It is reported that four months into the
lockdown, 74 percent of eligible individuals had not accessed the grant (see e.g.
Broadbent et al., 2020; Thebus, 2020 cited in Haffejee and Levine, 2020). Related, in
August of 2020, 10.3 percent of approved applications were reported to be at the
banking process bottleneck and had not been paid (Baskaran, 2020). This result

somewhat corroborate the findings of Haffejee and Levine (2020) in which they
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concluded that the pandemic and resultant national lockdown in South Africa
brought to fore shortcomings in the protection and care of children. However, their

focus was on children in alternative care.

On another hand, two-thirds of the estimated individuals who received the grant in
June 2020 were male despite the fact that two-thirds of individuals who experienced
job losses between February and April 2020 were female (Bhorat and Kaohler, 2020).
The fact that 85 percent of women were found not to be eligible for the grant may
explain why the intervention is not having a significant impact on hunger since
elsewhere in the literature it has been observed that poor women spend most of their
resources towards the family more often than their male counterparts. This may also
explain why, in Table 4.6 and Table 4.8, women are more likely to run out of money
to buy food and face child hunger than men.

Furthermore, there has been considerable under-coverage. According to Bhorat et al
(2020b), a total of almost 6.5 million individuals in June 2020 were eligible for the
Special COVID-19 Social Relief of Distress Grant but did not report receipt. These
individuals will be erroneously regarded as non-recipients and therefore mask the
effect of the grant on hunger. They also reported on significant differences across
provinces which may explain comparative efficiencies of grant distribution systems
thereby overall affecting the impact of the intervention on welfare outcomes.
Another important dimension is that of ineligible recipients receiving the benefit
while a lot of the eligible remain ‘locked out’, which may have an effect on the
overall performance of the grant. According to the Department of Social
Development, the Auditor General (AG) identified about 30,000 undeserving
applicants who, despite not satisfying the qualifying criteria due to them receiving
financial support from the government through other initiatives, were receiving the

grant.

The Special COVID-19 Social Relief of Distress Grant amount of R350 per month is
too low an amount and is insufficient to cover basic food costs, and is even less
when shared amongst household members and this may have contributed to the
result of no impact on household hunger. The grant amount is far short of the upper-
bound poverty line of R 1,227 per person per month and the lower-bound poverty

line of R810 per person per month. The upper-bound poverty line is the poverty line
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plus the average amount derived from non-food items of households whose food
expenditure is equal to the food poverty line whereas the lower-bound poverty refers
to the food poverty line plus the average amount derived from non-food items of
households whose total expenditure is equal to the food poverty line. The Special
COVID-19 Social Relief of Distress Grant amount is less than the food poverty line
in South Africa, which is put at R561 per person per month. The food poverty line is
the ‘extreme’ poverty line which is the amount of money an individual requires to
get the minimum daily energy intake. The grant is only about 10 percent of the
median wage in South Africa which is at R 3,300.

The finding that the Special COVID-19 Social Relief of Distress Grant has a
significant impact on child hunger is an important finding. It is documented that
before the pandemic, 25 percent of children in South Africa were stunted and 59
percent lived below the upper-bound poverty line (Hall and Sambu, 2016 cited ibid).
Children in South Africa are vulnerable and food insecurity has long-term effects on
their physical, mental and cognitive development. This means that this result has

important policy implications.

The Special COVID-19 Unemployment Insurance Fund benefit, which is a COVID-
19 temporary employer/employee relief scheme to provide between 38 and 60
percent of the salary of employees laid-off directly as a result of the pandemic, does
not have an impact on hunger. The fact that there is no significant impact of the
Special COVID-19 Unemployment Insurance Fund (UIF) benefit on hunger may
point to questions of sustainability of such safety nets in the presence of
unprecedented and extraordinary pressure of the form and magnitude as presented by
COVID-19. This may also point to the need to further understand how individuals

are enrolling and accessing the program during the pandemic.

Common problems cited in connection with accessing the Special COVID-19
Unemployment Insurance Fund benefit are that companies are having problems
accessing payouts available for their employees, only some employees get payments,
and foreign workers are not being paid. There have also been reports of possible
fraud to the fund which resulted in investigation. For example, in September 2020,
payments for the Temporary Employer Relief Scheme were ceased after

investigations revealed serious irregularities that included invalid rejections and
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payments to ghost beneficiaries. This may explain the findings in Table 4.4. From
Table 4.4, 14 percent reported receiving the Special COVID-19 Unemployment
Insurance Fund benefit in Wave 1 and the figure fell to 6 percent in Wave 2. There is
need for further research to understand why this is so which may in turn explain why
there is no significant impact of such an important program. In the United States,
Saloner et al. (2020) argued that given the closure of a number of places of business
coupled with individuals’ reluctance to seek in-person services due to coronavirus
risk, individuals may find it difficult to visit social services offices to enrol or for

customer service.

This study has a number of strengths in achieving a better understanding of the
dynamics of food security during COVID-19 in South Africa. First, the survey used
in this study is panel with two waves collected during the COVID-19 pandemic and
as such provided an opportunity to explore the effect of social protection programs
and the Special COVID-19 Social Relief of Distress Grant on food security during
the pandemic in South Africa. Second, the surveys are nationally representative,
which is very important given that the pandemic is not selective. This also means
that the external validity of the results is somewhat guaranteed as it can be argued
that the results can be generalized in the context of South African COVID-19
pandemic experiences. Related, the sample size of the two waves (N=12,749), is
reasonably large and allowed the interrogation of important heterogeneity across
subgroups. The size of the sample came handy when dealing with household income.
The best functional form to use when dealing with household income is to consider
elasticity. However, given that the data was collected during a period of
unprecedented shocks as a result of COVID-19 pandemic where many households
reported zero income, taking the log of income resulted in a substantial drop in the
number of observations but because the sample size of the two waves was relatively
large it was possible to use elasticity by taking the log of income and remain with a

meaningful number of observations.

On the other hand, the study has some limitations. The National Income Dynamics
Study-Coronavirus Rapid Mobile (NIDS-CRAM) surveys used in this study are
computer assisted telephone interviewing surveys sampled from the National Income
Dynamics Study (NIDS) Wave 5 of 2017 which means that they are likely to suffer
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from sample selection bias in that only those that provided mobile numbers will be
covered. Sample selection bias may arise if those that were successfully interviewed
were systematically different from those that were not. Related, individuals from
bigger households were more likely to be sampled than those from smaller
households. However, if these characteristics are fixed over time, which is strongly
plausible, then it has been differenced away by the use of Fixed Effects estimations
and as such the results should be a true reflection of the impact of social protection
and the Special COVID-19 Social Relief of Distress Grant on hunger in South
Africa.

Another limitation is that unlike the NIDS Wave 5 which asked the oldest women or
most knowledgeable person in the household about the household and its members,
the NIDS-CRAM asks the selected respondent questions about their households.
However, the interconnectedness between the individual and the household can still
be acknowledged.

4.6 Conclusion

The South African government introduced a number of temporary social and
economic relief interventions. The question, however, is whether these interventions
have an impact on hunger given the severe shocks to incomes and the prolonged
restrictive and stringent lockdown measures. Based on the National Income
Dynamics Study — Coronavirus Rapid Mobile Survey (NIDS-CRAM), which is a
nationally representative panel data survey that investigates the socioeconomic
impacts of the national lockdown associated with the State of Disaster declared in
South Africa in March 2020, this research assessed the impact of social protection
and the Special COVID-19 Social Relief of Distress Grant on hunger in South
Africa.

The findings in this study indicate that COVID-19 has put pressure on food security
for individuals and households. However, receiving a government grant reduces the
likelihood of going hungry and running out of money to buy food. This is an
important finding considering that other behavioural hunger-coping strategies

usually adopted by the food insecure such as eating with neighbours and friends are
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not feasible during the COVID-19 pandemic due to the restrictive social distancing
requirements and strict lockdowns. Furthermore, the findings indicate that
households with individuals receiving the Special COVID-19 Social Relief of
Distress Grant have a lower chance of facing child hunger. On the other, the Special
COVID-19 Unemployment Insurance Fund benefit does not have an impact on
hunger and does not cushion individuals and households from running out of money
to buy food. Finally, the findings indicate that although COVID-19 pandemic has put
pressure on food security in South Africa, there is no heterogeneity on hunger
between those that were screened or tested for COVID-19 and those not.

These findings have important policy implications. In their entirety, government
grants are a cushion to hunger during the COVID-19 pandemic. Social safety nets of
this nature may be the only coping strategy available to the vulnerable during the
pandemic and its associated restrictive lockdown and social distancing measures.
However, it is important to pay special attention to each type of social protection and
its accessibility to ensure that its effect can be maximized during times of fear,
anxiety, distress and food insecurity such as posed by COVID-19 pandemic. To
further understand the dynamics between social protection programs and food
security during crisis periods such as posed by COVID-19 and its effects in the
medium- and long-term, more studies need to be carried out to test the external
validity of the findings presented herein. Furthermore, there are other food security
and health aspects and measures such as nutrition and obesity that may need to be
interrogated using panel data given the restrictive nature and lockdowns associated
with COVID-19 pandemic.
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CHAPTER 5

CONCLUSIONS

There is renewed interest in better understanding the impact of social protection on
welfare in developing countries, particularly in Southern Africa due to increasing
levels of poverty, devastating climate change induced suffering and collapse of
family structures. It has also gained renewed prominence in the presence of
unprecedented shocks such as that posed by COVID-19 pandemic. The pandemic
and the associated restrictive measures such as total national lockdowns imposed
severe shocks to household income throwing many into food insecurity. These
desperate situations create fear, anxiety, distress, and discomfort as well as
deterioration of welfare to wvulnerable members of society. For many, social

protection is the only available coping strategy to ensure survival.

Social protection in Southern Africa is diverse with complex and interesting
dynamics characterized by, for example, formal social protection systems in South
Africa, and informal initiatives in Zimbabwe that rely on traditional networks of
family, neighbours and community. Both the formal and informal mechanisms aim
to address deep-seated vulnerabilities through either cash transfers or social capital.
This study empirically investigates the impact of social protection on welfare in
Southern Africa with emphasis on South Africa and Zimbabwe. South Africa was
chosen mainly because it is the only country in Southern Africa with a
comprehensive formal protection system for children, the aged, disabled, war
veterans and for those in need of social relief of distress; covering millions of
beneficiaries. It was also chosen because it has proved to have been influential in the
diffusion of social protection systems to neighbouring countries such as Lesotho and
Eswatini, and it is a possible model for other relatively wealthier countries such as

Botswana and Namibia.

On the other hand, Zimbabwe was selected ahead of other Southern African
countries because of the relative uniqueness of its circumstances characterized by
weak and in some instances absent formal systems, a majority of people eking a
living outside the formal sector with irregular, uncertain incomes and little to no

chance of making any contributions towards social security as well as the prevalence
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of informal social protection systems premised on behavioural principles of
reciprocity, affective relationships, and community bonding.

The study is comprised of three papers. First, and based on five waves of the
nationally representative National Income Dynamics Study (NIDS), the study
assesses the impact of the Foster Care Grant on child health in South Africa. The
Foster Care Grant is an unconditional cash transfer meant for vulnerable children
whose families cannot provide them with a safe and nurturing environment. It is
meant to provide temporary, substitute, away-from-home care to vulnerable children.
Despite being comparatively generous, surprisingly the grant has not been subjected
to rigorous evaluations and has not received much attention. It has been around for
over 20 years, which when compared to many unconditional cash transfers in Africa,
presents an interesting opportunity to better understand the long-term impact of
unconditional cash transfers on child health.

Second, based on 2015 Zimbabwe Vulnerability Assessment Committee (ZIMVAC)
survey data, the study investigates the impact of social capital on food security in
Zimbabwe. Food insecurity is a perennial challenge for many households in
Zimbabwe due to a number of potential reasons ranging from incessant droughts,
other climate-change related disasters such as tropical cyclones to land tenure as
well as lack of sophistication in agricultural production and little research and
development. Unlike South Africa with its comprehensive formal social protection
system, Zimbabwean households are forced to fall back on their informal social
protection systems characterized by self organization, reciprocity, family and
community ties. Households and individuals self-organize themselves in social
groups ranging from community associations, informal savings and loans
associations, agricultural extension groups, credit unions for inputs, and burial
societies. Benefits derived from being a member in these social groups include
information sharing, learning from each other, pooling resources for production;
among others. The relative uniqueness of circumstances in Zimbabwe makes it an

interesting case to better understand the impact of social capital on food security.

Finally, based on two waves of the National Income Dynamics Study — Coronavirus
Rapid Mobile Survey (NIDS-CRAM), which is the first nationally representative

panel data survey investigating the socioeconomic impacts of the national lockdown

140



in South Africa, the study assesses the impact of social protection and the Special
COVID-19 Social Relief of Distress Grant on hunger in South Africa. South Africa
became the epicentre of COVID-19 in Africa and is continuing to record highest
cumulative COVID-19 cases and deaths, which forced the authorities to adopt one of
the most restrictive measures in a bid to contain the spread of the virus. The
pandemic and the lockdown measures, in general, created fear, anxiety, distress, and
discomfort as well as food insecurity.

This chapter proceeds as follows: Section 5.1 summarizes the empirical findings
from the investigation of the impact of the Foster Care Grant in South Africa on
child health, assessment of the impact of social capital on food security in
Zimbabwe, and the impact of social protection and the Special COVID-19 Social
Relief of Distress Grant on Hunger in South Africa. Informed by these findings,
Section 5.2 concludes with policy implications.

5.1 Summary of findings

Chapter 2 provided an impact evaluation of the Foster Care Grant on child health in
South Africa. The findings from Propensity Score Matching, Correlated Random
Effects, and Hybrid models employed indicate that there is a positive and significant
program intensity impact on height-for-age for children in South Africa (children
aged 0-14 years), for children aged 1-4 years, and for children aged 5-9 years.
However, this program intensity effect on height-for-age does not cascade to
children aged 10-14 years and neither is there a significant program intensity impact

on weight-for-age and body mass index for all ages.

Disaggregating by gender, the results show that there is a positive and significant
program intensity impact for boys in all age categories including even children aged
10-14 years, and a positive and significant program intensity impact on weight-for-
age for boys aged 1-4 years. However, there is no program intensity impact on
height-for-age, weight-for-age, and body mass index for girls. On the other hand, the
findings indicate that the grant has a significant program impact on height-for-age
for children in South Africa; and even after paying particular attention to gender

heterogeneity, there is a positive and significant program impact on height-for-age
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for both boys and girls. However, the program effect is not experienced by children
aged 10-14 years. Overall, the Foster Care Grant has an impact on height-for-age for
children in South Africa.

Chapter 3 provided an assessment of the impact of social capital on food security in
Zimbabwe. The findings show that households with social capital are more food
secure. Specifically, households with members belonging to a social group are less
likely to engage in demanding, psychologically stressful behavioural hunger-coping
strategies such as skipping meals, limiting portion size of meals, and reducing
number of meals eaten. Households with members belonging to a social group have
a 7 percentage point lower chance of experiencing a day with no food to eat, a 4
percentage point lower chance of going to sleep at night hungry, a 5 percentage point
lower chance of limiting portion size of meals and a 5 percentage point lower chance
of reducing number of meals eaten; compared with households without social
capital. Furthermore, households with members belonging to a social group are more
likely to seek and receive agricultural extension services than those without members
belonging to a social group. For example, social capital increases the chances of
receiving agricultural training, seeking crop advice, and treating harvests against
post-harvest losses by 23, 17, and 14 percentage points, respectively. These results
have important policy implications. For a country with weak formal social protection
systems as well as recurrently experiencing climatic shocks ranging from droughts to
devastating tropical cyclones, self organization, reciprocity and informal, traditional

social protection systems in the form of social capital ensure food security.

Finally, Chapter 4 provided an impact evaluation of social protection and the Special
COVID-19 Social Relief of Distress Grant on hunger in South Africa. In an attempt
to curb the spread of the coronavirus, South Africa was forced to institute drastic and
extremely restrictive measures, resulting in severe shocks to income and food
security. The government then had to introduce a number of temporary social and
economic relief interventions.  Chapter 4 therefore answers whether these
interventions introduced by government have an impact on hunger in South Africa
given the severe shocks to incomes and the prolonged restrictive and stringent
lockdown measures. The findings indicate that receiving a government grant reduces

the likelihood of going hungry and running out of money to buy food by 6 and 12
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percentage points, respectively. Furthermore, households with individuals receiving
the Special COVID-19 Social Relief of Distress Grant have a lower chance of facing
child hunger. However, the Special COVID-19 Unemployment Insurance Fund
benefit does not have an impact on hunger and does not cushion individuals and
households from running out of money to buy food. Finally, the findings indicate
that although COVID-19 pandemic has put pressure on food security in South
Africa, there is no heterogeneity on hunger between those that were screened or
tested for COVID-19 and those who were not.

5.2 Policy Implications

The Foster Care Grant has a significant impact on stunting for children in South
Africa. This is a very important conclusion for South Africa, a country with 3.7
million children who are orphaned and in need of care and where 27 percent of
children are stunted. The findings show that the program contributes to the health of
children but does not add to the problem of obesity that is prevalent in South Africa.
This is an important finding too, considering that 13.5 percent of children aged
between 6 and 14 years in South Africa are overweight and obese; a figure that is
way above the 10 percent global prevalence in school children. Furthermore, the fact
that there is no program intensity and program impact on weight-for-age but on
height-for-age means that the program appeals to the long term human capital

development as opposed to the short-term changes in nutritional status.

On the other hand, the finding that the program has no effect on children aged 10-14
years has important policy implications. Since the Foster Care Grant is awarded
initially for two years with a possibility of extension for another two years, for health
outcomes considerations, then preference for extension should be given to children
younger than 10 years. Related, where circumstances allow, and when it does not
lead to gender inequality to program access, preference for extension should be
given to boys since there is no program intensity impact for girls (there is no further
marginal impact for girls who receive the grant twice compared to those that receive
it only once). Boys experience both significant program and program intensity

impacts. There may also be need for further research to better understand why there
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is no further marginal impact of the program for girls and to ascertain whether this
does not imply gender heterogeneity to care of foster children by foster parents.

On the other hand, the conclusion that social capital in the form of membership to
social groups increases food security in Zimbabwe has important policy implications
too. Interventions to ensure food security in Zimbabwe can ride on social groups to
leverage on the benefits such as information sharing, learning from each other, and
pooling of resources for production that members draw from their social groups. As
much as community based food and nutrition interventions should cater for those
suffering from food insecurity, the success of such interventions may depend on how
the intended beneficiaries evaluate the collective functioning of their society. For a
country with weak formal social protection systems in place, any deliberate efforts to

prop-up social capital can help in improving the welfare of its people.

Finally, government grants are a cushion to hunger during the COVID-19 pandemic.
Given the nature of restrictions adopted in a bid to curb the spread of the virus, they
may be the only coping strategy available to the vulnerable and as such governments
should ensure their continued existence. For example, the Special COVID-19 Social
Relief of Distress Grant was initially for six months from May to October 2020 and
was extended for another three months to January 2021. The South African
government should seriously consider extending the life of the grant especially
considering that it has a significant impact on child hunger. There is need, however,
to pay particular attention to each type of social protection and its accessibility to
minimize irregularities and ensure that its effect on welfare is maximized. To gain
further understanding of the dynamics between social protection programs and
welfare during crisis periods such as posed by COVID-19 and its effects in the
medium- and long-term, there is need for further studies. There is scope for further
studies interrogating what happens to other food security and health aspects and
measures such as nutrition and obesity that may be importantly affected by COVID-

19 pandemic and its related restrictive measures.

144



BIBLIOGRAPHY

Abass, A. B., Fischler, M., Schneider, K., Daudi, S., Gaspar, A., Rust, J., and Msola,
D., 2018. On-farm Comparison of different Postharvest Storage
Technologies in a Maize Farming System of Tanzania Central Corridor.
Journal of Stored Prod. Res., 77, pp. 55-65.

Abdul-Rahaman, A., and Abdulai, A., 2018. Do Farmer Groups Impact on Farm
Yield and Efficiency of Smallholder Farmers? Evidence from Rice Farmers
in Northen Ghana. Food Policy, 81, pp. 95-105.

Ainembabazi, J. H., van Asten, P., Vanlauwe, B., Ouma, E., Blomme, G., Birachi, E.
A., Nguezet, P. M. D., Mignouna, D. B., and Manyong, V.M., 2017.
Improving the Speed of Adoption of Agricultural Technologies and Farm
Performance through Farmer Groups: Evidence from the Great Lakes
Region of Africa. Agric. Econ. 48, 241-259.

Akullo, D., Maat, H., and Wals, A. E. J., 2018. An Instititutional Diagnostics of
Agricultural Innovation; Public-Private Partnerships and Smallholder
Production in Uganda. NJAS — Wageningen Journal of Life Sciences, 84, pp.
6-12.

Alaimo, K., Reischl, T. M., and Allen, O. 2010. Community Gardening,
Neighbourhood Meetings, and Social Capital. Journal of Community
Psychology, 38(4), pp. 497-514.

Alderman, H., and Headey, D. 2018. The Timing of Growth Faltering has Important
Implications for Observational Analyses of the Underlying Determinants of
Nutrition Outcomes. PLoS ONE, 13(4), e0195904.

Ali, M. S., Groenwold, R. H., Belitser, S. V., Pestman, W. R., Hoes, A. W., Roes, K.
C.,de Boer, A, and Klungel, O. H., 2015. Reporting of Covariate
Selection and Balance Assessment in Propensity Score Analysis is
Suboptimal: A Systematic Review. Journal of Clinical Epidemiology, 68(2),
pp. 112-121.

145



Allison, P. D. 2009. Fixed Effects Regression Models. Thousand Oaks, CA: Sage.

Arndt, C., Davies, R., Gabriel, S., Harris, L., Makrelov, Robinson, S., Levy,
S.,Simbanegavi,W., van Seventer, D., and Anderson, L. 2020. Covid-19

Lockdowns, Income Distribution, and Food Security: An Analysis for South
Africa. Global Food Security, 26, 100410.

Austin, P. C., 2009. Balance Diagnostics for Comparing the Distribution of
Baseline Covariates between Treatment Groups in Propensity-Score

Matched Samples. Statistics in Medicine, 28, pp. 3083-3107.

Attanasion, O., Gomez, L., Heredia, P., and Vera-Hernandez., M. 2005. The Short
Term Impact of a Conditional Cash Subsidy on Child Health and Nutrition
in Colombia. Centre for the Evaluation of Development Policies, Report

Summary: Familias 03, Washington, DC: The Institute for Fiscal Studies,
15pp.

Attanasio, O., and Mesnard, A. 2005. The Impact of a Conditional Cash Transfer

Programme on Consumption in Colombia. The Institute of Fiscal Studies,
London.

Ayllon, S., and Ferreira-Batista, N. N. 2015. ‘Mommy, | miss daddy’. The Effect of

Family Structure on Children’s Health in Brazil. Economics and Human
Biology, 19, 75-89.

Baird, J., Jollineau, M., Plummer, R., and Valenti, J., 2016. Exploring Agricultural
Advice Networks, Beneficial Management Practices and Water Quality on

the Landscape: A Geo-spatial Social-ecological Systems Analysis. Land Use
Policy, 51, pp. 236-243.

Bard, A. M., Main, D., Roe, E., Haase, A., Whay, H. R., and Reyher, K. K., 2019.
To change or not to Change? Veterinarian and Farmer Perceptions of

Relational Factors Influencing the Enactment of Veterinary Advice on Dairy
Farms in the United

10394.

Kingdom. Journal of Dairy Sciences, 102, pp. 10379-

146



Barrientos, A. (2012). “Social Transfers and Growth: What Do We Know? What Do
We Need to Know?” World Development, 40(1), pp. 11-20.

Barrientos, A., M@ller, V., Saboia, J., Lloyd-Sherlock, P., and Mase, J. 2013.
‘Growing’ Social Protection in Developing Countries: Lessons from Brazil
and South Africa. Development Southern Africa, 30(1), 54-68.

Baskaran, G., Bhorat, H., and Kahler, T. 2020. South Africa’s Special COVID-19
Grant: A Brief Assessment of Coverage and Expenditure Dynamics.
Development Policy Research Unit, Policy Brief 2020/55.

Bazzi, S., Sumart, S., and Suryahadi, A. (2015). “It’s all in the Timing: Cash
Transfers and Consumption Smoothing in a Developing Country”, Journal
of Economic Behavior & Organization, 119, pp. 267-288.

Beaman, L., BenYishay, A. J., Magruder, J., Mobarak, A. M., 2018. Can Network
Theory-Based Targeting Increase Technology Adoption? Yale University.

June (mimeo).

Beaman, L., and Dillon, A., 2018. Diffusion of Agricultural Information within
Social Networks: Evidence on Gender Inequalities from Mali. Journal of

Development Economics, 133, pp. 147-161.

Behrman, J. R., Calderon, M. C., Preston, S. H., Hoddinott, J., Martorelli, R., and
Stein, A. D.  2009. Nutritional Supplementation in Girls Influence the
Growth of their Children: Prospective Study in Guatemala. The American
Journal of Clinical Nutrition, 90, 1372-1379.

Belle, J. Moyo, S., Abiodun, A. O., 2017. Assessing Communal Farmers’
Preparedness to Drought in the Umguza District, Zimbabwe. International
Journal of Disaster Risk Reduction, 22, pp. 194-203.

BenYishay, A., and Mobarak, A. M., 2019. Social Learning and Incentives for
Experimentation and Communication. Review of Economic Studies, 86(3),
pp. 976-10009.

147



Bhalla, G., Hand, S., Angeles, G. and Seidenfeld, D. 2018. The Effect of Cash
Transfers and Household Vulnerability on Food Security in Zimbabwe.
Food Policy, 74, pp. 82-99.

Bhorat, H., Oosterhuizen, M., and Stanwix, B. 2020. Social Assistance Amidst the
Covid- 19 Epidemic in South Africa: An Impact Assessment. Development
Policy Research Unit Working Paper 202006.

Bhorat, H., and Kahler, T. 2020. Social Assistance during South Africa’s National
Lockdown: Examining the COVID-19 Grant, Changes to the Child Support
Grant, and Post-October Policy Options. Development Policy Research Unit
Working Paper 202009. DPRU, University of Cape Town.

Booysen, F., and Van Der Berg, S. (2005). “The Role of Social Grants in Mitigating
the Socio-Economic Impact of HIV/AIDS in Two Free Communities”. South

African Journal of Economics, 73, pp. 545-563.

Bott, L., Ankel, L., and Braun, B., 2019. Adaptive Neighborhoods: The Interrelation
of Urban Form, Social Capital, and Responses to Coastal Hazards in Jakarta.
Geoforum, 106, pp. 202-213.

Bourne, M., Gassner, A., Makui, P., Muller, A., and Muriuki, J., 2017. A Network
Perspective Filling a Gap in Assessment of Agricultural Advisory System

Performance. Journal of Rural Studies, 50, pp. 30-44.

Brander, M., Bernauer, T., and Huss, M. 2020. Improved On-farm Storage Reduces
Seasonal Food Insecurity of Smallholder Farmer Households — Evidence

from a Randomized Control Trial in Tanzania. Food Policy, pp. 1-10.

Broadbent, A., Combrink, H., and Smart, B. 2020. COVID-19 in South Africa.
Global Epidemiology, 2, 100034.

Buisson, M., and Balasubramanya, S., 2019. The Effect of Irrigation Service
Delivery and Training in Agronomy on Crop Choice in Tajikistan. Land
Use Policy, 81, pp. 175- 184.

148



Carlitz, R. D., and Makhura, M.N. 2021. Life under Lockdown: Illustrating
Tradeoffs in South Africa’s Response to COVID-19. World Development,
137, 105168.

Cetto, A., Klier, M., Richter, A., and Zolitschka, J. F. 2018. “Thanks for Sharing” —
Identifying Users’ Roles Based on Knowledge Contribution in Enterprise
Social Networks. Computer Networks, 135, pp. 275-288.

Chamberlain, G. (1982). “Multivariate Regression Models for Panel Data”. Journal

of Econometrics, 18, 5-46.

Chan, N. W., Roy, R,, Lai, C. H., and Tan, M. L., 2018. Social Capital as a Vital
Resource in Flood Disaster Recovery in Malaysia. International Journal of
Water Resource Development, 33(1), pp. 1-19.

Chegere, M. J., 2018. Post-haverst Losses Reduction by Small-scale Maize Farmers:
The Role of Handling Practices. Food Policy, 22, pp. 103-115.

Chung, S., Choi, H., and Lee, S. S. 2014. Measuring Social Capital in the Republic
of Korea with Mixed Methods: Application of Factor Analysis and Fuzzy-
Set Ideal Type Approach. Social Indicators Research, 117, pp. 45-64.

Chung, S., Lee, H., Kim, G., and Lee, S. 2012. Experience and Meaning of Social
Capital of Korean Middle Class Elderly Men and Women-focused on the
Elderly Participating the Senior Welfare Center. Journal of Welfare for the
Aged, 57, pp. 221-260.

Cofre-Bravo, G., Klerkx, L., and Engler, A., 2019. Combinations of Bonding,
Bridging, and Linking Social Capital for Farm Innovation: How Farmers
Configure Different Support Networks. Journal of Rural Studies, 69, pp. 53-
64.

Croppenstedt, A., Knowles, M., and Lowder, S.K. 2018. Social Protection and
Agriculture: Introduction to the Special Issue. Global Food Security, 16, pp.
65-68.

149



Dalemans, F., Muys, B., Verwimp, A., Van den Broeck, G., Bohra, B., Sharma, N.,
Gowda, B., Tollens, E., and Maertens, M., 2018. Redesigning Oilseed Tree
Biofuel Systems in India.Energy Policy, 115, pp. 631-643.

Dalton, R. J., Hac, P. M., Nghi, T., and Ong, N. T. 2002. Social Relations and Social
Capital in Vietnam: Findings from the 2001 World Values Survey.
Comparative Sociology, 1(3-4), pp. 369-386.

Daniel, C., 2020. Is Healthy Eating too Expensive?: How Low-income Parents
Evaluate the Cost of Food. Social Science & Medicine, 248, 112823.

Danso, J. K., Osekre, E. A., Manu, N., Opit, G.P., Armstrong, P., Arthur, F. H.,
Campbell, and Mbata, G., 2017. Moisture Content, Insect Pests and
Mycotoxin Levels of Maize at Harvest and Posthaverst in the Middle Belt of

Ghana. Journal of Stored Products Research, 74, pp. 46-55.

Davis, B., Handa, S., Hypher, N., Winder Ross, N., Winters, P., and Yablonski, J.
(2016). “From Evidence to Action: The Story of Cash Transfers and Impact
Evaluation in Sub-Saharan Africa.” Oxford: FAO, UNICEF, Oxford

University Press.

de Groot, Palermo, T., Handa, S., Ragno, L. P., and Peterman, A. 2017. Cash
Transfers and Child Nutrition: Pathways and Impacts. Development Policy
Review, 35, 621-643.

Dean, W. R., and Sharkey, and Sharkey, J., 2011. Food Insecurity, Social Capital
and Perceived Personal Disparity in a Predominantly Rural Region of Texas:

An Individual-level Analysis. Social Science & Medicine, 72, pp. 1454-1462.

Deaton, A. 2008. Height, Health, and Inequality: The Distribution of Adult Heights

in India. American Economic Review. 98(2), 468-474.

Devereux, S. 2013. Trajectories of Social Protection in Africa. Development

Southern Africa, 30(1), 13-23.

150



Duflo, E. (2003). “Grandmothers and Granddaughters: Old-Age Pensions and Intra-
household Allocation in South Africa”, The World Bank Economic Review,
17(1), pp. 1-25.

Dunn, C. G., Kenney, E., Fleischhacker, S. E., Bleich, S.N. 2020. Feeding Low-
income Children during the COVID-19 Pandemic. The New England
Journal of Medicine, 382, e40.

Ehsan, A., Klaas, H. S., Bastianen, A., and Spini, D., 2019. Social Capital and
Health: A Systematic Review of Systematic Reviews. SSM — Population
Health, 8, 100425.

Ejeromedoghene O., Tesi, J.N., Uyanga, V.A., Adebayo, A.O., Nwosis, M.C., Tesi,
G.0., and Akinyeye, R.O. 2020. Food Security and Safety Concerns in
Animal Production and Public Health Issues in Africa: A Perspective of
COVID-19 Pandemic Era.  Ethics, Medicine and Public Health, 15,
100600.

Elahi, E., Abid, M., Zhang, L., Haq, S., and Sahito, J. M., 2018. Agricultural
Advisory and Financial Services; Farm Level Access, Outreach and Impact
in a Mixed Cropping District of Punjab. Land Use Policy, 71, pp. 249-260.

Elgar, F. J., Davis, C. G., Wohl, M. J., Trites, S. J., Zelenski, J. M., and Martin, M.
S. 2011. Social Capital , Health and Life Satisfaction in 50 Countries. Health
& Place 17, pp. 1044-1053.

Fafchamps, M., Islam, A., Malek, M. A., and Pakrashi, D., 2020. Can Referral
Improve Targeting? Evidence from an Agricultural Training Experiment. Journal of
Development Economics, 144, 102436.

Fafchamps, M., and Quinn, S., 2018. Networks and Manufacturing Firms in Africa:
Resultsfrom a Randomized Field Experiment. World Bank Econ. 32(3), pp.
656-752.

Fafchamps, M. 2006. Development and Social Capital. Journal of Development
Studies, 42(7), pp. 1180-1198.

151



Fafchamps, M., and Lund, S. 2003. Risk-sharing Networks in Rural Philippines.
Journal of Development Economics, 71, pp. 261-287.

Fales, M. K., Dell, R., Hebert, M. E., Sowa, S. P., Asher, J., O’Neil, G., and Doran,
P.J., 2016. Making the Leap from Science to Implementation: Strategic
Agricultural Conservation in Michigan’s Saginaw Bay Watershed. Journal of
Great Lakes Research, 42(6), pp. 1372-1385.

Falkowski, J., Chlebicka, A., and Lopaciuk-Gonczaryk, B., 2017. Social
Relationships and Governing Collaborative Actions in Rural Areas:
Some Evidence from Agricultural ~ Producer Groups in Poland. Journal of
Rural Studies, 49, pp. 104-116.

Fédes van Rijn, Nkonya, E., and Adekunle, A. 2015. The Impact of Agricultural
Extension Services on Social Capital: An Application to the Sub-Saharan
African Challenge Program in Lake Kivu Region. Agriculture and Human
Values, 32, pp.597-615.

Fernald, L., Gertler, P., et al., 2009. 10-Year Effect of Oportunidades, Mexico’s
Conditional Cash Transfer Program, on Child Growth, Cognition, Language,
and Behavior: A Longitudinal Follow-up Study. The Lancet, 374(9706).

Fieldsend, A. F., Voitovska, Y., Toirov, F., Markov, R., and Alexandrova, N., 2019.
A Sustainable Approach to Fostering Agricultural Knowledge Sharing in
Conflict-affected Areas of Eastern Ukraine. NJAS — Wageningen Journal of
Life Sciences, 89,100293.

Fisher E., Attah R., Barca V., O’Brien C., Brook S., Holland J., Kardan A.,
Pavanello S. and Pozarny, P. 2017. “The Livelihood Impacts of Cash
Transfers in Sub-Saharan Africa: Beneficiary Perspectives from Six

Countries”, World Development, 99, pp.299-319.

Fiszbein, A., Kanbur, R., and Yemtsov, R. (2014). “Social Protection and Poverty
Reduction: Global Patterns and some Targets”. World Development, 61, 167-
177.

152



Fullerton, B., Pohlmann, B., Krohn, R., Adams, J. L., Gerlach, F. M., and Erler, A.
2016. The Comaprison of Matching Methods using Different Measures of
Balance: Benefits and Risks Exemplified within a Study to Evaluate the
Effects of German Disease Management Programs on Long-term Outcomes
of Patients with Type 2 Diabetes. Health Services Research, pp. 1960-1980.

Garba, S. M., Lubuma, J. M. S., and Tsanou, B. 2020. Modeling the Transmission
Dynamics of the COVID-19 Pandemic in South Africa. Mathematical
Biosciences, 328, 108441.

Garrido, M. M., Kelley, A. S., Paris, J., Roza, K., Meier, D. E., Morrison, M. R., and
Aldridge, 2014. Methods for Constructing and Assessing Propensity Scores.
Health Services Research, 49(5), pp. 1701-1720.

Galasso, A. 2011. Alleviating Extreme Poverty in Chile: The Short Term Effects of
Chile Solidario. Estud. Econ. 38, 101-127.

Gertler, P. J. 2000. Final Report: The Impact of Progresa on Health. International
Food Policy Research Institute, Washington, D. C.

Gertler, P.J., Martinez, S.W., and Rubio-Codina, M. (2012). “Investing Cash
Transfers to Raise Long-Term Living Standards”. American Economic
Journal: Applied Economics, 4(1), pp. 164-192.

Gertler, P. J. 2004. Do Conditional Cash Transfers Improve Child Health? Evidence
from Progresa’s Control Randomized Experiment. American Economic
Review, 94(2), 336-341.

Gilligan, D.O, Margolies, A., Quinones, E., Roy, S. (2013). “Impact Evaluation of
Cash and Food Transfers at Early Childhood Development Centers in
Karamoja, Uganda. Final Impact Report. International Food Policy

Research Institute, Washington DC.

Govere, J., Muchetu, G. R., Mvumi, B. M., and Chuma, T., 2019. Analysis of
Distribution  Systems for Supply of Synthetic Grain Protectants to Maize

153



Smallholder Farmers in Zimbabwe: Implications for Hermetic Grain Storage
Bag Distribution. Journal of Stored Products Research, 84, 101520.

Govere, S., Nyamangara, J., and Nyakatawa, E. Z., 2020. Climate Change Signals in
the Historical Water Footprint of Wheat Production in Zimbabwe. Science of
the Total Environment, 742, 140473.

Grilli, L., and Rampichini, C., 2011. Training Sessions on Causal Inference, Bristol.

Grootaert, C., Narayan, D., Jones, V. N., and Woolcock, 2004. Measuring Social
Capital: An lintegrated Questionnaire. World Bank Working Paper No. 18.

Guillen, L., Coromina, L., and Saris, W. E. 2011. Measurement of Social
Participation and its Place in Social Capital Theory. Social Indicators
Research, 100, pp. 331-350.

Gwimbi, P., 2007. The Effectiveness of Early Warning Systems for the Reduction of
Flood Disasters: Some Experiences from Cyclone Induced Floods in

Zimbabwe. Journal of Sustainable Development in Africa, 9(4), pp. 152-1609.

Haffejee, S. and Levine, D.T. 2020. “When will I be free’: Lessons from COVID-19
for Child Protection in South Africa. Child Abuse & Neglect, DOI:
101016/j.chiabu.2020.104715.

Hajdu, F., Neves, D., and Granlund, S. 2020. Changing Livelihoods in Rural Eastern
Cape, South Africa (2002-2016): Diminishing Employment and Expanding
Social Protection. Journal of Southern African Studies, 46(4), 743-772.

Handa, S., Peterman, A., Huang, C., Halpern, C., Pettifor, A., and Thirumurthy, H.
(2015). “Impact of the Kenya Cash Transfer for Orphans and Vulnerable
Children on Early Pregnancy and Marriage of Adolescent Girls”. Social
Science & Medicine, 141, pp. 36-45.

Handa, S., Park, M., Darko Osei, R., Osei-Akoto, I., Davis, B., Daidone, S. (2014).

“Livelihood Empowerment against Poverty Program Impact Evaluation”,

154



Carolina Population Center, University of North Carolina at Chapel Hill,
Chapel Hill, NC. US.

Hanlon, J., Barrientos, A., and Hulme, D. (2010). “Just Give Money to the Poor: The
Development Revolution in the Global South.” Danvers, MA: Kumarian

Press.

Hansen, B. G., 2015. Financial Extension that Challenges Farmers’ Thinking in
Discussion Clubs Helps Farmers Improve their Problem Solving Abilities.
Agricultural Systems, 132, 85-92.

Harvey, K. 2016. “When I go to Bed Hungry and Sleep, I’'m not Hungry”: Children
and Parents’ Experiences of Food Insecurity. Appetite, 99, 235-244.

Haushofer, J., and Shapiro, J. (2014). “Household Response to Income Changes:

Evidence from an Unconditional Cash Transfer Program in Kenya”.

Heinrich, K. M., Becker, C., Carlisle, T., Gilmore, K., Hauser, J., and Harms, C. A.
2015. High- Intensity Functional Training improves Functional Movement
and Body Composition among Cancer Survivors: A Pilot Study.

European Journal of Cancer Care, 24(6), 812-817.

Hidrobo, M., Hoddinott, J., Kumar, N., and Olivier, M. (2018). “Social Protection,
Food Security, and Asset Formation”. World Development, 101, pp. 88-103.

Hidrobo, M., Hoddinott, J., Peterman, A., Margolies, A., and Moreira, V. (2015).
“Social Protection and Food Security”. Background Paper for The State of
Food and Agriculture: Social Protection and Agriculture: Breaking the Cycle

of Rural Poverty.

Hilkens, A., Reid, J.I., Klerkx, L., and Gray, D. 1., 2018. Money Talk: How
Relations between Farmers and Advisors around Financial Management are
Shaped. Journal of Rural Studies, 63, pp. 83-95.

Himaz, R. 2008. Welfare Grants and their Impact on Child Health: The Case of Sri
Lanka. World Development, 36 (10), 1843-1857.

155



Hirvonen, K. 2014. Measuring Catch-up Growth in Malnourished Populations.
Annals of Human Biology, 41 (1), 67.

Hjelm, L., Handa, S., De Hoop, J., and Palermo, T. (2017). “Poverty and Perceived
Stress: Evidence from Two Unconditional Cash Transfer Programs in
Zambia”, Social Science & Medicine, 177, pp. 110-117.

Ho, D. E., Imai, K., and Stuart, E. A., (2007). Matching as Nonparametric
Preprocessing for Reducing Model Dependence in Parametric Causal
Inference. Political Analysis, 15, pp. 199-236.

Hoddinott, J., Maluccio, J. A., Behrman, J. R., Flores, R., and Martorell, R. 2008.
Effect of a Nutrition Intervention during Early Childhood on Economic
Productivity in Guatemala Adults. Lancet, 371, pp. 411-416.

Hoisington, A., Shultz, J.A., and Butkus, S. 2002. Coping Strategies and Nutrition
Education Needs among Food Pantry Users. Journal of Nutritional
Education Behavior, 34, pp. 326-333.

Hough, G., and Sosa, M. 2015. Food Choice in Low Income Populations: A Review.
Food Quality and Preference, 40, 334-342.

Hove, M., and Gweme, T., 2018. Women’s Food Security and Conservation
Farming in Zaka District-Zimbabwe. Journal of Arid Environments, 149, pp.
18-29.

Huneche, C., Engler, A., Jara-Rojas, R., and Poortvliet, P. M., 2017. Understanding
the Role of Social Capital in Adoption Decisions: An Application to
Irrigation Technology. Agricultural Systems, 153, pp. 221-231.

Hur, S., Jha, S., Park, D., and Quising, P. (2010). “Did Fiscal Stimulus Lift
Developing Asia out of the Global Crisis?” A Preliminary Empirical

Investigation. Technical Report. Asia Development Bank.

Imbens, G. W. (2004). Nonparametric Estimation of Average Treatment Effects
under Exogeneity: A Review. The Review of Economics and Statistics, 86,
pp. 4-29.

156



Jackson, D. B., Johnson, K. R., Vaughn, M. G., and Hinton, M. E., 2019. The Role
of Neighborhoods in Household Food Insufficiency: Considering Interactions
between Physical Disorder, Low Social Capital, Violence, and Perceptions of

Danger. Social Science & Medicine, 221, pp. 58-67.

Jackson, D. B., and Vaughn, M. G., 2017. Parental History of Disruptive Life Events
and Household Food Insecurity. Journal of Nutritional Education Behavior,

49(7), pp. 554-560.
Jensen, N.D., Barret, C.B., and Mude, A.G. (2017). “Cash Transfers and Index
Insurance: A Comparative Impact Analysis from Northern Kenya”, Journal

of Development Economics, 129, pp. 14-28.

Jensen, S. K. G., Berens, A. E., and Nelson 3™, C. A. 2017. Effects of Poverty on
Interacting Biological Systems underlying Child Development. Lancet Child

Adolesc Health, 1, pp.225-39.

Jeong, S. W., Ha, S., and Lee, K. 2021. How to Measure Social Capital in an Online
Brand Community? A Comparison of Three Social Capital Scales. Journal

Business Research, 131, pp. 652-663.

Jitmun, T., Kuwornu, J. K. M., Datta, A., and Kumar, A., 2020. Factors Influencing
Membership of Dairy Cooperatives: Evidence from Dairy Farmers in

Thailand. Ana Journal of Co- operative Organization and Management, 8,

100109.

Johnson, C. M., Sharkey, J., and Dean, W. R., 2010. Eating Behaviors and Social
Capital are Associated with Fruit and Vegetable Intake among Rural Adults.

Journal of Hunger and Environmental Nutrition, 5(3), pp. 302-315.

Kamar, A., Takeshima, H., Thapa, G., Adhikari, N., Saroj, S., Karkee, M., and Joshi,
P. K., 2020. Adoption and Diffusion of Improved Technologies and
ProductionPractices in Agriculture: Insights from a Donor-led Intervention in

Nepal. Land Use Policy, 95, 104621.

157



Kansiime, M. K., Alawy, A., Allen, C., Subharwal, M., Jadhav, A., and Parr, M.,
2019. Effectiveness of Mobile Agri-advisory Service Extension Model:
Evidence from Direct2Farm Program in India. World Development

Perspectives, 13, pp. 25-33.

Kent, K., Murray, S., Penrose, B., Auckland, S., Visentin, D., Godrich, S., and
Lester, E. 2020. Prevalence and Socio-Demographic Predictors of Food
Insecurity in Australia during the COVID-19 Pandemic. Nutrients, 12, 2682,
DOI:10.3390/nu12092682.

Kilburn, K., Thirumurthy, H., Halpern, C., Pettifor, A., and Handa, S. (2015).
“Effects of a Large-Scale Unconditional Cash Transfer Program on Mental
Health Outcomes of Young People in Kenya: Cluster Randomized Trial”,
(Working Paper).

King, B., Fielke, S., Bayne, K., Klerkx, L., and Nettle, R., 2019. Navigating Shades
of Social Capital and Trust to Leverage Opportunities for Rural Innovation.
Journal of Rural Studies, 68, pp. 123-134.

Kinsey, E. W., Kinsey, D., and Rundle, A. G. 2020. COVID-19 and Food Insecurity:
An Uneven Patchwork of Responses. Journal of Urban Health, 97, 332-335.

Kirk, A., Kilic, T., and Carletto, C. 2018. Composition of Household Income and
Child Nutrition Outcomes Evidence from Uganda. World Development,
109, 452-469.

Klerkx, L., and Proctor, A., 2013. Beyond Fragmentation and Disconnect: Networks
for Knowledge Exchange in the English Land Management Advisory
System. Land Use Policy, 30, pp. 13-24.

Kahler, T., and Bhorat, H. 2020. COVID-19, Social Protection, and the Labour
Market in South Africa: Are Social Grants being Targeted at the most
Vulnerable?Development Policy Research Unit Working Paper 202008.
DPRU, University of Cape Town.

158



Komarek, A. M., Drogue, S., Chenoune, R., Hawkins, J., Msangi, S., Belhouchette,
H., and Flichman, G., 2017. Agricultural Household Effects of Fertilizer
Price Changes for Smallholder Farmers in Central Malawi. Agricultural
Systems, 154, pp. 168-178.

Koutsouris, A., Papa, E., Chiswell, H., Cooreman, H., Debruyne, L., Ingram, J., and
Marchand, F., 2017. The Analytical Framework: Demonstration Farms as
Multi-purpose Structures, Providing Multi-functional Processes to Enhance
peer-to-peerLearning in the Context of Innovation for Sustainable
Agriculture. Deliverable of the EU2020 Project ‘AgriDemo-F2F’.

Krishna, A. 2007. Poverty and Health: Defeating Poverty by Going to the Roots.
Development, 50,pp. 63-69.

Kumar, A., Takeshima, H., Thapa, G., Adhikari, N., Saroj, S., Karkee, M., and Joshi,
P. K., 2020. Adoption and Diffusion of Improved Technologies and
Production Practices in Agriculture: Insights from a Donor-led Intervention
in Nepal. Land Use Policy, 95, 104621.

Kwak, Y., and Kim, Y. 2017. Association between Mental Health and Meal Patterns
among Elderly Koreans. Geriatr. Gerontol. Int 18(1), pp. 161-168.

Labrecque, J. A., Kaufman, J. S., Balzer, L. B., Maclehose, R. F., Strumpf, E. C.,
Matijasevich, A., Santos, I. S., Schmidt, K. H., and Baross, A. J. D. 2018.
Effect of a Conditional Cash Transfer Program on Length-for-age and
Weight-for-age in Brazilian Infants at 24 Months Using Doubly-robust,
Targeted Estimation. Social Science & Medicine, pp. 211, 9-15.

Lawrence, R. J. 2020. Responding to COVID-19: What’s the Problem? Journal of
Urban Health, 97, pp. 583-587.

Lechner, M. (2000). An Evaluation of Public-Sector-Sponsored Continuous
Vocational Training Programs in East Germany. Journal of Human
Resources, 35(2), pp. 347-375.

159



Lee, S. A, Park, E. -C., Ju, Y. J, Lee, T. H., Han, E., and Kim, T. H. 2017.
Breakfast Consumption and Depressive Mood: A Focus on Socioeconomic
Status. Appetite, 114, pp. 313-3109.

Lee, Y. S., and Kim, T. H., 2019. Household Food Insecurity and Breakfast
Skipping: Their Association with Depressive Symptoms. Psychiatry, 271, pp.
83-88.

Lee, J., and Little, T. D. (2017). A Practical Guide to Propensity Score Analysis for
Applied Clinical Research. Behaviour Research and Therapy, 98, pp. 76-90.

Lentz, E. C., and Barretti, C. B. 2013. The Economics and Nutritional Impacts of
Food Assistance Policies and Programs. Food Policy, 42, pp. 151-163.

Leroy, J. L., Ruel, M., Habicht, J. And Frongillo, E. A. 2015. Using Height-for-age
Differences (HAD) Instead of Height-for-age Z-scores (HAZ) for the
Meaningful Measurement of Population-level Catch-up in Linear Growth in
Children less than 5 Years of Age. BMC Pediatrics, 15: 145.

Leroy, J. L., Ruel, M., and Verhotstadt, E. 2009. The Impact of Conditional Cash
Transfer Programmes on Child Nutrition: A Review of Evidence using a
Programme Theory Framework. Journal of Development Effectiveness, 1 (2),
pp. 103-129.

Lin, N., 2017. Building a Network Theory of Social Capital. Social Capital (pp. 3-
28, Routledge.

Linden, A., and Samuels, S. J., 2013. Using Balance Statistics to Determine the
Optimal Number of Controls in Matching Studies. Journal of Evaluation in
Clinical Practice, 19, pp. 968-975.

Lopez-Arana, S., Avendano, M., Forde, 1., Van Lenthe, F. J., and Burdorf, A. (2016).
Conditional Cash Transfers and the Double Burden of Malnutrition among
Childrenin Colombia: A Quasi-Experimental Study. British Journal of
Nutrition, 115, 1780-1789.

160



Lowe, P., Phillipson, J., Proctor, A., and Gkartzios, M., 2019. Expertise in
Rural Development: A Conceptual and Empirical Analysis. World
Development, 116, pp.28-37.

Lundeen, E. A., Berman, J. R., Crookston, B. T., Dearden, K. A., Engle, P.,
Georgradis, A.,Penny, M. E., and Stein, A. D. 2014. Growth Faltering and
Recovery in Children Aged 1-8 years in Four Low- and Middle- Income
Countries: Young Lives. Public Health Nutrition, 17 (09), pp. 2131-2137.

MacGillivray, B. H., (2018). Beyond Social Capital: The Norms, Belief Systems ,
and Agency Embedded in Social Networks Shape Resilience to Climatic and

Geophysical Hazards. Environmental Science and Policy, 89, pp. 116-125.

Macours, K., 2019. Farmers’ Demand and the Traits and Diffusion of Agricultural
Innovations in Developing Countries. Annual Review of Resource
Economics, 11, pp. 483-499.

Maluccio, J.A., and Flores, R. (2005). “Impact Evaluation of a Conditional Cash
Transfer Program: The Nicaraguan Red De Proteccion Social. Research

Report 4. International Food Policy Research Institute, Washington DC.

Mandelbaum, J., Moore, S., Silveira, P. P., Meaney, M. J/, Levitan, R. D., and Dube,
L., 2018. Does Social Capital Moderate the Association between Children’s
Emotional Overeating and Parental Stress? A Cross-Sectional Study of the
Stress-Buffering Hypothesis in a Sample of Mother-Child Dyads. Social
Science & Medicine, pp. 1-9.

Manley, J., Gitter, S., and Slavchev, V. (2013). “How Effective are Cash Transfers at
Improving Nutritional Status?” World Development, 48, pp. 133-155.

Mansyur, C., Amick, B. C., Harrist, R. B., and Franzini, L. 2008. Social Capital,
Income Inequality, and Self-rated Health in 45 Countries. Social Science &
Medicine, 66, pp. 43-56.

161



Marcus, T., and Bhasme, S., 2018. Model Farmers, Extension Networks and the
Politics of Agricultural Knowledge Transfer. Journal of Rural Studies, 64,
pp. 1-10.

Martin, K. S., Rogers, B. L., Cook, J. T., and Joseph, H. M., 2004. Social Capital is
Associated with Decreased Risk of Hunger. Social Science & Medicine, 58,
pp. 2645-2654.

Martin, M. A., and Lippert, A. M., (2012). Feeding her Children, but Risking her
Health: The Intersection of Gender, Household Food Insecurity and Obesity.
Social Science & Medicine, 74, pp. 1754-1764.

Mavhura, E., 2017. Applying a System-thinking Approach to Community Resilience
Analysis Using Rural Livelihoods: The Case of Muzarabani District,
Zimbabwe.International Journal of Disaster Risk Reduction, 25, pp. 248-
258.

Mbida, M., Collinson, M., Hunter, L. and Twine W., 2019. Social Capital is
Subordinate to Natural Capital in Buffering Rural Livelihoods from Negative
Shocks: Insights from Rural South Africa. Journal of Rural Studies, 65,
pp.12-21.

Mbunge, E. 2020. Effects of COVID-19 in South African Health System and
Society: An Explanatory Study. Diabetes & Metabolic Syndrome: Clinical
Research & Reviews, 14, pp. 1809-1814.

Mendola, M. 2017. International Migration and Informal Social Protection in Rural

Mozambique. Research in Economics, 71, 282-290.

Merttens, F., Hurrell, A., Marzi, M., Attah, R., Farhat, M., Kardan, A., MacAuslan,
., (2013). “Kenya Hunger Safety Net Programme Monitoring and Evaluation
Component”. Impact Evaluation Final Report: 2009 to 2012 (Oxford Policy

Management Oxford).

162



Miller, C.M., Tsoka, M., and Reichert, K. (2011). “The Impact of the Social Cash
Transfer Scheme on Food Security in Malawi”, Food Policy, 36, pp. 230-
238.

Modjadj, P., and Madiba, S. 2019. The Double Burden of Malnutrition in a Rural
Health and Demographic Surveillance System Site in South Africa: A Study
of Primary Schoolchildren and their Mothers. BMC Public Health, 19, 1087.

Moore, S., and Carpiano, R. M. 2020. Measures of Personal Social Capital over
Time: A Path Analysis Assessing Longitudinal Associations among
Cognitive, Structural, Network Elements of Social Capital in Women and
Men Separately. Social Science & Medicine, 257, 112172.

Morello, T. F., Piketty, M., Gardner, T., Parry, L., Barlow, J., Ferreira, J., and
Tancredi, N.S., 2018. Fertilizer Adoption by Smallholders in Brazilian
Amazon: Farm-level Evidence. Ecol. Econ. 144, pp. 278-291.

Moreno-Serra, R. (2005). Uma Avaliacdo do Impacto do Programa Saude da Familia
sobre a Saude Infantil no Estado de Sdo Paulo (An Evaluation of the Impact
of the Family Health Programme on Infant Health in the State of S&o
Paulo). In S. Piola, & E. Jorge (Eds.), Economia da Saude: 10 Prémio
Nacional—2004. Coletanea Premiada. Brasilia: IPEA/DFID.

Morris, S. S., Olinto, P., Flores, R., Nilson, E. A. F., and Figueiro, A. C. 2004.
Conditional Cash Transfers are Associated with a Small Reduction in the
Rate of Weight Gain of Preschool Children in Northeast Brazil. Journal of
Nutrition, 134, pp. 2336-2341.

Moyo, R., and Salawu, A., 2018. A Survey of Communication Effectiveness by
Agricultural  Extension in the Gweru District of Zimbabwe. Journal of
Rural Studies, 60, pp. 32-42.

Mundlak, Y. (1978). “On the Pooling of Time Series and Cross Section Data”.
Econometrica, 46, pp. 69-85.

163



Mupedziswa, R., and Ntseane, D. 2013. The Contribution of Non-formal Social
Protection to Social Development in Botswana. Development Southern
Africa, 30(1), pp. 84-97.

Mutambuki, K., Affognon, H., Likhayo, P., and Baributsa, P., 2019. Evaluation of
Purdue Improved Crop Storage Triple Layer Hermetic Storage Bag against
Prostephanus Truncatus (Horn) (Coleoptera: Bostrichidae) and Sitophilus
Zeamais (Motsch.) (Coleoptera: Curculionidae). Insects, 10(204), pp. 1-14.

Mutenje, M., Kankwamba, H., Mangisoni, J., and Kassie, M. 2016. Agricultural
Innovations and Food Security in Malawi: Gender Dynamics, Institutions
and Market Implications. Technological Forecasting & Social Science
Change, 103, pp. 240-248.

Mutungi, C., Muthoni, F., Bekunda, M., Gaspar, Kabula, E., and Abass, A., 2019.
Physical Quality of Maize Grain Harvested and Stored by Smallholder
Farmers in the Northern Highlands of Tanzania: Effects of Harvesting and
Pre-storage Handling Practicesin ~ Two Marginally Contrasting Agro-

locations. Journal of Stored Products Research, 84, 101517.

Nagoli, J., and Chiwona-Karltun, L., 2017. Uncovering Human Social Networks in
Coping with Lake Chilwa Recessions in Malawi. Journal of Environmental
Management, 192, pp. 134-141.

Narain, K., Bean Mayberry, B., Washington, D. L., Canelo, L. A., Darling, J. E., and
Yano, E. M., 2018. Access to Care and Health Outcomes Among Women
Veterans usingVeterans Administration Health Care: Association with Food
Insufficiency. Women Health Issues, 28(3), pp. 267-272.

National Treasury. 2020. Economic Measures for Covid-19. National Treasury,

Pretoria.

Ncube, A., Mangwaya, P. T., and Ogundeji, A. A., 2018. Assessing Vulnerability
and Coping Capacities of Rural Women to Drought: A Case Study of
Zvishavane District, Zimbabwe. International Journal of Risk Reduction, 28,
pp. 69-79.

164



Nebbitt, V. F., Lombe, M., Chu, Y., Sinha, A., and Tirmazi, T., 2016. Correlates of
Food Security among Low Resource Young People: An Assessment of
Community Protective Factors within Public Housing Neighborhoods.
Journal of Health Care Poor Underserved, 27(3), pp. 1126-1142.

Ng’ang’a, S. K., Bulte, E. H., Giller, K. E., Ndiwa, N. N., Kifugo, S. C., Mclntire, J.
M., Herrero, M., and Rufino, M. C., 2016. Livestock Wealth and Social
Capital as Insurance against Climate Risk: A Case Study of Samburu County

in Kenya. Agricultural Systems, 146, pp. 44-54.

Nguyen-Trung, K., Forbes-Mewett, H., and Arunachjalam, D., 2020. Social Support
from Bonding and Bridging Relationships in Disaster Recovery: Findings
from a Slow- onset Disaster. International Journal of Disaster Risk
Reduction, 46, 101501, pp. 1-12.

Nifio-Zarazua, M., Barrientos, A., Hickey, S., and Hulme, D. 2012. Social
Protection in Sub-Saharan Africa: Getting the Politics Right. World
Development, 40(1), pp. 163-176.

Nkhata, S. G., Ortiz, D., Baributsa, D., Hamaker, B., Rocheford, and Ferruzzi, M.
G., 2019. Assessment of Oxygen Sequestration on Effectiveness of Purdue
Improved Crop Storage (PICS) Bags in Reducing Carotenoid Degradation
during Postharvest Storage of Two Biofortified Orange Maize Genotypes .

Journal of Cereal Science, 87, pp. 68-77.

Normand, S. L. T., Landrum, M. B., Gaudagnoli, E., Ayanian, J. Z., Ryan, T. J.,
Cleary, P.D., and McNeil, B. J.,, 2001. Validating Recommendations for
Coronary Angiography Following an Acute Myocardial Infarction in
the Elderly: A Matched Analysis Using Propensity Scores. Journal of
Clinical Epidemiology, 54, pp. 387 — 398.

Nui, C., and Ragasa, C., 2018. Selective Attention and Information Loss in the Lab-
to-farm Knowledge Chain: The Case of Malawian Agricultural Extension

Programs. Agricultural Systems, 165, pp. 147-163.

165



Nyagumbo, I., Nyamadzawo, G., and Madembo, C., 2019. Effects of In-field Water
Harvesting Technologies on Soil Water Content and Maize Yields in a Semi-
arid Region of Zimbabwe. Agricultural Water Management, 216, pp. 206-
213.

Nyati, L.H., Pettifor, J.M., and Norris, S.A. 2019. The Prevalence of Malnutrition
and Growth Percentiles for Urban South African Children. BMC Public
Health, 19, 492.

Oh, H., Chung, M., and Labianca, G. 2004. Group Social Capital and Group
Effectiveness: The Role of Informal Socializing Ties. The Academy of
Management Journal, 47(6), pp. 860-875

Olorunfemi, T. O., Olorunfemi, O. D., and Oladele, O. I., 2019. Determinants of the
Involvement of Extension Agents in Disseminating Climate Smart
Agricultural Initiatives: Implications for Scaling Up. Journal of Saudi Society
of Agricultural Sciences, pp. 1-8.

Omotilewa, O. J., Ricker-Gilbert, J., Ainembabazi, J. and Shively, G. E. 2018.

Does Improved Storage Technology Promote Modern Input Use and Food
Security? Evidence from a Randomized Trial in Uganda. Journal of

Development Economics,135, pp. 176-198.

Owens, M. R., Brito-Silva, F., Kirkland, T., Moore, C. E., Davis, K. E., Patterson,
M. A., Miketinas, D. C., and Tucker, W. J. 2020. Prevalence and Social
Determinants of Food Insecurity among College Students during the COVID-
19 Pandemic. Nutrients,12, 2515. DOI: 10.3390/nu12092515.

Oyinbo, O., Chamberlin, J., Vanlauwe, B., Vranken, L., Kamara, Y. A., and
Maertens, M., 2019. Farmers’ Preferences for High-input Agriculture
Supported by Site-specific Extension Services: Evidence from a Choice

Experiment in Nigeria. Agricultural Systems, 173, pp. 12-26.

Pachoud, C., Labeyrie, V., and Polge, E., 2019. Collective Action in Localized
Agrifood Systems: An Analysis by the Social Networks and the Proximities.
Study of a Serrano  Cheese Producers’ Association in the Campos de Cima
da Serra/Brazil. Journal of Rural Studies, 72, pp. 58-74.

166



Pacoma, A. J. U,, and Delda, J. S., 2019. Social Capital in the Post-Haiyan Setting:
The Role of Local and Translocal Ties in Building Household Resilience.
International Journal of Disaster Risk Reduction, 40, 101250.

Paul, C. J., Weinthal, E. S., Bellemare, M. F., and Jeuland, M. A., 2019. Social
Capital, Trust, and Adaptation to Climate Change: Evidence from Rural
Ethiopia. Global Environmental Change, 36, pp. 124-138.

Paxson, C., and Schady, N. 2009. Does Money Matter? The Effects of Cash
Transferson Child Health and Development in Rural Ecuador. World
Bank Policy Research Working Paper 4226. Washington, DC.

Pinard, C., Smith, T. M., Calloway, E. E., Fricke, H. E., Bertmann, F. M., and
Yarocha, A. L., 2016. Auxiliary Measures to Assess Factors to Food
Insecurity: Preliminary Testing and Baseline Characteristics of Newly
Designed Hunger-Coping Scales. Preventative Medicine Reports, pp. 289-
295.

Porter, C., and Goyal, R. 2016. Social Protection for all Ages? Impacts of Ethiopia’s
Productive Safety Net Program on Child Nutrition. Social Science &
Medicine, 159, pp. 92-99.

Prentice, A. M., Ward, K. A., Goldberg, G. R., Jarjou, L. M., Moore, S. E., Fulford,
A.J., Prentice, A. 2013. Critical Windows for Nutritional Interventions

against Stunting. American Journal of Clinical Nutrition. 97 (5), pp. 911-918.

Puddephatt, J., Keenana, G.S., Fielden, A., Reaves, Halford, J. C. G., and Hardman,
C. A 2020. ‘Eating to Survive’: A Qualitative Analysis of Factors
Influencing Food Choice and Eating Behavior in Food-insecure
Population. Appetite, 147, 104547.

Purdam, K., Garrat, E. A., and Esmail, A. 2016. Hungry? Food Insecurity, Social
Stigma and Embarrassment in the UK. Sociology, 50(6), pp. 1072-1088.

Putnam, R. D., 1995. Bowling Alone: America’s Declining Social Capital. Journal

of Democracy. 6(1), pp. 65-78.

167



Ragasa, C., and Mazunda, J., 2018. The Impact of Agricultural Extension Services in
the Context of a Heavily subsidized Input System: The Case of Malawi.
World Development, 105, pp. 25-47.

Rawlings, L. B., and Rubio, G. M. 2005. Evaluating the Impact of Conditional Cash
Transfer Programs. The World Bank Research Observer, 20 (1), 29-55.

Renzaho, A. M. N., Chitekwe, S., Chen, W., Rijal, S., Dhakal, T., and Dahal, P.
2017. The Synergetic Effect of Cash Transfers for Families, Child Sensitive
Social Protection Programs, and Capacity Building for Effective Social
Protection on Children’s Nutritional Status in Nepal. International Journal of
Environmental Research and Public Health, 14, 1502.

Ribeiro-Silva, R., Pereira, M., Aragao, E., Guimaraes, J. M., Ferreira, A. J. F.,
Barreto, M.  L.,Chaves dos Santos, S. M. 2020. Covid-19 Pandemic
Implications for Food and Nutrition Security in Brazil. Ciencia & Saude
Coletiva, 25(9), pp. 3421-3430.

Rieger, M., and Wagner, N. 2015. Child Health, its Dynamic Interaction with
Nutrition and Health Memory — Evidence from Senegal. Economics and
Human Biology, 16, pp. 135-145.

Rivera, J. A., Sotres-Alvarez, D., Habicht, J., Shamah, T., and Villalpando, S. 2004.
Impact of the Mexican Program for Education, Health, and Nutrition
(Progresa) on Rates of Growth and Anemia in Infants and Young Children.
JAMA, 291(21), 2563-2570.

Robertson, L., Mushati, P., Eaton, JW., Dumba, L., Mavise, G., Makoni, J.,
Schumacher, C., Crea, T., Monasch, R., Sherr, L., Garnett, G.P., Nyamukapa,
C., and Gregson, S. 2013. “Effects of Unconditional and Conditional Cash
Transfers on Child Health  and Development in Zimbabwe: A Cluster-
Randomized Trial”. Lancet, 381(9874), pp. 1283-1292.

Robertson, L., Mushati, P., Skovdal, M., Eaton, J.W., Makoni, J.C., Crea, T. (2013).

“Involving Communities in the Targeting of Cash Transfer Programs for

168



Vulnerable Children: Opportunities and Challenges”, World Development,
54, pp. 325-337.

Rosenbaum, P. R., and Rubin, D. B. (1983). The Central Role of the Propensity

Score in Observational Studies for Causal Effects. Biometrika, 70, 41-55.

Rosenbaum, P. R., and Rubin, D. B., 1984. Reducing Bias in Observational Studies
using Subclassification on the Propensity Score. Journal of the American

Statistical Association, 79, pp. pp. 516-524.

Rosenbaum, P. R. (2002). Observational Studies (2™ ed.). New York, NY: Springer-
Verlag.

Rosenbaum, P. R. (2010). Design of Observational Studies. New York, NY:
Springer.

Ruel, M. T., Alderman, H., and Maternal and Group CNS. 2013. Nutrition-sensitive
Interventions and Programmes: How can they Help to Accelerate Progress in
Improving Maternal and Child Nutrition? Lancet, 382 (9891), pp. 536-551.

Sabatino, M., 2019. Economic Resilience and Social Capital of the Italian Region.

International Review of Economics and Finance, 61, pp. 355-367.

Saloner, B., Gollust, S. E., Planalp, C. and Blewett, L. A. 2020. Access and
Enrollment in Safety Net Programs in the Wake of COVID-19: A National
Cross-sectional Survey. PIoSONE, 15(10): e0240080.

Schunck, R. 2017. Within- and Between-cluster Effects in Generalized Linear Mixed
Models: A Discussion of Approaches and the xthybrid Command. The Stata
Journal, 17(1), pp. 89-115.

Schott, W. B., Crookston, B. T., Lundeen, E. A., Stein, A. D., and Behrman, J. R.
2013. Periods of Child Growth up to Age 8 years in Ethiopia, India, Peru
and Vietnam: Key Distal Household and Community Factors. Social
Science & Medicine, 97, pp. 278-287.

169



Schunck, R. 2013. Within and between Estimates in Random-Effects Models:
Advantages and Drawbacks of Correlated Random-Effects and Hybrid
Models. The Stata Journal, 1, pp. 65-76.

Schunck, R., and Perales, F. 2017. Within- and Between- Cluster Effects in
Generalized Linear Mixed Models: A Discussion of Approaches and the
xthybrid Command. The Stata Journal, 17(1), pp. 89-115.

Shikuku, K. M., 2019. Information Exchange Links, Knowledge Exposure, and
Adoption of Agricultural Technologies in Northern Uganda. World
Development, 115, pp. 94-106.

Singano, C. D., Mvumi, B. M., and Stathers, T., 2019. Effectiveness of Grain
Storage Facilities and Protectants in Controlling Stored-maize Insect Pests in
a Climate-risk Prone Area of Shire Valley, Southern Malawi. Journal of
Stored Prod. Res. 83, pp. 130-147.

South African Human Rights Commission/UNICEF, 2011.

Stiegler, N., and Bouchard, J. 2020. South Africa: Challenges and Successes of the
COVID-19 Lockdown. Annales Medico-Psychologiques, 178, pp. 695-698.

Suryadipta, R. 2017. Does Time Difference between Countries Reduce Bilateral
Trade? An Application of the Correlated Random Effects Method using
Panel Data. Applied Economics Letters, 24(10), 695-698.

Takahashi, K., Mano, Y., and Otsuka, K., 2020. Learning from Experts and Peer
Farmers about Rice Production: Experimental Evidence from Cote d’Ivoire.
World Development, 122, pp. 157-169.

Tesfaye, W., and Tirivayi, N., 2018. The Impacts of Postharvest Storage Innovations
on Food Security and Welfare in Ethiopia. Food Policy, 75, pp. 52-67.

Tiwari, S., Daidone, S., Ruvalcaba, M.A., Prifti, E., Handa, S., Davis, B., Niang,
Ousmane, Pellerano L., Quarles van Ufford, P., and Seidenfeld, D. (2016).

“Impact of Cash Transfer Programs on Food Security and Nutrition in Sub-

170



Saharan Africa: A Cross-Country Analysis”, Global Food Security, 11, pp.
72-83.

Toska, E., Gittings, L., Hodes, R., Cluver, L.D., Govender, K., Chademana, K. E.,
and Gutiérrez, V.E. 2016. Resourcing Resilience: Social Protection for HIV
Prevention amongst Children and Adolescents in Eastern and Southern
Africa. African Journal of Aids Research, 15(2), pp. 123-140.

Victoria, C. G., Adair, L., Fall, C., Hallal, P. C., Martorell, R., Ritcher, L., and
Sachdev, H. S.2008. Maternal and Child undernutrition: Consequences for
Adult Health and Human Capital. The Lancet, 371, pp. 340-357.

Walker, S. K., 2011. Connected: The Surprising Power of Our Social Networks and
How They Shape Our Lives. Journal of Family Theory AMP Rev., 3(3), pp.
220-224.

Walsh, D., McCartney, G., McCullough, S., van der Pol, M. 2015. Comparing
Levels of Social Capital in Three Northern Post-industrial UK Cities. Public
Health, 129, pp. 629-638.

Webb, C. 2008. Measuring Social Capital and Knowledge Networks. Journal of
Knowledge Management, 12(5), pp. 65-78.

Woolcock, M., and Narayan, D., 2000. Social Capital: Implications for Development
Theory, Research, and Policy. World Bank Res. Obs. 15(2), pp. 225-249.

Wooldridge, J. M. 2019. Correlated Random Effects Models with Unbalanced
Panels. Journal of Econometrics, 211(1), pp.137-150.

Wooldridge, J. M. 2011. A Simple Method for Estimating Unconditional
Heterogeneity Distributions in  Correlated Random Effects Models.

Economics Letters, 113, pp. 12-15.

Wooldridge, J. M. 2010. Correlated Random Effects Models with Unbalanced
Panels

Wooldridge, J. M. 2010. Econometric Analysis of Cross Section and Panel Data. 2"
ed. Cambridge, MA: MIT Press.

171



World Health Organization (WHO), 1986; 1995; 2006.

Zheng, W., Pan, H., and Sun, S. 2019. A Friendship-based Altruistic Incentive
Knowledge Diffusion Model in Social Networks. Information Sciences, 491,
pp. 138-158.

172



