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1. Infroduction

One central question in development economics is aid effectiveness. This study adds to
this field by studying the impact of health aid projects on infant mortality at a subnational
level in Malawi. Our research question is, whether infant mortality has decreased in the
presence of aid, where the null hypothesis is no effect of aid. Geocoded aid data and
Demographic Health Survey data enable us to test this hypothesis by estimating the
effect on district level, as well as local level. We use a panel model, difference in
difference estimation, an instrumental variable approach and matching to estimate the
effect of health aid projects on infant mortality. While control variables show the
expected impact, we cannot reject the null hypothesis of no effect of health aid on
infant mortality.

Effectiveness and allocation of aid have generated a large literature on cross-country
level, such as Burnside and Dollar (2000), who ask whether aid had a positive impact on
growth of developing countries. Subnational studies on the impact of aid are, however,
rare (De, Becker 2015). New data on subnational level gives the opportunity to address
these questions anew and reduce problems with cross-country studies. The focus of most
cross-country studies lies on the impact of aid on economic growth, while the impact of
aid on other outcomes than economic progress, such as health, is less researched. This is
problematic for a number of reasons, some of which are summarized by Bourguignon
and Sundberg (2007). In short, they find that not all aid projects are directly aimed at
economic outcomes and that they will not affect growth immediately. Furthermore
different donors might follow different agendas and it is statistically complicated to
isolate the effect of aid on growth. Conflict and different levels of quality in the
management of aid complicate the measurement of effects on cross-country level even
further (Bourguignon, Sundberg 2007). De and Becker (2015) add that small, very
effective projects might show no effect, because their effects are lost in noise when
aggregate measures are used. They also point to the fact that GDP itself is often badly
measured in aid-receiving countries.

All this calls for an analysis with more precision on subnational level. Geocoded aid
data, i. e. data with GPS information on the location of projects, enable us to analyze the

local effect of aid. The most extensive geocoded dataset on aid is available for Malawi,



where eight percent of aid funds since 2002 are covered, which is why we chose this
country. Malawi is among the least developed countries. In 2013 its GDP per capita was
$780 and the Human Development Index ranks it on place 175. The population of 16.7
million people struggles with malnutrition, and famines are a recurring phenomenon. A
high proportion of the population sustains itself from subsistence agriculture, and
urbanization is low. The World Bank estimates the poverty rate for 2010 at 50.7 % (The
World Bank 2015).

The aid data is furthermore categorized by sector. We can therefore look at aid
directed at improving the health sector, which should allow for more precision than
considering all aid. In order to measure the effectiveness of aid, we choose infant
mortality as health outcome, because it is an indicator for the status of the overall health
of a country (Greenstone, Hanna 2011). Reducing it is one of the Millennium
development goals, not only because it is in itself a goal for any developed society, but
also because its reduction leads to a more productive economy. Geocoded birth
records available in the Demographic Health Survey (DHS) data from 2010 enable us to
analyze the effect of health aid on the health outcome infant mortality, which is defined
as the probability of infant death under the age of one year.

On district level, we calculate the number of health aid projects and disbursement
and commitment of health aid per capita to estimate its impact on infant mortality. On
individual level, we compute a variable of health aid presence. With this variable we
regard all projects that should have a local impact and check for each observed birth,
whether such projects are present within a ten- or twenty-kilometer radius. We then use
several identification strategies to assess the impact of health aid presence on infant
mortality. This specificity should circumvent the issue that a large share of aid is not
directly targeted at GDP growth. Exploiting district and local variation should also
decrease omitted variable bias in cross-country studies, by controlling for factors such as
institutional differences (De, Becker 2015). Also the statistical problem of endogenous aid
allocation might not be as prevalent within one country, or it might show different
patterns than allocation according to need. Exact geographical information might give
way to new instruments for aid allocation, if for example geographic accessibility plays a
large role. Furthermore, aid effectiveness in each country is most likely different, which

makes estimates specifically for Malawi interesting (Mishra, Newhouse 2007). Considering
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the goal of poverty alleviation, it is important to know to which extend aid can explain
the progress made in improving health outcomes.

Summing up, this study is motivated by a number of reasons. The effect of health aid
projects on infant mortality is interesting in itself as well as an overall indicator for the effect
of health aid on the quality of health care in Malawi. The subnational level of this study is,
furthermore, one step towards addressing the problems with cross-country studies in the
assessment of the effectiveness of aid. Finally, geographic information should shed more
light on the allocation of aid within Malawi.

In the following section we summarize the literature of the relevant research on aid
effectiveness and infant mortality. We then motivate our empirical strategies and
proceed with presenting our methods and results. Finally we discuss our results and

conclude.

2. Literature Review

In this section we first give an overview over the effectiveness debate, to which we
contribute. We then proceed with presenting studies on aid allocation, which are related
to the identification problem in this work and then summarize studies on mortality and

infant mortality to lay a foundation for the models we estimate.

2.1. Aid Effectiveness

Studies on the effectiveness of aid on an aggregate level focus on the impact on growth
and remain controversial. While there is a trend for increased aid and policy makers do
assume its effectiveness, research remains short of robust evidence on a macro level
(Frot, Perrotta 2012). According to Frot and Perrotta (2012) as well as Bazzi and Clemens
(2013) a major problem in estimating the effect of aid is selection bias: Aid is presumably
allocated where it is needed the most. Instrumental strategies, which are used to
overcome this problem, vary widely and lead to volatile results. Many of these strategies
have been criticized and found to be invalid (Rajan, Subramanian 2008). The mixed
evidence of studies finding positive effects, such as Burnside and Dollar (2000), and

studies finding none, as Rajan and Subramanian (2008), leads to diverging



interpretations. Easterly (2007) discusses arguments on why aid has failed to achieve
higher growth, while others such as Collier (2006) argue that growth would have been
much worse in the absence of aid. Bourguignon and Sundberg (2007) make the point
that few observable effects are not surprising, once one considers aid in more detail.
They argue that the heterogeneity of donors, incentives for policymakers and desired
outcomes, might mean that purely economic improvement is hard to measure as an
effect of aid. Considering that much aid is lost due to conflict and instability and that
many projects might be poorly conceived and managed, together with statistical
problems, they conclude that little or no visible effects on cross-country level come to no
surprise.

On micro level the literature draws a different picture. In randomized conftrol trials it
has been shown, that different interventions can very well be effective. Examples of
successful intferventions aimed at health outcomes include Kremer and Miguel (2004)
and Baird et al. (2011), who show that cheap deworming freatments in elementary
schools have positive effects on school attendance and long-term labor supply. Similarly,
Schultz (2004) evaluates the Mexican PROGRESA program, which entails conditional
payments to women in eligible families. He also finds positive effects on school
aftendance, health, nutrition and a reduction in the severity of poverty. Another example
is Svensson and Bjérkman (2009), who find community-based monitoring effective in
increasing the quality of health care. Other studies look at infant mortality as a health
outcome, in order to focus on other measures than GDP. To our knowledge, Boone (1996)
is the first to look at infant mortality as an outcome of aid. He uses OECD data on Official
Development Assistance from 1971 to 1990 and develops a model in which the
government sector can decide whether to transfer aid flows or to use them to improve
macroeconomic outcomes and HDI measures, such as infant mortality. He does not find
significant effects of aid flows on either of these. Masud and Yontcheva (2005) follow to
some extend Boone (1996). They focus on aid by NGOs as opposed to bilateral aid and
use cross-country data from 1990 to 2001 that includes, apart from NGO aid and bilateral
aid, several aggregate control variables which impact infant mortality, such as female
literacy and urbanization. They find positive significant results and a larger effect of NGO
aid than of bilateral aid. However, they also admit that their study suffers from several

limitations — the endogeneity problem of aid allocation is not solved and their data on
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NGO aid only includes aid co-financed by the European Commission. Mishra and
Newhouse (2007) also look at the effect of health aid on infant mortality. They use a cross-
country approach on data from 1970-2004 and several aggregate measures as controls.
They find significant, but very small effects of health aid on infant mortality. They do not
try to circumvent the problem of allocation and state that the estimated effects would
likely be downwards biased, in case allocation is endogenous.

To our knowledge, De and Becker (2015) is the only study to date, which also attempts
to assess aid effectiveness at a sub-national level and also addresses health aid with
respect to health outcomes. Moreover the authors use the same geocoded dataset on
Malawi together with a World Bank survey on living standards. They apply an instrumental
variable approach and propensity score matching and find that health aid decreases
disease severity, education aid increases school attendance and that water aid reduces

diarrhea symptoms.

2.2. Allocation of Aid

Alesina and Dollar (2000) find that other factors than need impact where donations are
allocated. By using a cross-country study and several indicators, they conclude that
political considerations, differences in policies such as democratization, economic
performance and colonial history between donors and recipients matterin the allocation
of aid. Furthermore the allocation varies widely by donor. The Nordics for example are
found to give more to countries with better institutions, while France is found to give most
to countries with colonial ties. Lumsdaine (1993) presents evidence on donor spending
and argues that humanitarian concerns are the main driver of foreign aid. Furthermore
the fact that aid distribution across and within countries is insufficiently coordinated has
drawn criticism (Rogerson, Steensen 2009). In this context the terms “aid darlings” and
“aid orphans” are used to describe countries that receive too much or too little attention
as recipients of aid. In case these patterns can be identified on a subnational level, this
additional factor in the allocation of aid might provide an identification strategy for our
setting, given that factors leading to the allocation, other than need, could be identified.

Due “to a lack of geocoded data almost no research on the allocation of aid on a

sub-national level has been done. De and Becker (2015) also analyze geocoded aid



data from Malawi and explain per capita expenditure of aid with data on living
standards and regional variables. Using data on living standards implies that need is
driving the allocation of aid, whereas using regional factors rests on the assumption that
aid is also allocated with respect to feasibility, or what is known as “administrative
convenience”. Administrative convenience denotes factors such as good infrastructure
and institutions, which facilitate aid projects and make it less costly to bring aid into place.
To some extent these two factors work against each other, because relatively more
developed areas also make it easier to implement aid projects. De and Becker (2015)
estimate effects on per capita aid expenditure in three sectors: education, health and
water. They find that aid allocation is non-random and that the three different sectors
are strongly correlated with each other. The regions and living standard variables show
different effects for the three sectors. According to their results, health aid is more
allocated to areas with higher expenditure and more exposure to schooling, indicating

an allocation to relatively more developed areas.

2.3. General Determinants of Mortality

Cutler et al. (2006) give an overview of research on the determinants of mortality in
general, while they treat mortality in developing countries separately. The first result is that
income increases life span and decreases child and infant mortality at all stages of
development. Pritchett and Summers (1996) argue that income is the most important
driver of health and all other factors will follow its development. Banister and Preston
(1981) analyze improvements in China from the 1930s to the 1975 and suggest that a gain
in life expectancy is likely caused by the combined effects of changes inincome, literacy
and the supply of calories. According to them one channel through which these factors
have an impact on infant and child mortality is the improvement of health delivery, while
calorie intake has a direct effect. Fogel (1997) analyzes declines in mortality since the
early stages of the industrial revolution in Europe, with respect to a higher calorie intake.
He finds that chronic malnutrition, and not famines, was a main driver of mortality.
According to this study the reduction of chronic malnutrition led to vast declines in

mortality in England and France from the 17th century onwards. However, interactions



between public health development, higher productivity and incomes and calorie
intake remain uncovered by this study.

Cutler et al. (2006) also point out that income facilitates the provision of public health
infrastructure, i.e. sanitation and water. They also discuss one counter-argument, which
follows from the observation of Cuba, where good public health measures increased
health largely, while improvements in income were small at best.

Cutler et al. (2006) also take a closer look at the determinants of mortality in poor
countries today and find that a much larger proportion of deaths is found among
children living in those countries than in developed ones. Most of these deaths are
caused by infectious diseases. They also observe that the vast improvements in India,
China and Africa are attributable to an improvement in decreasing disease vectors, like
anopheles mosquitoes and the immunization of children. Some diseases, which are
leading causes of death, such as diarrheal disease and respiratory infections, are
cheaply treatable. This makes health delivery and its quality key factors in decreasing
infant mortality. The authors also note, that health status and health delivery vary greatly
within countries. Socio-economic status determines much of the quality of care and,

hence, income, race, education etc. should also be regarded in this respect.

2.4. Infant Mortality and Established Determinants
Infant and child mortality have been researched in many developing countries and
several impacts on mortality rates are well established. One overview of variables which
are available in DHS data and explain infant mortality is given in Mustafa and Odimegwu
(2008). They group these into three categories, i. e. socio-economic, biological and
demographic. They analyze DHS data from Kenya for 2003 and fit a logistic regression
with the aim to rank the determinants of infant mortality. The most important determinant
identified by their approach is breast feeding status followed by ethnicity, then fertility
and the gender of the child. Lastly, maternal education and occupation also show
significance.

More recently, environmental damage and its impact on health has also been
addressed by Greenstone and Hanna (2011) where infant mortality is seen as an indicator

for the overall state of the health care system. This also relates to the many deaths caused



by cheaply treatable diseases in the developing world (Cutler, Deaton & Lleras-Muney
2006). Any determinant of health delivery will impact this measure, because health
delivery is pivotal for the prevention of these deaths. Likewise, one can conclude that aid
directed at improving the health sector should show improvements in infant mortality.

Another study using DHS data and infant mortality as a dependent variable is the one
by Demombynes and Trommlerovd (2012). They use data from 2003 and 2008 on Kenya,
where infant and child mortality declined at the most rapid pace in Sub-Saharan Africa
during this fime period — at around 7-8 % per year. They estimate effects of the most
commonly assumed determinants of child mortality, as well as the impact of living in
different malaria risk zones across the country and the interaction of ownership of
insecticide-treated bed nets (ITNs) and these risk zone factors. These are estimated with
linear probability regressions. They then compare the effects found in 2003 and 2008 with
a decomposition and find that ITNs have strong explanatory power, accounting for 58 %
of the change, while most other factors — such as overall economic improvement, access
to medication against the tfransmission of HIV from mothers to children, increased
immunization — have no significant effect. A small effect can be found for improved
sanitation. However, they admit that their method does not identify causal effects, but is
more comparable to a measure of R-squared.

One factor reducing child and infant mortality is sanitation. In particular, Spears (2012)
uses DHS data to examine the effect of India's Total Sanitation Campaign. He uses three
different identification strategies: A panel with time and district fixed effects, difference
in differences with parallel trend assumption on district level and a discontinuity
approach stemming from discontinuous rewards for villages under the TSC. All three
estimates find significant effects of latrines per capita on infant mortality on district level.

Summing up, infant mortality can be seen as a general measure for the status of health
(Greenstone, Hanna 2011) and is accordingly impacted by most factors that impact
public health, especially health delivery. Particularly important determinants found in the
literature are income (Cutler, Deaton & Lleras-Muney 2006), sanitation (Spears 2012),
maternal education and disease vectors (Mustafa, Odimegwu 2008), nutrition (Fogel
1997), as well as biological factors (Mustafa, Odimegwu 2008). It should also be
mentioned that maternal education can be seen as an indicator of her overall

socioeconomic status (Cutler, Deaton & Lleras-Muney 2006). At least some determinants,
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such as ethnicity and gender, depend to some degree on the specific country. This poses
a difficulty in finding good controls for Malawi and makes the analysis of the most recent

DHS data on Malawi relevant.

3. Data

In order to investigate the effect of health aid projects on infant mortality, we use a birth
record of children born 2002 to 2008 from the demographic and health survey (DHS) in
Malawi conducted in 2010, together with geocoded activity-level data from the
government of Malawi's Aid Management Platform from AidData. One should note that
the DHS datais only a sample of the population, whereas we have the whole population
of aid projects. As the DHS 2010 on Malawi is sampled to be representative on district
level it provides enough statistical power at our level of analysis. This section explains the
geocoded aid data, followed by the DHS and the Malaria endimicity data. For clarity,
more detailed descriptions of the data are presented in their respective context in the

methods and result section.

3.1. Geocoded Aid Data

The dataset used is geocoded activity-level data from the government of Malawi's Aid
Management Platform (Peratsakis et al. 2012). The data is made accessible by AidDataq,
a partnership between the College of Wiliam & Mary, Development Gateway and
Brigham Young University, with the purpose to frack development funding. In total, the
dataset covers 548 projects, at 2,523 locations and from thirty donor organizations. The
projects in the dataset represent a total commitment of $5.3 billion. In comparison, the
GDP of Malawi was $3.7 billion in 2013 (The World Bank 2015). The projects account for
approximately eighty percent of the total external assistance reported to Malawi over
the preriod 2000-2011.

This dataset is the first collection of sub-national geocoded locations of aid projects
for any country. Projects in other countries have been geocoded after Malawi, but they

do not cover such large shares of total external assistance or do not cover as many years.



Malawi, together with this dataset, is therefore very suitable for investigating the
effectiveness of aid on a subnational level.

The geocoding is based on project documents gathered from donor offices in Malawi.
The coding was performed using the AidData coding rules, see Strandow et al. (2011).
This implies that the precision of the locations reported ranges from point locations,
through two administrative regions (regions and districts in Malawi), to country level. In
more detail, eight precision categories are assigned to the coordinates, so one can
choose the level of precision needed for one’s study. In this study, we are examining aid
projects on districts in Malawi, using precision categories one to three, and on local level,
using only exact point locations, i. e. using only precision category one.

The projects are divided into sixteen different sectors. The largest sectors are
agriculture, education, health, integrated rural development and roads, public works
and transportation. In this thesis we will look at the effect of projects in the health sector,
as projects with a focus on health delivery can be assumed to be of particular
importance for the effect on infant mortality. After examining the health projects we find
that they, in general, have a focus on relatively broad health delivery improvements like
basic health care, family planning and prevention of HIV. We, therefore, use all health
aid projects and do not exclude any, as it seems plausible that they all should have an
effect on overall health, of which infant mortality is an indicator.

Most projects in the dataset have information on year of agreement signed and year
of planned completion. The range of agreement signed is from 1996 to 2015 and the
range of planned completion is from 2002 to 2016. We use only projects that are signed
before 2008, as we only have data on infant mortality till 2008. Some projects lack either
year of agreement, year of planned completion or both. If the year of agreement is
missing, we set it to the year of planned completion. If both dates are missing, the project
is dropped.

There is also data on the cumulative commitment and disbursement in US Dollars for
each project location. These numbers are only reported for whole projects, which often
have multiple locations, and not separately for each location. We, therefore, divide total
cumulative commitment and disbursement by the number of locations for each project.
This approach assumes that commitment and disbursement are equally distributed

between project locations. This is a relatively strong assumption, but it allows us to
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calculate an alternative measure of aid presence on district level. Cumulative
commitment and disbursement for a given project differs in many cases, but aggregated

to district level cumulative commitment and disbursement do not differ much.

3.2. DHS Data

To get data on births and infant survival for the studied time period, we use the latest
standard Demographic and Health Survey (DHS) for Malawi. The survey was conducted
in 2010 and carried out from June to November. Standard demographic and health
surveys are national surveys conducted by the DHS Program funded by the United States
Agency for International Development (USAID). The goalis to provide data for evaluation
indicators in areas of population, health and nutrition in developing countries. The data
was downloaded from the DHS Program website after obtaining permission (National
Statistical Office (NSO) and ICF Macro 2015).

For sampling of the survey a two-stage cluster sampling procedure were used. At the
first stage, on basis of enumeration areas taken from the 2008 Malawi Population and
Housing Census, a predetermined number of clusters, which ensures representativeness
at district level, were randomly selected. The probability of each enumeration area to be
a selected cluster was proportional to its size. At the second stage, all households in a
selected enumeration area were listed and selected for the questionnaire with equal
probability. This procedure ensures representativeness of the sample for the population
at district level. Less populated districts were oversampled, in order to take info account
their smaller population. Urban areas were also oversampled, as most inhabitants in
Malawi live in rural areas. In total, 849 clusters were selected from the census for the
survey, 158 in urban areas and 691 in rural areas. This process provides the most detailed
data about health indicators in Malawi available.

From the clusters, 27,307 households were selected in a systematic way. All selected
households were visited. Eligible women (age span 15-49) were interviewed in all
households and eligible men (age span 15-54) were interviewed in one third of the
households. 25,311 of the selected households were occupied and 24,825 were
successfully interviewed, giving a response rate of 98 %. In total 23,020 women (97 %

response rate) and 7,175 men (92 % response rate) were interviewed. In order to generate
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data on fertility, all women were asked how many children they have given birth to during
their life. For each child the women were asked about sex, date of birth, survival status
and age at death for dead children. There is, therefore, a risk that the data on fertility
might include errors as it is relying on the memory of the children’s mothers. From the birth
history it is then possible to get information on birth order, maternal age at birth, maternal
age at first birth, year between births and multiple births.

The clusters in the survey are geo-referenced, giving us the location of the households.
The coordinates are accurate to approximately fifteen to twenty meters, but to protect
the integrity of the respondents the coordinates are randomly displaced. Urban clusters
contain a minimum of zero and a maximum of two kilometers error. Rural clusters contain
a minimum of zero and a maximum of five kilometers positional error, with a further one
percent of the rural clusters displaced a minimum of zero and a maximum of ten
kilometers. The clusters are, however, not displaced outside their respective districts. 23
clusters are not geocoded correctly as they have longitude and latitude equal to zero
and, thus, these clusters are deleted.

In total, there are 72,301 observed births in the dataset born between 1973 and 2010.
70,659 remain after the incorrectly geocoded clusters are removed. Since there only is
mostly data on aid presence from 2002 and onwards, all births before 2002 are dropped.
All births after 2008 are also dropped, as children who have not lived a full year have not
been fully exposed to mortality. There are then 27,071 births left in the sample. The
location of households in the survey is the current location, a fact that may imply that it
may not be the same location as where the children in the households were born. There
is, however, information indicating whether a household has moved and all births
observed before or in the same year as the one when the household moved are
dropped, in order to ensure that all births are in the location stated in the survey. For the
same reason, we also drop births by mothers classified as visitors.

We have then 21,784 observed births left to analyze. The births are relatively evenly
distributed between the cohorts with the lowest number in 2002 with 2,371 births and the
highest number in 2008 with 3,543 births, see the observed births column table A.l in
appendix A. The distribution of the observed births is also relatively even between the

districts, with an average of 806 births per district, see table A.ll in appendix A.



3.3. Malaria Endemicity

Infectious diseases and particularly Malaria is a leading cause of death in Malawi, while
malaria risk shows considerable variation in the country. We use data for Malaria
endemicity as predicted mean parasite prevalence, mean PfPR, for children between
two to ten years old in 2010, published by the Malaria Atlas Project (Gething et al. 2011).
Because the estimates are for 2010, these risk rates are less precise for births before 2010.
This risk measure is estimated via a Bayesian geospatial model based on Plasmodium
Falciparum parasite rates (Gething et al. 2011) and published in a worldwide surface
map. We follow Mustafa and Odimegwu (2008) and divide these risk rates intfo a

categorical variable with low, high and very high malaria risk.

4. Empirical Strategies

In this section we give a motivation and an overview over the estimation strategies in this
work. The main challenge with the estimation of the impacts of aid is non-random
allocation. We attempt to solve this on district and local level.

On district level we analyze this question with two different models, using all aid
projects coded on district level and lower. First, we aggregate the data to generate a
panel over districts and years and apply fixed effects. This model yields unbiased
estimates, if the tfreatment is assigned randomly, conditional on time and district fixed
effects. Most of the factors that determine aid allocation could be considered to be time-
invariant during our short fime period of analysis. Examples of such factors are
administrative convenience and geographical accessibility. Then the differences that
lead to more or less aid presence are fixed and set in the beginning of the time period,
this assumption does hold and a fixed effects estimator is unbiased. Second, instead of
aggregating the observations, we use them as a repeated cross-section. We can then
use a difference in difference approach, where the treatment happens on time and
district level. The difference in difference estimator is unbiased, as long as the differences
between treated and unifreated are only in the inifial levels of the outcome variable and
the parallel trend assumption holds. In case the decision rule for the allocation of aid is
only affected by time-invariant factors and the initial level of infant mortality, this first

condition holds. Furthermore, the parallel frend assumption in this setting is, that infant
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mortality is assumed to change along the same frend in areas with and without aid
projects. As the districts in Malawi are relative homogeneous, this assumption seems
plausible.

We also analyze the impact of aid presence on local level, by looking at the number
of health projects in proximity of observed births using only projects with exact point
locations. The reason for doing this is that districts are relatively large areas and district
level analysis might mask small-area patterns. We then also try to overcome the problem
of reverse-causality, as explained below.

It is not clear in which way the outcomes targeted by aid, such as infant mortality,
atftract aid transfers. On a subnational level, aid might be allocated because of need.
Other factors, such as administrative convenience and geographical accessibility, might
also play an important role in the allocation process. In algebraic form, this reads as
follows:

Yist =Vs T A +fraidise +6 " Xige +eise,
Where y is the targeted outcome, X are confrols and aid is the measure of aid presence.
The indices are t for time, i for the individual and s is an index for the areas in which aid
is allocated or not.

In case aid allocation is determined by variables Z, but also outcome y, the following
relationship also has to be considered.

aidise =Vs+ A+ 0 Zige + P Yise + Uise
In this case reverse-causality is present and direct estimation of the first relationship leads
to biased estimates.

One identification strategy to solve the problem with reverse-causality is
instrumentation. The hope is to find geographic information, which could be used as an
instrument. This insfrument has to fulfill the assumptions of exclusion and relevance. That
is, it has to be correlated with aid presence, while the outcome infant mortality is not
directly impacted, but only via the allocation of aid. As most projects are located to
district capitals and the degree of urbanization does not affect mortality rates, we use it
as an instrument.

Matching estimators are also intuitive to use in this setting. The allocation of health aid
projects can be seen as non-random allocation of a treatment. Matching methods have

been developed, in order to estimate causal effects from observational data with non-
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randomized treatment. They can be used, if available variables fulfill the assumptions of
conditional independence of treatment status on the covariates and common support.
We discuss these assumptions in more detail in the matching section. Intuitively,
individuals that live in areas with aid presence can be matched to similar individuals in
areas without the presence of health aid projects, in order to estimate the effect of health
aid presence.

In the following methods and result section we explain the estimation strategies more

detail and present the results for the models.

5.  Methods and Results

This section first explains how the aid presence variable, the main independent variable
of inferest in this work, is constructed. The methods and results are then presented for the
levels of analysis, i. €. on district and local level. For clarity, more detailed descriptions of

the relevant data for each model are also presented under their respective section.

5.1.  Aid Presence Variable

The main independent variable of interest in the following models is the aid presence
variable. It is a measure of the number of active health projects in the area. The exact
area depends on the model and is explained for each model in their respective section.
This paragraph explains how the data from AidData is used to create this variable.

The first difficulty is that there is only information on the year of agreement signed and
year of planned completion for each project. We do not know exactly when, after the
agreement is signed, a project actually is in place and can be considered to be effective
and have effect on infant mortality. We therefore use time-lags from zero to four years to
allow for these different plausible time periods. More specifically, we calculate the
number of projects in the area for each individual, signed before the year the individual
was born (no lag). For one year time-lag we assume that it takes one more year for a
project to become effective and only count projects signed at the latest two years
before the birth. This calculation is repeated with lags up to four years. This means that

the number of active projects declines when the number of lag increases. Once a
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project is counted as effective, it remains so for the remaining years. For the variable with
a lag of two years, for example, a project signed in 2002 will be considered active for alll

years from 2005.

5.2. District Level

In this section we analyze the effect of aid presence on infant mortality on district level
using all aid projects on district level and lower. The representativeness of the DHS on
district level make it feasible to analyze the question on this level. It is done with two
different models, an aggregated model and an individual model. The content of this
section is as follows: first a summary of the data on district level is provided, followed by
an examination of mortality rates in the districts. Finally, the two models are explained

and their results presented.

5.2.1. Summary of Aid Presence Data
This section summarizes the aid presence data on district level. Malawi has 28 districts,
but Likoma, a small group of islands in Lake Malawi, and Nkhata Bay districts are grouped
together to one district, in order to fit with the DHS dataset. This give us a total of 27
districts. The districts are also divided into three larger regions: Southern, Central and
Northern. For each district, we aggregate the three following variables for each year: the
number of projects at district level or lower, cumulative commitment and disbursement.
The districts vary a lot in population and size, so the cumulative commitment and
disbursement are divided by the population of each district to get per capita values. The
population is taken from the Malawi’'s National Statistics Office population and housing
census for 2008 (Malawi National Statistical Office 2008). The population figures for 2008
are used for all years, as no yearly population figures are available for the districts. The
aggregated values for 2002-2008 are shown in table A.ll and figures A.l to Alll in appendix
A.

There are in total 158 project locations on districts level for health projects signed
before 2008. Approximately half of the locations are in the southern region. The number
of projects per district varies a lot: Llongwe, Mzimba and Zomba have all more than ten

projects, while Neno has only one project. Total commitment is $109 million and total
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disbursement is $111 million, in all of Malawi, for the chosen projects. Approximately 70 %
of the aid funding goes to the southern region, with the other two regions sharing the
remaining aid relatively equally.

Average commitment is $8.4 and disbursement $8.5 per capita for the whole country.
On a regional level the central region receives the least aid per capita, i. e. $3.5. The
southern and northern regions receive more per capita than the average of Malawi, with
the northern region receiving the highest figure, with approximately $13 per capita. The
pattern is the same on district level. Per capita aid is highest in the southern and northern
districts. It is lowest in districts in the central region and some districts in the southern
region. The figures are, however, more diverse on district level, with Phlombe and
Chiradzulu in the south receiving by far most aid funding, i. e. over $30 per capita, and
Neno, Dowa, Mchinji receiving less than $2 per capita. Lilongwe, the national capital
district, should also be mentioned, as its relatively high total number of projects does not
translate to high commitment and disbursement per capita due to the large population
in the district.

5.2.2. Mortality Rates

The mortality rates per district and year can be calculated by using a cohort life table
approach, where the number of deaths at age twelve months or below for infants born
during a year is divided by the number of total infants born that year. This is repeated for
all districts and for all yearly cohorts. This procedure gives an estimate of the frue
probabilities of death and not only rates. The reason is that deaths of the whole cohort
of one year are captured, as opposed to dividing the number of deaths in one year by
births in one year. All children in the sample have been fully exposed to mortality. The
probabilities are then multiplied by 1,000 to get the number of deaths per 1,000 children
born. The average infant mortality rate for all children in the dataset for 2002-2008 is 72.6
deaths per 1,000 children born. The mortality rates for the different cohorts show a
generally decreasing trend with the highest mortality for children born in 2002 and the
lowest for children born in 2007, see table A.lin appendix A. The mortality perregion varies
a lot, indicating that it is interesting to look at our research question on a district level. At

district level the mortality is lowest in the far north and in a couple of districts in the central
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region. Infant mortality is in these districts less than 60 deaths per 1000 children born. The
mortality is highest in the southern region. Phalombe, in the south, has the highest
mortality rate with 92.6 deaths per 1000 children born, see table Al and map A.lV in
appendix A.

The fact that infant mortality is highest in the south and lowest in the far north indicates
that infant mortality is not a perfect determinant of health aid allocation, as aid funding
per capita is highest in the northern region.

Table 1 shows the correlations between the aggregated variables of infant mortality,
total number of projects, commitment and disbursement per capita on district level. The

correlations are positive and range from 0.07 and 0.21.

Table 1 Correlation on district level between aid and infant mortality

Total number of aid projects  0.208
Commitment per capita 0.189
Disbursement per capita 0.072

5.2.3. Aggregated District Model

In this model we use the aggregated mortality and aid presence data at district level to
create a panel for the districts in Malawi from 2002-2008. Panel data has many
advantages, since it gives more observations and there are therefore more variability
and more degrees of freedom in the regressions. We use a fixed effect OLS model, as the
districts vary a lot in size, population and location etc. Each district has its own time-
invariant intercept, which accounts for the heterogeneity between the districts. The
advantage with the fixed effect model is that it controls for time-invariant confounding
factors and, therefore, removes omitted variable bias that is fixed over time, and that we
could not control for otherwise. A problem is that it is not possible to include time-invariant
regressors, as the individual intercepts absorb all the heterogeneity. Infant mortality shows
a decreasing frend over time, so the model is therefore extended with time fixed effects
to allow the intercept to change over time as well. The general assumption of the fixed
effect model is that treatment is randomly assigned, conditional on the observed

covariates, time, and fixed effects (Wooldridge 2012).
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In the aggregated model the observed births in the DHS data are aggregated to
mortality rates for each district and year for 2002 to 2008, giving us a panel with 27
observations over seven years, i. €. in total 189 observations. The mortality rate is used as
the dependent variable. As the independent variable of interest we use aid presence in
the form of the number of active health projects in the district. We also apply two
alternative specifications with commitment and disbursement per capita for active
health projects respectively as the independent variable of interest.

Unfortunately, there is very little data on time-varying variables on district level in the
DHS, as most data is only collected once at the time of the survey. It is therefore not
possible to use controls in this model.

The estimated equation is:

mortalitys, = Vs + A¢ + faid, + eg,
Where aid is either the number of projects, commitment per capita or disbursement per
capita in the district, depending on the specification. The indices are s for districts and t

for time.

5.2.4. Results of the Aggregated District Model
The model is estimated for each of the three specifications of aid presence and for the
no-year lag to four-year lag. The time fixed effects are all significant and the district fixed
effects are jointly significant, indicating that a two-way fixed effect model is suitable. A
regression for all estimates with the number of projects specification and no lag is
presented in table B.l in appendix B. The estimated coefficients for the three
specifications of aid presence and different lags are presented in table 2. As the
estimated coefficients for the controls and the district and yearly fixed effects do not vary
much between different specifications and lags, they are not presented for each lag
and specification.

As the dependent variable is infant mortality in deaths per thousand children, the
estimated coefficients for the specification with the number of projects can be
interpreted, as the change in infant mortality when the number of aid projects in the

district is increased by one. For the specification with commitment or disbursement per



capita, the interpretation is the change in infant mortality for one more dollar in aid
funding.

For the specification with the number of projects, all estimated coefficients are
positive. The estimates are significant for no lag, one-year lag and three-year lag. For
commitment and disbursement per capita the estimated coefficients for the no lag to
two-year lag are negative and the rest are positive. The estimate of disbursement per
capita for the two-year lag is the only significant estimate for the two aid funding
specifications. The difference between the coefficients for commitment and

disbursement is very small.

Table 2 Aggregated district model

Number of Commitment per Disbursement per
Aid presence specification projects capita capita
Aid presence, no lag 4.276** -0.221 -0.166
(1.643) (0.350) (0.293)
Aid presence, one-year lag 3.602* -0.258 -0.360
(2.035) (0.358) (0.242)
Aid presence, two-year lag 2.559 -0.421 -0.479*
(2.553) (0.387) (0.284)
Aid presence, three-year lag 5.452* 0.284 0.361
(3.234) (0.546) (0.654)
Aid presence, four-year lag 5.111 0.0674 0.0242
(4.631) (0.553) (0.643)

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

5.2.5. Individual District Model

In the previous model all information is aggregated to district levels meaning, that all
available individual information is lost, making it impossible to control for covariates at
individual level. We cannot build a panel model with individuals, as that would require
repeated observations of births, which we obviously do not have. Instead we have a
repeated cross-section of births, which enables us to use a difference in difference

approach, where it is sufficient that the freatment happens at time and on district level.
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The treatment variable is the aid presence variable with differing treatment intensity over
time and between districts.

This model assumes that the average change in infant mortality would have been the
same for groups without freatment. For this assumption to hold it is, necessary that
tfreatment is as good as randomly assigned given, controls and the time and district-
specific effects, and that the parallel trend assumption is not violated. That is the trends
in mortality rates between the districts should be the same in the absence of freatment.
If a district is treated, it will induce a deviation from this trend. Also the level difference
between districts should be captured by the district fixed effects (Angrist, Pischke 2008).

As the dependent variable is infant death, coded as zero if the infant survived ifs first
year and as one if the infant died, the model is a linear probability model. The aid
presence variable is on district level and its values are taken from the aggregate model.

The estimated equation is:

death;s, =yvs+ A+ B -aidse +6-Xisr t €5t
Where aid presence is either the number of projects, commitment per capita or
disbursement per capita in the district depending, on the specification and a vector of
controls, X. The indices are i for individuals, s for districts and t for time.

The reason for adding controls is that unobserved factors might be correlated with aid
presence and have an effect on infant mortality. In this case, the estimated coefficients
of aid presence are biased. In order to account for this, we add control variables to the
model. Since we are now using individual data, there are many possible controls
available in the DHS data. As explained in the literature review, determinants of infant
mortality are a mix of socio-economic, biological and demographical factors. One
should note that the information is from the date the survey was carried out and not the
date of birth. The wealth index is generated from the survey and it is determined by
scoring households based on a set of characteristics, including access to electricity and
ownership of various consumer goods. The households are then ranked and divided info
quintiles. The following part explains which control variables are used and how they
should affect infant mortality.

Socio-economic variables such as education, marriage status and maternal
occupation, as well as household wealth are used as controls. Higher maternal

education and more household wealth are supposed to decrease infant mortality,
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whereas the effect of occupation and marriage status is more ambiguous. Demographic
variables such as religion and ethnicity may also be important, but their effect is also not
very clear prior estimation. Maternal age at birth is necessary to include, as older females
in general have more complications at childbirth and young females are often less
experienced and in a more vulnerable position. The gender of the child is also controlled
for, as females are more likely to survive as infants, which can vary between countries.
Infectious diseases like HIV and malaria decrease the probability of survival for an infant.
Controls for HIV-positive mother and malaria endemicity in the area are therefore added.
The malaria risk factor is inferacted with access to insecticide-treated bed nets to
capture the effect of this preventive intervention. Ferfility factors like birth order and birth
interval are also an important determinant of mortality, as short birth intervals decrease
the likelihood of survival. If the birth interval is not too short, higher order births should have
a positive effect on incidence. Multiple births are often unexpected and mean a higher
encumberment for the supporting household, increasing infant mortality. Another
important determinant is the length of breast feeding, but unfortunately there are very
few responses for this variable in the DHS dataset, so we choose to not include it to avoid
reducing the sample size. Another important area that affects infant mortality is sanitary
conditions, but these cannot be controlled for, as there is no suitable variable with
enough observations.

When the model is estimated with all the controls described above some estimates
are not significant. They are therefore dropped, as including them increase the variance
of the estimated coefficients and since excluding the insignificant controls does not
create any omitted variable bias. In the model presented below we include maternal
education, maternal age at birth, sex of child, birth order, multiple births and HIV-positive
mother. The HIV variable has missing values for some individuals and the sample is
therefore restricted to 17,484 observations. Summary statistics of the control variables are

provided in table Al in appendix A.

5.2.6. Results of the Individual District Model
The model is estimated for each of the three specifications of aid presence and for no

lag to four-year lag. The standard errors are clustered on district level, as standard OLS
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estimates are invalid under district level correlation. A regression with all estimated
coefficients with the no lag in the aid presence variable and the number of projects
specification is shown in table B.Il in appendix B.

The dependent variable in the model is infant death as a binary variable, therefore
the interpretation of the estimated coefficients is different compared to the aggregated
district model. The estimated coefficients are interpreted as the change in probability of
death when the variable is changed by one unit.

The signs of the control variables are in general as expected, indicating that our model
is in line with previous research. Children whose mothers are between 20-35 years are
significantly more likely to survive. Short birth interval, multiple births and a HIV-positive
mother are all factors that significantly increase infant mortality. Female children are also
more likely to survive their first year compared to males. One finding that is a bit surprising
is that children to mothers with primary education are worse-off compared to children
with mothers with no education. We cannot explain this, but one should, however, note
that the estimate for secondary and higher education is largely negative even if it is not
significant.

The estimated coefficients for the three specifications of aid presence and different
lags are presented in table 3. As the estimated coefficients for the controls and the district
and yearly fixed effects do not vary much between different specifications and lags, they

are not presented for each lag and specification.

Table 3 Individual district model

Number of Commitment per Disbursement per
Aid presence specification projects capita capita
Aid presence, no lag 0.00285 -0.000221 -0.000131
(0.00196) (0.000162) (0.000122)
Aid presence, one-year lag 0.00228 -0.000196 -0.000308
(0.00246) (0.000460) (0.000283)
Aid presence, two-year lag 0.00128 -0.000384*** -0.000409***
(0.00325) (0.00013¢) (0.000127)
Aid presence, three-year lag 0.00270 0.000146 0.000180
(0.00259) (0.000143) (0.000203)
Aid presence, four-year lag 0.00461* 0.000233 0.000189
(0.00230) (0.000190) (0.000371)

Robust standard errors in parentheses
** p<0.01, ** p<0.05, * p<0.1

23



For the specification with the number of projects in the district, all estimated
coefficients are positive and the estimate for the four-year lag is significant. For
commitment and disbursement per capita the estimated coefficients are negative for
no lag to two-year lag and positive for the rest. They are significant for the two-year lag.
However, because the signs are not conclusive and the estimates do not draw a
consistent picture, we believe that these effects are not robust. In case the model would
yield conclusive results, one should also investigate the parallel trend assumption, which
we do not deem meaningful under these circumstances.

The result of the two different district models is similar, indicating that the model choice
is not that important. The result is, however, inconclusive as most estimates in the models
are insignificant and the sign of the estimates differs between the specification with the

number of projects per district and aid funding per capita.

5.3. Local Level

The result of the analysis on district level is inconclusive. One reason for this could be that
the unit of analysis, i. e. districts, is relatively large area-wise. The analysis on district level
might mask small-area patterns, as most aid projects do not have district-wide coverage.
We, therefore, look at the number of health projects in proximity of a birth on local level
using only projects with exact point locations. The main objective of the AidData
geocoding is to record locations, where aid is actually committed or distributed. One
can, therefore, argue that projects with exact point locations are active in theirlocations,
i. e. have an effect on the health of the individuals in their proximity. If only the project
administration and some functionalities are based in the location, but the actual
coverage is larger it should be coded on district level instead.

For a project to be considered in proximity, we define that it must be within a certain
radius of a birth. We choose the radiuses to be ten and twenty kilometers long, as we
think they give a reasonable maximum distance for the individuals living in the area to
have access to and be affected by the projects. The radius cannot be chosen much
smaller than ten kilometers, as that would imply that very few births are observed close
to projects and that the random displacement factor would have a very large effect. A

larger radius than approximately twenty kilometers should not be chosen either, as the
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areas then get close to districts in size, and it is then better to do the analysis on district
level. One should note that the clustering of the data together with the random
displacement of the coordinates aggravate the analysis at local level, as the precise
location of each household is not known. We can only calculate the distance between
the cluster of the household and aid project locations. The problem is larger in rural areas,
as the rural clusters are larger area-wise and the size of the displacement is generally
larger. One would preferably like to have precise point locations of the households as
well. This is, however, the data that is available and it should not pose too large problems,
as the general idea of the local level approach is to get an indication of health aid
presence in the area or community of the household and not analyzing exact distances.

This section confinues as follows: first, we describe the projects with exact point
locations and the number of infants born in proximity of these projects in more detail.
Later, we explain how the model is set up and present its results. Finally, we discuss two
approaches to improve upon this model: an instrumental variable approach and

matching.

5.3.1. Projects with Exact Point Locations

There are 84 project locations with exact point locations for health projects signed until
2008, compared to 158 project locations on district level or lower. Of these 84 locations:
72 are located in 25 of the 27 district capitals and nine in four other cities. Only three
projects are located outside the cities, all in the Phalombe district. In total, projects with
exact locations are located in 32 geographical areas. These areas and their
corresponding radiuses are shown in figures A.V and A.VI in appendix A.

In order to generate the aid presence variable with the number of projects in proximity,
the geographical distances between the clusters in the DHS Malawi 2010 and all health
aid projects are calculated. One should remember that the random displacement of the
coordinates in the DHS implies that the maximum theoretical distance to a project is
larger than the chosen radius.

2,964 births (13.6 %) are within a ten-kilometer radius of at least one health project,
using the assumption of no lag. With a radius of twenty kilometers the number increases

to 7,130 births. The share of children born close to projects does, however, change a lot
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peryear. Itislowestin 2002 at three percent of the cohort and increasing to above twenty
percent from 2006 for a ten-kilometer radius. The number of observed births is close to at

least one project for all years, lags and radiuses are presented in table 4.

Table 4 The number of observed births close to at least one project for all years, lags and
radiuses.

Ten-kilometer radius:

Year No lag One-yearlag Two-yearlag Three-yearlag Four-yearlag
2002 75 7 - - -
2003 180 113 15 - -
2004 196 196 112 13 -
2005 382 173 173 97 11
2006 674 375 186 186 93
2007 693 693 429 198 198
2008 764 764 764 459 227
Total 2,964 2,321 1,679 953 529

Twenty-kilometer radius:

Year Nolag One-yearlag Two-yearlag Three-yearlag Four-yearlag
2002 177 60 - - -
2003 436 258 78 - -
2004 446 446 247 72 -
2005 995 404 404 223 78
2006 1,605 967 402 402 197
2007 1,669 1,669 1,067 442 442
2008 1,802 1,794 1,794 1,143 496
Total 7.130 5,598 3,992 2,282 1,213

As many projects are located in areas with more than one project, some observed
births are in proximity of more than one project, especially in the later years. Of the 2,964
observed births within a ten-kilometer radius of at least one project, 1,438 are born close
to more than one project if no lag is used, see table 5 for the distribution of the number

of projects in proximity for both radiuses.
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Table 5 Linear specification of aid presence

Number of projects Ten-kilometer radius Twenty-kilometer radius

0 18,820 14,654
1 1,526 2,537
2 829 2,293
3 260 1,133
4 63 412
5 134 142
6 93 188
7 37 103
8 22 207
9 - 115

5.3.2. Local Model
The model is a linear probability model with infant death as the dependent variable,
coded as zero if the infant survived its first year and as one if the infant died. The
independent variable of interest is aid presence, as the total number of aid projects in
proximity in the year before the observed birth. The specification of the model is very
similar to the individual district model explained previously. The dependent variable infant
death, fixed effects for years and districts and the conftrol variables are the same. The
difference is the variable of interest. Instead of using aid presence at district level, aid
presence in the proximity of the individuals is used. Dummy variables for years and districts
are also added to control for yearly and district specific effects. The estimated equation
is:

deathjs; =ys+ A+ P -aidjs¢ +8 - Xjgr + et
Where aid is either the number of projects, commitment per capita or disbursement per
capita in the district depending on the specification and a vector of controls, X. The
indices are i for individuals, s for districts and t for time.

One could guestion the linear specification of the relationship between the number
of aid projects and the effect on infant mortality used above, implying that for example
two projects have twice the impact on infant mortality than one project. To get another
measure of aid presence, the number of projects in proximity variable is fransformed to
a binary variable, coded as one if there is at least one project with exact point location

in proximity the before the observed birth and zero otherwise, i. e. it just considers if there
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is a project or more in proximity and do not take into account the magnitude of the
number of projects. The specification is called binary whereas the first specification is
called linear.

The drawback of looking at projects on local level with exact point locations is that
projects coded on district level are ignored. As they probably have an effect on infant
mortality and the number of excluded projects coded on district level varies between
districts, one should try to account for this in the aid presence variable. In order to do this
we add the number of projects that are coded on district level with the linear aid
presence variable, i. e. precise point locations in proximity and projects coded at the
district level are assumed to have the same effect on infant mortality for the individual

child. This specification is called “linear and district”.

5.3.3. Results of the Local Model

A regression with all estimated coefficients with the no lag and the number of projects,
as aid presence specification is shown in table Bl in appendix B. The estimated
coefficients for the three specifications of aid presence, different lags and ten- and
twenty-kilometer radiuses are presented in table 6. As the estimated coefficients for the
conftrols and the district and yearly fixed effects do not vary much between different
specifications and lags they are not presented for each lag and specification.

The estimated coefficients are interpreted as the change in probability of death when
the aid presence variable is changed by one unit.

The estimated coefficients for the ten-kilometer radius are positive. The estimates for
no lag and one year lag are significant for the linear and “linear and district”
specification. The linear specification estimates have a larger magnitude compared to
“linear district”. No estimates are significant for the binary specification, but it has the
largest variation in the estimated coefficients.

The result for the twenty-kilometer radius is a bit different. A majority of the estimated
coefficients are negative and closer to zero, compared with the results for the ten-
kilometer radius. All estimates for the linear specifications are negative, but only the
estimate for the two-year lag is significant. The binary specification have both negative

and positive estimated coefficients, no estimates are significant.

28



We also tried using a non-linear relationship of aid presence, by adding the square of
the total number of projects together with the linear variable. It did not change the
general result much compared to the linear specification and is, therefore, not
presented.

In summary the result is inconclusive, as the ten- and twenty-kilometer radiuses have

different signs of the estimated coefficients and few are significant.

Table 6 Local model, years 2002-2008

Ten-kilometer radius:

Specification Linear Binary “Linear and district”
Aid presence, no lag 0.00529**  0.00489 0.00502**
(0.00265) (0.00640) (0.00221)
Aid presence, one-yearlag 0.00760** 0.00970 0.00478*
(0.00341) (0.00719) (0.00289)
Aid presence, two-year lag 0.006392  0.00967 0.00366
(0.00410) (0.00835) (0.00386)
Aid presence, three-year lag 0.00850 0.0105 0.00565
(0.00776) (0.0115) (0.00639)
Aid presence, four-yearlag  0.00529 0.00375 0.00415
(0.0118) (0.0150) (0.00943)

Twenty-kilometer radius:

Specification Linear Binary “Linear and district”
Aid presence, no lag -0.00123 0.000108 -0.000374
(0.00148) (0.00501) (0.00134)
Aid presence, one-yearlag -0.000920 0.00191 -0.00114
(0.00178) (0.00550) (0.00163)
Aid presence, two-yearlag  -0.00365* -0.00443 -0.00399**
(0.00209) (0.00612) (0.00202)
Aid presence, three-year lag -0.00257 -0.000953 -0.00195
(0.00426) (0.00770) (0.00367)
Aid presence, four-yearlag -0.000493 0.00607 -0.000158
(0.00572) (0.0102) (0.00527)

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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5.3.4. Local Model Restricted to 2008

The birth records stem from questionnaires answered by the mothers. One could argue
that the birth records, therefore, suffer from measurement error as the mothers do not
remember exact dates of birth and death. One other issue is that mothers who have
passed away are not recorded. To reduce both possible errors we run the model for
observed births in 2008 only. It is the closest year to the survey date, and it should contain
the least errors due to both reasons. The control variables are also more relevant in time
as they are gathered at the time of the survey. The estimated coefficients of aid presence
are presented in table 7. Note that when we only use data for one year, the specification
forlinear and “linear and district” is the same, as the district dummies captures the effect

of the projects coded on district level.

Table 7 Local model restricted to year 2008

Radius 10-km 20-km
Specification Linear Binary |Linear Binary
Aid presence, no lag 0.00466 0.00780 | -0.00396 -0.00556

(0.00388) (0.0127) | (0.00250) (0.0101)
Aid presence, one-yearlag  0.00634 0.00780 |-0.00524* -0.00482
(0.00503) (0.0127) | (0.00304) (0.0100)
Aid presence, two-yearlag  0.00592 0.00780 |-0.00595* -0.00482
(0.00516) (0.0127) | (0.00309) (0.0100)
Aid presence, three-yearlag 0.0104 0.0180 | -0.00869 0.00274
(0.0105) (0.0177)(0.00688) (0.0118)
Aid presence, four-yearlag -0.00983 -0.0109 | -0.0358** -0.00681
(0.0212) (0.0283) | (0.0154) (0.0217)

Robust standard errors in parentheses
% p<0.01, ** p<0.05, * p<0.1

The result for year 2008 is a bit different compared to all years. For the ten-kilometer
specification, there are no significant estimates and they are negative for the four-year
lag. For the twenty-kilometer specification, all except one coefficient estimate are
negative and the absolute magnitude of the estimates is larger. For the linear
specification, the estimates are significant for the one-year lag, two-year lag and four-
year lag. Overall, the result is not particular different for the ten-kilometer specification

while the twenty-kilometer one implies stronger evidence for a negative effect of aid on

30



infant mortality. The evidence is still very weak, as it only shows significant effects for the

linear specification with a twenty-kilometer radius.

5.3.5. Instrumentation

One problem with the previous local model is that it does not address potential reverse-
causality due to endogenous allocation of aid. One advantage with geocoded aid
datais that it might provide means to overcome the problem of endogenous allocation.
This geographical variable has to be decisive in the allocation of aid, but should not
impact health outcomes directly. This variable would be an instrumental variable to
estimate the effect of aid.

When examining the dataset, we find that most health aid projects with exact point
locations are allocated to cities and especially district capitals. This rules out many
instrumental variables based on geographical information. The degree of urbanization
could, however, be a suitable instrument. This might also indicate that the collection of
precise geocodes is systematically flawed. It is possible, that aid projects, which are not
allocated to a specific district capital, are simply coded as projects on district level, as it
is might be difficult to determine the exact location of projects in rural areas. Projects
focusing on rural areas could also be active in many locations in the district and,
therefore, coded at the district level without exact point locations.

In the DHS data the de facto residence of each cluster is recorded as urban or rural.
In order to be a valid instrument, this variable has to fulfill the assumptions of exclusion
andrelevance. There is correlation of urbanization and health presence as shown in table
8 below. The relatively low values indicate that a substantial amount of observations is
made in urbanized areas without presence of health aid projects. If added to our local
model specifications, the urban dummy does not explain infant mortality significantly. It,
therefore, seemsreasonable, that the degree of urbanization itself does not have a direct
impact on infant mortality. Though the exclusion assumption cannot be tested, this is

support for the fulfilment of the exclusion assumption.
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Table 8 Correlation of urban variable and health aid presence

Nolag One-yearlag Two-yearlag Three-yearlag Four-yearlag
Aid presence binary  0.2466 0.2140 0.1891 0.1431 0.1014
Aid presence linear  0.2863 0.2401 0.1985 0.1398 0.0817

For health aid presence within a twenty-kilometer radius the correlations are slightly
lower, but similar, and therefore not presented. The results for instrumenting the health
lags in both linear and binary form, both for ten-kilometer and twenty-kilometer, with the
urban variable are presented in table 9 below. The coefficients of the controls do not
show meaningful differences among these specifications, we do show the regression with
conftrols for the one-year lag and a radius of ten kilometers in table B.V in appendix B and

its first stage regression in table B.IV in appendix B.

Table 9 Instrumental variable model

10-km radius 20-km radius
Specification Linear Binary Linear Binary
No lag 0.00287 0.00693 0.00265 0.00823

(0.0101) (0.0243) (0.00930) (0.0288)
One-yearlag 0.00430 0.00884 0.00409 0.0101
(0.0151) (0.0310) (0.0143) (0.0354)
Two-year lag 0.00665 0.0120 0.00643  0.0131
(0.0233) (0.0421) (0.0225) (0.0461)
Three-yearlag 0.0170  0.0232 0.0146 0.0218
(0.0596) (0.0814) (0.0511) (0.0766)
Four-year lag 0.0442  0.0492 0.0309 0.0408
(0.155) (0.172) (0.108) (0.143)

Robust standard errors in parentheses
% p<0.01, ** p<0.05, * p<0.1

As can be seen, the estimates are positive among all specifications, but this approach
does not yield significant results. Apart from the interpretation that aid does not yield a
decrease in infant mortality, it might be that urban is not explaining the allocation of aid
projects well enough. However, the first stage results show strong significance for aid
presence.

The urban variable is correlated with the health presence variables and shows

significance in all first stage regressions, while the first stage regressions also all show a

32



larger F-value than 15, which indicates relevance of the variable urban as an instrument.
Otherwise most control variables also show significance in the first stage. Taken like this,
the results suggest that infant mortality did not decrease in proximity of local health aid
projects.

These results should, however, not be taken as strong evidence for health aid to be
ineffective in decreasing infant mortality. It might be, that the effect on infant mortality is
in reality small and negative, while the problems with systematically missing geocodes of
precision one and the instrument urban not explaining aid well enough lead to the

positive sign and insignificant results.

5.3.6. Matching

Matching is one other approach to solve the problem of non-random allocation of aid
projects in the local model. The allocation of health aid projects can be seen as non-
random allocation of a treatment. Matching can then be used to estimate causal
effects, as long enough variables are observed that explain treatment. Besides health
related questions, the DHS collects additional information about each respondent, such
as education, ethnicity, wealth and nutritional conditions. Under the assumptions of
conditional independence of potential outcomes and treatment on these covariates
and common support, matching can be used to solve the problem of the arising
selection bias (Caliendo, Kopeinig 2008). We discuss, whether these assumptions are
reasonable in our setting and report results from nearest neighbor matching and
propensity score matching.

In this setting, the treatment is proximity of a health aid project. The assumption of
conditional independence is in principle a form of exogeneity (Angrist, Pischke 2008). In
matching it states, that treatment status conditional on observable variables is
independent from potential outcomes. In our case this means that potential infant
mortality is independent from the presence of health aid projects, as long as we control
for other variables in the DHS data. In other words, all differences in infant mortality
between the observed births close and not close to health aid projects, which are not
depending on the health aid projects, can be controlled for with the available

covariates. The criteria to pick variables for matching are that “only variables that
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simultaneously influence the freatment and the outcome should be included” (Caliendo,
Kopeinig 2008). Furthermore, only variables not impacted by the treatment should be
included. This is problematic in our setting, as the data is collected at the end of the
considered time span. Therefore, we can include non-health related variables and fixed
variables, which were not influenced by the health projects. This, however, might be
problematic in case health aid projects are indeed allocated to areas most in need of
health care. Too many non-relevant covariates increase the variance of the estimators
and one should stick to parsimony when choosing the covariates for matching (Caliendo,
Kopeinig 2008). However, it is still recommended to use as many covariates as reasonable
and include them when in doubt, with regards to the assumption of conditional
independence. Variables we included were district dummies, closeness to urban
settlements, malaria endemicity and variables on individual level for each birth. For
example maternal education was included, because it is a good predictor of infant
mortality, socio-economic status and the proximity to health projects, as education is
more widespread in the cities, where the projects are allocated. Ethnicities are also
included, as the ethnical composition shows geographical variation and health delivery
quality and institutions might vary among areas with different ethnical compositions. A
problematic variable is HIV-status, which we excluded, because the proximity to health
projects might impact it. This would pose a problem, if allocation of aid projects is highly
correlated with HIV, because of a violation of the assumptions of conditional
independence, which is not the case in our data. Other covariates were picked as they
showed significant explanatory power in explaining health presence and it seemed
plausible that they show differences among regions and have an impact on infant
mortality. Table B.VI in appendix B presents the used variables. In cases in which several
covariates are regarded, exact matching leads to only very few matches, because the
number of possible combinations increases dramatically with each new control variable.
However, using only one or fewer covariates for matching would violate the conditional
independence assumption, as the treatment still depend on the omitted variables. For
this reason Mahalanobis matching and propensity score matching are used. Table 10
presents the results for nearest neighbor matching, using the Mahalanobis metric as

distance measure.
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These results show significant negative effects of closeness to health projects for no
lag, and a lag of four-year for aid projects within a ten-kilometer range and for the first
three lags for a twenty-kilometer range. However, closest neighbor matching does not
allow testing the assumption of common support as propensity score matching does.
Furthermore, the Mahalanobis metric is used to match closest neighbors conditional on
multiple covariates. Problematic with this metric is, that it puts the same weight on all
variables (Stuart 2010). Beyond this, it has been shown that closest neighbor matching
based on this metric, can yield biased results with more than eight variables and with
non-normally distributed variables (Stuart 2010). Rosenbaum and Rubin (1983) showed
that if the conditional independence assumption holds for the included covariates, it
should also hold conditional on the propensity score constructed with these covariates.
Propensity score matching should, therefore, yield similar results as nearest neighbor
matching, if the conditional independence assumption holds. Furthermore, the explicit
modeling of treatment probability allows analyzing whether the common support
condition holds. We therefore also apply propensity score matching to obtain a better

understanding of the validity of the above results.

Table 10 Nearest neighbor matching with Mahalanobis distance metric

Aid presence 10-km 20-km

No lag -0.0135* -0.0190***
(0.00769) (0.00491)
One-year lag -0.0128 -0.0223***
(0.00825) (0.00595)
Two-year lag -0.0109 -0.0264***
(0.0107) (0.00677)

Three-year lag -0.00145 -0.0118
(0.0152) (0.00909)

Four-year lag -0.03571*** 0.00330

(0.0104) (0.0141)

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

In propensity score matching the probability of treatment for all tfreated and non-
freated observations is estimated. Treated and non-freated observations are then

matched for likewise probability of freatment in order to estimate the average freatment
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effect or the average treatment effect on the treated. While there are several algorithms
to select which observations exactly are compared, we stick with nearest neighbor
matching based on the propensity score in this step, other algorithms are frequently used
to check for robustness (Stuart 2010). Our treatment is a discrete variable and in order to
estimate the propensity score properly, a model for propensity score estimation has to
be chosen and the explanatory covariates have to be selected. Logit or Probit are
commonly used for propensity score estimation, as they do not predict negative
probabilities or probabilities larger than one. We choose a Logit estimate but the effect
of this choice on the result is negligible. The covariates included to estimate the
propensity are the same as described for nearest neighbor matching. When in doubt
whether to include them, parsimony was followed in fitting the Logit estimate, as

suggested by Caliendo and Kopeinig (2008).

Table 11 Propensity score matching

Aid presence 10-km 20-km
No lag 8.63e-05 0.0258*
(0.132) (0.0151)
One-year lag -0.0217 0.00337
(0.0139) (0.0185)
Two-year lag 0.177 -0.0175
(0.122) (0.011¢)
Three-year lag -0.0238 -0.021 1%
(0.0199) (0.00801)
Four-year lag -0.0450** -0.0129
(0.0179) (0.0198)

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The results of propensity score matching are shown in table 11. For the three different
lags the specifications have to be changed to some extent. This is the case, because for
higher lags, fewer observations show health presence. Then, subgroups of our data
become perfect predictors of no health presence, which means they cannot be used
for a Logit or Probit estimate of freatment probability. Hence, these observations, or these
variables, are dropped, depending on how many observations are affected - if the

variable would lose its meaningfulness, it is dropped. If only few observations are
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affected, they are dropped and the variable is kept. Problematic are the specifications
for the lags three and four years of aid presence. Here, most of the districts would have
to be dropped, and hence the three larger regions are used instead of district dummies.
It is therefore questionable, whether the conditional independence assumption can be
assumed to hold under these conditions, because there is substantial variation in infant
mortality within the regions. For completeness, the specification with regions was also
used for no and one lag, but the results do not change meaningfully. Furthermore, some
observations would violate the overlap assumption in this specification of the propensity
score. We follow Caliendo and Kopeinig (2008) and delete the non-overlapping
observations, when applying the propensity score estimation.

Common support or overlap requires that both treated and untreated observations
have a probability larger than zero and smaller than one of being treated. This ensures
that a counterfactual observation for each ftreated individual can be found.
Furthermore, for a meaningful estimation of the average treatment effect, enough
probability mass has to overlap, so that comparisons between truly similar observations
can be made.

Whether the overlap assumption holds can be discussed by examining the used
propensity score. We present a plot, figure 1, of estimated density for treated and non-
treated for the significant result, with the fourth lag of health aid presence as a treatment.
Evidently, the largest part of the probability mass is allocated around zero. This is
problematic, because it implies that the propensity score does not fulfill the assumption
of common support for many observations. Though there is still overlap for higher
probabilities than under one percent, this is the case for only 5,259 of the 18,032
observations used. Hence, there is serious doubt that common support is sufficient in our
data.

The main goal of the propensity score is to balance the covariates, but the predictive
power of the propensity score gives another clue about the quality of its specification
(Heinrich, Maffioli & Vazquez 2010). The predictive power decreases with increasing lags
of health presence. For the fourth lag of health aid presence only 16.62 % of the
observations have a propensity score higher than 50 %. Though the conditional
independence assumption cannot be tested and it still could be fulfilled, this suggests

that the propensity score suffers from omitted variable bias. This would imply a violation
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of the conditional independence assumption. Taken together this suggests that the result
for the fourth lag is not a robust result and that propensity score matching in this form
does not yield meaningful results.

Propensity score matching and nearest neighbor matching with Mahalanobis metric
rely on the same assumptions and should yield at least similar results (Rosenbaum, Rubin
1983). Both methods are conditioning on the same covariates and considering the
problems of nearest neighbor matching mentioned above, we have to conclude that
the first results obtained by nearest neighbor matching are not valid. However, we
believe that richer data and a better understanding of aid allocation would make
propensity score matching a viable approach to measure the effect of aid presence on
infant mortality with this method.

The propensity score estimated here is also an attempt to model aid allocation. This
suggests that the non-health covariates in the DHS data are not sufficient to estimate the
allocation of health aid projects, i.e. that there are omitted variables. However one can
conclude that the allocation of aid is non-random, because several variables show
significant effects when estimating the propensity score. We present the estimate of the
propensity score for no lag and aid presence within ten-kilometer range in table B.VIl in

appendix B.

Figure 1 Kernel density plot of propensity score
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6. Discussion and Conclusion

On the basis of our results we cannot reject the null hypothesis that aid projects directed
at the health sector do not decrease infant mortality in Malawi. However, several caveats
and difficulties with our approaches are discussed earlier, and this result should be taken
with caution. In this section we discuss the validity of our results and point to possible
improvements.

For the two district models, we find small positive effects when aid presence is specified
as the number of projects in the districts. When using commitment or disbursement per
capita as aid presence instead, the effects are negative for few lags and positive for
more lags. Overall few estimates are significant. This together with the different signs for
the specifications makes the result inconclusive.

The model on local level looks at health aid projects in close proximity to observed
births. This might be a way to detect small-area patterns below district level, which might
be lost at aggregate level. Due to the random displacement of the DHS data we cannot
choose very small areas and we look at radiuses of ten and twenty kilometers around the
births. The ten-kilometer specification shows small positive effects, whereas most of the
estimated coefficients for twenty-kilometer is negative and have smaller absolute
magnitudes. The different results for the two chosen radiuses are unexpected. One
potential explanation for the larger number of negative estimates for the twenty-
kilometer radius specification, could be that the ten kilometer-radius is too small to cover
all individuals that are actually affected by the project, this would bias the estimates for
the ten-kilometer specification. On the other hand, the smaller absolute magnitude for
the twenty-kilometer specification might be, because the area includes projects too far
away from the mother to have an effect on infant mortality. This would also bias the
estimates. In order to investigate this further it is necessary to obtain more detailed
information about the projects and their reach. Most estimates for both radiuses are
however insignificant. One complication with analyzing the data on local level is smalll
sample size. One approach to deal with this problem could be to use more advanced
methods that take into account the geo-spatial correlation between small areas. The
mortality would then be estimated by borrowing information across neighboring areas,

see for example Chin et al. (2011).
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In order to try and account for potential reverse causality in the local model an
instrumental variable approach is applied. We used urbanization as an instrument and
find no significant effects, while the indicator of urbanization shows significance in the first
stage regression. It is possible, that a better instrument can be found, which should
explain the allocation of aid better and lead to more reliable results. However, the
allocation of health aid projects mostly to district capitals makes it difficult to find a
geographical instrument. In conclusion, while this result seems to add to the evidence of
no impact of health aid projects on infant mortality, it is possible, that the instrument does
not explain aid allocation well enough and that a better instrument finds significant
results.

Matching is also utilized in the local model as it seems to be a viable approach, with
the rich data available in the DHS, to solve the empirical problem of non-random
allocation of treatment. At a closer look, however, the data does not seem to fulfill the
necessary assumptions of conditional independence of treatment and common
support. Therefore, the significant results of Mahalanobis matching and the non-
significant results of propensity score matching should both not be taken at face value.

The internal validity of the result that aid projects do not at all decrease infant mortality
in Malawi has to be doubted for the reasons stated above. However, the effects of most
local aid projects cannot be very large, as we otherwise should have found more
indications of an effect on infant mortality. That is unless the aid presence data is seriously
flawed and many efficient projects are not geocoded. In terms of external validity this
study does not provide conclusions for other countries, other than aid being allocated
non-randomly on a sub-national level, which should be considered for any other attempt
to assess aid effectiveness.

Even if we cannot find a negative effect of aid presence on infant mortality, it is
declining worldwide and also rapidly in Malawi. One can see this in our results when
looking at the declining frend of the yearly dummies and also in World Bank data,
according to which it declined from 90 to 59 between 2002 and 2008 (The World Bank,
UN Inter-agency Group for Child Mortality Estimation). The exact drivers of this
development seem to be of a nationwide nature, as our results suggest. The effectiveness
and impact of these drivers are questions for future research. Liu et al. (2012) and Mustafa

and Odimegwu (2008) suggest that important drivers are bed-nets to prevent malaria
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infections and other interventions against infectious diseases. We also used DHS data as
Mustafa and Odimegwu (2008) but do not find a significant effect of the variable “slept
last night under a bednet” in various specifications, such as an interaction with malaria
endemicity. If these interventions are not the most important driver one other plausible
factor is general improvement of the public health care system in Malawi. Our data does
not allow at this point to test this. In assessing the overall effectiveness of aid in the health
care sector, it would be important to test how effectively aid assisted in improving health
delivery on a nation-wide level.

The results of the instrumental variable regression and propensity score matching are
interesting in a different respect. Both the first stage regression and the propensity score
show that aid projects are not allocated randomly, but also not clearly because of need.
This is also evident when examining the data. Almost all health aid projects are allocated
to the district capitals. This makes several variables good candidates for the explanation
of allocation. Geographic accessibility and administrative convenience, which should
be the highest in the most developed locations within a country, are most likely drivers.
One other explanation is that in the urban centers, simply more people can be reached,
which makes the aid projects potentially more efficient. Furthermore, different sectors
seem to have very different allocation rules, which might be a field for interesting
research.

The analyses summarized above are very dependent on the geocoded aid data. The
data for Malawi used is the most extensive available at present for any country. The
geocoded datasets are however continuously updated and data for more countries is
made available by fime. With better and more reliable aid data there is potential for
improved studies in this area in the future. Our analysis is also limited by the fact that the
latest DHS for Malawi was conducted in 2010, forcing us to end the study in 2008. Access
to alater DHS or other birth records, would increase the sample size, potentially increasing
the power of the study.

Even with access to more comprehensive geocoded datasets, the data pose some
limitations and uncertainties. Ideally one would like to know exact location, coverage
and the time span a project is active, not only when the agreement is signed. It would
also be good to know the disbursement and commitment per location. This lack of

information is most likely the result of the goal by AidData to code a comprehensive
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number of projects per country instead of focusing on fewer projects with more detailed
descriptions. In order to further investigate the effect of local aid projects on health
outcomes it could be necessary to collect more detailed information about the projects.
This is probably necessary to do locally. More detailed data would also help to select
which health projects to use. More information about the projects would allow selecting
projects that target infant mortality directly. One could then differentiate the time it takes
for different projects to affect mortality. In this context the precision of the coding should
also be mentioned, because most health aid projects with exact point locations are
located in cities. Some other aid sectors in the dataset have, however, more project
locations outside the cities. This indicates that the geocoding method can code exact
locations in rural areas properly. But one should still remain skeptical of the concentration
of health projects with exact locations in cities.

Summing up, local aid projects directed at health do not seem to have a significantly
decreasing effect on infant mortality, according to our findings. However, there remain
problems with data and endogeneity, which pose questions for future research.
Furthermore, aid projects with a local impact are not all of the aid that is directed at the
health sector in Malawi and certain nation-wide interventions are not covered by this
approach. These should be taken into account before assessing the overall effectiveness

of aid in the health sector in Malawi.
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Appendix A: Data Description

Table A.l Summary statistics of the yearly cohorts in the DHS.

Observed Observed Infant

Year births infant deaths  mortality rate

2002 2,371 244 102.9
2003 3,156 254 80.5
2004 3,352 262 78.2
2005 2,950 180 61.0
2006 3,063 221 72.2
2007 3,349 190 56.7
2008 3,543 230 64.9
Total 21,784 1,581 72.6
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Table A.ll Summary statistics of the districts in Malawi.

Disburse- Commit- Projects with  Projects at
ment per mentper exactpoint districtlevel Populationin  Observed Observed

District Region capita ($) capita ($) or lower 2008 infant deaths  births mortality

Balaka Southern 6.3 7.8 2 4 316,748 61 872 70.0
Blantyre Southern 7.2 9.4 6 9 999,491 45 607 74.1
Chikwawa Southern 4.0 4.2 0 4 438,895 54 770 70.1
Chiradzulu Southern 67.6 57.1 3 5 290,946 55 790 69.6
Chitipa Northern 27.7 23.1 3 6 179,072 38 712 53.4
Dedza Cenfral 2.8 2.3 3 5 623,789 59 864 68.3
Dowa Central 1.4 1.5 1 3 556,678 38 713 53.3
Karonga Northern 7.6 5.5 4 6 272,789 24 637 37.7
Kasungu Central 5.6 6.1 2 5 616,085 63 799 78.8
Lilongwe Cenfral 4.0 3.3 7 11 1,897,167 56 841 66.6
Machinga Southern 2.4 3.0 2 4 488,996 70 920 76.1
Mangochi Southern 7.2 10.7 3 7 803,602 76 905 84.0
Mchiniji Central 1.8 1.8 1 3 456,558 55 858 64.1
Mulanje Southern 5.5 4.4 3 6 525,429 74 889 83.2
Mwanza Southern 11.8 9.3 2 4 94,476 56 759 73.8
Mzimba Northemn 9.4 8.7 9 13 853,305 64 809 791
Neno Southern 1.4 0.0 0 1 108,897 62 801 77 .4
Nkhatabay Northemn 10.1 7.5 4 7 224,224 52 583 89.2
Nkhota Kota  Central 3.5 4.8 2 4 301,868 43 815 52.8
Nsanje Southern 12.8 13.2 2 4 238,089 72 832 86.5
Ntcheu Central 2.3 1.8 2 4 474,464 77 963 80.0
Ntchisi Central 4.7 6.5 2 3 224,098 51 831 61.4
Phalombe Southern 354 48.5 5 8 313,227 98 1058 92.6
Rumphi Northern 10.9 5.2 3 6 169,112 33 657 50.2
Salima Central 5.9 7.2 2 5 340,327 69 799 86.4
Thyolo Southern 5.1 5.7 3 6 587,455 69 859 80.3
Zomba Southern 17.5 16.0 8 15 670,533 67 841 79.7
Total 8.5 8.5 84 158 13,066,320 1581 21784 72.6
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Table A.lll Summary statistics of categorical variables.

Total number of Share

Variable observations (%)
Maternal education 21,784
No education 21.16
Primary 69.38
Secondary and higher 9.46
Maternal age at birth 21,784
Less than 20 years 18.69
20-less than 35 years 68.67
35 years or more 12.64
Sex of child 21,784
Male 49.55
Female 50.45
Birth order and interval between
births 21,142
First child 18.05
2-4 [/ 2 years or more 40.83
5+ / 2 years or more 8.76
2-4/ less than 2 years 26.17
5+ / less than two years 6.19
Multiple birth 21,784
No multiple birth 95.82
Multiple birth 4.18
HIV 18,033
HIV-negative mother 94.12
HIV-positive mother 5.88
Urban 21,784
Resides in urban area 6.48
Resides in rural area 93.52
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Figure A.I Health aid projects per district, year 2002-2008.
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Figure A.ll Commitment per capita of health aid projects per district, year 2002-2008.
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Figure A.lll Disbursement per capita of heailth aid projects per district, year 2002-2008.
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Infant mortality rate
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Figure A.V Aid project locations and their corresponding ten kilometers radiuses. Locations in
rural areas are red, district capitals yellow and other cities orange. The black dots symbolize
clusters in the DHS.
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Figure A.VI Aid project locations and their corresponding twenty kilometers radiuses. Locations in
rural areas are red, district capitals yellow and other cities orange. The black dots symbolize
clusters in the DHS.
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Appendix B: Regression Tables

In the regression tables below disfrict fixed effects are jointly significant, they are omitted due to

limited space.

Table B.I Aggregated district model, aid presence specification: number of projects and no lag.

DEPENDENT VARIABLE Infant mortality
Aid presence no, lag 4.276**
(1.643)
Year (2002 base category)
2003 -24 52%%*
(6.950)
2004 -25.26***
(7.308)
2005 -45.93***
(6.687)
2006 -38.53***
(8.169)
2007 -62.95%*
(9.891)
2008 -61.36***
(11.22)
Constant 81.57%**
(7.010)
Observations 189
R-squared 0.421

Robust standard errors in parentheses
% p<0.01, ** p<0.05, * p<0.1
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Table B.II Individual district model, aid presence specification:

number of projects and no lag.

DEPENDENT VARIABLE

Infant death

Aid presence, no lag 0.00285
(0.00196)
Maternal education (no education base category)
Primary 0.01171**
(0.00498)
Secondary and higher -0.00194
(0.00779)
Maternal age at birth (less than 20 years base category)
20-less than 35 years -0.0168*
(0.00863)
35 years or more -0.00543
(0.0106)
Sex of child (male base category)
Female -0.0122%**
(0.00377)
Birth order and interval between births (first order base category)
Order 2-4 / 2 years or more interval -0.0214**
(0.00847)
Order 2-4 / less than 2 years interval 0.0444***
(0.0124)
Order 5+ / 2 years or more interval -0.0243**
(0.0104)
Order 5+ / less than 2 years interval 0.0627***
(0.0126)
Multiple birth 0.187***
(0.0204)
HIV-positive mother 0.0930***
(0.0101)
Year (2002 base category)
2003 -0.0248***
(0.00847)
2004 -0.0333***
(0.00803)
2005 -0.0426***
(0.00816)
2006 -0.0365***
(0.01135)
2007 -0.0518***
(0.0141)
2008 -0.0522***
(0.0133)
Constant 0.107 %
(0.0101)
Observations 17,484
R-squared 0.043

Standard errors, clustered on district level, in parentheses

5+ 5<0.01, ** p<0.05, * p<0.1
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Table B.lIl Local model, year 2002-2008, aid presence specification: linear, 10-km radius and no

lag.
DEPENDENT VARIABLE Infant death
Aid presence, no lag 0.00529**
(0.00265)
Maternal education (no education base category)
Primary 0.0107**
(0.00530)
Secondary and higher -0.00339
(0.00781)
Maternal age at birth (less than 20 years base category)
20-less than 35 years -0.0168**
(0.00686)
35 years or more -0.00564
(0.00977)
Sex of child (male base category)
Female -0.0120™**
(0.00387)
Birth order and interval between births (first order base category)
Order 2-4 / 2 years or more interval -0.021 5***
(0.00680)
Order 2-4 / less than 2 years interval 0.0447***
(0.0101)
Order 5+ / 2 years or more interval -0.0242***
(0.00806)
Order 5+ / less than 2 years interval 0.0627***
(0.0126)
Multiple birth 0.187***
(0.0161)
HIV-positive mother 0.0927%***
(0.0116)
Year (2002 base category)
2003 -0.0245%**
(0.00892)
2004 -0.0330***
(0.00880)
2005 -0.0407***
(0.00874)
2006 -0.0320***
(0.00889)
2007 -0.0422%**
(0.00847)
2008 -0.0394***
(0.00849)
Constant 0.104***
(0.0139)
Observations 17,484
R-squared 0.043

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table B.IV st stage regression to instrument aid presence with the urban variable.

DEPENDENT VARIABLE Aid presence, no lag
Urban 0.365***
(0.0146)
Maternal education (no education base category)
Primary 0.0117**
(0.00552)
Secondary and higher 0.0433***
(0.00994)
Maternal age at birth (less than 20 years base category)
20-less than 35 years 0.00555
(0.00733)
35 years or more 0.00303
(0.0107)
Sex of child (male base category)
Female -0.00691
(0.00440)
Birth order and interval between births (first order base category)
Order 2-4 / 2 years or more interval 0.00686
(0.00781)
Order 2-4 / less than 2 years interval -0.00358
(0.00937)
Order 5+ / 2 years or more interval -0.00564
(0.00921)
Order 5+ / less than 2 years inteval -0.000211
(0.011¢)
Multiple birth 0.00320
(0.0111)
HIV-positive mother -0.000145
(0.0105)
Year (2002 base category)
2003 0.0172%**
(0.00530)
2004 0.0153***
(0.00523)
2005 0.0799***
(0.00706)
2006 0.177***
(0.00838)
2007 0.177%**
(0.00777)
2008 0.169***
(0.00765)
Constant -0.0281**
(0.0139)
Observations 17,484
R-squared 0.241

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table B-V 2nd stage IV regression. Aid presence specification: 10-km radius, binary, no lag. Aid
presence is instrumented with urban.

DEPENDENT VARIABLE Infant death
Aid presence, no lag 0.00693
(0.0243)
Maternal education (no education base category)
Primary 0.0109**
(0.00530)
Secondary and higher -0.00258
(0.00811)
Maternal age at birth (less than 20 years base category)
20-less than 35 years -0.0168**
(0.00686)
35 years or more -0.00555
(0.00977)
Sex of child (male base category)
Female -0.0127%**
(0.00386)
Birth order and interval between births (first order base category)
Order 2-4 / 2 years or more interval -0.021 5***
(0.00680)
Order 2-4 / less than 2 years interval 0.0447***
(0.0100)
Order 5+ / 2 years or more interval -0.0242***
(0.00806)
Order 5+ / less than 2 years interval 0.0628***
(0.0126)
Multiple birth 0.187***
(0.0161)
HIV-positive mother 0.0929***
(0.0116)
Year (2002 base category)
2003 -0.0245%**
(0.00891)
2004 -0.0330***
(0.00879)
2005 -0.0406***
(0.00888)
2006 -0.0310***
(0.00960)
2007 -0.0413***
(0.00922)
2008 -0.0376***
(0.00921)
Constant 0.103***
(0.0139)
Observations 17,484
R-squared 0.043

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table B.VI List of all variables used in the propensity score matching.

Variable Description

Malaria Malaria endemicity categorized into low, high and very high risk
Education Categories: No, primary and secondary education

Districts The 27 administrative districts of Malawi

Year Year of the observed birth

Wealth A wealth indicator given by the DHS (5 categories)

Literacy Assessment of literacy in five categories

Urban Observation is within 10 km of an urban cluster

Ethnicity Ethnicity of the respondent

Religion Religion of the respondent

No of HH members
Age of HH head
Sex of HH head
Husband

Other wives
Daughters
Electricity

v

Radio
Watching TV
lodine

Distance to HF

Permission

Number of people living in the household of the respondent
The age of household head

Sex of household head

Husband stays in household

Number of other wives in household

Number of daughters living in the household

Dummy variable for electricity in the household of the respondent
Dummy variable for TV in the household of the respondent
Four categories for radio listening of the respondent

Four categories for TV watching of the respondent

Test of salt in the household of respondent for iodine content

Dummy variable equal to one, if it is a problem for the respondent to travel
to the next health facility

Dummy variable equal to one, if it is a problem for the respondent to obtain
permission to go to a health facility
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Table B.VIl Propensity score estimation, aid presence specification: binary, no lag and 10 km.

DEPENDENT VARIABLE Aid presence, no lag
Maternal education (no education base category)
Primary 0.0325
(0.130)
Secondary and higher -0.0564
(0.181)
Malaria Endemicity (low risk is base category)
High risk 0.0546
(0.128)
Very high risk -0.453**
(0.185)
Wealth Index (poorest quartile is base category)
Poorer 0.321**
(0.129)
Middle 0.298**
(0.129)
Richer 0.564***
(0.135)
Richest 1.107%**
(0.168)
Close to urban area 4 54%**
(0.106)
Has electricity 0.467**
(0.185)
Literacy (cannot read is base category)
Able to read parts of sentence 0.179
(0.145)
Able to read full sentence 0.458***
(0.107)
Observations 16,439

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Note, not all estimated coefficients are presented for clarity.
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