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Abstract

Economic growth is commonly seen as the main driver of poverty reduction in a global
perspective, but its impact varies substantially across cases. Meanwhile, the literature has
been relatively silent regarding the role of social policy in explaining this variation. In light of
an emerging attention to redistribution and social protection in promoting inclusive growth,
this article analyses how government cash transfer systems moderate the effect of economic
growth on both relative and absolute child poverty across low- and middle-income countries.
The empirical analyses compare trends within 16 countries, using data from the Luxembourg
Income Study (LIS), by means of descriptive analyses and multivariate regression techniques.
Findings show that, in addition to growth, the expansion of government transfer schemes was
associated with falling absolute child poverty rates. Despite the absence of an association
between growth and relative child poverty on average, growth was found to be related to
reductions in relative child poverty when combined with sufficiently extensive government
transfers. These findings highlight the fruitfulness of including indicators on social protection
policies when inquiring about enabling conditions for inclusive growth in a development
context.

Keywords: comparative social policy, social protection; child poverty, inclusive growth, developing
countries; cash transfers
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Introduction

How can societies across the globe foster inclusive growth, that is economic development that benefit
broad segments of the populations in these countries, including the most vulnerable? This article draws
on the recent expansion of cash transfer programs targeted at families with children across many low-
and middle-income countries (LMICs), to investigate the role of social policy in shaping the link

between growth and child poverty reduction in these countries over the last decades.

Children are overrepresented among the global poor (Castafieda et al., 2018), and additionally tend to
face higher risks of malnutrition, disease, abuse and exploitation, compared to adults in similar situations
of vulnerability (Roelen & Sabates-Wheeler, 2012). Living standards during childhood also matters for
a range of outcomes across the life-course, with child poverty having long-term consequences for both
individuals and societies (Black et al., 2017). Such insights have made combating child poverty through
early interventions one of the cornerstones of the social investment paradigm and the Sustainable

Development Agenda (Clark et al., 2020).

The predominant strategy to achieve poverty reduction, also with regard to children, has been the
promotion of aggregate economic growth, and empirical studies have repeatedly found economic
growth to raise the well-being of the poor (Dollar et al., 2016; Bergstrom, 2020; Cerra et al., 2021).
However, disappointing poverty trends and growing inequalities observed amidst high rates of economic
growth in many emerging economies has sparked debates over the possibility to eradicate global poverty
by relying on increasing national incomes. Scholars have pointed to important differences between
countries and growth episodes in the degree to which growth actually reduces poverty (Adams, 2004;
Bourguignon, 2003; Ravallion, 2001; Shaffer et al., 2019). Meanwhile, attention to ‘inclusive’ growth
has been growing, reflecting concerns that rising average living standards over the last decades have
failed to benefit the less privileged on many occasions (Cerra et al., 2021; Cook, 2018; Mahon, 2019;
OECD, 2018; World Bank, 2020). Still, the literature has been “relatively silent regarding the specific
factors that could foster a larger impact of economic growth on poverty” (Alvaredo & Gasparini, 2015,
p. 785). This article addresses this gap in previous research by embarking from the notion that
distributional processes associated with economic growth are fruitfully understood as moderated by
institutions that vary across countries, highlighting particularly the role of government cash transfer

schemes.

The empirical analyses draw on the emergence of social protection as a central tool to address poverty
and social exclusion. Families with children have often been a core target group of novel social
protection programs in developing countries (Barrientos & DelJong, 2006; Leisering, 2018). More
expansionary reforms in some countries has moreover led to growing cross-country variation in the
scope of social protection for children in emerging economies. Comparative analyses could thus provide

important insights into how policies influence the distributional outcomes of economic growth.



Comparative research on high-income countries shows that government transfers are central in
explaining how economic growth reduces poverty (e.g. Brady & Bostic, 2015; Hermansen et al., 2016;
Kenworthy, 2011), but whether government transfer systems influence the degree to which growth
reduces poverty in developing countries remains an understudied topic. By focusing on child poverty
and government support provided to families with children this article make use of the emerging cross-
country variation in social protection for this group, by measuring direct effects of cash transfers on
poverty as well as estimating the extent to which government cash transfer systems moderate the effect

of economic growth on child poverty across a sample of LMICs.

Related to the debates around inclusive growth and shared prosperity, and the increasing average living
standards alongside widening inequalities in emerging economies, is a growing uneasiness of using only
absolute poverty lines, such as the widely known measure of extreme poverty developed by the World
Bank (Atkinson, 2017; Ravallion, 2020). In high-income countries, it is often recognized that poverty
also has a relative dimension that concerns the distances between households in the income distribution,
and national poverty lines in LMICs also tend to reflect typical living standards in that country (Jolliffe
& Prydz, 2021). Relative poverty lines rises along with typical living standards, acknowledging that
more resources are required to avoid social exclusion in more affluent societies. This article recognizes
that both of these approaches are of importance when evaluating the inclusiveness of economic growth

and social development, and incorporates both types of measures in the analyses.

The main question guiding the analyses presented below has been how government transfer systems in
LMICs influence the effect of economic growth on child poverty? The study also seek to answer to what
extent the direct and indirect effects of government transfers differ depending on whether poverty is
measured in absolute or relative terms. The empirical analyses draw on comparative household surveys
from 16 countries, using data from the Luxembourg Income Study (LIS) database. The associations
between the incidence of government transfers, economic growth and changes in child poverty rates are

explored using descriptive statistics and multivariate analyses of comparative longitudinal data.

The article makes at least three important contributions to the literature. A main contribution is to
provide estimates of the extent to which the effect of growth on child poverty is moderated by the scope
of government transfer systems, thus providing new insights on the sources of variation in the growth
elasticity of poverty (Adams, 2004; Bourguignon, 2003; Ravallion, 2001; Cerra et al., 2021). The study
also adds to the literature by providing econometric analyses of both direct and indirect effects of
transfers on poverty reduction, based on a comparative longitudinal dataset, unlike most previous
comparative studies on social protection and poverty in LMICs which have mainly been based on cross-
sectional data (e.g. Fiszbein et al., 2014; Goii et al., 2011; Lustig, 2016; Nell et al., 2016). Additionally,

the study brings social exclusion and relative poverty into the debate about social development in



emerging economies, adjoining with an increased emphasis on inequality and ‘leaving no one behind’

in debates on global sustainable development (Kanbur, 2019; UN, 2015).

A first section of the article reviews theory and previous research on the linkages between economic
growth and child poverty, with particular attention the role of government transfer schemes. A second
section introduces the data and analytic techniques employed in the study. The results of the empirical
analyses are presented subsequently, and the article is thereafter concluded with a discussion of these

results and their implications.

Economic growth, government transfers and child poverty

Growth and poverty reduction

Empirical analyses has repeatedly found economic growth to be associated with falling absolute poverty
rates (see Bergstrom, 2020; Cerra et al., 2021). However, these studies also reveal much heterogeneity
in the growth elasticity of poverty; that is the responsiveness of the poverty rate to economic growth,
across regions, countries and particular growth episodes (Adams, 2004; Bourguignon, 2003; Dollar et
al., 2016; Kraay, 2006; Ravallion, 2001). In fact, there are many instances in which poverty rates have
remained stable or even increased even as the overall economy has grown (Shaffer et al., 2019), and
others in which poverty rates fell despite poor records of economic growth (e.g. Ferreira et al., 2010).
With regard to relative poverty, evidence morcover suggest that, on average, growth is unrelated to
changes in the relative incomes of the poor (Dollar et al., 2016; Ravallion, 2020). Still, this lack of an
overall association also obscures much heterogeneity in the degree to which growth has been associated

with decreasing or increasing inequality (Kanbur, 2019).

Research on which factors that make some growth episodes more pro-poor than others is still emerging
(Alvaredo & Gasparini, 2015; Cerra et al., 2021), and there is a “difficulty of identifying specific
macroeconomic policies that are significantly associated with the growth rates of those in the poorest
quintiles relative to everyone else” (Dollar et al., 2016, p. 68). This study will look to government cash

transfer schemes as one potentially consequential source of variation in this respect.

Government transfers and poverty

Comparative research on poverty in in rich countries, has commonly highlighted the role of government
transfers as a central factor determining the degree to which those with low incomes benefit from
economic growth (Marx et al., 2015). Korpi & Palme (1998) regarded welfare institutions as a key
“intervening variable” shaping distributional outcomes, and in a seminal study on the subject, Lane
Kenworthy (2011, p. 17) concludes that “[w]hen growth has trickled down to the poor, government
transfers have been the principal conduit”. Another study found that productivity gains in OECD

countries increased market income for the middle-class and above, while “the poor and the lower-middle



class were taken on board when moving from market to disposable income” (Hermansen et al., 2016, p.

31).

Similar evidence is now also being presented with regard to developing countries (Margitic & Ravallion,
2019), bolstering a growing recognition of the importance of social protection systems for inclusive
growth and poverty reduction, also in a developmental context (Cook, 2018; Mahon, 2019; see also
OECD, 2018; World Bank, 2020). The redistributive capacity of many LMICs has increased
substantially as their economies have grown (Hoy & Sumner, 2016), and many countries have also
implemented various types of anti-poverty programs. Alongside the provision of basic services and
labour market programs, cash transfer schemes has received particular attention in recent years
(Barrientos & DeJong, 2006; Bastagli et al., 2019; Fiszbein & Schady, 2009; Leisering, 2018; Margitic
& Ravallion, 2019). Contributory social insurance systems have historically been the most prominent
type of government transfer scheme in developing countries, but these have often had a narrow and
selective coverage, leaving the most vulnerable without sufficient protection (Mares & Carnes, 2009).
This has led some to question whether increased spending on government transfers actually decreases
poverty and inequality in LMICs (e.g. Rudra, 2004). More recently, new non-contributory social
assistance transfers have been introduced on broad scale across the Global South, often focused
particularly on families with children (Leisering, 2018). However, the often meagre budgets as well as
the inadequate targeting and frequent exclusion errors of these programs, have spurred concerns
regarding their ability to actually lift large groups out of poverty (Brown et al., 2018; Ferrarini et al.,
2016).

Empirical evidence however show promising results of many of these schemes. A systematic literature
review concluded that two thirds of the studies examined had found non-contributory transfer schemes
to have reduced poverty, whereas in some cases the impact on household consumption was not large
enough to effectively lower aggregate poverty levels (Bastagli et al., 2019). Also studies looking
specifically at child poverty in LMICs have demonstrated that social assistance schemes targeting
children in poor households, if well designed and well implemented, are effective in reducing poverty
among children (Barrientos & DeJong, 2006; Fiszbein & Schady, 2009). Also, by not conditioning
receipt of cash transfers on being out of work, benefits can be relevant for reducing in-work poverty as

transfers can be used to top-up low and irregular earnings (Barrientos & Unnikrishnan, 2018).

The overall redistributive impact of government transfers in developing countries have often been
assessed through benefit incidence analyses (e.g. Fiszbein et al., 2014; Goiii et al., 2011; Lustig, 2016;
Skoufias et al., 2010). These studies show that transfers contribute to reduce poverty and inequality,
albeit more moderately than in developed countries and with important variation across countries,
highlighting low spending and a failure to reach the most vulnerable as causes of a more limited

redistributive impact of transfers in many LMICs. While similar analyses that focus on the situation of



children are still rare, a study using income data from LIS found that taxes and transfers often, but not

always, contributed significantly to poverty reduction (Nell et al., 2016).

Transfers and dynamic effects

These approaches reviewed above suggests that social protection contributes to poverty reduction
directly through redistribution. But, cash transfers could additionally have indirect effects on the
incomes of poor households by strengthening their capacities to earn income from the market. At
societal level, there is now increasing evidence of a positive link between some types of social
expenditure and economic growth (e.g. Cammeraat, 2020), potentially with particular relevance for the
welfare of low-income households. Globally, growing attention is paid to the potential multiplier effects
of cash transfers (Gassmann et al., 2023). Social protection, including cash transfers can accordingly
make vulnerable groups better equipped to share in the opportunities associated with increased economic

activity.

A number of mechanisms linking transfers to higher productivity among poor households, also in the
shorter run, are highlighted in the literature (Alderman & Yemtsov, 2012; Barrientos, 2012). Firstly,
because poverty is associated with risk aversion, security provided through the receipt of a regular cash
transfer could encourage poor people to take certain risks, such as searching for more productive
employment opportunities, or making different kinds of productive investments. Secondly, cash
transfers can enable poor people to employ more beneficial coping strategies, for example by retaining
productive assets in face of external shocks to the household’s economy. Thirdly, as the poor tend to
spend locally, cash transfers are likely to stimulate demand for goods and services, promoting growth

in local economies, thereby benefitting also non-recipients (see e.g. Barrientos & Malerba, 2020).

Transfer schemes could also have other consequences for labour markets, such as increasing reservation
wages and thus potentially raise earnings for low-paid workers. The sceptic view that government
transfers could generate more poverty by depressing labour supply through the lowering of work
incentives, has moreover been mostly dispelled by research from developing countries (Barrientos &
Malerba, 2020; Bastagli et al., 2019; Fiszbein & Schady, 2009). In fact, some studies point to increased
labour market participation as transfers are used to cover cost for job searching and migration. However,
a lack of economic opportunities could hamper the positive effects of a greater productive capacity of

households (Barrientos, 2012), pointing to the combination of growth and social policy as a key factor.

Research on high-income countries has moreover emphasised that social policies that promote maternal
employment, are conducive to lower rates of child poverty (Gornick & Nell, 2018). Also with regard to
Low and Middle-Income Countries, gender equity is associated with lower child deprivation (Ekbrand
& Hallerdd, 2018). To the extent that social assistance programmes in LMICs also include subsidies

meant to facilitate the use of services complementary to work, such as schooling and childcare, cash



transfers in LMICs could also contribute to support maternal employment, thereby reducing child

poverty even further (Barrientos & Unnikrishnan, 2018).

These mechanisms implies that people are supported to make use of market-based opportunities to
increase their earnings, pointing to the potential that cash transfer schemes, alongside other forms of
social protection, could support vulnerable groups to benefit from the opportunities associated with a
growing economy. Cash transfer schemes might accordingly contribute to make growth episodes more
‘pro-poor’ as low-income households are integrated into labour markets on more favourable terms.
Also, the possibility to combine income from transfers with earnings (Barrientos & Unnikrishnan, 2018)
could be another mechanism whereby the combination of growth and transfers promotes poverty

reduction.

Alternative explanations

Other factors besides social protection, might undoubtedly contribute to explaining cross-country
variation in the growth elasticity of child poverty. The level of inequality is often highlighted as a source
of variation, with lower initial inequality associated with a stronger association between growth and
poverty reduction (Bergstrom, 2020; Bourguignon, 2003; Cerra et al., 2021; Lakner et al., 2020;
Ravallion, 2001). Also, building on the notion of the “Kuznets curve”, that is a U-shaped relationship
between growth and poverty, it is commonly hypothesised that the growth elasticity of poverty will be
higher as economies develop and modernize, although this hypothesis has been increasingly challenged
by empirical research on LMICs during later decades (see e.g. Ravallion & Chen, 2022). Beyond the
influence of transfers, the growth elasticity of child poverty could in similar ways be influenced by other
social protection measures. The provision of basic services, including education and healthcare are
obvious candidates but would operate mostly over a longer period of time (Barrientos & DeJong, 2006;
Fiszbein & Schady, 2009). Research has also indicated that corruption, and poor governance more
generally, is related to higher rates of child poverty in Low and Middle-Income Countries (Hallerod et
al., 2013). With lower quality of government institutions, growth could to a greater extent be captured

by elites.

Data and method

Dependent variable

The main data source for this study is the LIS Data Centre, a well-renowned source of comparable data
on households’ incomes and socio-demographic characteristics, which now hosts a growing number of
datasets from LMICs. The dependent variable is the child poverty headcount ratio, that is the proportion
of children below age 18 with a standard of living under a given poverty line. The living standard of
children is approximated by dividing household income by the square root of the number of household

members, in order to arrive at a measure of eqvivalised disposable household income (DHI).



A set of alternative poverty lines are then employed when calculating the poverty rate. On the one hand,
income poverty is measured with reference to the absolute poverty lines put forward by the World Bank
(2020). The most known of these is the international poverty line used by the Bank to monitor global
extreme poverty, which reflects a minimum level to sustain a livelihood in the world’s poorest countries,
adjusted using Purchasing Power Parities (PPPs). Prompted by the 2014 release of a new set of PPP
conversion factors, the value of the line was updated to $1.90 a day (Ferreira et al., 2016). The analyses
performed here additionally includes the higher poverty lines suggested by the Word Bank to reflect
national poverty lines in middle-income countries, until recently set at $3.20 and $5.50 per day

respectively (World Bank, 2020).

Figure 1. Time-series of child poverty and economic growth in 16 LMICs
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The analyses also incorporate relative child poverty measures, with the poverty line set as a fraction of
the median equivalised DHI in the total population in each country at the time of measurement. While
50 percent of the median is a common cut-off in comparative studies, the European Union has for some
time used 60 percent as the threshold to calculate at-risk-of-poverty rates. As the choice of a cut-off
below which one is to be considered poor is not unambiguous, analyses have been performed using
poverty lines set at 40, 50 and 60 percent of median equivalized DHI, with the presentation below
focusing on the 50 percent line. The resulting evolution of child poverty, using poverty lines set at $3.20

and 50 percent of median income, is depicted in Figure 1.

Independent variables

In order to explore the extent to which economic growth is associated with reductions in child poverty,

the analyses use a measure of GDP per capita, expressed in constant 2010 US Dollars, from the World



Development Indicators (see Figure 1). Capturing the extensiveness of government transfers then
requires an indicator that reflects cross-sectional as well as longitudinal variation. Measures based on
social rights have commonly been seen as preferable for comparing the scope and change of affluent
welfare states, but such data is not available for a broader sample of non-OECD countries. Scholars
analysing developing countries have therefore sometimes relied on other socio-economic indicators
though to proxy differences in welfare arrangements between countries (Wood & Gough, 2006). Such
measures are however not well-suited to capture the role of government policy. Another alternative is
to rely on assignment of countries to different welfare regimes. Such analyses, in turn, suffers from well-

known difficulties to capture changes over time.

The analyses presented below instead employ an indicator of the transfer share (TS) in children’s
equivalized household incomes as a measure of governments’ welfare state effort. Such measures have
repeatedly been associated with poverty and inequality in previous research based on LIS data from rich
countries (see Brady & Bostic, 2015 for references). The TS reflects the degree to which social risks are
socialized and provided for by the public. While not unrelated to the distribution of risks and resources
among households, variation will ultimately depend on the degree to which governments recognize these
risks and the level of support that is provided, thus limiting the degree to which the indicator is itself
responsive to changes in poverty levels. Also, as the assessment of need used to establish who is eligible
for benefit commonly involves other criteria than the poverty concept employed here, the risk of
endogeneity is further reduced. Measuring the receipt of benefits by households is also a way to avoid

capturing policies that are mere paper rights.

The TS is calculated by dividing the eqvivalised sum of government transfers; including public pensions
and other social insurance benefits, benefits from universal cash transfers, social assistance benefits, as
well as the value of in-kind social assistance transfers; by eqvivalised DHI for the population of children.
One value is calculated for each survey making it possible to follow changes in TS over time. Figure 2
shows the mean TS for each country in the dataset. Higher values are accordingly found in Serbia,

Russia, South Africa and Brazil, while the lowest scores pertain to Guatemala, India and the Ivory Coast.



Figure 2. Average share of government transfers in household income in 16 LMICs, mean value of data
points from each country.
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It should be noted that this measure includes all government transfers received by households with
children, including e.g. old-age pensions, in cases where a retired person lives in the same household as
a child, reflecting that income pooling within multi-generational households tend to reduce poverty risks
among children (e.g. Duflo, 2000), and that other transfers are generally at least as important for

reducing child poverty as specifically family oriented schemes (Gornick & Nell, 2018).

The analyses also incorporate a set of potential confounders, chosen based on their prevalence in
previous studies on the determinants of child poverty, and calculated based on information in the LIS
data files. These indicators reflect previous findings that child poverty tend to be higher in households
with more children, among those living in rural areas, in single-parent households, and when adults are
not employed (Barrientos & Unnikrishnan, 2018; Gornick & Nell, 2018). Conversely, children living in

multigenerational households typically have a lower risk of poverty.

Estimation strategy

The household level data is used to generate macro-level indicators on the relevant variables. Data from
all countries in LIS for which at least two waves of data were available, and which were classified by
the World Bank as a Low or Middle-Income Country at the time of at least at one of the waves, are

compiled into a dataset containing information from 81 surveys from 16 countries unevenly distributed
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over the time-period from 1990 to 2017 (see Table Al in the statistical annex for a list of the datasets

and summary statistics).?

Analysing hierarchically structured data like this, with observations nested within higher level units
(countries in this case) comes with a number of well-known challenges. A main issue is that unobserved
time-invariant characteristics of countries will influence the error term in regression analyses, thus
causing heterogeneity bias. A common procedure to handle these difficulties when analysing cross-
section time-series data is to only analyse within-country differences by basing the analyses on
differenced data or relying on fixed effects models. For the purposes of this study, as well as in many
other comparative analyses of effects of institutional variation, a random effects (RE) model is preferred
(Bell & Jones, 2015; Fairbrother, 2014). A main advantage of the RE model is that information
pertaining to cross-country variation is not discarded in the analyses. This also means that it is possible
to include time-invariant, or slowly changing, variables in the analysis. This is essential as we can

assume that not only changes in the rate of cash transfers, but also levels, is of relevance for this study.

The main analyses presented below makes use of the possibility within the RE framework to explicitly
separate between within-unit effects and between-unit effects. This is done by taking the group mean as
an indicator of the country level effects, and subtracting the group mean from the original variable to
get a demeaned indicator of the within-unit variance. Both indicators are then included in the model,
and can be analysed using multilevel regression techniques. This is sometimes referred to as the
between-within model (Bell & Jones, 2015). This way it is also possible to create a cross-level
interaction term between changes in GDP within a country and the extensiveness of the cash transfers
in that country, measured by TS. The models presented below also include a random intercept, meaning
that the intercept is allowed to vary across the higher level units.? The models are furthermore run with
cluster-robust variance estimators to account for potential heteroscedastic distribution of the residuals
due to the nested character of the data. Following the conventional notation in multilevel modelling, the

model can be stated as:
POV} = Boj + B1jGDPy + B2; TSt + ﬂ3ﬁj+ + B.GDP; + B5(GDP;, * F]t) + BeZjt + ,87Z_]- t+ Ugj + €oje

Where POV is the child poverty rate in country j at time ¢ , GDPj; and TS;; are variables containing the
demeaned rate of child poverty, economic output and government transfers respectively; while the
overlined equivalents are the variables containing the group means of the respective variable. The Z in

this case represents the set of control variable’s introduced in the models, also in their group mean and

2 Three of the countries have been reclassified as high-income countries during the period covered by the analyses,
namely Chile (reclassified in 2012), Panama (2017) and Uruguay (2012). India was reclassified from Low-Income
to Middle-Income in 2007.

3 Also including a random coefficient for the demeaned GDP indicator proved only to add complexity to the model
without altering the results, with AIC/BIC statistics suggesting that the random intercept model was preferrable.
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demeaned forms. u,; capture the country-level departure from the overall intercept, and is the same for

all observation from each country, followed by an error term denoted eoj.

To account for the potentially confounding effect of unobserved contextual factors on the interaction
effect between GDP growth and the level of the TS, additional analyses have been performed including
other contextual variables. Regressions were also run excluding one county at the time, as well as by
weighting down cases that contribute with many observations, in order to explore the impact of
particularly influential cases. Alternative analyses were also performed that emulates the conventional
model for estimating the growth elasticity of poverty in development economics (Adams, 2004;
Bourguignon, 2003; Ravallion, 2001), using OLS regression to estimate coefficients based differenced

variables. These sensitivity analyses are discussed following the presentation of the main results.

Results

Descriptive analyses

As a first step, associations between annualised changes in the log of GDP and child poverty (making
the association equivalent to the growth elasticity of poverty, cf. Adams, 2004), with reference to
absolute and relative poverty lines, is presented in Figure 3. The left panel plots changes in child poverty
rates, using the $3.20 poverty line, against economic growth, with fitted lines for three different poverty
thresholds. The plot reveals an overall association between growth and child poverty reduction, with a
somewhat steeper gradient obtained when using lower poverty thresholds compared to higher ones. The
plot moreover display a considerable dispersion of the observations, indicating that there is substantive
heterogeneity in the extent to which economic growth is translated into reductions in absolute child

poverty.
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Figure 3. The growth elasticity of absolute and relative child poverty. Scatterplot of annualised change
in the log of child poverty and GDP, with fitted lines for different poverty thresholds.
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The right-hand panel in Figure 3 present the equivalent picture when relative poverty lines are used.
Here, the dispersion is even wider, with no clear overall pattern. A larger share of cases end up in the
top-right quadrant, signalling that increases in relative child poverty seem to have occurred alongside
economic growth on several instances. This picture resonates with findings in previous research that
growth on average has little effect on the relative incomes of the poor (Dollar et al., 2016; Ravallion,
2020). Lowering the relative poverty threshold tilts the fitted line slightly, from a flat line towards a

marginally positive slope.
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Figure 4. The growth elasticity of absolute child poverty, for high and low levels of the Transfer Share.
Scatterplots of annualised change in the log of child poverty and GDP, with fitted lines for different
poverty thresholds.
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Figure 5. The growth elasticity of relative child poverty, for high and low levels of the Transfer Share.
Scatterplots of annualised change in the log of child poverty and GDP, with fitted lines for different

poverty thresholds.
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As a first exploration of whether government transfers are helpful in explaining the observed variation
in the growth elasticity of child poverty, Figure 4 and 5 show the same association when the sample is
split in two equally sized groups based on the share of public transfers in household incomes. Figure 4
uses absolute poverty lines, again with a focus on the $3.20 line, but with fitted lines pertaining also to
higher and lower thresholds. The differences between the panels are not striking, but the variation is
larger and the negative slope somewhat steeper in case of a higher TS. Figure 5 display the
corresponding patters with reference to relative poverty. Here the difference is more pronounced. In
fact, growth seems associated with an increased child poverty rate in the context of a lower TS,
particularly when a lower cut-off is employed. Meanwhile, growth seems associated with falling relative
child poverty for the cases with higher shares of government transfers, although with a wide spread of

observations around the fitted line.

Regression analyses

As a second step, the potential interaction between the transfers share and economic growth is explored
through multivariate regression techniques. The first model in Table 1 shows the results from regressing
absolute child poverty rate on GDP, showing a significantly negative coefficient of within-unit variation
in GDP, reflecting the bivariate relationship that could be observed from Figure 3. To explore the role
of government transfers, Model 2 includes measures of TS, both in the form of a demeaned variable
reflecting changes over time and the country-level mean, with results pointing towards an association

between expansion of cash transfers and poverty reduction.

Model 3 introduces an interaction term between TS and economic growth, showing that the association
between growth and child poverty reduction seems to be more pronounced at higher levels of TS. Also,
the direct effect of government transfers on child poverty is clearly significant in this model. Model 4
tests the robustness of this findings in face of a set of potential confounders. Looking at the coefficients
of these variables, only coefficients for employment growth and the relative size of the child population,
is within the standard bounds of statistical significance. The inclusion of this set of potential confounders
did not alter the main associations referred to above. Results from analyses using the $1.90 and $5.50
thresholds are displayed in Models 4 and 5 respectively, showing similar results from those obtained

using the $3.20 line.
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Table 1. Mixed-effects models of absolute child poverty on economic growth and government transfers

Model 1 2 3 4 5 6
Poverty line USD per day (PPP)
$3.20 $3.20 $3.20 $3.20 $1.90 $5.50
Fixed effects
GDP (w) -2.865%*  -2.549%* 0.475 -0.251 -0.202 0.073
(-5.856) (-10.478)  (0.434)  (-0.223) (-0.155) (0.084)
GDP (b) -0.666 -0.405 -0.402 1.195 1.873 0.633
(-1.094)  (-0.523)  (-0.518)  (1.491) (1.506) (1.301)
Transfers (w) -0.741+  -0.838**  -0.710** -0.802** -0.489**
(-1.894)  (-2.356)  (-5.613) (-5.028) (-4.994)
Transfers (b) -0.328 -0.330 -0.306 -0.366 -0.381
(-0.785)  (-0.788)  (-0.362) (-0.336) (-0.649)
GDP(w)*Transfers (b) -2.591** 2 158** -2.080** -2.310%*
(-2.735)  (-2.814) (-2.261) (-3.953)
Rural population (w) -1.144 -1.080 -1.219%*
(-1.049) (-0.833) (-2.122)
Child population (w) 0.808 1.453 0.525
(0.786) (1.151) (0.664)
Elderly population (w) 0.004 -0.126 0.110
(0.010) (-0.274) (0.493)
Lone parent rate (w) 0.092 0.634 -0.311
(0.179) (1.160) (-0.796)
Employment rate (w) -4.7724%* -5.509%*%* -3.166**
(-2.950) (-2.914) (-2.358)
Rural population (b) 0.650 0.399 0.456
(0.776) (0.359) (0.799)
Child population (b) 4.644%* 6.456%* 2.994%*
(2.941) (2.452) (3.184)
Elderly population (b) 1.861 2.460+ 1.398
(1.582) (1.649) (1.532)
Lone parent rate (b) -0.783 -1.779 -0.010
(-0.742) (-1.276) (-0.014)
Employment rate (b) -1.157 -2.812 -0.224
(-0.496) (-0.819) (-0.164)
Constant 7.204 5.353 5.330 -4.527 -0.896 -3.552
(1.369) (0.835) (0.830)  (-0.291) (-0.040) (-0.374)
Variance components
Intercept 1.770 1.760 1.776 0.755 1.433 0.360%*
(1.247) (1.284) (1.312)  (-0.905) (1.375) (-2.737)
Residual 0.243**  0.187**  0.147**  0.079** 0.171%** 0.044**
(-2.435) (3445  (4.723)  (-11.453) (-7.821) (-14.614)
Observations 81 81 81 81 81 81

+ p<0.10, * p<0.05, ** p<0.01. Estimates obtained from multilevel regressions, with cluster robust standard errors
in parentheses. Variables labelled (w) refer to (log) deviations from the country mean; (b) denotes averages in the

log across observations for each country.
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Results using relative poverty lines, set at 50 percent of median income, are presented in Table 2. The
regression coefficient in Model 1 reflect a weak, but still significant, overall association between growth
and relative child poverty. The results from including the TS indicators in Model 2 indicate that, like
with the absolute poverty rates, the expansion of government transfers is associated with falling relative
child poverty rates. When the interaction term is introduced in Model 3, the results hint at a moderation
effect, whereby economic growth is more strongly associated lower relative poverty rates in cases with
a higher TS, although the estimate has a large standard error. Controls are again added to the analyses
in Model 4, with the result that the interaction term comes out as more clearly significant, and with the
growth variable turning positive. The share of children in the population is the only significant control
variable. Models 5 and 6 replicates this analysis using poverty lines at 40 and 60 percent of median
income, displaying a somewhat larger coefficient of both the original growth variable and the

interaction term when a lower threshold 1s considered.
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Table 2. Mixed-effects models of relative child poverty on economic growth and government transfers

Model 1 2 3 4 5 6
. Percent of median equivalised disposable household income
Poverty line
50% 50% 50% 50% 40% 60%
Fixed effects
GDP (w) -0.288**  -0.265%** 0.006 0.397 0.462 0.329+
(-6.439)  (-6.753)  (0.034) (1.484) (1.138) (1.857)
GDP (b) 0.066 0.115 0.115 0.087 0.196 0.047
(1.023) (1.311) (1.313) (0.953) (1.417) (0.734)
Transfers (w) -0.054+  -0.063+ -0.042 -0.065 -0.009
(-1.683)  (-1.951) (-1.607) (-1.539) (-0.483)
Transfers (b) -0.062 -0.062 0.128 0.239 0.066
(-0.769)  (-0.771)  (1.120) (1.413) (0.805)
GDP(w)*Transfers (b) -0.232+  -0.446** -0.637** -0.309**
(-1.670)  (-3.033) (-2.348) (-3.532)
Rural population (w) 0.009 -0.319 0.092
(0.033) (-0.833) (0.440)
Child population (w) 0.334 0.569 0.206
(0.974) (1.036) (1.035)
Elderly population (w) -0.216 -0.328 -0.184**
(-1.538) (-1.543) (-2.140)
Lone parent rate (w) -0.018 -0.015 -0.020
(-0.085) (-0.042) (-0.149)
Employment rate (w) -0.302 -0.711+ -0.123
(-1.036) (-1.907) (-0.621)
Rural population (b) 0.088 0.217 0.031
(0.982) (1.519) (0.547)
Child population (b) 0.679** 1.173%* 0.419**
(3.932) (4.350) (3.235)
Elderly population (b) -0.016 0.087 -0.066
(-0.111) (0.449) (-0.656)
Lone parent rate (b) 0.222 0.249 0.148
(1.350) (1.097) (1.111)
Employment rate (b) 0.325 0.604 0.102
(0.930) (1.140) (0.381)
Constant 2.628%*  20284** D DRO¥* -0.815 -4.331 1.445
(4.789) (3.277) (3.274)  (-0.394) (-1.391) (0.895)
Variance components
Intercept 0.036**  0.035**  0.035**  0.012%** 0.027%* 0.006**
(-13.696) (-13.226) (-13.283) (-13.963) (-11.671) (-17.289)
Residual 0.006**  0.006**  0.006%*  0.005%* 0.013%* 0.002%**
(-14.556) (-14.627) (-13.363) (-13.164) (-9.640) (-17.487)
Observations 81 81 81 81 81 81

+ p<0.10, * p<0.05, ** p<0.01. Estimates obtained from multilevel regressions, with cluster robust standard errors
in parentheses. Variables labelled (w) refer to (log) deviations from the country mean; (b) denotes averages in the
log across observations for each country.

18



As it might be misleading to draw conclusions about interaction effects based on regression coefficients
alone (see Brambor et al., 2006 for a discussion), additional analyses of marginal effects were
performed. The left-hand panel of Figure 6 displays the marginal effects of growth on the absolute child
poverty rate, based on Model 4 in Table 2, for different levels of TS observable in the data. The marginal
effects of growth on absolute poverty rates are not evidently negative at the lowest levels of government
transfers, but becomes stronger at higher levels public transfers. This is partly due to a wider bound for
statistical significance, with fewer cases at low levels of TS, but it is also a result of a more sizeable
estimated effect of growth on poverty in the context of a higher TS.

Figure 6. Marginal effects of growth on absolute and relative child poverty, for different levels of the
Transfer Share.
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From the right-hand panel of Figure 6 we can observe marginal effects of growth on relative child
poverty rates that are positive (although not significantly different from zero) in the absence of
government transfers, and negative in face of a higher TS. A value of the log of TS of approximately
one, meaning transfers accounting for roughly 2.7 percent of household income, represents a branching
point when the sign of the association changes from positive to negative. A bit more than a fourth of the

observations in the sample exhibit transfer shares below this threshold.

Sensitivity analyses

Table 3 explores how using alternative contextual factors, that could potentially have similar interaction
effects with GDP growth as the TS, affects the results. The first three models has changes in absolute
child poverty as the outcome variable. Model 1 includes and interaction between GDP growth and the
level of GDP, following the hypothesis that growth is equalising at higher level of economic

development. Model 2 instead introduces and interaction to explore the role of the level of inequality

19



for poverty reduction. As the quality of public institutions is another potential factor that could make
economic growth more conducive to reducing child poverty (c.f. Hallerdd et al., 2013), Model 3 includes
a an interaction term between growth and an index of corruption from the V-Dem database (Teorell et
al., 2019). Models 4 through 6 repeats the same exercise using a relative poverty measure. Results reveal
these poverty lines, the interaction effect between growth and government transfers, as well as direct
effect of transfers on absolute poverty remains also when controlling for these alternative interaction
effects. The only caveat appears with regard to Model 1 where the interaction effect is only significant
at the 10% level. Results are similar also for the alternative poverty thresholds (see Tables A2 and A3
in the annex)

Table 3. Mixed-effects models of child poverty on economic growth and government transfers, with
controls for alternative interaction effects.

Model 1 2 3 4 5 6
Poverty line $3.20 (PPP) per day 50% of median income
GDP (w) 6.083 18.129 0.136 -0.843 -5.825 0.281
(1.089) (0.991) (0.112) (-0.862) (-1.541) (1.071)
GDP (b) 1.195 1.195 0.158 0.087 0.088 0.036
(1.492) (1.491) (0.208) (0.954) (0.955) (0.324)
Transfers (w) -0.714%%* -0.753%%* -0.757%* -0.041 -0.027 -0.030
(-5.942) (-5.071) (-4.829) (-1.501) (-1.080) (-0.995)
Transfers (b) -0.307 -0.307 -0.127 0.128 0.128 0.136
(-0.363) (-0.363) (-0.166) (1.119) (1.119) (1.189)
GDP(w)*Transfers (b) -1.424+ -2.416%* -2.042%%* -0.589%%* -0.358%** -0.468%*
(-1.699) (-3.051) (-2.820) (-3.043) (-2.165) (-3.041)
GDP(w)*GDP (b) -0.801 0.157
(-1.180) (1.293)
GDP(w)*Gini (b) -4.729 1.601+
(-1.023) (1.669)
GDP(w)*Corruption (b) 0.313 -0.083
(1.055) (-1.137)
Constant -4.523 -4.527 -1.628 -0.814 -0.812 -0.655
(-0.290) (-0.291) (-0.141) (-0.394) (-0.393) (-0.331)
Variance components
Intercept 0.756 0.756 0.611+ 0.012** 0.012%* 0.012**
(-0.903) (-0.905) (-1.700) (-13.989) (-14.035) (-15.4306)
Residual 0.077** 0.078** 0.079%* 0.005%* 0.005%* 0.005%*
(-12.117) (-12.075) (-11.920) (-12.480) (-13.417) (-12.065)
Observations 81 81 79 81 81 79
Controls Yes Yes Yes Yes Yes Yes

+ p<0.10, * p<0.05, ** p<0.01. Estimates obtained from multilevel regressions, with cluster robust standard errors
in parentheses. Variables labelled (w) refer to (log) deviations from the country mean; (b) denotes averages in the
log across observations for each country. All models include the same control variables as the full models in Tables
1 and 2.

As the number of countries in the sample is admittedly limited, and as some countries contribute with

more observations than others, additional analyses were also carried out to expose the sensitivity of the
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results to the exclusion of individual countries. The results are in general robust when excluding one
country at the time. Especially, the observed direct association between within-country variation in
transfers and absolute poverty is unaffected by this exercise. The interaction effect with regard to
absolute child poverty is however diminished once India is excluded from the sample, and is then only
significant for the higher threshold at $5.50. Turning to the relative poverty thresholds, the interaction
effect is robust to the exclusion of individual countries when the 50 and 60 percent thresholds are used,
but for the 40 percent line the interaction affect disappears and is replaced by a direct effect of changing

transfers on child poverty when India or Paraguay are excluded.

Another way of limiting the influence of the countries contributing with more observations to the dataset
(Mexico, Chile, Russia and Paraguay) without fully excluding them is to give observations from these
countries weights calibrated to make the contribution of the country equal to that of a country with the
median number of observations. Regressions where run with such weights, and the main results were

robust in these models (see Table A4 in the annex)

Alternative analyses were also performed that emulates the conventional model for estimating the
growth elasticity of poverty in development economics (Adams, 2004; Bourguignon, 2003; Ravallion,
2001). Variables were differenced by taking the annualized changes in the log of the original variable,
calculated on the basis of the difference between two adjacent surveys. Estimation results were then
obtained using ordinary least squares regression, with cluster robust standard errors. These models
included an interaction term between GDP growth and the level of TS for each growth spell, alongside
differenced versions of the same confounders as in the main analyses. These analyses yielded similar
results as those presented above (see Table AS in the annex), with the difference that for absolute poverty
the interaction effect was not statistically significant (but like in the models presented above the direct

effect of TS was).

Conclusions

Finding the means to forcefully reduce the incidence of child poverty is arguably paramount for the
continued pursuit of the Sustainable Development Goals (cf. Clark et al., 2020). While it is commonly
held that promoting economic growth is the main route to achieving poverty reduction, it is unlikely that
poverty eradication within the nearest decade can be achieved by growth alone (Hoy & Sumner, 2016;
Lakner et al., 2020). What is more, the extent to which growth actually results in lower poverty has
historically been highly variable. Against this background, and the commitment of the international
community to “end poverty in all its forms everywhere” and to “leave no one behind” (UN, 2015), this
study has inquired about how government transfers can contribute to making economic growth more
inclusive and more conducive towards eradicating child poverty, in absolute as well as in relative terms.
Data on the heterogeneity of the association between growth and child poverty across countries,

combined with information on the scope of government cash transfers paid out to families with children,
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is here exploited in order to explore how social protection contributes to strengthen the poverty reducing

effect of economic growth, using longitudinal comparative data from a broad sample of LMICs.

The analyses corroborates previous findings of an association between economic growth and reductions
in child poverty when absolute measures where used. This association was more muted when poverty
was defined in relative terms. The analyses then highlighted that expansions of cash transfer systems
during recent decades were found to be linked to reductions in absolute, but not relative, child poverty.
Also, the association between economic growth and falling absolute child poverty rates was additionally
found to be somewhat stronger in the context of more extensive cash transfer systems, although for the
lower poverty thresholds this finding was not entirely robust to alternative model specifications. Finally,
economic growth was found to be linked to reductions in the rate of relative child poverty when
combined with sufficiently extensive systems of government transfers. In fact, whether the association
between growth and relative child poverty was positively or negatively signed seemed conditional upon
the extensiveness of transfer systems. This moderating effect of public cash transfers on the growth
elasticity of poverty in LMICs has not been documented in previous studies and is arguably a central
finding of these analyses. These findings moreover highlight some differences in effects between
absolute and relative child poverty. It could be the case that the combination of social protection and
favourable economic opportunities is particularly relevant for lifting children in vulnerable households
above a poverty line that rises with median incomes. Conversely, the success of the more recent
expansion of novel anti-poverty programs seems reflected in lower rates of absolute, but not relative

poverty.

Some of the limitations of the analyses presented point to avenues for further inquiries. Further studies
based on data with a wider temporal and geographical coverage, and considering poverty more
broadly in the population, should seek to explore the generalisability of these results as well as the
potential variance across world-regions and time-periods. With regard to measurement, the transfer
share is admittedly coarse indicator of the quality of social protection systems. Aspects regarding the
design and organisation of social protection systems have not been explored empirically here, but
could undoubtedly hold a key to better understand how policies contribute to poverty reduction. Also,
as a life-course perspective lies at the heart of a child-centred social protection strategy (cf. Black et
al., 2017; Clark et al., 2020), future comparative research should ideally seek to incorporate longer-
term effects, on the level of individuals as well as on societal level. The mechanisms behind the
interaction effect between GDP growth and government transfers also remains to be further explored,
with attention also to the role of other aspects of social policy, labour market regulation and

developmental strategies.

At least tentatively, the results presented here indicate that government transfer schemes are essential
components of a global development agenda that emphasises the eradication of child poverty,

irrespective of definition. Lane Kenworthy’s assertion that “growth is good for the poor, if social policy
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passes it on” (Kenworthy, 2011, p. 5), seemingly holds some truth also with regard to LMICs, and
particularly with reference to relative poverty. In an agenda that puts the equality of children’s life

chances at centre stage, government transfers accordingly have an important role to play.
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Statistical Annex

Table Al. Datasets and summary statistics.

Dependent variables: Independent
Child poverty headcount ratios variables
USD per day (PPP) Percept of median
Country Year mcome GD.P/a Transfer
Capita share
1.90 320 5.50 40 50 60
Brazil 2006 3.87 8.89 21.1 21.8 309 389 9806 7.85
Brazil 2009 2.81 584 138 19.9  30.7 389 10595 7.75
Brazil 2011 333 556 127 21.1 30.3 38.2 11628 7.30
Brazil 2013  0.62 427 105 203 29.7 377 11993 7.27
Brazil 2016 642 1027 16.5 250  34.1 41.5 10963 6.60
Ivory Coast 2002 17.5 325 551 19.5 257 318 1274 0.61
Ivory Coast 2008 145 295  53.0 183 248 309 1205 1.06
Ivory Coast 2015 179 322 529 217 27.6 344 1462 1.31
Chile 1990 535 11.8 321 16.0 255 339 5933 3.69
Chile 1992 267 6.70 23.1 150 239 3138 6880 2.84
Chile 1994 379 8.18 208 182 264 337 7459 291
Chile 1996 226 543 158 17.1 25.6  33.1 8428 3.03
Chile 1998 235 522 145 178 260 333 9199 2.89
Chile 2000 329 6.04 138 172 252 329 9420 3.13
Chile 2003 282 505 126 16.7 248 329 10110 3.01
Chile 2006 1.55 322 8.6 15.0 233 31.5 11809 2.89
Chile 2009 198 297 7.0 13.0 214 297 12227 3.97
Chile 2011 1.20 2.34 6.1 134 229 315 13456 3.33
Chile 2013  0.83 1.35 3.7 124 206 292 14461 3.28
Chile 2015  0.74  1.09 2.9 114  20.1 28.5 14722 3.10
Chile 2017  0.79 1.20 2.7 11.5  20.1 28.5 14749 3.14
Colombia 2013 474 931  20.0 203 28.1 36.2 7177 3.04
Colombia 2016  3.57 725 169 18.5 264 347 7626 3.20
Georgia 2010 639 164 354 170 240 312 3233 6.63
Georgia 2013 127 623 194 123 215 284 3899 5.70
Georgia 2016 0.88 3.10 129 133 19.1 25.1 4303 5.48
Guatemala 2006 144 552 190 173 262 338 2718 1.22
Guatemala 2011 6.69 1398 32.1 193 272 345 2880 0.46
Guatemala 2014 071 339 16.6 8.3 16.8 259 3008 0.91
India 2004 162 392 652 147 225 311 979 0.61
India 2011 929 238 50.0 15.8 235 318 1410 1.22
Mexico 1994 155 723 220 16.0 250 31.8 8374 1.17
Mexico 1996 3.53 12.05 324 15,6 240 322 8109 1.11
Mexico 1998 555 14.66 32.6 20.1 277 345 8836 0.93
Mexico 2000 3.01 877 243 194 264 345 9254 1.09
Mexico 2002 192 740 205 16.0 243 323 8961 1.78
Mexico 2004 252 6.79 175 154 222 304 9191 1.97
Mexico 2008 138 4.61 14.3 172 245 325 9588 3.26
Mexico 2010 244 635 158 162 234 308 9271 4.01
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Mexico 2012 1.73 475 15.0 16.0 236 31.0 9691 4.62
Mexico 2014 137 5.03 147 14.0 208 29.1 9839 4.43
Mexico 2016  0.63  2.89 9.8 13.1 204 289 10206 4.48
Mexico 2018 0.74  2.68 9.1 129  20.1 28.6 10404 3.82
Panama 2007 161 6.60 17.6 253 323 39.4 7242 4.25
Panama 2010 1.50 5.82 16.1 248 319 379 8082 4.34
Panama 2013 087 3.18 109 232 305 39.1 10027 4.25
Peru 2004 17.1 255 384 294 354 398 3603 3.18
Peru 2007 923 17.6  30.5 27.5 339 398 4357 3.45
Peru 2010 633 123 220 238 306 36.6 5082 3.16
Peru 2013 4.81 104 187 23.0 292 359 5919 2.93
Peru 2016 3.50 822 16.6 22.0 281 34.7 6262 3.52
Paraguay 2000 5.15 985 194 229 297 362 3570 1.70
Paraguay 2004 209 6.12 16.8 16.1 232 302 3569 1.19
Paraguay 2007 266 622 164 193 257 327 3848 1.33
Paraguay 2010 277 6.00 145 205 285 346 4356 1.42
Paraguay 2013 136 331 8.5 192 268 329 4699 1.46
Paraguay 2016 1.03 346 11.0 19.5 267 3438 5090 1.84
Serbia 2006 326 590 107 154 210 278 5121 9.62
Serbia 2010 216  3.51 8.2 14.4 19.8 257 5735 11.52
Serbia 2013 2.64 3.82 7.8 12.1 19.0  26.2 6087 11.34
Serbia 2016 226 3.51 59 11.4 16.5 235 6394 8.49
Russia 2004 295 473 9.0 148 216 279 8360 4.51
Russia 2007 1.82  3.25 4.6 13.4 19.6 258 10535 4.19
Russia 2010 1.79 247 3.8 11.9 18.1 26.4 10675 6.19
Russia 2011 036 0.73 1.6 12.6 194 275 11125 8.48
Russia 2013 0.19  0.30 0.6 12.4 19.9 278 11700 9.64
Russia 2014 0.08  0.17 0.6 11.8 19.0 277 11574 9.54
Russia 2015  0.09 0.22 0.7 12.0 203 29.2 11282 8.99
Russia 2016  0.08  0.17 0.6 11.2 194  28.6 11298 10.06
Russia 2017  0.16  0.25 0.7 10.6 17.8 274 11470 9.82
Uruguay 2007  0.06  0.29 23 11.0 212 324 10039 7.20
Uruguay 2010 0.05 0.12 0.8 10.3 20.5  30.0 11992 6.74
Uruguay 2013 0.03 0.16 0.9 12.1 22.0  32.0 13541 5.42
Uruguay 2016  0.03  0.06 0.4 10.6 19.7 299 14124 6.03
Vietnam 2011 0.01  0.38 4.7 7.9 157 243 1386 1.70
Vietnam 2013 0.02 0.34 4.4 8.9 17.0 249 1506 1.88
South Africa 2008 122 23.7  44.6 264 338 415 7432 8.41
South Africa 2010 10.1 22.0 37.1 2777 343 407 7329 9.08
South Africa 2012 6.89 1577 31.2 268 34.1 41.0 7500 8.01
South Africa 2015 525 1285 27.6 257 339 411 7557 7.34
South Africa 2017 4.82 11.11 26.1 272 344 415 7476 8.57
Total 2009 3.60 792 174 17.1 248 324 7823 4.48

Source: Author’s calculations based on LIS data, except for GDP/capita.
2 Data on GDP per capita are in constant 2010 USD, from the World Development Indicators.
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Table A2. Mixed-effects
effects.

models of absolute child poverty, with controls for alternative interaction

Model 1 2 3 4 5 6
$1.90 (PPP) per day $5.50 (PPP) per day
GDP (4) 2.474 43.940%* -0.527 9.320%* 8.388 0.620
(0.329) (2.467) (-0.343) (3.039) (0.520) (0.664)
GDP (mean) 1.873 1.874 -0.124 0.634 0.633 0.328
(1.506) (1.507) (-0.141) (1.302) (1.301) (0.537)
Transfers (A) -0.366 -0.367 -0.023 -0.383 -0.382 -0.330
(-0.336) (-0.337) (-0.025) (-0.651) (-0.649) (-0.571)
Transfers (mean) -0.804%* -0.907%* -0.788%x* -0.495%* -0.508%x* -0.559%*
(-5.062) (-5.246) (-4.013) (-5.700) (-4.651) (-5.043)
GDP(A)*Transfers (mean) -1.770 -2.699%* -2.059%* -1.238%* -2.426%* -2.130%*
(-1.433) (-2.865) (-2.155) (-2.274) (-3.730) (-4.149)
GDP(A)*GDP (mean) -0.338 -1.169%*
(-0.366) (-3.147)
GDP(A)*Gini (mean) -11.358%* -2.139
(-2.562) (-0.522)
GDP(A)*Corruption (mean) -0.165 0.457**
(-0.384) (2.304)
Constant -0.895 -0.893 4.722 -3.542 -3.552 -2.686
(-0.040) (-0.040) (0.333) (-0.373) (-0.374) (-0.316)
1.433 1.435 0.791 0.361%** 0.360%* 0.368%*
(1.375) (1.383) (-0.848) (-2.739) (-2.737) (-2.851)
0.171%** 0.165%* 0.170%* 0.039%x* 0.043%* 0.041%**
(-7.880) (-8.263) (-7.728) (-15269)  (-14.861)  (-14.730)
Observations 81 81 79 81 81 79
Controls Yes Yes Yes Yes Yes Yes

+p <0.10, * p < 0.05, ** p < 0.01. Estimates obtained from multilevel regressions, with cluster robust standard
errors in parentheses. Variables labelled (A) refer to (log) deviations from the country mean; (mean) denotes
averages in the log across observations for each country. All models include the same control variables as the full

models in Tables 1 and 2.
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Table A3. Mixed-effects models of relative child poverty, with controls for alternative interaction

effects,.
Model 1 2 3 4 5 6
$1.90 (PPP) per day $5.50 (PPP) per day
GDP (8) -0.587 -7.135 0.362 -1.179+ -4.261%* 0.280+
(-0.333) (-1.137) (0.848) (-1.908) (-2.074) (1.666)
GDP (mean) 0.196 0.196 0.070 0.047 0.047 0.028
(1.417) (1.418) (0.487) (0.737) (0.735) (0.326)
Transfers (A) 0.239 0.239 0.258 0.066 0.066 0.069
(1.413) (1.412) (1.571) (0.801) (0.803) (0.836)
Transfers (mean) -0.064 -0.047 -0.057 -0.008 0.002 -0.004
(-1.478) (-1.168) (-1.149) (-0.421) (0.085) (-0.181)
GDP(A)*Transfers (mean) ~ -0.758%* -0.530+ -0.648%* -0.484%* -0.245%* -0.319%*
(-2.198) (-1.721) (-2.366) (-4.241) (-2.850) (-3.333)
GDP(A)*GDP (mean) 0.133 0.191%*
(0.615) (2.432)
GDP(A)*Gini (mean) 1.955 1.181**
(1.231) (2.240)
GDP(A)*Corruption (mean) -0.065 -0.036
(-0.481) (-0.731)
Constant -4.331 -4.328 -3.946 1.449 1.448 1.507
(-1.391) (-1.391) (-1.432) (0.898) (0.897) (0.925)
0.027%* 0.027%* 0.026** 0.006** 0.006** 0.007%*
(-11.685) (-11.713) (-12.601) (-17.415) (-17.376) (-18.746)
0.013%* 0.013%* 0.013%** 0.002%* 0.002%* 0.002%*
(-9.411) (-9.788) (-9.232) (-15.798)  (-17.744)  (-16.560)
Observations 81 81 79 81 81 79
Controls Yes Yes Yes Yes Yes Yes

+p <0.10, * p < 0.05, ** p < 0.01. Estimates obtained from multilevel regressions, with cluster robust standard
errors in parentheses. Variables labelled (A) refer to (log) deviations from the country mean; (mean) denotes
averages in the log across observations for each country. All models include the same control variables as the full

models in Tables 1 and 2.
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Table A4. Mixed-effects models of child poverty, for different poverty thresholds. With weights
limiting the influence of countries with most observations.

Model 1 2 3 4 5 6
Poverty line USD per day (PPP) Percent of median DHI
$1.90 $3.20 $5.50 40% 50% 60%
GDP (8) -0.261 -0.202 0.184 0.460 0.336 0.259
(-0.207)  (-0.197)  (0.232) (1.146) (1.265) (1.454)
GDP (mean) 1.872 1.193 0.631 0.196 0.088 0.048
(1.505) (1.489) (1.296) (1.419) (0.957) (0.739)
Transfers (4) -0.881%*%  -0.760**  -0.503** -0.086 -0.051 -0.016
(-4.262)  (-5.179)  (-4.290) (-1.453)  (-1.550)  (-0.638)
Transfers (mean) -0.362 -0.303 -0.378 0.242 0.130 0.067
(-0.331)  (-0.358)  (-0.643) (1.427) (1.133) (0.814)
GDP(A)*Transfers (mean)  -1.946%*  -2.063%*  -2.252%* -0.584%*  -0.380%*  -0.255%*
(-2271)  (-3.107)  (-4.268) (-2.099)  (-2.523)  (-2.867)
Rural population (4) -0.296 -0.605 -1.025 -0.111 0.184 0.220
(-0.224)  (-0.506)  (-1.521) (-0.274)  (0.680) (1.025)
Child population (4) 1.026 0.717 0.584 0.725 0.337 0.150
(0.670) (0.588) (0.639) (1.026) (0.769) (0.550)
Elderly population (4) 0.015 0.050 0.128 -0.400 -0.249 -0.192+
(0.029) (0.144) (0.618) (-1.398)  (-1.363)  (-1.658)
Lone parent rate (A) 0.787 0.330 -0.179 0.186 0.090 0.034
(1.134) (0.522)  (-0.379) (0.405) (0.316) (0.190)
Employment rate (A) “4.612%%  3.046%% 2,619 -0.737+ -0.297 -0.100
(-2.591)  (-2.731)  (-2.111) (-1.929)  (-1.091)  (-0.523)
Rural population (mean) 0.403 0.653 0.459 0.221 0.090 0.032
(0.362) (0.778) (0.804) (1.539) (1.005) (0.570)
Child population (mean) 6.462*%%  4.645%%  2.09]** 1.175%%  0.679%*  0.419%*
(2.451) (2.936) (3.175) (4.329) (3.915) (3.227)
Elderly population (mean)  2.457 1.857 1.392 0.083 -0.019 -0.068
(1.643) (1.575) (1.523) (0.427)  (-0.130)  (-0.670)
Lone parent rate (mean) -1.782 -0.784 -0.010 0.248 0.221 0.147
(-1.278)  (-0.742)  (-0.014) (1.087) (1.340) (1.106)
Employment rate (mean) -2.802 -1.153 -0.223 0.610 0.328 0.104
(-0.816)  (-0.493)  (-0.162) (1.146) (0.935) (0.388)
Constant -0.957 -4.552 -3.562 -4.379 -0.844 1.426
(-0.043)  (-0.292)  (-0.375) (-1.400)  (-0.407)  (0.883)
Variance 1.426 0.755 0.359%* 0.026%*  0.012%*  0.006%*
(1.347)  (-0.906)  (-2.733) (-11.281)  (-13.528) (-16.713)
Error 0.195%*  0.086%*  0.047%* 0.015%*  0.006%*  0.003%*
(-7.413)  (-12.595)  (-15.326) (-8.846)  (-11.992)  (-16.126)
Observations 81 81 81 81 81 81

+ p<0.10, * p<0.05, ** p<0.01. Estimates obtained from multilevel regressions, with cluster robust standard errors
in parentheses. Variables labelled (A) refer to (log) deviations from the country mean; (mean) denotes averages in
the log across observations for each country. The observations from Chile, Mexico, Paraguay and Russia was
weighted down so that their contribution is equal to a country with the median number of observations (=5).
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Table AS. OLS models of annualised change in child poverty on economic growth and government transfers, for different poverty thresholds.

Model 1 2 3 4 5 6 7 8 9 10
. USD per day (PPPs) Percent of median DHI
Poverty line
$1.90 $3.20 $5.50 50% 40% 60%
GDP (4) -3.31%* -1.51 -2.70 -2.39 -1.07 0.09 1.01** 1.17* 1.55% 0.75*
(0.91) (3.17) (3.03) (2.27) (1.63) 0.17) (0.34) (0.41) (0.60) (0.28)
Transfers (A) -1.69*%  -1.29% -1.06%* -0.73%* 0.01 0.01 0.02 0.01
(0.61) (0.45) (0.30) (0.24) (0.01) (0.01) (0.01) (0.01)
GDP(A)*Transfers (level) -2.31 -1.03 -0.74 -1.36 -0.70**  -0.89** -1.18%* -0.62%*
(1.94) (2.08) (1.23) (1.11) (0.23) (0.23) (0.40) (0.16)
Transfers (level) -0.04 -0.03 -0.03 -0.02 -0.02 -0.07 -0.17 -0.04
(0.06) (0.05) (0.03) (0.02) (0.11) (0.09) (0.15) (0.06)
Rural population (A) -1.78 -1.32 -0.85 0.19 -0.09 0.22
(1.53) (1.15) (0.66) (0.19) (0.37) 0.17)
Child population (A) -1.58 -1.54 -0.64 -0.23 0.01 -0.19
(1.90) (1.47) (0.80) (0.35) (0.60) (0.20)
Elderly population (A) -0.43 -0.54 -0.11 -0.20 -0.31 -0.10
(1.65) (1.10) (0.56) (0.12) 0.21) (0.08)
Lone parent rate (A) 0.03 0.03 0.02 -0.07 -0.10 -0.05
(1.00) (0.65) 0.41) 0.11) 0.17) (0.08)
Employment rate (A) -4.25 -3.17 -1.60 0.13 -0.15 0.14
(2.75) (1.71) (1.13) (0.30) (0.40) (0.12)
Constant -0.02 0.09 0.03 0.01 0.00 -0.01*  -0.03**  -0.03* -0.03 -0.02+
(0.04) (0.11) (0.09) (0.06) (0.04) (0.01) (0.01) (0.01) (0.02) (0.01)
Observations 65 65 65 65 65 65 65 65 65 65
R-squared 0.06 0.28 0.40 0.55 0.57 0.00 0.09 0.20 0.19 0.23

** p<0.01, * p<0.05. Estimates obtained from OLS regression, with cluster robust standard errors in parentheses. Variables labelled (A) refer to annualized changes in the log;

Transfers (level) is the TS (in log format) at the end of each episode. DHI: equivalised disposable household income.
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