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Abstract 

 

Over the past decade, measles vaccination coverage across Africa has improved immensely as 

a result of the Measles Initiative, an international effort conducting national mass 

immunisation campaigns. The campaigns have been shown to significantly reduce measles-

related child mortality in the continent, particularly in children less than 5 years old. I estimate 

if and how the positive health shocks associated with these immunisation activities have 

impacted on a household’s investment into the schooling of the older siblings of these 

targeted children whose health would not have been dramatically impacted by the campaigns. 

Using a sample of almost 120,000 children and exploiting the differential timing of the 

campaigns by country, I find that positive health shocks to younger children in the household 

improve the educational outcomes of female older siblings from smaller households. No 

significant treatment effect is observed among male older siblings. Children from urban 

households are also less likely to benefit from these sibling spillover effects.  
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Section 1. Introduction 

 

The relationship between improved health and educational attainment in developing countries 

is one that has been investigated thoroughly in the existing literature. It is well established 

that improved health leads to higher education levels and schooling participation rates for 

targeted children. But how does the improved health of a child impact on the educational 

attainment of her siblings in the household? Does this health benefit ‘stick’ to that targeted 

individual? Or does the household respond to this transfer, as implied by the theory of 

altruism (Becker 1974, 1981), by reallocating resources away from that individual and toward 

other children in the household? I investigate this relationship by analysing the schooling 

levels of the older siblings of children who were treated by the Measles Initiative (MI) within 

households in sub-Saharan Africa. This international effort has led to the improved health and 

increased survival of treated children. Since its launch in 2001, the MI has funded and 

coordinated national mass vaccination campaigns in over 30 African countries. According to 

a study conducted by BenYishay and Kranker (forthcoming), its efforts have raised the 

probability of a child’s survival to 60 months by approximately 2.4 percentage points for 

cohorts treated by the campaigns. The main purpose of this study is to therefore assess if and 

how these heath shocks in certain children have impacted on the education levels of their 

older siblings in the household. 

From a policy perspective, improved child health and mortality reduction provides enough of 

an incentive to ensure that all children are fully immunised against communicable diseases. 

But failing to consider the sibling externalities of improved health and increased survival 

underestimates the total effects of such health reform initiatives. In the existing body of 

literature, the effects of reduced infection have generally been considered in isolation only. 

Very few studies have considered the mechanisms through which a household redistributes 

its resources in response to a policy that targets the health of individual children. The 

household is generally the decision making unit when it comes to investment in the human 

capital formation of children (Cornwell et al 2005). Decisions on whether or not to send a 

child to school are generally made using a cost-benefit analysis. Any shocks to the health of 

young children are likely to weigh in on these costs and benefits to schooling investments 

made by the household, particularly for those in developing countries where financial 

constraints are binding.  
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Child-specific health benefits could improve the educational attainment of age-ineligible 

siblings. For instance, the wealth effect generated by the household’s savings on reduced 

medical costs for a sick child may lead to increased schooling for all children in the 

household. The total benefits of immunisation would therefore extend to the economic 

wellbeing of the families of treated children as well as the countries in which they live 

(Barnighausen et al 2014). On the other hand, if parents view health and education as being 

complimentary, the improved health of a specific child might cause parents to reallocate 

resources away from non-targeted siblings to invest more in the education of the recipient 

child. In this case, the immunisation of age eligible children may bear indirect costs on the 

household through the lower human capital formation of untreated children. The sign of this 

relationship is thus hard to determine a priori. 

Regardless of whether the immunisation of certain children provides additional benefits or 

costs to the household, a better understanding of the spillovers from policies affecting a 

subset of family members allows for the better design and implementation of complementary 

policies. If the benefits of immunising a subset of children extend to their siblings, this may 

warrant the full subsidising of such treatment and perhaps even payments to households to 

ensure their children receive treatment. On the other hand, if the immunisation of certain 

children impinges on the education of their siblings, policy makers could consider subsidising 

schooling alongside such health reform programs. The main motivation of this thesis is to 

provide insight into the way in which the improved health of a child impacts on the 

reallocation of a household’s finite resources in terms of investment into the schooling of 

non-targeted older siblings. 

My analysis is based on a sample of children born between the years 1992 and 1996 inclusive 

from 26 countries in sub-Saharan Africa. The data is mainly sourced from the Measure 

Demographic and Health Surveys (DHS) Project, which collects nationally representative 

data on the health and population of developing countries. I combine this survey data with the 

dates that the first national MI campaigns were held in each of the respective countries of my 

sample. These vaccination campaigns achieved substantial progress against the disease in 1 – 

2 weeks, covering entire countries (or large sub-national regions) and vaccinating over 90% 

of age-targeted children. The campaign timing in sub-Saharan Africa ranged between 

September 2001 and December 2007. The staggered timing of the campaigns by country (and 

in some cases, within countries) allows me to identify the impact of a campaign by 
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comparing the education levels in countries where the campaigns took place relatively early 

to those where they occurred relatively later. I also analyse how the impact of the campaign 

differs with the number of younger siblings an older sibling has. The number of younger 

siblings serves as a measure of the susceptibility of an older sibling to the campaigns. If a 

child has no or few younger siblings, it is not expected that the campaign will have much of 

an effect on his/her schooling. I essentially employ a difference-in-differences model that is 

common in the economics literature (Athey and Imbens 2006) to investigate this relationship 

while controlling for country and birth year specific fixed effects, as well as trends in these 

countries’ overall education levels.  

The results of this thesis conclude that the mean treatment effect of the MI vaccination 

campaigns across the entire sample is not statistically different from zero. I then consider the 

possibility of heterogeneous treatment effects, the results of which are generally consistent 

with a priori expectations. They suggest that the improved health and increased survival rates 

of young children improve the educational attainment of their older female siblings (but 

much less so for older brothers). This treatment effect is more pronounced in smaller 

households. The results also indicate that the treatment effect does not differ across different 

monetary costs of schooling and that children in urban settings are less likely to benefit from 

positive health shocks to their younger siblings. The fact that I observe a positive and 

statistically significant treatment effect for girls only and that the treatment effects does not 

depend on the explicit costs of schooling, namely school fees, implies that the benefit of 

having healthier younger siblings is not a monetary one. Older female siblings in developing 

nations tend to bear the burden of caring for their younger siblings when they fall ill. As such, 

the results of this thesis are consistent with the notion that healthier children require less 

attention from their older sisters in the household, allowing these girls to pursue higher levels 

of education. These results are highly robust to model specification and sample selection 

tests.  

The remainder of the thesis is subsequently organised in the following sections. Section 2 

outlines the theoretical and empirical literature on intrahousehold resource allocation models 

and sibling health and educational externalities. Section 3 provides the institutional setting of 

this thesis by outlining the background and context in which this study was conducted. 

Section 4 provides the four causal mechanisms through which the improved health of a child 

can impact on the educational attainment of her older sibling. Section 5 discusses the data set 
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used, motivation behind the sample selection and the explanatory variables generated. 

Section 6 explains the empirical strategy employed. Section 7 provides the predictions that I 

tested in this thesis. Section 8 offers a detailed analysis of the results obtained across various 

specifications. Section 9 discusses five robustness checks that test the validity of the results 

provided in Section 8. Section 10 offers some insight into the possible implications of the 

obtained results. Lastly, Section 11 concludes and provides possible extensions to this study.  
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Section 2. Literature Review  

 

While many studies have addressed the impacts of improved health on the educational 

outcomes for a given child (for example Glewwe and Jacoby 1995, Alderman et al 2001 and 

Bleakley 2010), fewer studies have examined the spillover effects of the improved health of a 

child on her older sibling’s education. Health improvements among certain children in the 

household can be thought of as transfers to the household that may be reallocated to other 

family members. There currently exists a vast literature that examines general intrahousehold 

resource allocation models in developing nations and low-income settings. However, to the 

best of my knowledge, very few if any studies have examined the way in which households 

from developing nations redistribute their scarce resources in response to health shocks in a 

particular subset of children.  

The literature review is organised in the following subsections. Section 1 addresses the 

conceptual framework, more specifically the theory of altruism and its relevance to 

intrahousehold resource allocation. Section 2 provides an overview of the brief literature on 

the educational externalities of child health outcomes. Section 3 outlines the main studies on 

sibling characteristics and their impacts on a child’s schooling. Finally, Section 4 discusses 

the literature on general sibling spillover effects of health and educational reform programs.  

  

2.1. Conceptual Framework: Theory of Altruism 

The way households allocate resources among their members is particularly difficult to 

examine empirically as survey data is mainly collected at the household level rather than the 

individual level and so individual consumption is not directly observable. There are however 

theory-driven mechanisms that attempt to explain the direction of the reallocation of a 

household’s resources in response to policies that target individual family members. Most 

theoretical models on such intrahousehold resource allocation stem from the notion that the 

utility of a family is equivalent to that of a single utility maximizing agent and is 

correspondingly subject to a family budget constraint. Becker (1974, 1981) provides an 

economic rationale for this model which centres on his theory of altruism. Under certain 

conditions, effective altruism implies that the utility of a child directly enters the parents’ 

utility function. The household’s resources are therefore allocated in a way which maximizes 

the collective utility of all household members subject to the family’s budget constraint. 
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Siblings within a household share the benefits of their parent’s capital resources while 

competing for parental attention and investments (Becker and Lewis 1973). 

The theory of altruism suggests that transfers to individual family members are equivalent to 

an increase in the household’s total resources and are neutralised by reallocations of 

resources away from that member and toward other members of the household. According to 

this general Beckerian model, it is reasonable to assume that a child’s health status has the 

capability of influencing her sibling’s human capital acquisition.  

2.1.1.Empirical Investigation of the Theory of Altruism   

Numerous empirical studies which have set out to investigate Becker’s theory of altruism 

have suggested the existence of a phenomenon known as the intrahousehold ‘flypaper effect’. 

The flypaper effect is the finding that ‘money sticks where it hits’ like flies stick to flypaper. 

This phenomenon was first established in the public finance literature and refers to the 

finding that government grants to local governments increase local spending by more than an 

equivalent increase in local income (Hines and Thaler 1995). Since then, it has been 

extensively applied to the literature on intrahousehold resource allocation in developing 

countries, mainly in the context of school feeding programs and child nutrition policy 

initiatives that aim to improve the nutrition of individual children. The effect of such 

programs on the child will depend on how the household allocates resources among its 

members (Rosenzweig 1986). According to the Beckerian (1974, 1981) household model, if 

one child in a family is given a free meal in school, her parents may transfer some household 

food to other non-targeted members of the family, such as her siblings. However, if the 

reallocation does not neutralize the effect of the free meal – that is, if a public transfer of 

calories is not crowded out by a reduction in private transfers within the household – some of 

the transfer will have stuck to the targeted child, implying the existence of an intrahousehold 

flypaper effect (Islam and Hoddionott 2009).  

Jacoby’s (2002) study tests whether Becker’s theory of altruism holds by investigating the 

impact of a school feeding program in the Philippines on child caloric intake. His data 

included children who go to schools that may or may not have participated in the school-

feeding program. He interviewed children about their diet the previous day and using 

randomized interview dates he was able to determine the exogenous effect of the school-

feeding program on child caloric intake. For those who participated, the food transfer was 
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equivalent to a fifth of daily caloric intake. He finds a significant intrahousehold flypaper 

effect; that is parents do not redistribute calories in response to the program and the daily 

caloric intake of children who participated in the program increases approximately one-to-

one with the feeding program calories. The effect is slightly weaker for poorer households, 

however still statistically significant.  

Similarly, a study conducted by Shi (2012) in rural China finds evidence of an intrahousehold 

flypaper effect by evaluating the impact of an educational fee reduction reform that abolished 

school fees for children enrolled in primary and middle school. The results showed that 

educational fee reductions were matched by increased voluntary educational spending by the 

households, particularly on the same children who received the fee reduction.   

While the two aforementioned studies do not address the household’s investment in the 

schooling of non-targeted children, their findings are still applicable as they analyse how 

households from developing countries respond to policies targeting certain children in the 

household. In the context of my study, the presence of an intrahousehold flypaper effect 

would imply that the benefit of improved health and increased survival of younger siblings in 

the household would be enjoyed by those siblings alone, posing little to no impact on the 

investment in the schooling of older children.  

 

2.2. Literature on Health and its Educational Externalities  

The direct effects literature mainly focuses on the impact of improved health on the targeted 

child. There are very few studies examining the educational externalities associated with 

programs that address child health outcomes. To the best of my knowledge, there are only 

two studies that consider such externalities: Fletcher et al (2012) and Miguel and Kremer 

(2004).  

Fletcher et al (2012) use a sample of sibling pairs from the Child Development Supplement 

of the Panel Study of Income Dynamics (PSID-CDS) to examine the effects of sibling health 

status on early education outcomes in the US. They find that chronic health conditions during 

childhood impinge on the educational outcomes of the child directly affected as well as the 

human capital development of other children in the household. In particular, they conclude 

that having a child in the household with a developmental disability corresponds with a 

reduction in her sibling’s math and language achievement. These results emphasise the 
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importance of a sibling’s health in a child’s human capital formation. This study differs from 

mine in that it is conducted in the context of a developed nation where households are not as 

financially restricted as those in developing countries. Consequently, it focuses on the impact 

of having a sibling with a developmental disability, which requires a large household 

investment. In the case of households from developing nations, having a child that suffers 

from relatively milder illnesses such as the measles or helminths can be shown to have 

equivalent if not larger effects due to the nature of the binding household budget constraint.  

Fletcher et al (2012) indicate in their study that there have been related studies conducted in 

the US that similarly address sibling health spillovers, however most of them are based on 

small non-representative samples. For example, Smith et al (2002) examine a sample of 30 

males diagnosed with ADHD and their siblings and Mikami and Pfiffner (2008) analyse a 

sample of 91 children recruited from a university ADHD research clinic. The study carried 

out by Fletcher et al (2012) is one of very few that utilises a large national data set to address 

sibling health spillovers on educational outcomes and hence is more relevant to my study.  

Miguel and Kremer (2004) evaluated a randomised Kenyan project where school-based mass 

treatment with inexpensive deworming drugs was implemented twice-yearly in schools to 

treat intestinal helminths which affect a quarter of the world’s population, and are particularly 

prevalent among school-age children. They found that the project improved school 

participation not only for treated students but also for untreated students in treatment schools 

and untreated students at nearby non-treatment schools due to reduced disease transmission. 

Absenteeism in treatment schools was 7 percentage points lower than in comparison schools, 

which is a reflection of both the direct effects of the deworming drugs on treated students and 

any within-school externalities. Including the cross-school externalities, they find that this 

deworming treatment increases school participation by 7.5 percentage points among students 

in treatment schools and by 2 percentage points among students in nearby comparison 

schools. While this study analyses the spillover effects of improved health on schooling, it 

differs from my study in two aspects. Firstly, the mechanism linking the improved health of a 

child to the education of another is disease transmission. In my study, the mechanism is a 

reallocation of household resources. Secondly, this study is conducted on a schooling level, 

whereas my study aims to investigate this relationship on an intrahousehold sibling level 

where the direction of the impact is ambiguous due to the budget constraint faced by 

households.  
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2.3. Literature on Sibling Structure and Educational externalities  

There is an abundance of literature on the importance of siblings on one’s educational 

attainment, particularly in terms of family size, birth order, and sibling sex composition. The 

inverse relationship between schooling and family size is one that is well established in the 

theoretical literature as resource-restricted households may find it optimal to invest in the 

education of selected children rather than equally spread resources across all their offspring 

(Becker and Tomes 1976).  The dilution of a household’s resources and the quantity-quality 

trade-off implies that an increase in the size of the sibship decreases the amount of resources 

available per child (Becker 1991). Given such circumstances it can be argued that a child’s 

birth order and sibling characteristics bear significant influence on intrahousehold resource 

allocation. The subsequent discussion will address these theoretical concepts in the current 

empirical literature. 

Using a Norwegian data set, Black et al (2005) study the effects of family size and birth order 

on the educational attainment of children. A negative correlation exists between family size 

and educational outcomes, however once birth order is controlled for and twin births are used 

as an instrumental variable, the effect of family size becomes negligible. The authors also 

find that being born later in the sibship is associated with lower levels of education and 

earnings. However, Emerson and Souza (2008) argue that when a family is financially 

constrained, it is reasonable to find that birth order has the opposite effect. This notion has 

been proven empirically where it is often the case that being later-born in the sibship is 

advantageous to one’s human capital development. This finding is consistent with the 

impingement of poverty and credit constraints faced by households (Parish & Willis 1993), as 

well as the contributions made by older siblings to the household’s income once they 

commence working (Chesnokova and Vaithianathan 2008).  

The above findings suggest that the educational attainment of older siblings from households 

in developing nations would be impeded by the increased survival rates of their younger 

siblings. The increase in the size of the family coupled with the fact that older siblings are 

born earlier in the sibship could consequently lead to them entering the labour force sooner to 

support their younger siblings.  

Butcher and Case (1994) examine the educational externalities of siblings in terms of 

quantity and sex composition using U.S. data. They conclude that once family size is 
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controlled for, female educational attainment has been systematically affected by the sex 

composition of her siblings, while that of males has not. More specifically, females with at 

least one female sibling received less education than women with all male siblings. They also 

conclude that individuals with a larger number of siblings exhibited lower levels of 

educational outcomes. Kaestner (1996) and Hauser and Kuo (1998) dispute the results found 

by Butcher and Case (1994). Both papers find no evidence of general correlations between 

sibling gender and educational attainment. 

In developing countries, the literature has provided mixed conclusions on the effect of the 

number of siblings on education. In some studies, a negative relationship has been found, for 

instance in the context of Ivory Coast and Ghana (Montgomery et al 1995). On the contrary, 

studies conducted in Kenya (Gomes 1984) and Botswana (Chernichovsky 1985) observe a 

positive relationship.  

The above findings provide conflicting conclusions on the impact of sibling quantity and sex 

composition on a child’s education. Older siblings that are female may be negatively 

impacted by the increased survival rates of their younger siblings as they could be required to 

provide more home-based care. Similarly, having a larger quantity of younger siblings could 

increase the relative opportunity cost of sending an older sibling to school (as they would 

earn more than their younger counterparts in the workforce) and hence reduce their 

educational attainment.  

Overall, the findings from the studies mentioned in this section provide ambiguous answers 

to how sibling dynamics impact on the educational outcomes of children. Nonetheless, they 

all highlight the importance of such dynamics in the determination of one’s educational 

attainment.  For this reason, the implementation of the Measles Initiative – an international 

effort that has already proven to have increased the survival rates of children treated by its 

vaccination campaigns (BenYishay and Kranker, forthcoming) – is bound to induce 

behavioural changes amongst households which could potentially impact on the educational 

attainment of non-targeted children. 
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2.4. Literature on Other Sibling Spillovers 

This section of literature can be separated into two categories: one which addresses the 

general sibling spillover effects of health-targeting programs and one which focuses on the 

general sibling spillover effects of educational reform programs. 

2.4.1.Sibling Externalities of Health-targeting Programs 

School feeding and vitamin supplementation programs have become increasingly popular in 

developing nations and low income settings. While there is strong evidence of said programs 

improving the health and nutrition of treated children, the impact on non-targeted siblings is 

less clear. The following studies attempt to address this gap in the existing literature by 

investigating the health spillover effects on non-targeted siblings.  

Adhvaryu and Nyshadham (forthcoming) investigate whether parents are inclined to invest 

more heavily in higher quality children or whether they compensate for this difference in 

endowment by allocating more resources to lower quality children. They assess this 

relationship by examining how iodine supplements administered to pregnant women in 

Tanzania impact on the household’s health investment into treated children and their non-

targeted siblings. The authors use various vaccination categories as their dependent variables 

and proxies for a household’s investment in child health. The results of the study reveal that 

both the children exposed to treatment and their unaffected siblings are more likely to be 

immunised following these iodine supplements. These findings are consistent with a model of 

intrahousehold resource allocation whereby parents aim to instil health equality among all 

their children.  

Kazianga et al (2014) evaluate the spillover effects of two school feeding schemes on the 

younger siblings of beneficiaries in Burkina Faso. Their results show that school meals did 

not have a significant effect on the health of younger siblings, however in the same age range, 

take home rations were found to have increased weight-for-age for both boys and girls under 

the age of 5. The authors conclude that most of the gains of school feeding programs are 

realised through intrahousehold food reallocation and therefore, considering the impact on 

treated children alone underestimates the overall benefits generated by such programs. 

The focus of the aforementioned studies is on how a shock to the health of a child affects the 

health of her non-targeted siblings. My study will build on this literature by addressing if and 
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how a shock to the health of a child impacts on the household’s investment in her sibling’s 

education. 

Using data on sets of twins from Florida, Figlio (forthcoming) considers whether poor 

neonatal health impacts on a child’s cognitive development. The findings of this study 

suggest that children with a higher birth weight enter school with a cognitive advantage over 

their twin sibling in terms of their math and literacy achievement. This effect is observed over 

both elementary and middle school levels. These patterns are similarly observed over 

singleton births in the population used. The aim of this study differs considerably from this 

thesis in the sense that it is conducted in the context of a developed state and it considers the 

educational impact of a child’s health at birth as opposed to considering the educational 

impact of a positive health shock later in a child’s life. However, its findings are applicable as 

they suggest that improved health increases the returns to the education of a given child. If 

financially constrained households in developing countries are willing to invest only in the 

education of children who yield higher returns, it could be the case that the improved health 

of younger children would lead to households investing in their education only and allocating 

resources away from the education of older non-targeted siblings.  

2.4.2.Sibling Externalities of Educational Reform Programs  

Several studies have recently emerged examining the sibling spillover effects of interventions 

that aim to change the cost of attending school; more specifically conditional cash transfer 

programs in developing countries that target individual children. Such studies have addressed 

the issue of whether these programs, where households receive payments provided certain 

children meet specified enrolment or attendance requirements, cause a reallocation of 

responsibilities within the household, impacting on the school enrolment and labour supply of 

non-targeted siblings.  

Ferreira et al (2009) evaluated a CESSP Scholarship program in Cambodia and compared 

siblings of eligible children in their treatment group to siblings of eligible children in their 

control group. They found that although the program significantly increases school 

attendance and reduces work participation for targeted children, the program has a null effect 

for their non-targeted siblings. Galiani and McEwan (2011) find a similar result by evaluating 

a conditional cash transfer program in Honduras where there was no evidence of education 

spillover effects on ineligible siblings. On the other hand, Barrera-Osorio et al (2008) 
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evaluate Columbia’s Subsidios Condicionados a la Asistencia Escolar conditional transfer 

scheme and find evidence of negative sibling spillover effects, particularly among females. 

The siblings of treated children work more and study less than children in households that 

received no treatment. These studies provide conflicting conclusions on the impact of the cost 

of a child’s schooling on her sibling’s educational attainment.  

While this literature is not directly concerned with the sibling externalities generated by 

health programs, it considers how households respond to a positive income shock. In the 

context of my study, the MI vaccination campaigns have led to households experiencing 

positive health shocks through the increased survival rates of their children. Such health 

shocks are capable of increasing a household’s available capital resources through reduced 

direct medical costs and thus, examining the aforementioned studies is appropriate.    

  



22 
 

 

Section 3. Institutional Setting 

 

This section will describe the background and outline the context in which this thesis was 

conducted. Its specific purpose is to describe the environment in which the MI vaccination 

campaigns were implemented and thus showcases how this initiative could potentially have 

profound effects on household decision making. 

 

3.1. Schooling in sub-Saharan Africa 

The sub-Saharan African region remains one tainted by poverty and consequently, it has one 

of the lowest levels of educational attainment in the world. According to UNESCO’s 2012 

Education for All Global Monitoring Report, of the 42 countries placed in the lowest band by 

the human development index (HDI), 25 are African. Furthermore, in 2011, more than half of 

the world’s primary-aged children who didn’t attend school were from sub-Saharan Africa 

(UNESCO 2012). 

Despite these daunting figures, the sub-Saharan African region has experienced rapid 

enrolment growth recently, particularly during the 2000s. The primary education gross 

enrolment ratio (GER)1 has increased from 82.2% in 2000 to 101.6% in 2008. The secondary 

GER has increased from 25.0% in 2000 to 34.1% in 2008 (UNESCO 2011). This rapid 

enrolment growth is attributable to policy reforms implemented by governments in the 

region, with the most dramatic policy change being the abolition of school fees. In the 1990s 

and 2000s, countries such as Cameroon, Ghana, Uganda, Sierra Leone and Zambia abolished 

primary school fees and while other countries in the region have not employed such drastic 

policies due to financial constraints, they have allocated more resources to the education 

sector. Evidently, providing access to education has improved immensely, although keeping 

children in school remains a challenge in many countries in sub-Saharan Africa. For instance, 

in Ethiopia, only 40% of children who are enrolled in Grade 1 continue on to complete Grade 

6. Education in the region is therefore still characterised by high dropout rates and low 

retention rates (UNESCO 2011).   

Education systems differ substantially among countries from sub-Saharan Africa. Primary 

education can last between five and seven years. In the majority of countries, primary 

                                                            
1 The GER ratio is calculated by dividing the number of children who are actually enrolled at school by the number of 

children who are of the corresponding school enrolment age.   
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education lasts 6 years, with longer programs more common in southern African countries 

such as Botswana and Namibia. Secondary education can also take five to seven years to 

complete and completing both primary and secondary countries can take eleven to thirteen 

years, depending on the country. 

 

3.2. The Measles 

Before the development and widespread use of the measles vaccine, measles was responsible 

for five to eight million deaths annually (Moss and Scott 2009). The measles vaccine was 

first licensed in 1963 and is highly effective, with approximately 95% of children developing 

the appropriate protective antibodies to the disease when the vaccine is administered at 12 

months of age (Christie and Gay 2011). Since its licensure, the vaccine has caused a dramatic 

drop in measles deaths, particularly in the developed world (Wolfson et al 2007). However, 

during the 1990s, measles remained the cause of nearly 1 million deaths per year with half of 

the world’s measles-related fatalities occurring in sub-Saharan Africa. The disease, which is 

predominately contracted by children, is highly infectious and is known to suppress the 

immune system of infected individuals weakening their defence against complications from 

diseases such as acute encephalitis, diarrhoea and pneumonia (Ferrari et al 2008). 

While measles can be contracted at any age, unvaccinated children under the age of 5 are at 

most risk of dying from the disease (Perry and Halsey 2004). According to a study by Simons 

et al (2012), in developing countries in the pre-vaccine era, children under the age of 5 years 

accounted for more than 60% of measles-related deaths. Moreover, BenYishay and Kranker’s 

study (forthcoming) on all-cause child mortality found that children born fewer than 36 

months prior to a MI vaccination campaign were more likely to survive to 60 months of age 

than those born 36 months or more before the campaign. The treatment effect decreased with 

time elapsed between birth and vaccination campaign, suggesting that vaccinating a child 

before they reach age 3 is more effective in achieving immunity.  

 

3.3. The Measles Initiative 

The Measles Initiative (MI) is an international effort that was launched in 2001 to assist 

developing countries that lack the resources and technical support to implement mass measles 

vaccination campaigns (Christie and Gay 2011). It is a partnership among the American Red 

Cross, the Centre for Disease Control and Prevention, UNICEF, the United Nations 



24 
 

 

Foundation and the World Health Organisation. Since its launch in 2001 through to 2011, the 

MI has funded 159 supplementary immunisation activities (SIAs) in 44 African countries, 

vaccinating a total of 537.6 million children in the region (MI website). It has implemented 

‘catch up’ supplementary immunisation activities that generally aim to vaccinate nearly all 

children aged 9 months to 14 years in a given geographical area. These activities are 

complemented by ‘follow-up’ campaigns that generally target all children aged 9 months to 4 

years in order to maintain high population immunity in younger children who are more 

susceptible to measles-related deaths. The follow-up campaigns also aim to vaccinate any 

new births, any children who were missed in the catch-up campaigns as well as any children 

who were already vaccinated but failed to develop immunity (Wolfson et al 2007). While 

children aged above 5 years were vaccinated under many of the campaigns, it was not 

expected that the vaccinations would impact on their mortality. The main purpose of their 

vaccination was to prevent the transmission of measles to younger children. 

In most cases, the MI campaigns were conducted at a national level and took place over a 

very short time frame (usually one or two weeks). However, in some cases the campaigns 

took place at different times for different subnational regions. In seven sub-Saharan African 

countries, campaigns were held at different times for different subnational regions. Table 1 in 

Section 5: Data provides the timing of the campaigns in each of the countries included in my 

sample. Throughout this thesis, I use the term campaign region to imply the country or 

subnational region in which a unique campaign occurred.  

According to MI administrative data, the campaigns reached more than 90% of their target 

populations in each region. Due to the highly contagious nature of the disease, children who 

were not vaccinated in the campaigns were still expected to benefit from herd immunity 

dynamics (BenYishay and Kranker, forthcoming). BenYishay and Kranker’s study 

(forthcoming) concluded that the MI has increased the probability of a child’s survival to 60 

months by approximately 2.4 percentage points for cohorts treated by the campaigns.   
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Section 4. Causal Mechanisms 

 

As has been thoroughly discussed in the Literature Review in Section 2, a shock to the health 

of a child is likely to induce behavioural changes within the household, which could have 

spillover effects on the investment into the schooling of her older non-targeted siblings. Due 

to the binding budget constraint faced by households in developing nations, the direction of 

this reallocation of household resources is ambiguous. I focus on four channels linking a 

child’s health to her older sibling’s education.  

 

4.1. Link 1: Wealth Effect 

The first link runs through the wealth effect associated with having healthier children in the 

household. The reduced morbidity and mortality of children can provide significant cost 

savings to households in developing nations. The first saving can be through the reduced 

direct medical costs of treating an ill child. The second saving could be that associated with 

the funeral and burial costs of a child when they die. By relaxing the household budget 

constraint in this manner, investments into the human capital development of older non-

targeted siblings should be increased. This notion, however, is of course conditional on the 

supply of schooling being elastic, which for simplifying purposes I take as given. As families 

in developing nations are known to underinvest in child education due to restrictive financial 

constraints, such a wealth shock should be particularly responsive in these low income 

settings. Furthermore, it is expected that the effects of this wealth shock would be greater in 

areas where the explicit schooling costs are higher, as opposed to the implicit opportunity 

costs of schooling which are discussed in the next section.  

 

4.2. Link 2: Reallocation of Scarce Time Resources 

A second potential channel, which is somewhat linked to the first channel, is the household’s 

distribution of time and effort, particularly domestic duties such as cooking, child-minding 

and caring for other household members. Edmonds (2006) finds that domestic work 

performed by female children increases with the amount of younger brothers and sisters 

residing in the household. Moreover, Glick and Sahn (2000) specifically investigate the 

impact of the number of younger siblings on the schooling of girls and boys in Western 

Africa. They treat younger siblings as those being under the age of 5 years (which is the same 

age structure as the younger siblings used in this study, see subsection 5.4.2) and find that the 
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number of these siblings has a strong negative impact on the schooling of girls, but no effect 

on boys. Their interpretation of these results is that young siblings increase the demand for a 

girl’s child caring activities, thus making it difficult for her to continue her education. The 

authors do discuss the potential endogeneity of their results, specifically the fact that child 

education investments and family size may be jointly pre-determined by parents. This would 

overstate the negative impact of young children on the education of their older siblings as 

parents who have high schooling preferences will have smaller families to begin with.  

However, they argue that this bias is inconsistent with their finding of a negative younger 

sibling effect on girls’ education and not boys. The findings of these two papers (Edmonds 

2006 and Glick and Sahn 2000) suggest that the increased survival rates of younger children 

in the household may increase the domestic duties required by their older siblings, 

particularly those who are female, thus reducing the household’s investment in their 

schooling. 

However, the time required for domestic care-giving activities has been shown to increase 

when the household is confronted by illness with women and earlier born female children 

bearing a higher portion of these responsibilities (Kingdom et al 2006). Pitt and Rosenzweig 

(1990) explore how the illness of an infant child in the household alters the time use of 

mothers and young boys and girls in Indonesia. Their results show clear gender-differentiated 

effects of infant illness on intrahousehold time use with teenage girls in the household being 

significantly more likely to increase their participation in housework (than teenage boys and 

mothers). This decreases their allocation of time to labour and schooling activities when their 

younger siblings fall sick. This reasoning suggests that having healthier children in the 

household may reduce the opportunity cost of schooling for older female siblings as they 

don’t need to provide as much attention and care for sick young siblings, hence improving 

their educational outcomes. 

The overall direction of this effect is therefore dependent on the share of measles cases that 

result in morbidity versus those that result in mortality as well as the relative differences in 

care provided by these older siblings during illness and as part of their regular duties. The 

decreased morbidity of younger children in the household may improve the schooling 

prospects of older siblings while the increased survival rates of these younger children could 

hinder them. The direction of this effect is ambiguous.  
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This channel differs from the wealth effect outlined in the first link, as the benefit or cost of 

vaccinating certain children is not monetary in this case, but rather it is an alleviation of or 

increase in some of the domestic duties required of older children in the household. It is 

expected that this link would be most pronounced for older siblings who are female.   

 

4.3. Link 3: Substitution Effect 

A third potential channel through which the improved health of a child could impact on her 

older sibling’s education is through the substitution effect. In developing nations, it has been 

shown that children of different ages have different work options and investment 

requirements. For example, Edmonds’ (2006) study on sibling differences in child labour 

found that children born earlier in the sibship, particularly those who are female, participate 

in income-generating activities more than their younger siblings. This ‘specialisation’ in the 

household, whereby some children are sent to work while their siblings are permitted to 

attend school, is consistent with having diminishing returns to labour in the household. Such 

diminishing returns to labour reduce the indirect costs of schooling for certain children, and 

this is particularly prevalent among younger children in the family. Older siblings tend to 

face a more binding labour vs. schooling option as the marginal returns to their labour 

activities are higher than those of their younger counterparts. If the household views health 

and education as being complimentary to one another, then the improved health of younger 

children will increase the returns to their education. As a result, existing household resources 

may be reallocated away from older siblings’ education and toward that of their younger 

siblings. This may be true for improvements in health that don’t affect the household size. 

Hence, this mechanism would imply that the improved health of younger children in the 

household may lead to a decreased level of investment into the human capital development of 

their older non-targeted siblings. 

 

4.4. Link 4: Household Size Effect 

The final channel through which a child’s health can impact on her older sibling’s education 

is through the household size effect. The improved health and more specifically, the 

increased survival of younger children could lead to a dilution of the household’s finite 

resources leading to fewer resources being available per child. This dilution may cause 

certain children in the household to be removed from school so that the family can afford to 

fund the care and schooling of siblings who would have otherwise suffered or died from 
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measles-related illnesses. This effect is based on the assumption that there are no fertility 

responses to the measles treatment. In other words, it assumes that households don’t 

neutralise the survival of a child by reducing the number of subsequent births2. This final link 

would deem the increased survival of younger siblings as being detrimental to the educational 

outcomes of older children in the household. 

Evidently, the first channel outlined in this section would improve the educational attainment 

of older siblings, while the third and fourth effects would hinder it. The effect of the second 

channel is ambiguous. The net effect of these channels depends on their relative magnitudes, 

and thus is also ambiguous in sign.  

                                                            
2 This assumption is reasonable. See subsection 5.4.2 for a more detailed explanation.  
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Section 5. Data 

 

As previously mentioned, the data was mainly sourced from the DHS project which collects 

nationally representative survey data from households in developing countries. I restrict my 

data set to containing sub-Saharan countries with surveys fielded after a MI campaign was 

conducted, leaving 26 countries in my sample (refer to Table 1). Campaigns in these 

countries were conducted between September 2001 and December 2007 as shown in Table 1. 

As is evident, in some of the sampled countries, the vaccination campaigns occurred at 

different times for different regions within the same country. I account for this regional 

variation in campaign dates and discuss this in further detail in Section 6, where I address the 

empirical strategy of my thesis.  

Also, as the survey data is available per country, I appended all the individual country data 

sets into one master data set to use in my analysis.  

 

5.1. Survey Recodes 

The surveys are broken down into recodes based on different units of analysis. My data was 

mainly derived from the Household Member recode, where the unit of analysis is the 

individual household member. This recode reports each respondent’s education level, age, 

gender and relationship to the head of the household amongst other things. It does not 

however provide the individual’s birth year. This information is critical for sample selection 

purposes which will be discussed in subsection 5.2. In order to overcome this shortcoming, I 

derived further information from an additional recode, called the Birth recode, which contains 

the birth and death histories for every child born to each interviewed mother. I then merged 

each child’s date of birth from the Birth recode to the Household Member recode using the 

child’s unique identification number. This process is straightforward as all the DHS files have 

the same variable names and coding schemes. In the case of missing values, dates of births 

were calculated by subtracting the observation’s age from the year in which the DHS survey 

was fielded. I then created an indicator variable which took on a value of 1 for observations 

whose birth year was imputed in this manner and 0 otherwise. This indicator variable was 

included in all the specifications I estimate in this study. 
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Table 1: MI campaign and DHS dates 
 

 

  

Country Date of MI Campaign Year of 

DHS 

Number of 

observations 

 National SIA Regional SIA(s)   

Benin Dec 2001  2006 9,609 

Burkina Faso Dec 2001  2010 5,537 

Burundi  Jun 2002  2010-11 3,831 

Cameroon   Jan 2002, Dec 2002 2011 4,058 

Republic of Congo Oct 2004  2005 2,498 

Democratic Republic 

of Congo 

 Dec 2002, Oct 2005, Nov 2006, 

Dec 2006 

2007 3,153 

Ethiopia  Nov 2002, Jan 2003, May 2005 2010-11 5,325 

Ghana  Dec 2001, Dec 2002 2008 4,069 

Guinea Nov 2003  2005 4,348 

Kenya Jun 2002  2008-09 3,404 

Lesotho  Apr 2003  2009-10 2,405 

Madagascar Sep 2004  2008-09 7,582 

Mali Dec 2001  2006 8,209 

Malawi Aug 2002  2010 8,019 

Namibia Jun 2003  2006-07 2,351 

Niger Dec 2004  2006 5,543 

Nigeria  Dec 2005, Jun 2006 2008 13,262 

Rwanda Feb 2003  2010-11 4,398 

Sierra Leone  Nov 2003  2008 3,125 

Senegal Jan 2003  2010-11 4,058 

Sao Tome and 

Principe  

Dec 2007  2008-09 1,090 

Swaziland Jun 2002  2006-07 1,560 

Tanzania Sep 2001  2010 3,768 

Uganda Nov 2001  2011 2,682 

Zambia  Oct 2002, Jun 2003 2007 3,100 

Zimbabwe Jul 2002  2010-11 2,270 
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5.2. Sample Selection 

My main sample consists of children who were born between the years 1992 and 1996 

inclusive, who were either sons or daughters of the head of the household as well as usual 

residents of the household (N = 119,352). The motivation for this birth year selection is 

twofold. Firstly, it ensures that the children in my sample were at least 5 years old when the 

first MI campaign in my sample took place (the first campaign occurred in Tanzania in 

September 2001). Consequently, their mortality would not have been heavily impacted. 

Secondly, it ensures that the majority of these children would still be residing with their 

parents when the surveys were fielded. The dates of the surveys range from 2005 to 2011 (see 

Table 1), making the oldest children in my sample 18 to 19 years old and the youngest 9 

years old at the time of survey. I also restrict my sample to observations who were either sons 

or daughters of the head of the household and usual residents of the household. This ensures 

that these children would have been most impacted by the reallocation of the household’s 

resources in response to positive shocks in their younger siblings’ health. Including children 

who are not usual residents for instance, would reduce the estimated treatment effect as such 

children are not expected to benefit or bear the cost of the household’s reallocation of 

resources as they don’t reside in the same household.  

 

5.3. Outcome Variable: Education  

The surveys report the educational attainment of each household member in terms of the 

number of schooling years completed. This information was used to generate a binary 

variable that indicates whether the observation completed 3 years of education. I use this 

variable as the main outcome variable in my econometric analysis, which is discussed in the 

Results section (see Section 8). I conduct robustness checks in Section 9 and consider the 

completion of 2 and 4 years of education as well.  

It is important to note that children in sub-Saharan Africa must have been at least 9 or 10 

years of age to have completed 3 years of education, as the school starting age is either 6 or 7 

years, depending on the country. Therefore, when I conducted my main analysis, 

observations from the Republic of Congo and Guinea were omitted as the surveys in these 

countries were fielded in 2005, making the youngest children in my sample (i.e. those born in 

1996) too young to have completed 3 years of education. When I conduct the robustness 

check across 2 years of education (see Section 9), I include observations from all countries.  
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5.3.1.Motivation for outcome variable selection 

As shown in Table 1, the surveys were fielded at different times for different countries and it 

is this historical nature of the data that necessitates the use of educational attainment as the 

dependent variable, as opposed to using school participation rates for instance, which is 

common in the existing literature.  

Also, the motivation behind quantitatively choosing 3 years of education as the outcome 

variable for my main analysis (as opposed to 2 or 4 years of education) is twofold. Firstly, 

using 3 years of education requires only 2 countries to be dropped from the entire sample 

when conducting the main analysis as was just discussed. Secondly, 3 years of education 

serves as a good indicator of a household’s investment into the schooling of a child. As 

shown in the Summary Statistics in Table 2, 80% of the sample completed 1 year of 

schooling, 76% completed 2 years and 71% completed 3 years. Given the high completion 

rates of 1 and 2 years of schooling, estimating the impact of the campaigns across these lower 

levels would be less informative.  

 

5.4. Explanatory Variables 

5.4.1.Campaign Dates 

The survey data was merged with the dates of the first national campaign in the respondent’s 

country. Each campaign date was expressed in terms of month and year. In six of the 26 

countries of my sample, the campaigns were conducted at different times for different 

subnational regions as shown in Table 1. In these situations, I split the country into 

subnational ‘campaign regions’ and allocate each region its respective campaign date. Refer 

to Table 1 for these subnational region campaign dates. Henceforth, I will use the term 

campaign region to denote either the country or subnational region in which a unique 

campaign occurred. 

Dates in the Ethiopian surveys needed to be adjusted and were converted from the Ethiopian 

calendar to the Gregorian calendar by shifting dates forward by seven years and eight 

months.  

5.4.2.Younger Siblings 

In order to analyse the impact of the number of younger siblings, I generate a variable that 

provides the number of children ever born to any mother in the household between the years 
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1997 and 2001 inclusive in each household3. This ensures that the younger siblings were less 

than 5 years old when the campaigns first started being conducted in the continent in 

September 2001. Restricting younger siblings to those born within this time period therefore 

allows me to compare the impact of having healthy younger siblings (i.e. those treated by 

earlier campaigns) to non-healthy (or deceased) younger siblings (i.e. those who were treated 

by later campaigns). It also ensures that the number of younger siblings considered is 

exogenous to the timing of the vaccination campaigns in each region as the campaigns were 

first conducted toward the end of the year 2001, when most of these younger siblings would 

have already been born4.  

To ensure an appropriate comparison group, I keep the observations with no younger siblings 

born in the relevant year span in my sample. These observations make up almost 30% of my 

sample (see Summary Statistics in Table 2). All inferences on the impact of the number of 

younger siblings are made relative to this control group. The number of younger siblings 

ranges from none to seven.  

5.4.3.World Development Indicators (WDI) 

I also obtained the WDI military, refugee and health system capacity variables on each of the 

countries in my sample from the World Bank data base. These variables were used to control 

for differential conditions across different cohorts within the same country. They were 

measured at age 7 for each child (the school starting age, when schooling investment 

decisions are generally made) and are therefore time-varying. For instance, the military 

capacity of a country in 1999 (when children born in 1992 turned 7 years) may be different to 

its military capacity in 2003 (when children born in 1996 turned 7 years). Controlling for 

such factors ensures that conditions which may be correlated with campaign timing and 

would have also affected a household’s decision to invest in the schooling of a child, such as 

whether the country was at war during a particular year, are accounted for.  

5.4.4.Other Control Variables 

Additional variables were generated using the available data. These included the educational 

attainment of each child’s father and mother, which was measured in total number of 

                                                            
3 Throughout this thesis, I refer to the number of younger siblings born in the relevant age window (i.e. between the years 

1997 and 2001) as an observation’s ‘number of younger siblings’. I do not imply the total number of younger siblings ever 

born, but rather the number of children born to the same head of household between the years 1997 and 2001.  
4 As households were unaware of the MI vaccination campaigns before their implementation, the issue of a quality vs. 

quantity trade-off in the number of births in a household is irrelevant to this study.  
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schooling years completed, and the birth order of the child. Again, due to the DHS’s unique 

identification, the computation of these variables was relatively straightforward. I also control 

for the observation’s family size, gender and age at the time the DHS survey was fielded. 

 

5.5. Summary Statistics 

The summary statistics are presented in Table 2. In terms of education, the majority of the 

sampled children completed 1 and 2 years of education, 80% and 76% respectively. At higher 

levels of education, completion rates decline. The portions of age-eligible children that 

completed 3 and 4 years of education are 71% and 69% respectively. This pattern in the data 

is consistent with schooling trends in sub-Saharan Africa where increases in dropout rates are 

observed across higher education levels due to low schooling retention rates. There also 

appears to be sufficient variation across the number of younger siblings, thus allowing the 

impact of the campaign dates across the differential number of younger siblings to be 

estimated without difficulty. 

 

5.6. DHS Sampling Quality 

Prior to any analysis being conducted, I address the potential correlation between the quality 

of the DHS data sets and the campaign dates. An initial concern was that institutional quality 

was correlated with campaign timing and countries with better government institutions would 

provide higher quality data sets and may simultaneously experience faster declines in child 

mortality and faster uptakes of education in response to such health initiatives. It is therefore 

important to ensure there is no strong relationship as it would induce a selection bias in the 

results that are estimated using this data. I conduct this check by considering the time elapsed 

between the DHS round and the last national census that occurred before survey fielding in 

each of the respective countries of my sample. It is likely that the shorter the amount of time 

between the last national census and the DHS fielding, the stronger the quality of the DHS 

sampling. The census dates are presented in Table A2 of the Appendix. Some of the countries 

in my sample did not have a national census conducted before a round of DHS was conducted 

and thus were excluded from this analysis. I then regress this time difference between the 

census date and DHS date against the campaign date using Huber-White adjusted standard 

errors, clustered at the country level. The results are presented in Table A3 of the Appendix. 

As is evident, there is no significant relationship between the DHS sampling quality and the 

campaign dates.  
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Table 2: Summary statistics 
 

Notes: All statistics are reported two decimal places. ‘Obs’ refers to the number of observations. The mean, standard 

deviation, minimum and maximum value of the categorical variables are not reported as they provide little information. The 

number of observations who completed 3 and 4 years of schooling were only computed amongst age-eligible children, i.e. 

those who were aged at least 10 and 11 years respectively at the time of survey. Observations from Guinea and the Republic 

of Congo were excluded from the computation of the completion of 3 years of schooling. Observations excluded from the 

computation of the completion of 4 years of schooling include those from Benin, Mali, Niger, Namibia, Swaziland, Guinea 

and the Republic of Congo. The number of younger siblings in this table refers to children born to the head of the household 

who were born between the years 1997 and 2001 inclusive. Total siblings refers to the total number of siblings of an 

observation born to the same head of household. 

  

Panel A: Categorical Variables 

 Obs.   Percentage 

Total Children in sample 119,352  

Education:   

Completed 1 year of schooling 95,742 80.22 

Completed 2 years of schooling 91,315 76.51 

Completed 3 years of schooling 80,100 71.20 

Completed 4 years of schooling 60,032 68.85   

Younger siblings:   

No younger siblings 34,825 29.18 

One younger sibling 44,664 37.42 

Two younger siblings 29,373 24.61 

Three younger siblings 7,342 6.15 

Four younger siblings 2,237 1.87 

Five or more younger siblings 910 0.78 

Gender:    

Male 63,048 52.83 

Female 56,303 47.17 

Birth order  

(1𝑠𝑡= oldest child in HH) 

  

First 45,699 38.29 

Second 35,600 29.83 

Third 20,403 17.10 

Fourth  9,902 8.30 

Fifth  4,273 3.58 

Sixth or later 3,474 2.91 

Panel B: Continuous Variables 

 Obs. Mean Std. Dev. Min Max 

Age 119,352 13.83 2.38 8 19 

Father’s Education 119,352 3.94 4.66 0 24 

Mother’s Education 119,352 2.35 3.91 0 24 

Total Siblings  119,352 4.88 2.56 1 28 
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Section 6. Empirical Methodology 

This section outlines the empirical strategy employed to identify the indirect educational 

effects of the MI campaigns on older siblings. 

 

6.1. Difference-in-Differences  

As previously mentioned, my sample consists of children born in between the years 1992 and 

1996 inclusive from 26 sub-Saharan African countries. This repeated cross sectional data 

allows me to employ a difference-in-differences strategy through the exploitation of two 

sources of variation. The first is the variation in campaign timing across the countries in my 

sample. As shown in Table 1, the first campaign occurred in September 2001 and the last 

campaign was in December 2007. The second form of variation I exploit is the differential 

number of younger siblings born in the relevant age window for the campaigns (i.e. the 

number of children in the observation’s household born between the years 1997 and 2001 

inclusive). As previously mentioned, an observation’s younger siblings serve as a measure of 

their susceptibility to the campaigns. Included in my sample are observations with no 

younger siblings born in the relevant age window. These observations are not expected to be 

impacted by the MI campaigns and thus, serve as a natural control group. The treatment 

group is comprised of the remaining observations who had 1 or more younger siblings born 

in the relevant age window.  

The staggered timing of the campaigns by country (and sometimes subnational region) allows 

me to identify the impact of a campaign by comparing the education levels in countries where 

the campaigns took place relatively early to those where they occurred relatively later, whilst 

also analysing this difference across the number of younger siblings. This implies that my 

treatment indicator is continuous rather than binary. For instance, a child with 5 younger 

siblings from Tanzania, where the national campaign took place in September 2001, would 

have had a higher level of exposure to treatment than a child with 1 younger sibling from 

Nigeria, where the MI campaign did not occur until 2006. This approach allows me to 

directly control for both time-invariant differences at the campaign region level (for instance, 

comparing a child with 5 younger siblings in Nigeria to one with 5 younger siblings in 

Nigeria) and campaign-region-invariant differences across younger siblings (for instance, 

comparing a child with 5 younger siblings in Tanzania to one with 1 younger sibling in 
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Tanzania). I can therefore compare the education levels of similarly aged children and 

attribute the differences to the differential timing of and exposure to the MI campaigns. 

It is important to note however, that the key assumption of using a difference-in-differences 

strategy is that the outcomes in the treatment and control group follow the same time trend in 

the absence of treatment. Applying this assumption to my study would suggest that the 

educational time trend of children with younger siblings must follow the same time trend of 

children without younger siblings in the absence of the vaccination campaigns. If this 

assumption is violated, a causal inference cannot be made using difference-in-differences.  

Whilst this is not directly testable, I conduct a ‘pre-trends’ test which allows me to examine 

whether the trends in educational attainment prior to the campaigns (i.e. ‘pre-trends’) are 

correlated with the campaign dates. I conduct this test by using a sample of children who 

were born between the years 1988 and 1991 and who had consequently already turned 10 by 

the time of the first campaign in 2001 and thus would have likely completed year 3 prior to 

the first campaign, if they were ever to do so. I regress the completion of three years of 

education on a set of campaign region dummy variables and birth year trends. The trends are 

simply the interactions between the region dummy variables and the continuous birth year 

variable. I then plot each region’s trend coefficient against its corresponding campaign date. 

The resulting scatterplot is presented in Figure 1 below. As can be seen, there does not appear 

to be any strong correlation between the trend coefficients and the campaign dates (𝜌 = 

0.0043), thus supporting the validity of the difference-in-differences approach.  

                                                 Figure 1: Pre-trends scatterplot 

 
Notes: See Table A1 for the full country names corresponding to the abbreviations used in the 

scatterplot. 
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Difference-in-differences also fails to uncover a true causal relationship if the treatment and 

control group differ in their idiosyncratic (temporary) shocks prior to treatment. A famous 

example of this is outlined in Ashenfelter’s (1978) study on the evaluation of a job training 

program where participants were selected for the program when their earnings were already 

particularly low. Hence, there was a dip in earnings prior to treatment – the so called 

‘Ashenfelter’s dip’ – thereby causing the treatment effect to be overstated as earnings were 

expected to recover anyway, even without participating in the program, simply due to mean 

reversion.  

In the context of the MI campaigns, according to American Red Cross staff members, 

campaign timing was driven by political stability in the country as well as the readiness of the 

country’s health ministry for participation in the campaign (BenYishay and Kranker, 

forthcoming). It could therefore be argued that countries received the MI campaigns soon 

after having recovered from a period of political instability, such as war. In these instances, it 

is expected that the education levels of children will rise regardless of the introduction of the 

MI campaigns. In order to mitigate this issue, I control for country-level time-varying 

measures of health and military expenditures in my model. I discuss this in further detail in 

subsection 6.3 which outlines the empirical specification.  

 

6.2. Triple Differences  

Using the difference-in-differences approach tests the mean treatment effect across the entire 

sample. However, I am also interested in testing for the presence of heterogeneous treatment 

effects across different household types and schooling environments. I am able to test for 

such effects using triple differences, which adds another layer of differencing to the two 

sources of variation I explained above. An example of an additional dimension would be 

family size. I am interested in testing whether the treatment effect differs across small and 

large households. Another example is the cost of schooling. As was mentioned in Section 4, I 

expect the treatment effect to be largest in settings where the cost of schooling is high. Triple 

differencing allows me to identify whether the treatment effect differs across such settings.  

The advantage of the triple differencing structure is that it allows the relaxing of the main 

assumption underlying difference-in-differences. The assumption that the outcome for the 

treatment and control group must follow the same trend in the absence of treatment can be 

relaxed. The new assumption is that to the extent that the outcomes evolve differently for the 
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original treatment and control group, the differences affect the new groups similarly. In terms 

of the triple differences model I estimate across the number of younger siblings, campaign 

timing and family size, the new assumption can be applied as follows: If the trends in 

education differ for children with younger siblings to those for children without younger 

siblings, the difference in trends must affect observations from small families the same way 

they impact on observations from large families. 

 

6.3. Specification 

I estimate the effects of the MI campaigns on education levels using a logistic regression 

model, assuming the error term 𝑢𝑖 in the latent variable model follows a standard logistic 

distribution.  My dependent variable is binary indicating whether a child has completed at 

least 𝛼 years of schooling. The main results of this thesis will use the completion of 3 years 

of schooling as the dependent variable. Although, I do conduct a robustness check which also 

estimates the treatment effect on 2 and 4 years of schooling (refer to Section 9). The 

specification of the logit regression is as follows: 

Pr(𝑆𝑖𝑐𝑏) = 𝐹(𝛽0 + 𝛽1𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏 + 𝛽2(𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏

∗ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐) + 𝐷𝑐 + 𝐷𝑏 + 𝐷𝑐 ∗ 𝑏 + 𝛽3𝑋𝑖𝑐𝑏 + 𝛽4𝑍𝑐𝑏

+ 𝜀𝑖𝑐𝑏) 

(1) 

where 𝐹(𝑋) =  
𝑒𝑋

(1+𝑒𝑋)
 

In the above specification, i indexes the individual, c indexes the campaign region and b 

indexes the birth year. 𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏 is a discrete variable equal to the number of younger 

siblings of an observation born between the years 1997 and 2001, 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐 

is equal to the inverse of the date the first MI campaign was held in the observation’s region, 

𝐷𝑐 is a vector of campaign region dummy variables5, 𝐷𝑏 is a vector of birth year dummy 

variables and 𝑋𝑖𝑐𝑏 is a vector of individual specific controls such as the number of total 

siblings, the child’s paternal and maternal educational attainment, gender, birth order in the 

household and age at the time of survey fielding. Finally 𝑍𝑐𝑏 is a vector of time-varying WDI 

                                                            
5 For most observations, the campaign region is equivalent to the observation’s country. However in the case of 

subnational campaigns, campaign regions differ across observations from the same country and subnational 

region dummy variables are included in these cases. 
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health and security indicators which includes the country’s health and military expenditure as 

a percentage of total GDP in the year that the respondent turned 7. 

I include birth-year dummy variables to control for birth year fixed effects, which in turn 

control for continent-wide variation in education levels. Similarly, I include campaign region 

dummy variables to account for region fixed effects. The birthyear and campaignregion 

variables are interacted to allow for differential trends in these region’s overall education 

levels. Due to the large number of observations in my sample (N = 119,352), including a 

large number of dummy variables is a feasible approach, as it does not result in the relative 

loss of too many degrees of freedom. As shown in equation (1), I use the inverse of the 

campaign date so that it increases in campaign earliness (i.e. a child from a country that had 

an early campaign will have been more exposed to the campaigns and hence would have a 

higher value for their corresponding campaign date). I generate the inverse campaign date by 

taking the negative value of the actual campaign date. This simplifies the interpretation of the 

results in Section 8. I estimate this regression using Huber-White adjusted standard errors, 

clustered at the campaign region level. This specification is used to estimate the difference-

in-differences model. When I estimate the triple difference-in-differences models, I interact 

the double interaction term with a third variable, for e.g. family size. I provide more detail on 

these specifications in Section 8.  

As was the case in BenYishay and Kranker’s study (forthcoming), my treatment indicator is 

based on the timing of the first national MI campaign in a region, not on whether the younger 

siblings in the household received the vaccine. This approach provides the intent-to-treat 

effects of improved sibling health and is suitable as all children are expected to benefit from 

the campaigns, regardless of whether they were actually vaccinated. Also, according to MI 

administrative data, compliance with the campaigns was quite high with over 90% of the 

target children population being vaccinated in each country. Children who did not receive 

vaccinations were expected to benefit from herd immunity dynamics.  

As previously discussed, campaign timing was driven by political stability in the country as 

well as the country’s health ministry’s readiness for participation in the campaign 

(BenYishay and Kranker, forthcoming). The campaign region dummy variables and time-

varying WDI variables in the above model control for these factors and hence it is reasonable 

to assume that their inclusion in the specification ensures the timing of the campaigns is ‘as 
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good as randomly assigned’ and exogenous to the education levels of children in each 

country. This allows for the empirical investigation of the causal impact of the vaccination 

campaigns on the intrahousehold investment into the education of older siblings.  
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Section 7. Empirical Predictions 

 

Using the DHS data set merged with the national and sub-national campaign dates and the 

empirical methodology outlined in Section 6, I attempt to test the following three predictions: 

1) The Mean Treatment Effect will be zero 

The mean treatment effect will average out the effects across different household types within 

the entire sample, for example, small vs. large households and rural vs. urban households. 

The magnitude of the treatment effect may differ across these characteristics. As was 

discussed in Section 4, the sign of the net effect of the four causal mechanisms linking a 

child’s health to her older sibling’s education is ambiguous. I therefore aim to test the null 

hypothesis that the net effect is equal to zero by testing the statistical significance of the mean 

treatment effect.  

2) The Treatment Effect will differ across differential family sizes 

As outlined in subsection 4.4, I discuss the possibility of a negative treatment effect due to 

the household size effect. The increased survival of young children in the family will lead to 

a dilution of the household’s finite resources which may hinder the educational outcomes of 

their older siblings. For this reason, it is likely that treatment effects may be smaller in larger 

households as any gains from a child’s survival or improved health will be diluted across a 

larger number of siblings. Similarly, if a child’s survival or improved health bears a cost on 

the household, this cost will be distributed across a larger number of siblings in large 

households. I therefore aim to test the hypothesis that the differential treatment across family 

size is not statistically different from zero and that it is larger in smaller households. The sign 

of the effect however is ambiguous. 

3) The Treatment Effect will be larger in settings where schooling costs are higher 

I expect the treatment effect to be largest where the cost of schooling is high as the decision 

to send an additional child to school would be particularly binding in such settings. Certain 

countries in sub-Saharan Africa have abolished primary school fees (see Table A4 in the 

Appendix). Hence, I expect the treatment effect to be more prominent in regions where 

school fees are still present. I aim to test this hypothesis by asserting that the differential 

treatment effect across different schooling cost settings is statistically significant.   
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Section 8. Results 

 

This section outlines the results of both the difference-in-differences and triple differencing 

strategies. Each subsection focuses on testing one of the empirical predictions outlined in 

Section 7. Subsection 8.1 tests the hypothesis that the mean treatment effect is equal to zero. 

Subsection 8.2 tests the hypothesis that the treatment effect will significantly differ across 

different family sizes. Subsection 8.3 tests the hypothesis that the treatment effect will be 

larger in settings where schooling costs are higher. 

 

8.1. Mean Treatment Effects 

To estimate the mean treatment effect, I estimate the specification outlined by Equation 1 

(see subection 6.3 on the Empirical Specification). 

The specification outlined in Equation (1) controls for the effect of the number of younger 

siblings on a child’s educational attainment (𝛽1). The coefficient of the interaction term (𝛽2) 

serves as a difference-in-difference estimator of the cross-cohort, cross-campaign-region 

differences in education levels based on exposure to the campaigns. Within a given campaign 

region, children with no younger siblings serve as comparisons for children with one or more 

younger siblings who would have experienced health benefits as a result of the campaigns. At 

the same time, cohorts in other regions allow me to control for birth-year effects with birth 

year dummies and campaign-region-specific birth year trends, as well as for campaign-

region-specific effects. I identify the impacts of campaigns by comparing differences between 

children with and without younger siblings in the countries with earlier campaigns to 

differences between children with and without younger siblings in countries with later 

campaigns.  

I begin by considering the average marginal effect of the treatment indicator, which is the 

interaction between 𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏 and 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐. The results are 

presented in Table 3. It can be seen from Columns 1, 2 and 3 that as further controls are 

added to the specification, the magnitude of the negative treatment effect reduces 

considerably, although it is never statistically different from zero. The first column includes 

no controls, the second accounts from campaign-region trends in education, whilst the last 

column includes these trends as well as individual controls such as paternal and maternal 

education, gender, age at survey and birth order in the household. In Columns 4 and 5, I run 
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the specification separately for boys and girls. Whilst it appears that the treatment effect is 

larger for girls than it is for boys, it remains statistically insignificant in both instances.  

Figure 2 presents the average marginal effect of the inverse campaign date at 1-sibling 

intervals of the younger sibling variable. As expected, the treatment effect increases almost 

monotonically in magnitude with the number of younger siblings. However, the confidence 

intervals cross zero at each interval of younger siblings, suggesting there is no significant 

treatment effect when considering the total sample in such manner. 

The results of Table 3 may mask the potential presence of heterogeneous treatment effects. 

The treatment effect is never precisely estimated, which could be because the treatment 

differs across different household types within the sample. This finding is consistent with a 

priori expectations as outlined by the first empirical prediction in Section 7. The remainder of 

the results section will focus on dissecting the sample into different subgroups and observing 

whether the treatment differs across these groups.  



45 
 

 

Table 3: Average marginal effects 
 

Column  (1) (2) (3) (4) (5) 

Dependent variable Yr 3 Yr 3 Yr 3 Yr 3 Yr 3 

Sample 10+ at interview 10+ at interview 10+ at interview Boys 

10+ at interview 

Girls 

10+ at interview 

No. of younger siblings in MI age window -18.644* -18.733* -8.530 -7.017 -10.151 

(10.638) (10.605) (7.481) (7.819) (8.387) 

No. of younger siblings in MI age window X Inverse 

campaign date 

-0.385 -0.387 -0.211 -0.169 -0.256 

(0.245) (0.245) (0.167) (0.177) (0.187) 

Birth-year FE Y Y Y Y Y 

Campaign-region FE Y Y Y Y Y 

Campaign-region trends (FE X birthyear) N Y Y Y Y 

Individual controls N N Y Y Y 

WDI controls Y Y Y Y Y 

Observations 111,408 111,408 111,408 58,943 52,465 
Notes: The table reports the average marginal effects. All figures are multiplied by 100 and reported to 3 decimal places. Standard errors are presented in parentheses. Standard errors are Huber-

White adjusted standard errors, clustered at the campaing-region level. “FE” refers to fixed effects. Individual controls include total number of siblings, father’s education, mother’s education, 

gender, age at time of survey, birth order and an indicator variable specifying whether the observation’s date of birth was calculated by subtracting their age from the DHS date. The WDI 

controls include military expenditure as a percentage of GDP, health expenditure as a percentage of GDP, the number of refugees, Tuberculosis detection rates, Tuberculosis treatment rates and 

the percentage of children aged 12-23 months who received vaccinations before 12 months in the respondent’s country in the year in which they turned 7 years. ***, ** and * represent 

significance at the 1%, 5% and 10% level respectively.  
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Notes: This plot was generated using the estimates of regression 3 in Table 3. All points are presented with their 

corresponding 95% confidence intervals.   

 

 

 

 

Figure 2: Average marginal effects of the inverse campaign date at 1-sibling 

intervals 
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Figure 3: Visual aid for triple differencing model 

8.2. Treatment Effects across Family Size 

To estimate the treatment effect across family size, I employ a triple differencing model 

which compares the effect of campaign timing across both the number of younger siblings 

and family size. Figure 3 provides a visual aid that presents the different dimensions across 

which this relationship is to be estimated. This visual aid can be applied to all the triple 

differencing specifications I estimate. Sampled observations may fall into either one of these 

8 categories. As previously mentioned observations from early-vaccinating countries and 

with a higher number of younger siblings are more heavily exposed to sibling spillovers. I’d 

therefore expect the treatment effect to be largest in cells (7) and (8) in Figure 3. Using this 

visual aid, the mean treatment effect discussed in the previous section = cells ((7 + 8) – (3 + 

4)) – ((5 + 6) – (1 + 2)). The mean treatment effect jointly estimates the treatment effect for 

observations in cells 7 and 8. The aim of the subsequent analysis is to separately estimate the 

treatment effect for these two groups.  

 

 

 

 

 

 

 

 

 

I estimate this relationship using the following logit regression: 

Pr(𝑆𝑖𝑐𝑏) = 𝐹(𝛽0 + 𝛽1𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏

+ 𝛽2(𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏 ∗ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐) + 𝛽3𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏  

+ 𝛽4(𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏 ∗ 𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏) + 𝛽5(𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏

∗ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐) + 𝛽6(𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏

∗ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐 ∗ 𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏) + 𝐷𝑐 + 𝐷𝑏 + 𝐷𝑐 ∗ 𝑏 + 𝛽3𝑋𝑖𝑐𝑏

+ 𝛽4𝑍𝑐𝑏 + 𝜀𝑖𝑐𝑏) 

(2) 

where 𝐹(𝑋) =  
𝑒𝑋

(1+𝑒𝑋)
 

Early Campaign Date 

(2) (3) (1) 

Large Family Size 

Small Family Size 

Large Family Size 

Small Family Size 

Large Family Size 

Small Family Size 

Large Family Size 

(5) 

Late Campaign Date 

1+ Younger Siblings No Younger Siblings 

(4) 

Small Family Size 

(6) (7) (8) 
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The variable 𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏 indicates the total number of siblings of an observation born to the 

same head of household and living in the household at the time of survey fielding. I use the 

terms total siblings and family size interchangeably throughout this paper. The term total 

siblings is more accurate, but family size is used for writing convenience and to maintain 

consistency with the existing literature (Eloundou-Enyegue and Williams 2006).  

The specification outlined in Equation (2) controls for the main educational effects of having 

younger siblings (𝛽1), total siblings (𝛽3) and their interaction (𝛽4). The specification also nets 

out the differential impact of the campaign date across different family sizes (𝛽5). The 

coefficients of interest are therefore 𝛽2 and 𝛽6 as the sum of these two coefficients provides 

the overall treatment effect of the vaccination campaigns across different family sizes. 

Column 1 of Table 4 presents the average marginal effects of the variables of interest from 

Equation (2).  The main treatment effect, which is represented by the average marginal effect 

of the interaction between 𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏 and 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐  is now positive, 

suggesting that older siblings in the household benefit from positive health shocks to their 

younger siblings. However, it is imprecisely estimated. Interestingly, the average marginal 

effect of the triple interaction term between 𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏, 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐  and 

𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏 is negative and statistically significant at the 10% level. This suggests that the 

treatment effect may differ across families of different sizes. More specifically, these results 

imply that the positive treatment effect may decrease with larger family sizes.  

The possibility of heterogeneous treatment effects across family size warrants a closer 

analysis of this relationship. In order to further investigate, I run the following logit 

regression: 

Pr(𝑆𝑖𝑐𝑏) = 𝐹(𝛽0 + 𝛽1𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏

+ 𝛽2(𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏 ∗ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐)

+ 𝛽3𝑆ℎ𝑎𝑟𝑒𝑜𝑓𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏  + 𝛽4(𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏 ∗ 𝑆ℎ𝑎𝑟𝑒𝑜𝑓𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏)

+ 𝛽5(𝑆ℎ𝑎𝑟𝑒𝑜𝑓𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏 ∗ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐)

+ 𝛽6(𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏 ∗ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐 ∗ 𝑆ℎ𝑎𝑟𝑒𝑜𝑓𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏)

+ 𝐷𝑐 + 𝐷𝑏 + 𝐷𝑐 ∗ 𝑏 + 𝛽3𝑋𝑖𝑐𝑏 + 𝛽4𝑍𝑐𝑏 + 𝜀𝑖𝑐𝑏) 

(3) 

where 𝐹(𝑋) =  
𝑒𝑋

(1+𝑒𝑋)
 

The variable 𝑆ℎ𝑎𝑟𝑒𝑜𝑓𝑡𝑜𝑡𝑎𝑙𝑠𝑖𝑏𝑠𝑖𝑐𝑏 indicates the portion of total siblings in the household that 

were born in the relevant MI age window (i.e. born between the years 1997 and 2001). The 
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results of Equation (3) are presented in Column 2 of Table 3. Specification (3) doesn’t appear 

to present any compelling evidence on the impact of the portion of the sibship that received 

treatment under the MI campaigns. Once again, the average marginal effects of interest are 

those of the interaction terms between 𝑆ℎ𝑎𝑟𝑒𝑜𝑓𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏 and 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐  

and 𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏, 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐  and 𝑆ℎ𝑎𝑟𝑒𝑜𝑓𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏, i.e. the 

coefficients 𝛽5 and 𝛽6
6. None of these average marginal effects are precisely estimated, 

although the sign of the marginal effects suggest that the higher the portion of younger 

siblings in the household, the better off the older sibling would be in terms of her educational 

outcomes with this effect decreasing in larger family sizes.  

I then return to Equation (2) and run the logit regression separately for males and females. 

Column 3 of Table 4 presents the results of this analysis for boys, and Column 4 for girls. 

Comparing the main treatment effect (i.e. the interaction between 𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏 

and 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐) across gender reveals an interesting story. In both instances 

the average marginal effect is positive. However, it is only precisely estimated for females, 

and its magnitude is almost three times as large (0.266 for males, and 0.625 for females). 

Furthermore, the average marginal effect of the triple interaction term is negative for both 

males and females, however it is ten times as large in magnitude for females as it is for males. 

It is also statistically significant at the 1% level for females, but imprecisely estimated for 

males.  

Given the modest magnitude of the triple interaction term (-0.095) in comparison to the 

average marginal effect of the double interaction term (0.625), it could be deduced that the 

improved health and mortality of younger children in the household enhances the educational 

outcomes of females older siblings, however this effect decreases with larger family sizes. In 

other words, it is unlikely that the negative sign of the triple interaction term will outweigh 

the positive double interaction term. This finding is consistent with the second empirical 

prediction outlined in Section 7. The treatment effect was expected to be largest in smaller 

households as there are fewer total children among whom the resources generated by 

improved health are to be allocated. 

                                                            
6 In Equation 3, 𝛽1 controls for the main educational effects of total siblings, 𝛽3 controls for the effect of the portion of total 

siblings that are born between the years 1997 and 2001 and 𝛽4 controls for their interaction. 𝛽2 nets out the differential 

impact of the campaign date across different family sizes.   
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In order to quantify the average treatment effect using the output in Table 4, I derive the 

average marginal effects of the double and triple interaction terms of interest at 1-total-sibling 

intervals, holding the number of younger siblings constant. I then take a sum of the average 

marginal effects of the double and triple interaction terms and plot them against the total 

number of siblings (see Figure 4). I conduct this analysis for females only, as this is where 

the treatment effect is statistically significant. As expected, all three plots yield similar results 

in terms of sign and magnitude. The treatment effect is positive and more pronounced in 

smaller households. As shown in Figure 4, the treatment effect at 2 younger siblings is 

consistently higher than that at 1 and 3 younger siblings (refer to the yellow plot). The 

treatment effect also becomes imprecisely estimated for households with 5 or more children 

(i.e. 4 or more total siblings) across all 3 levels of younger siblings. The largest treatment 

effect is found among female observations with 2 treated younger siblings and where these 

are the only siblings in the household.  

As the inverse campaign date variable is expressed in terms of years, an interesting exercise 

would be to then quantify this treatment effect by comparing siblings over the maximum 

range of the campaign dates. In Table 2 (refer to the Data section of this paper), it was shown 

that the earliest campaign in sub-Saharan Africa occurred in September 2001 in Tanzania, 

while the latest campaign was conducted in Sao Tome & Principe in December 2007. This 

yields a maximum range of 6.25 years. In Table 5, I compare the total treatment effect for 

females of different family sizes across this maximum range of campaign dates. These results 

were obtained by multiplying the sum of the double and triple interaction terms, which were 

used to generate Figure 4 by 6.25 years. The results suggest that a female with one affected 

younger sibling (where this is the only sibling in the household) is 3.31% more likely to have 

completed 3 years of education when she is exposed to the MI campaigns 6.25 years earlier 

than another female with 1 younger sibling. The total treatment effect for a female with 5 

younger siblings is less than 1%. I conduct the same analysis across 2 and 3 affected younger 

siblings. Similarly, the total treatment effect decreases with family size. Consistent with 

Figure 4, the largest treatment effect is observed for females with 2 younger siblings where 

these are the only siblings in the household. A female with this sibling structure is almost 

6.63% more likely to complete 3 years of education when she is exposed to the campaigns 

6.25 years earlier. This effect is both statistically and economically significant. 
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In terms of the four channels which link the improved health of a child health to the 

education of their older sibling (see Section 4), the above findings could be a result of either 

the first or second channel, or a combination of both. The first channel outlined the wealth 

effect associated with having reduced direct medical costs for sick children in the household. 

The second channel addressed the allocation of child-minding duties in the household. The 

fact that the treatment effects are only significant among females points to the second channel 

as being the driving causal mechanism in this instance as it is female older children who 

generally bear the burden of caring for their younger siblings when they fall ill. However, it 

could also be a result of the fact that females from developing nations are less likely to 

complete each grade in the first place, and thus this is where the treatment effect will be 

strongest. In Section 8.3, I consider the treatment effect across schooling costs which will 

shed more light on the causal mechanism at play.    
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Table 4: Average Marginal Effects across Family Size 
 

Column (1) (2) (3) (4) 

Dependent variable Yr 3 Yr 3 Yr 3 Yr 3 

Sample 10+ at 

interview 

10+ at 

interview 

Boys  

10+ at interview 

Girls  

10+ at interview 

No. of younger siblings in MI age window 18.630  11.586 28.514** 

 (11.840)  (12.599) (12.744) 

No. of younger siblings in MI age window X Inverse campaign date 0.415  0.266 0.625** 

 (0.268)  (0.286) (0.287) 

Total no. of siblings -5.060  -9.686 0.172 

 (7.961)  (10.451) (5.979) 

Total no. of siblings X No. of younger siblings in MI age window -2.033*  -0.355 -4.173*** 

 (1.103)  (1.450) (1.343) 

Total no. of siblings X Inverse campaign date -0.088 -0.147 -0.196 0.035 

 (0.186) (0.171) (0.244) (0.139) 

No. of younger siblings in MI age window X Inverse campaign date X Total no. of 

siblings 

-0.047*  -0.009 -0.095*** 

(0.025)  (0.034) (0.030) 

Share of total siblings in MI age window X Inverse campaign date  0.796   

  (0.790)   

Total no. of siblings X Share of total siblings in MI age window  -2.450   

  (11.118)   

Share of total siblings in MI age window X Inverse campaign date X Total no. of 

siblings  -0.052   

  (0.256)   

Observations 111,408 111,408 58,943 52,465 
Notes: See Table 3. All regressions include birth year fixed effects, campaign region fixed effects, birth year trends, individual controls and WDI controls.
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Figure 4: Treatment effect for females at 1-sibling Intervals 
 

Notes: This figure was generated using the estimates of regression 4 in Table 4. Points are presented with their 

corresponding 95% confidence intervals. All values are multiplied by 100. 
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Table 5: Average Treatment Effects for different family sizes across the maximum range of 

Campaign Dates 
 

Gender of Older 

Sibling 

Number of Younger 

Siblings 

Number of Total 

Siblings 

Average Treatment 

Effect 

Female 1 sibling 1 sibling 3.31% 

Female 1 sibling 2 siblings 2.72% 

Female 1 sibling 3 siblings 2.13% 

Female 1 siblings 4 siblings 1.53% 

Female 1 siblings 5 siblings 0.94% 

Female 2 siblings 2 siblings 6.63% 

Female 2 siblings 3 siblings 4.25% 

Female 2 siblings 4 siblings 3.06% 

Female 2 siblings 5 siblings 1.88% 

Female 3 siblings 3 siblings 6.38% 

Female 3 siblings 4 siblings 4.59% 

Female 3 siblings 5 siblings 2.81% 

Notes: All values are generated using the estimates of regression 4 in Table 4. The number of younger siblings in this table 

refers to children born to the head of the household who were born between the years 1997 and 2001 inclusive. Total 

siblings refers to the total number of siblings of an observation born to the same head of household. Treatment effects for 

observations with 4 or more total siblings are statistically insignificant as shown in Figure 4. 
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8.2.1.Treatment Effects across Family Size and Gender Composition of Younger Siblings 

In order to further probe into the heterogeneous treatment effects across family size and 

gender of the older sibling, I split the younger siblings in the household into younger brothers 

and younger sisters. I estimate the specification in Equation (4) for males and females 

separately and present the results in Columns 1 & 2 of Table 6. 

Pr(𝑆𝑖𝑐𝑏) = 𝐹(𝛽0 + 𝛽1𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑙𝑖𝑛𝑔𝑠𝑖𝑐𝑏

+ 𝛽2(𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏 ∗ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐)

+ 𝛽3𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝐵𝑟𝑜𝑡ℎ𝑒𝑟𝑠𝑖𝑐𝑏 + 𝛽4(𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝐵𝑟𝑜𝑡ℎ𝑒𝑟𝑠𝑖𝑐𝑏

∗ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐) + 𝛽5(𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏 ∗ 𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝐵𝑟𝑜𝑡ℎ𝑒𝑟𝑠𝑖𝑐𝑏)

+ 𝛽6(𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏 ∗ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐 ∗ 𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝐵𝑟𝑜𝑡ℎ𝑒𝑟𝑠𝑖𝑐𝑏)

+ 𝐷𝑐 + 𝐷𝑏 + 𝐷𝑐 ∗ 𝑏 + 𝛽3𝑋𝑖𝑐𝑏 + 𝛽4𝑍𝑐𝑏 + 𝜀𝑖𝑐𝑏) 

(4) 

where 𝐹(𝑋) =  
𝑒𝑋

(1+𝑒𝑋)
 

Despite only considering the impact of having younger brothers treated by the campaigns, the 

results in Columns 1 and 2 of Table 6 reflect similar findings to those discussed above. The 

main treatment effect (in this case it is the average marginal effect of the interaction between 

𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝐵𝑟𝑜𝑡ℎ𝑒𝑟𝑠𝑖𝑐𝑏 and 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐 and is estimated by 𝛽4) is positive and 

only precisely estimated for females. Furthermore, the triple interaction between the main 

treatment effect and  𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏 (𝛽6) is negative and statistically significant at the 1% for 

females only7. Once again, its sign and magnitude suggest that the benefit females received 

from having younger brothers treated by the campaigns declines with larger family sizes.  

I then re-estimate the specification of Equation (4) using younger sisters only as opposed to 

younger brothers. Columns 3 and 4 of Table 6 provide these results. Interestingly, the main 

treatment effect, which is now the average marginal effect of the interaction between 

𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑠𝑡𝑒𝑟𝑠𝑖𝑐𝑏 and 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐, is positive and precisely estimated for 

both males and females, although slightly larger in magnitude for females. The triple 

interaction between the main treatment effect and  𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏 is negative and statistically 

significant for females only, yielding similar findings to those previously discussed. Based on 

these results, it could be concluded that males benefit from having younger siblings treated 

by the campaigns, but only when these younger siblings are female. This treatment effect 

                                                            
7 In Equation 4, 𝛽1 controls for the main educational effects of total siblings, 𝛽3 controls for the effect of having younger 

male siblings born between 1997 and 2001, 𝛽5 controls for their interaction. 𝛽2 nets out the differential impact of the 

campaign date across different family sizes.   
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does not differ across different family sizes. The results for females with younger sisters 

treated by the campaigns are reminiscent of those for females with younger brothers treated 

by the campaigns. 

Tables 7 and 8 extend on the results provided in Table 6 by quantifying the total treatment 

effect across different family sizes over the maximum range of campaign dates (6.25 years). 

In Table 7, I provide the results on the impact of treated younger brothers for females only as 

this is where the treatment effect is significant in Table 6. The treatment effect is most 

pronounced among females in small families. A female with 1 younger brother treated, where 

this is the only sibling, is almost 4 percentage points more likely to have completed 3 years of 

education than another female with the same sibling structure who was exposed to the 

campaigns 6.25 years earlier. Once again, the treatment effect is most prominent among 

female observations with two younger treated brothers, where these are the only siblings in 

the household. The treatment effect is 7.94% and statistically significant.  

On the other hand, having younger sisters vaccinated against measles appears to have 

improved the educational attainment of both males and females. Table 8 presents the 

magnitude of these effects over the maximum range of campaign dates and the results appear 

to remain consistent with those found thus far. Treatment effects are largest amongst smaller 

households. For males, the largest significant treatment effect is for observations with 3 

younger sisters treated in a household of a total of 4 children (i.e. 3 total siblings). A male 

that resides in such a household is 9.32% more likely to complete 3 years of education when 

exposed to the MI campaigns 6.25 years earlier. For females, the largest significant treatment 

effect is found in the same household structure, although the effect is slightly larger at 

10.39%. It also serves to be mentioned that the magnitude of these treatment effects, which 

are all economically significant, are very close in magnitude across males and females at 

different sibling intervals, with those of females slightly surpassing those of males.  
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Table 6: Average Marginal Effects across Family Size and Gender Composition of Younger Siblings 
 

Notes: See Table 4

Column (1) (2) (3) (4) 

Dependent variable Yr 3 Yr 3 Yr 3 Yr 3 

Sample Boys 

10+ at interview 

Girls 

10+ at interview 

Boys 

10+ at interview 

Girls 

10+ at interview 

Total no. of siblings -9.853 -0.141 -6.458 -5.815 

 (7.442) (4.771) (7.657) (5.382) 

Total no. of siblings X Inverse campaign date -0.203 0.021 -0.123 -0.107 

 (0.174) (0.111) (0.178) (0.125) 

No. of younger brothers in MI age window -10.235 35.280**   

 (13.958) (15.548)   

No. of younger brothers in MI age window X Inverse campaign date -0.234 0.782**   

 (0.321) (0.349)   

Total no. of siblings X No. of younger brothers in MI age window 1.694 -6.527***   

 (1.759) (1.729)   

No. of younger brothers in MI age window X Inverse campaign date X Total 

no. of siblings 

0.038 -0.147***   

(0.041) (0.039)   

     

No. of younger sisters in MI age window   30.467** 35.324** 

   (12.856) (13.886) 

No. of younger sisters in MI age window X Inverse campaign date   0.707** 0.794** 

   (0.290) (0.312) 

Total no. of siblings X No. of younger sisters in MI age window   -2.983 -3.533** 

   (1.958) (1.794) 

No. of younger sisters in MI age window X Inverse campaign date X Total no. 

of siblings 

  -0.070 -0.080** 

  (0.045) (0.040) 

Observations 58,943 52,465 58,943 52,465 
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Table 7: Average Treatment Effects for younger brothers over the maximum range of 

Campaign Dates 
 

Gender of Older 

Sibling 

Number of younger 

brothers 

Total number of 

Siblings 

Average Treatment 

Effect 

Female 1 younger brother 1 sibling 3.97% 

Female 1 younger brother 2 siblings 3.05% 

Female 1 younger brother 3 siblings 2.13% 

Female 1 younger brother 4 siblings 1.21% 

Female 2 younger brothers 2 siblings 7.94% 

Female 2 younger brothers 3 siblings 4.26% 

Female 2 younger brothers 4 siblings 2.43% 

Female 3 younger brothers 3 siblings 6.39% 

Female 3 younger brothers 4 siblings 3.64% 

Notes: All values are generated using the estimates of regression 2 in Table 6. The number of younger brothers in this table 

refers to male children born to the head of the household who were born between the years 1997 and 2001 inclusive. Total 

siblings refers to the total number of siblings of an observation born to the same head of household. 
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Table 8: Average Treatment Effects for younger sisters over the maximum range of 

Campaign Dates 
 

Gender of Older 

Sibling 

Number of younger 

sisters 

Total number of 

Siblings 

Average Treatment 

Effect 

Male 1 younger sister 1 sibling 3.98% 

Male 1 younger sister 2 siblings 3.54% 

Male 1 younger sister 3 siblings 3.11% 

Male 1 younger sister 4 siblings 2.67% 

Male 2 younger sisters 2 siblings 7.96% 

Male 2 younger sisters 3 siblings 6.21% 

Male 2 younger sisters 4 siblings 5.34% 

Male 3 younger sisters 3 siblings 9.32% 

Male 3 younger sisters 4 siblings 8.01% 

Female 1 younger sister 1 sibling 4.46% 

Female 1 younger sister 2 siblings 3.96% 

Female 1 younger sister 3 siblings 3.46% 

Female 1 younger sister 4 siblings 2.96% 

Female 2 younger sisters 2 siblings 8.93% 

Female 2 younger sisters 3 siblings 6.93% 

Female 2 younger sisters 4 siblings 5.93% 

Female 3 younger sisters 3 siblings 10.39% 

Female 3 younger sisters 4 siblings 8.89% 

Notes: All values are generated using the estimates of regressions 3 and 4 in Table 6. The number of younger sisters in this 

table refers to female children born to the head of the household who were born between the years 1997 and 2001 inclusive. 

Total siblings refers to the total number of siblings of an observation born to the same head of household. 
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8.3. Treatment Effects across Schooling costs 

As mentioned in Section 4 of this paper, due to the binding budget constraint faced by 

households in developing nations, it is expected that larger treatment effects will be observed 

in settings where the marginal cost of sending a child to school is highest. The discussion on 

schooling in sub-Saharan Africa, found in Section 3 of this paper, outlined the major policy 

changes that have been implemented in many countries in the region, particularly the 

abolishment of primary school fees. In this section, I consider the treatment effect across 

early vs. late reforming countries, excluding the countries who haven’t abolished school fees 

(i.e. the never reforming ones). Table A4 in the Appendix outlines the years in which school 

fees were abolished in the sub-Saharan countries included in this analysis. In order to ensure 

there is no correlation between these dates and the campaign dates, a scatterplot was 

generated showing the relationship between the two dates in countries where school fees 

were abolished (refer to Figure A1 in the Appendix). There doesn’t appear to be a strong 

correlation between these two dates (𝜌 = 0.1582), and hence, at this stage there is little 

concern for bias results. School feel abolishing dates are likely to impact on the educational 

outcomes of children in sub-Saharan Africa and hence a strong positive correlation between 

school fee abolishing and MI campaign dates would induce a selection bias in the estimates 

as it may imply that early reforming countries may have been more politically stable and thus 

would have received the MI vaccination campaigns earlier than late reforming countries.  

Column 1 of Table 9 presents the results of the specification set out below: 

Pr(𝑆𝑖𝑐𝑏) = 𝐹(𝛽0 + 𝛽1𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑙𝑖𝑛𝑔𝑠𝑖𝑐𝑏

+ 𝛽2(𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑙𝑖𝑛𝑔𝑠𝑖𝑐𝑏 ∗ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐)

+ 𝛽3(𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑙𝑖𝑛𝑔𝑠𝑖𝑐𝑏 ∗ 𝐹𝑒𝑒𝐴𝑏𝑜𝑙𝑖𝑠ℎ𝑚𝑒𝑛𝑡𝐷𝑎𝑡𝑒𝑐)

+ 𝛽4(𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑙𝑖𝑛𝑔𝑠𝑖𝑐𝑏 ∗ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐

∗ 𝐹𝑒𝑒𝐴𝑏𝑜𝑙𝑖𝑠ℎ𝑚𝑒𝑛𝑡𝐷𝑎𝑡𝑒𝑐) + 𝐷𝑐 + 𝐷𝑏 + 𝐷𝑐 ∗ 𝑏 + 𝛽3𝑋𝑖𝑐𝑏 + 𝛽4𝑍𝑐𝑏 + 𝜀𝑖𝑐𝑏) 

(5) 

where 𝐹(𝑋) =  
𝑒𝑋

(1+𝑒𝑋)
. 

This regression was estimated only for countries that abolished school fees in order to 

compare the effect of the campaigns across early reforming and late reforming countries. The 

direction of the overall treatment effect is hard to determine from Column 1 as the sign of the 

average marginal effect of the interaction term between 𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑙𝑖𝑛𝑔𝑠𝑖𝑐𝑏 
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and 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐  is negative, while the sign of the triple interaction is positive8. 

In order to make more sense of these results, I take a linear combination of the double 

interaction and the triple interaction term at the 25th and 75th percentiles of fee abolishment 

dates, which are the years 1997 and 2005 respectively. This yields an overall treatment effect 

of -0.113% for early reforming countries and -0.101% for late reforming countries. 

Multiplying these effects by the maximum range of years between the earliest and the latest 

campaign (6.25 years) across 1-unit-young-sibling intervals yields the results presented in 

Table 10. Although modest, the treatment effect is negative in both types of countries and 

increasing in magnitude with the number of younger siblings.  

These results are puzzling as it is expected that the treatment effect would be positive in fee-

abolishing countries due to the reduced marginal cost of sending a child to school. In order to 

further investigate this, I generate a variable that represents the years of schooling that school 

fees would have been paid for each child in my main sample using the fee abolishing dates 

from Table A4. Observations from countries that did not abolish school fees received a value 

of 3 for this variable as school fees would have been required for their total 3 years of 

education. Observations from early-reforming countries such as Ethiopia, where school fees 

were abolished in 1994, received a value of 0 as fees were abolished before they commenced 

their schooling. I interact this variable with the interaction term between 

𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑙𝑖𝑛𝑔𝑠𝑖𝑐𝑏 and 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐  and run this specification over the entire 

sample, the results of which are found in Column 2 of Table 7. The results suggest that the 

treatment effect is negative and increasing in magnitude with years of paying school fees. 

These results however are imprecisely estimated. I then re-estimate the same specification 

using the sample of children from fee-abolishing countries only (see Column 3 of Table 9). 

The treatment effect remains negative in this case, and decreases in magnitude with years of 

paying school fees. However, like the results in Column 2, these average marginal effects are 

not statistically different from zero.  

These findings are inconsistent with the third empirical hypothesis outlined in Section 7 

which predicted that treatment effects will be more pronounced in settings where the explicit 

cost of sending an additional child to school is highest. These results are not redundant 

however as they shed light on the results presented in section 8.2 on the differing treatment 

                                                            
8 In Equation 5, 𝛽2 and 𝛽4 are the coefficients of interest. 𝛽1captures the educational impact of having younger siblings and 

𝛽3 captures the interaction between this term and the Fee-abolishing date. The educational impact of the Fee-abolishing date 

would be captured by the campaign region dummy variables.  
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effect across family size. It was found that females from smaller families benefit from having 

healthier younger siblings in terms of their educational attainment. It was unclear as to which 

causal mechanism had led to this result: the wealth effect or the household allocation of 

child-minding duties effect. Since I have constructed a test of whether the impacts vary with 

schooling costs and found that they do not, it is unlikely that the wealth effect is the main 

channel. The only other channel consistent with a positive treatment effect is the alleviation 

of child minding duties associated with having healthier younger siblings who no longer 

suffer from measles and other related illnesses. 

To further evaluate the impact of the campaigns across differing household types, I compare 

the treatment effect across rural and urban settings. Column 4 of Table 9 presents the average 

marginal effects of the following specification: 

Pr(𝑆𝑖𝑐𝑏) = 𝐹(𝛽0 + 𝛽1𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑙𝑖𝑛𝑔𝑠𝑖𝑐𝑏

+ 𝛽2(𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑙𝑖𝑛𝑔𝑠𝑖𝑐𝑏 ∗ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐)

+ 𝛽3𝑅𝑢𝑟𝑎𝑙 𝐷𝑢𝑚𝑚𝑦𝑖𝑐𝑏

+ 𝛽4(𝑅𝑢𝑟𝑎𝑙𝐷𝑢𝑚𝑚𝑦𝑖𝑐𝑏 ∗ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐)

+ 𝛽5(𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑙𝑖𝑛𝑔𝑠𝑖𝑐𝑏 ∗ 𝑅𝑢𝑟𝑎𝑙𝐷𝑢𝑚𝑚𝑦𝑖𝑐𝑏)

+ 𝛽6(𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑙𝑖𝑛𝑔𝑠𝑖𝑐𝑏 ∗ 𝑅𝑢𝑟𝑎𝑙𝐷𝑢𝑚𝑚𝑦𝑖𝑐𝑏

∗ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐) + 𝐷𝑐 + 𝐷𝑏 + 𝐷𝑐 ∗ 𝑏 + 𝛽3𝑋𝑖𝑐𝑏 + 𝛽4𝑍𝑐𝑏

+ 𝜀𝑖𝑐𝑏) 

(6) 

where 𝐹(𝑋) =  
𝑒𝑋

(1+𝑒𝑋)
 

In this particular specification, the average marginal effect of the double interaction term 

(between 𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑙𝑖𝑛𝑔𝑠𝑖𝑐𝑏 and 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐) represents the treatment effect 

for observations from urban settings. The treatment effect for children living in rural settings 

is the sum of this term and the average marginal effect of the triple interaction term9. In order 

to quantify this treatment in terms of the campaign dates, I multiply the effect by the 

maximum range of months between the earliest and latest campaigns (6.25 years). I present 

these results at 1-younger-sibling intervals in Table 11. While the treatment effect appears to 

be negative in each instance, it is only statistically significant for urban households. 

Furthermore, the effect increases with the number of younger siblings. The largest treatment 

effect is observed among children from urban households with 5 younger siblings vaccinated 

against measles. Such observations are almost 21% less likely to complete 3 years of 

                                                            
9 In Equation 6, 𝛽2 and 𝛽6 are the coefficients of interest. 𝛽1 captures the educational impact of having younger siblings, 𝛽3 

captures the impact of living in a rural setting and 𝛽4 nets out the impact of their interaction. 𝛽5 controls for the differential 

impact of the campaign date across rural settings.  
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education should they have been exposed to the campaigns 6.25 years earlier than another 

observation with the same characteristics. It can be concluded that there is no significant 

treatment effect for observations residing in rural settings.  

This finding is arguably consistent with the substitution effect. It was outlined in Section 4 of 

this paper that the treatment effect is expected to be largest in areas where the cost of 

schooling is high. The cost of schooling is to include the opportunity cost of sending a child 

to school. Children of different ages face different opportunity costs for education, with older 

children generally facing higher opportunity costs, some of which may include child minding 

duties for females. In the face of daughters’ time gains from less time devoted to the care for 

their sick younger siblings, it appears that urban households choose to have these daughters 

(as well as older sons) attend school at lower rates in response to the MI campaigns.  Urban 

households may treat health and schooling as being complimentary to one another, and hence 

choose to invest more in the schooling of these children’s younger vaccinated siblings.   
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Table 9: Average Marginal Effects across Schooling Costs 

 

Notes: See Table 6

Column (1) (2) (3) (4) 

Dependent variable Yr 3 Yr 3 Yr 3 Yr 3 

Sample 10+ at interview 

Fee-abolishers only 

10+ at interview 10+ at interview 

Fee-abolishers only 

10+ at interview 

No. of younger siblings in MI age window -88.352*** -7.554 -7.100 -29.540*** 

 (9.274) (15.931) (12.744) (11.108) 

No. of younger siblings in MI age window X Inverse campaign date -1.970*** -0.197 -0.185 -0.669*** 

 (0.208) (0.367) (0.293) (0.25) 

No. of younger siblings in MI age window X Year of fee abolishment 0.042***    

 (0.01064)    

No. of younger siblings in MI age window X Inverse campaign date X 

Year of fee abolishment 

0.001***    

(0.000)    

     

Years paying school fees  -34.910 -19.572  

  (41.873) (43.19)  

No. of younger siblings in MI age window X Years paying school fees  -0.774 8.660  

  (5.883) (10.435)  

Inverse campaign date X Years paying school fees  -0.819 -0.463  

  (0.98) (1.01)  

No. of younger siblings in MI age window X Inverse campaign date X 

Years paying school fees 

 -0.014 0.211  

 (0.135) (0.243)  

     

Rural dummy    -3.298 

    (41.968) 

Rural dummy X Inverse campaign date    0.428 

    (0.967) 

No. of younger siblings in MI age window X Rural dummy    25.520** 

    (10.294) 

No. of younger siblings in MI age window X Rural dummy X Inverse 

campaign date 

   0.556** 

   (0.231) 

Observations 61,214 111,408 57,825 111,408 



 

65 

 

Table 10: Average Treatment Effects across Early and Late-Reforming Countries over the 

Maximum range of Campaign Dates 
 

Type of Country Number of younger siblings Treatment Effect 

Early-Reforming 1 sibling -0.71% 

Early-Reforming 2 siblings -1.41% 

Early-Reforming 3 siblings -2.12% 

Early-Reforming 4 siblings -2.82% 

Early-Reforming 5 siblings -3.53% 

Late-Reforming 1 sibling -0.66% 

Late-Reforming 2 siblings -1.32% 

Late-Reforming 3 siblings -1.98% 

Late-Reforming 4 siblings -2.64% 

Late-Reforming 5 siblings -3.30% 

Notes: All values are generated using the estimates of regression 1 in Table 9. The number of younger siblings in this table 

refers to the children born to the head of the household who were born between the years 1997 and 2001 inclusive.  

 

Table 11: Average Treatment Effects across Urban and Rural Settings over the Maximum 

range of Campaign Dates 
 

Type of Residence Number of younger siblings Treatment Effect 

Urban 1 sibling -4.18% 

Urban 2 siblings -8.36% 

Urban 3 siblings -12.54% 

Urban 4 siblings -16.73% 

Urban 5 siblings -20.91% 

Rural 1 sibling -0.71% 

Rural 2 siblings -1.41% 

Rural 3 siblings -2.12% 

Rural 4 siblings -2.83% 

Rural 5 siblings -3.53% 

Notes: All values are generated using the estimates of regression 4 in Table 9. The treatment effects generated for 

observations residing in rural households are statistically insignificant. The number of younger siblings in this table refers to 

the children born to the head of the household who were born between the years 1997 and 2001 inclusive.  
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Section 9. Robustness Checks 

 

This section tests the sensitivity of the results presented in Section 8. I conduct five 

robustness checks across three of the specifications that were estimated in the Results section. 

The first specification is that outlined in Equation 1, which tests the mean treatment effect. 

The second specification is that presented by Equation 2, which tests the differing treatment 

effect across family size. I only estimate this relationship for females as this is where the 

results were significant in Section 8. Lastly, I test the specification outlined in Equation 6 

which estimated the treatment effect across rural and urban settings.  

 

9.1. Robustness Check 1: Sample Selection 

As was mentioned in the Data section of this thesis (see Section 5), the Demographic and 

Health surveys are broken down into recodes based on different units of analysis. The data 

used to generate the results in Section 8 was obtained from the Household Member recode, 

where the unit of analysis is the individual household member. The Birth recode contains 

information on the birth and death histories for every child born to each interviewed mother. I 

used this recode to merge in the birth dates of my observations as this information was not 

available in the Household Member recode. This information was crucial as my sample 

selection was based on birth year. I was only able to match two thirds of the observations in 

the Household member recode to their corresponding birth date in the Birth recode. The birth 

years of the remaining observations were obtained by subtracting the observation’s age at 

time of survey from the date of survey fielding.  

The first robustness check tests whether the treatment effect substantially differs across these 

two samples, i.e. the larger Household Member recode sample and the Birth recode sample 

(i.e. the observations who are reported in both the Household Member and Birth recodes). In 

Table 12, I estimate the three selected specifications separately for these two samples. The 

estimates provided in Columns 1, 3 and 5 have already been presented in the Results section. 

I reproduce them in this section to allow for a convenient comparison. The estimates 

provided in Columns 2, 4 and 6 are equivalent to those in 1, 3 and 5 respectively. 

The values in Column 2 provide the average marginal effects of the variables of interest in 

Equation 2. Comparing them to those in Column 1 suggests there is no significant difference 

between the estimates generated using these different samples. In both instances, the mean 

treatment effect (which is presented by the interaction between 𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏 
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and 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐) is statistically insignificant. The same can be said for the 

average marginal effect of the 𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏 variable. 

A comparison of the estimates provided in Columns 3 and 4 is also suggestive of a similar 

treatment effect across the two samples. The average marginal effect of the interaction 

between 𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏 and 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐 is statistically significant in both 

samples, although only at the 10% level in the Birth Recode sample. Moreover, the triple 

interaction term between 𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏, 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐 and 𝑇𝑜𝑡𝑎𝑙𝑆𝑖𝑏𝑠𝑖𝑐𝑏 is 

statistically significant at the 1% level in both samples. The magnitudes of these estimates are 

also alike, although slightly smaller in the Birth Recode sample.  

The treatment effect in urban households is statistically significant at the 1% level in both 

samples, as is the average marginal effect of the triple interaction term 

between 𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏, 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐 and the rural dummy. Although, the 

treatment effect appears to be larger in the Birth recode.  

Given the analysis of Table 12, it’s apparent that the results are robust to the choice of sample 

used as both samples yield comparable estimates and interpretations.  
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Table 12: Robustness Check 1 – Sample Selection 
 

Notes: This table provides the average marginal effects of the variables of interest. All figures are multiplied by 100 and reported to 3 decimal places. Standard errors are presented in 

parentheses. Standard errors are Huber-White adjusted standard errors, clustered at the campaing-region level. All regressions include birth year fixed effects, campaign region fixed effects, 

birth year trends, individual controls and WDI controls.  

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

Dependent Variable Yr 3 Yr 3 Yr 3 Yr 3 Yr 3 Yr 3 

Sample 10+ at interview 

HH recode 

10+ interview 

Birth recode 

Girls 

10+ at interview 

HH recode 

Girls 

10+ at interview 

Birth recode 

10+ at interview 

HH recode 

10+ interview 

Birth recode 

No. of younger siblings in MI age window -8.530 -8.721 28.514** 24.169* -29.540*** -36.699*** 

(7.481) (7.375) (12.744) (13.573) (11.108) (12.981) 

No. of younger siblings in MI age window X 

Inverse campaign date 

-0.211 -0.176 0.625** 0.590* -0.669*** -0.782*** 

(0.167) (0.168) (0.287) (0.314) (0.25) (0.298) 

Total no. of siblings   0.172 1.346   

  (5.979) (5.661)   

Total no. of siblings X No. of younger siblings in 

MI age window 

  -4.173*** -3.988***   

  (1.343) (1.273)   

Total no. of siblings X Inverse campaign date   0.035 0.049   

  (0.139) (0.131)   

No. of younger siblings in MI age window X 

Inverse campaign date X Total no. of siblings 

  -0.095*** -0.0923***   

  (0.030) (0.029)   

Rural Dummy     -3.298 -25.240 

     (41.968) (32.409) 

Rural dummy X Inverse campaign date     0.428 -0.108 

    (0.967) (1.012) 

No. of younger siblings in MI age window X Rural 

dummy 

    25.520** 34.229*** 

    (10.294) (11.373) 

No. of younger siblings in MI age window X Rural 

dummy X Inverse campaign date 

    0.556** 0.740*** 

    (0.231) (0.257) 

Observations 111,408 87,746 52,465 41,611 111,408 87,746 
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9.2. Robustness Check 2: Logistic vs. OLS Regression 

The second robustness check examines the sensitivity of the results to the method employed 

to obtain them. I conduct this check by re-estimating the three specifications outlined above 

using ordinary least squares (OLS). A paper by Ai and Norton (2003) has attracted a great 

deal of attention to the use and interpretation of interaction terms in non-linear models. The 

authors point out that interpreting the first derivative of the multiplicative term between two 

explanatory variables is an incorrect interpretation. They claim that the correct approach is to 

take a cross partial derivative of the expected value of the outcome variable with respect to 

each of the explanatory variables. In non-linear models, these two approaches are not 

equivalent and as such, Ai and Norton (2003) conclude that the magnitude of the interaction 

term is not equal to its marginal effect. It can be of opposite sign and its statistical 

significance cannot be verified using a standard t-test. In response to this study, Puhani 

(2008) has demonstrated that this point about cross differences is irrelevant when estimating 

a treatment effect in nonlinear ‘difference-in-differences’ models. The author claims that the 

coefficient of the treatment effect in a strictly monotonic transformation function, such as that 

used in a logit or probit model, provides the correct sign and statistical significance when 

estimating difference-in-differences. 

 

Due to this inconsistency in the literature, I investigate the validity of the logistic regression 

estimates by directly comparing them to the OLS estimates presented in Table 13. Columns 

2, 4 and 6 provide the OLS equivalent estimates of Columns 1, 3 and 5 respectively. As is 

evident, the sign and statistical significance of the variables of interest and treatment effects 

do not differ across the two methods. The OLS estimates suggest there is no significant 

treatment effect when considering the mean effects across the entire sample (see Column 2 of 

Table 13), and that there is a significant positive treatment effect for females which becomes 

less pronounced as the family size increases (see Column 4 of Table 13). The magnitudes of 

these effects are slightly larger than those produced by the logistic regression estimates. The 

only notable discrepancy is that between the logistic and OLS estimate of the triple 

interaction term between 𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏, 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐 and the rural dummy 

variable in Columns 5 and 6. The OLS results suggests that the treatment effect doesn’t 

significantly differ between rural and urban settings, which is inconsistent with the logistic 

results.  
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Table 13: Robustness Check 2 – Logistic vs. OLS Regression 
 

Notes: See Table 12. The R-squared is only reported for OLS regression estimates. 

 

 

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

Dependent Variable Yr 3 Yr 3 Yr 3 Yr 3 Yr 3 Yr 3 

Sample 10+ at 

interview 

10+ at interview Girls 

10+ at interview 

Girls 

10+ at interview 

10+ at interview 10+ at interview 

No. of younger siblings in MI age window -8.530 -9.159 28.514** 37.289** -29.540*** -29.418** 

 (7.481) (8.057) (12.744) (15.500) (11.108) (14.107) 

No. of younger siblings in MI age window X Inverse 

campaign date 

-0.211 -0.225 0.625** 0.819** -0.669*** -0.706** 

(0.167) (0.182) (0.287) (0.354) (0.25) (0.315) 

Total no. of siblings   0.172 0.851   

   (5.979) (6.791)   

Total no. of siblings X No. of younger siblings in MI age 

window 

  -4.173*** -5.611***   

  (1.343) (1.506)   

Total no. of siblings X Inverse campaign date   0.035 0.052   

   (0.139) (0.159)   

No. of younger siblings in MI age window X Inverse 

campaign date X Total no. of siblings 

  -0.095*** -0.126***   

  (0.030) (0.034)   

Rural Dummy     -3.298 -5.557 

     (41.968) (98.638) 

Rural dummy X Inverse campaign date     0.428 0.300 

     (0.967) (2.272) 

No. of younger siblings in MI age window X Rural 

dummy 

    25.520** 27.599 

    (10.294) (18.840) 

No. of younger siblings in MI age window X Rural 

dummy X Inverse campaign date 

    0.556** 0.654 

    (0.231) (0.426) 

Observations 111,408 111,408 52,465 52,465 111,408 111,408 

R-squared  0.240  0.276  0.241 
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9.3. Robustness Check 3: Completion of 2 and 4 years of Schooling 

Thus far, I have only considered the treatment effect on the completion of 3 years of 

schooling. This section tests the sensitivity of these results by comparing them to the 

treatment effects on 2 and 4 years of schooling. Observations from all regions were old 

enough to have completed 2 years of schooling and were thus included in those regressions 

(see Columns 2, 5 and 8 of Table 14). Children needed to be at least 11 years of age to have 

completed 4 years of schooling and hence observations from the Republic of Congo, Guinea, 

Benin, Mali, Niger, Namibia and Swaziland were excluded from those regressions as the 

respective DHSs were fielded earlier than 2007 (see Columns 3, 6 and 9).  

 

The mean treatment effect (see Columns 1, 2 and 3) is similar in magnitude for the 

completion of 2 and 3 years of schooling, although significantly smaller for 4 years of 

schooling. It’s also only significant for the completion of 2 years of schooling, albeit only at 

the 10% level. In terms of the treatment effect across family size in Columns 4, 5 and 6, the 

main treatment effect (i.e. the average marginal effect of the interaction 

between 𝑌𝑜𝑢𝑛𝑔𝑒𝑟𝑆𝑖𝑏𝑠𝑖𝑐𝑏 and 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝐷𝑎𝑡𝑒𝑐) is similar in terms of significance 

and magnitude for the completion of 2 and 3 years of schooling. The same can be said for the 

triple interaction term between the younger sibling, inverse campaign date and total sibling 

variable. There doesn’t appear to be a significant treatment effect on the completion of 4 

years of schooling as the average marginal effect of the main treatment interaction is not 

statistically different from zero. The results for urban and rural households are similarly 

consistent for the completion of 2 and 3 years of schooling, while the treatment effect for the 

completion of 4 years of schooling is once again imprecisely estimated.  

 

The main finding of this robustness check is that the treatment effect is never significant on 

the completion of 4 years of schooling. There could be a few reasons as to why this is 

observed, although the most likely cause is insufficient variation in the inverse campaign date 

variable. When estimating the completion of 4 years of schooling, 7 of the 26 countries 

originally included in the sample are excluded for age-eligibility purposes, eliminating over a 

quarter of the variation in campaign timing and making it more difficult for a treatment effect 

to be precisely identified.  
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Table 14: Robustness Check 3 – Completion of 2 and 4 years of Schooling 
 

Notes: See Table 12 

 

 Column (1) (2) (3) (4) (5) (6) (7) (8) (9) 

Dependent Variable Yr 3 Yr 2 Yr 4 Yr 3 Yr 2 Yr 4 Yr 3 Yr 2 Yr 4 

 Sample 10+ at 

interview 

9+ at 

interview 

11+at 

interview 

Girls 

10+ at 

interview 

Girls 

9+ at 

interview 

Girls 

11+at 

interview 

10+ at 

interview 

9+ at 

interview 

11+at 

interview 

No. of younger siblings in MI age window -8.530 -10.816* -1.972 28.514** 25.767** 23.787* -29.540*** -34.346*** -2.413 

(7.481) (6.408) (10.015) (12.744) (13.077) (13.689) (11.108) (9.510) (12.636) 

No. of younger siblings in MI age window X 

Inverse campaign date 

-0.211 -0.254* -0.0834 0.625** 0.569* 0.503 -0.669*** -0.772*** -0.085 

(0.167) (0.143) (0.226) (0.287) (0.295) (0.313) (0.25) (0.215) (0.285) 

Total no. of siblings    0.172 -2.189 3.946    

    (5.979) (5.351) (9.246)    

Total no. of siblings X No. of younger 

siblings in MI age window 

   -4.173*** -3.589*** -3.851**    

   (1.343) (1.070) (1.499)    

Total no. of siblings X Inverse campaign date    0.035 -0.026 0.138    

   (0.139) (0.123) (0.213)    

No. of younger siblings in MI age window X 

Inverse campaign date X Total no. of siblings 

   -0.095*** -0.081*** -0.089***    

   (0.030) (0.024) (0.034)    

Rural Dummy       -3.298 -8.041 -33.469* 

       (41.968) (32.032) (20.096) 

Rural dummy X Inverse campaign date       0.428 0.264 -0.418 

       (0.967) (0.778) (0.857) 

No. of younger siblings in MI age window X 

Rural dummy 

      25.520** 28.149*** 0.395 

      (10.294) (8.021) (9.084) 

No. of younger siblings in MI age window X 

Rural dummy X Inverse campaign date 

      0.556** 0.619*** -0.001 

      (0.231) (0.182) (0.200) 

Observations 111,408 118,262 86,105 52,465 55,799 40,445 111,408 118,262 86,105 
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9.4. Robustness Check 4: Exclusion of Countries with Precursors to the MI Campaigns 

A fourth robustness check sees the exclusion of four Southern African countries who had 

their first measles supplementary immunisation activities in the late 1990s (precursors to the 

MI campaigns), namely Lesotho, Malawi, Zambia and Zimbabwe. It could be that due to 

these precursor vaccinations, the treatment effect of the MI campaigns would be weaker in 

these regions and therefore their inclusion would underestimate the overall treatment effect 

that has been observed thus far. 

The estimates presented in Table 15 suggest that the treatment effect does not differ in terms 

of statistical significance or sign once these pre-MI vaccinating countries are removed. As 

was the case initially, the mean treatment effect remains statistically insignificant (see 

Column 2 of Table 15). In terms of family size, the main treatment effect is still positive and 

decreasing in family size (see Column 4 of Table 15). The treatment also effect remains 

negative and significant at the 1% level in urban settings and this effect significantly differs 

to that of rural settings (see Column 6 of Table 15). 

It can therefore be concluded that the results are strongly robust to the exclusion of the 

countries which implemented supplementary immunisation activities in the late 1990s. While 

the magnitude of the main treatment effects become slightly larger once they are removed, 

there are no notable differences in terms of sign and significance allowing for the same 

inferences to be made.   
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Table 15: Robustness Check 4 – Excluding countries with Precursor Vaccinations 

Notes: See Table 12. ‘LS’ stands for Lesotho, ‘MW’ stands for Malawi, ‘ZM’ stands for Zambia and ‘ZW’ stands for Zimbabwe.  

 

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

Dependent Variable Yr 3 Yr 3 Yr 3 Yr 3 Yr 3 Yr 3 

 Sample 10+ at 

interview 

10+ at interview 

Excl. LS, MW, 

ZM & ZW 

Girls 

10+ at interview 

Girls 

10+ at interview 

Excl. LS, MW, 

ZM & ZW 

10+ at interview 10+ at interview 

Excl. LS, MW, 

ZM & ZW 

No. of younger siblings in MI age window -8.530 -10.253 28.514** 28.577** -29.540*** -31.474*** 

 (7.481) (8.161) (12.744) (13.864) (11.108) (11.912) 

No. of younger siblings in MI age window X Inverse 

campaign date 

-0.211 -0.248 0.625** 0.630** -0.669*** -0.711*** 

(0.167) (0.183) (0.287) (0.312) (0.25) (0.268) 

Total no. of siblings   0.172 0.747   

   (5.979) (6.393)   

Total no. of siblings X No. of younger siblings in MI age 

window 

  -4.173*** -4.461***  

 

  

(1.343) (1.458)  

 Total no. of siblings X Inverse campaign date 

  

0.035 0.050  

  

  

(0.139) (0.149)   

No. of younger siblings in MI age window X Inverse 

campaign date X Total no. of siblings   

-0.095*** -0.101***   

  

(0.030) (0.033)  

 Rural Dummy 

    

-3.298 -2.081 

 

    

(41.968) (46.405) 

Rural dummy X Inverse campaign date 

    

0.428 0.484 

 

    

(0.967) (1.056) 

No. of younger siblings in MI age window X Rural dummy 

    

25.520** 25.957** 

    

(10.294) (11.075) 

No. of younger siblings in MI age window X Rural dummy 

X Inverse campaign date     

0.556** 0.565** 

    

(0.231) (0.248) 

Observations 111,408 95,614 52,465 45,119 111,408 95,614 
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9.5. Robustness Check 5: Exclusion of Countries with high Schooling Completion Rates 

In Table A6 I cross tabulate the completion of 3 years of schooling by country. This 

robustness check sees the exclusion of countries with completion rates above 85% from the 

analysis. These countries include Cameroon, Kenya, Lesotho, Malawi, Namibia, Rwanda, 

Sao Tome & Principe, Tanzania, Uganda and Zimbabwe. It could be the case that education 

levels in these countries are relatively high regardless of the impacts of the vaccination 

campaigns, and so I wish to observe whether their exclusion alters the results I’ve found thus 

far. 

The estimates in Table 16 suggest that the results are robust to the removal of these countries. 

The mean treatment effect is still insignificant (see Columns 1 and 2 of Table 16). The main 

treatment effect for girls is positive and decreasing in family size as was the case with the 

inclusion of these countries (see Columns 3 and 4 of Table 16). Lastly, the same inferences 

can be made about the treatment effect in urban and rural households with (see Columns 5 

and 6 of Table 16). While the signs and statistical significance of the average marginal effects 

remain the same in this robustness check, the magnitude of the effects are slightly more 

pronounced once the countries are excluded.  
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Table 16: Robustness Check 5 – Excluding countries with high school completion rates 
 

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

Dependent Variable Yr 3 Yr 3 Yr 3 Yr 3 Yr 3 Yr 3 

 Sample 10+ at interview 10+ at interview 

Excl. CM, KE, 

LS, MW, NM, 

RW, ST, TZ, 

UG, ZW  

Girls 

10+ at interview 

 

Girls 

10+ at interview 

Excl. CM, KE, 

LS, MW, NM, 

RW, ST, TZ, 

UG, ZW 

10+ at interview 10+ at interview 

Excl. CM, KE, 

LS, MW, NM, 

RW, ST, TZ, 

UG, ZW 

No. of younger siblings in MI age window -8.530 -11.493 28.514** 35.633** -29.540*** -38.129*** 

 (7.481) (9.627) (12.744) (17.058) (11.108) (13.390) 

No. of younger siblings in MI age window X 

Inverse campaign date 

-0.211 -0.281 0.625** 0.780** -0.669*** -0.861*** 

(0.167) (0.215) (0.287) (0.383) (0.25) (0.301) 

Total no. of siblings   0.172 1.365   

   (5.979) (7.541)   

Total no. of siblings X No. of younger siblings in 

MI age window 

  -4.173*** -5.478***   

  (1.343) (1.790)   

Total no. of siblings X Inverse campaign date   0.035 0.067   

   (0.139) (0.175)   

No. of younger siblings in MI age window X 

Inverse campaign date X Total no. of siblings 

  -0.095*** -0.124***   

  (0.030) (0.040)   

Rural Dummy     -3.298 -11.679 

     (41.968) (53.436) 

Rural dummy X Inverse campaign date     0.428 0.349 

     (0.967) (1.231) 

No. of younger siblings in MI age window X Rural 

dummy 

    25.520** 33.484*** 

    (10.294) (12.005) 

No. of younger siblings in MI age window X Rural 

dummy X Inverse campaign date 

    0.556** 0.728*** 

    (0.231) (0.269) 

Observations 111,408 78,052 52,465 36,755 111,408 78,052 

Notes: See Table 12. ‘CM’ stands for Cameroon, ‘KE’ stands for Kenya, ‘LS’ stands for Lesotho, ‘MW’ stands for Malawi, ‘NM’ stands for Namibia, ‘RW’ stands for Rwanda, ‘ST’ stands for 

Sao Tome & Principe, ‘TZ’ stands for Tanzania, ‘UG’ stands for Uganda and ‘ZW’ stands for Zimbabwe. 
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Section 10. Implications 

 

The main finding of this thesis is that the decreased morbidity of children in the household 

provides positive externalities in the form of better educational outcomes for older female 

siblings. I have attempted to explain the causal mechanism which links a child’s health to her 

older sibling’s education, however it is also important to discuss the implications of such a 

relationship. It is known that households in developing countries underinvest in child 

education due to binding financial constraints. Therefore, in terms of policy implications, any 

health reform programs that improve the education levels of children are to be heavily 

supported by policy makers in low-income settings. This could involve subsidising treatment 

or even paying households to ensure their children are vaccinated against communicable 

diseases. Miguel and Kremer (2004) provide a similar suggestion to policy makers after their 

study on a school-based mass treatment program with deworming drugs saw the increase in 

school attendance rates of not only treated students, but untreated students in treatment 

schools and untreated students in non-treatment schools. 

It is also important to consider the longer term implications of these results for females who 

benefit from the vaccination of their younger siblings. In a study conducted on the short-term 

impacts of a schooling conditional cash transfer program, Baird et al (2010) find that an 

increase in the school enrolment and attendance of females in Malawi, one of the sub-

Saharan countries included in this study, is complemented by a decrease in their sexual 

behaviour. More specifically, the program resulted in significant declines in early marriage, 

teenage pregnancy and sexual activity after just one year of implementation. The authors 

argue that given the close link between sexual activity and HIV infection in the region, 

considering more than just the impacts that such programs have on schooling outcomes is 

exceptionally important. Education has proven to be a very powerful tool in changing the 

sexual behaviour of young women and girls and preventing the spread of HIV (Jukes, 

Simmons, and Bundy 2008). Given that the positive treatment effects found in this study 

were mainly among females, the results provide even more of an incentive for policy makers 

to invest heavily in programs which target the health and education of children. 

Finally, the results of this thesis also have implications for the literature on the educational 

effects of vaccination programs, and for programs that target the health of children in 

developing nations more generally. Most of these studies consider the impacts of health 

reform program by focusing on the educational impacts they have on treated children only. 
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Failing to consider the spillover effects of improved health on both a schooling and 

household level leads to a devaluation and underestimation of the total benefits generated by 

such programs. Miguel and Kremer (2004) find that health programs can provide positive 

externalities on a schooling level, where the mechanism is lower disease transmission. The 

results of this study on the other hand suggest that health treatment programs can provide 

positive externalities through an additional channel, which is through the redistribution of a 

household’s resources toward untargeted children. 
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Section 11. Conclusion 

 

This paper assesses the impacts of the MI catch-up campaigns on intrahousehold resource 

allocation in sub-Saharan Africa to determine whether the health benefits generated by 

programs that target certain children stick to those children or are redistributed to other 

family members. I answer this question in the context of the household’s investment into the 

schooling of older siblings whose health was not dramatically impacted by the MI campaigns.  

 

Using household survey data from the Measure DHS project, I find that the improved health 

of younger siblings within the household improves the educational outcomes of older siblings 

who are female. This effect is more pronounced among females from smaller households. 

This finding is consistent with a priori expectations, as it is usually female older children 

who are expected to stay at home and care for their younger siblings when they are struck by 

illness. Consequently, the decreased morbidity of younger children would imply that their 

older female siblings may allocate more time to schooling. The gender composition of the 

younger siblings does not change the treatment effect for female observations. Although, I do 

find that male observations benefit from having younger sisters treated by the MI vaccination 

campaigns. There is no significant treatment effect for male observations who have younger 

brothers treated by the campaigns.  

 

I also find that the monetary cost of schooling poses little influence on this intrahousehold 

resource allocation and that children from urban households are less likely to benefit from 

having healthier younger siblings. These results suggest that the monetary cost of schooling is 

not the main barrier prohibiting female children from attending school. Rather it is their home 

duties that place a time constraint on their school-related activities.  

 

The findings of this thesis have important policy implications as the education of female 

children in sub-Saharan Africa remains an issue of concern. If ensuring that all children are 

immunised against communicable diseases such as the measles increases the educational 

attainment of females, policy makers should support and push for mass national vaccination 

campaigns such as the Measles Initiative. The implications of this thesis also suggest that 

researchers who fail to consider the spillover effects of such health reform programs risk 

severely underestimating the total benefits they generate.   
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A possible extension to this thesis would be to assess if and how these positive shocks to 

child health and survival rates have impacted on the household’s fertility decision. More 

specifically, the research would consider whether increases in child mortality and 

improvements in child quality lead to a decline in the total number of births in households 

from developing countries. 

An additional extension would be to compare the treatment effects found in this thesis across 

different cultural groups, such as those that are polygynous and matrilineal. It is likely that 

households in which the head has multiple spouses would redistribute household resources 

differently to monogamous households. Similarly, when the head of the household is female, 

the treatment effects may differ to those found in households with a male head.  

A final extension would be to consider the educational impacts of the campaigns using 

different measures of younger sibling exposure. This thesis has assumed that all children born 

in the relevant age window are similarly exposed to the campaigns. However, exposure may 

differ based on the younger sibling’s age at the time of vaccination. For instance, a child who 

is vaccinated at 9 months may experience larger health benefits than a child vaccinated at 60 

months. 
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Appendix 

 

Table A1: Countries’ abbreviations 
 

Country Abbreviation 

Burkina Faso BF 

Benin BJ 

Burundi BU 

DR Congo CD 

Congo  CG 

Cameroon CM 

Ethiopia ET 

Ghana  GH 

Guinea GN 

Kenya KE 

Lesotho  LS 

Madagascar MD 

Mali ML 

Malawi  MW 

Nigeria NG 

Niger NI 

Namibia NM 

Rwanda RW 

Sierra Leone  SL 

Senegal SN 

Sao Tome and Principe ST 

Swaziland SZ 

Tanzania  TZ 

Uganda UG 

Zambia ZM 

Zimbabwe  ZW 
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Table A2: National Census Dates before DHS fielding 
 

Country Census Date 

Burkina Faso 2006 

Benin 2002 

Burundi 1990 

DR Congo No Census 

Congo  No Census 

Cameroon 2005 

Ethiopia 2007 

Ghana  2000 

Guinea 1996 

Kenya 2009 

Lesotho  2006 

Madagascar 1993 

Mali 1998 

Malawi  2008 

Nigeria 2006 

Niger No Census 

Namibia 2001 

Rwanda 2002 

Sierra Leone  2004 

Senegal 2002 

Sao Tome and Principe No Census 

Swaziland No Census 

Tanzania  2002 

Uganda 2002 

Zambia 2000 

Zimbabwe  2002 
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Table A3: DHS Sampling Quality regression 
 

Dependent Variable Difference between Census Date and DHS fielding Date 

    

Campaign Date 0.033 

 

(0.069) 

Constant -23.778 

 

(35.554) 

  Observations 105,493 

R-squared 0.0133 
Notes: Robust standard errors in brackets. Standard errors are Huber-White adjusted standard errors, clustered at the 

campaing-region level. ***, ** and * represent significance at the 1%, 5% and 10% level respectively. Countries without a 

national census conducted were not included in this regression. 
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Table A4: School Fee Abolishing Dates 
 

Country School Fee Abolishing Date 

Burkina Faso School Fees still present 

Benin 2006/2007 

Burundi 2005 

DR Congo School Fees still present 

Congo  2007 

Cameroon 2000/2001 

Ethiopia 1994 

Ghana  2005/2006 

Guinea School Fees still present 

Kenya 2003 

Lesotho  2000 

Madagascar School Fees still present 

Mali School Fees still present 

Malawi  1994 

Nigeria School Fees still present 

Niger School Fees still present 

Namibia School Fees still present 

Rwanda 2003 

Sierra Leone  2001 

Senegal School Fees still present 

Sao Tome and Principe School Fees still present 

Swaziland School Fees still present 

Tanzania  2001 

Uganda 1997 

Zambia 2002 

Zimbabwe  School Fees still present 

Source: Harding & Stasavage (2012) 
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Figure A1: Campaign date vs. Fee Abolishment date 
 

 
Notes: Refer to Table A1 for the full country names corresponding to the abbreviations in this scatterplot. 
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Table A5: Completion rates of 3 years of schooling 
 

Country Completion rates 

Burkina Faso 52.18% 

Benin 62.94% 

Burundi 81.21% 

Democratic Republic of Congo 61.34% 

Republic of Congo 62.29% 

Cameroon 89.90% 

Ethiopia 70.57% 

Ghana 82.35% 

Guinea 25.76% 

Kenya 88.78% 

Lesotho 92.77% 

Madagascar 69.78% 

Mali 36.36% 

Malawi 89.35% 

Nigeria 71.23% 

Niger 35.25% 

Namibia 86.47% 

Rwanda 86.97% 

Sierra Leone 71.36% 

Senegal 60.69% 

Sao Tome & Principe 94.22% 

Swaziland 79.81% 

Tanzania 91.62% 

Uganda 89.86% 

Zambia 74.29% 

Zimbabwe 98.06% 

 

 


