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Abstract

We examine the extent to which recent declines in child mortality and fertility in Sub-
Saharan Africa can be attributed to insecticide-treated bed nets (ITNs). Exploiting the rapid
increase in ITNs since the mid-2000s, we employ a difference-in-differences estimation
strategy to identify the causal effect of ITNs on mortality and fertility. We show that the
ITN distribution campaigns reduced all-cause child mortality, but surprisingly increased
total fertility rates in the short run in spite of reduced desire for children and increased
contraceptive use. We explain this paradox in two ways. First, we show evidence for an
unexpected increase in fecundity and sexual activity due to the better health environment
after the ITN distribution. Second, we show evidence that the effect on fertility is posi-
tive only temporarily — lasting only 1-3 years after the beginning of the ITN distribution
programs — and then becomes negative. Taken together, these results suggest the ITN dis-
tribution campaigns may have caused fertility to increase unexpectedly and temporarily, or
that these increases may just be a tempo effect — changes in fertility timing which do not
lead to increased completed fertility.

Keywords: Malaria, Bed nets, Child mortality, Fertility, Sub-Saharan Africa.
JEL codes: 115, J13, 010, O15.



1 Introduction

Understanding the complex relationship between child mortality and fertility has been a
major subject of investigation within the social sciences for at least the last century. How-
ever, even after decades of study, there is still debate over both the theoretical and empirical
relationships between these two variables, and the relative importance of the various mech-
anisms which link them. Theoretically, child mortality and fertility should be negatively
related: reductions in child mortality should not only reduce the demand for replacement
children, but also reduce the demand for precautionary childbearing, implying a more than
one-for-one reduction in fertility. As a result, many believe that reducing child mortality
will lead to smaller populations. Others go one step further, believing that reducing child
mortality is actually a necessary condition for population slowing. For example, Hans
Rosling of the Gapminder Foundation claimed in his 2010 Ted Talk that “It’s only by [im-
proving] child survival that we will stop population growth” (Rosling, 2010). In addition,
the Gates Foundation listed “Saving lives leads to over-population” — with an emphasis on
child survival — as one of the three main myths that block progress for the poor in their
2014 annual letter (Gates Foundation, 2014). With the advent of the Millennium Develop-
ment Goals in 2000, there has been a massive increase in funding and support for programs
to reduce infant and child mortality in the developing world.

However, if the improvements to the health environment which cause the reductions
in mortality also affect the costs and benefits of childbearing, the relationship between
child mortality and fertility becomes less clear. For example, such a cost reduction from a
better health environment should lead women to choose higher fertility (Barro and Becker,
1989; Doepke 2005, 2015). Improvements in health may also increase fecundity directly,
or influence women to modify the timing of their births to correspond with the improved
health environment. All of these mechanisms could lead to increases in fertility when
child mortality falls. If so, health interventions to reduce child mortality may not reduce
population sizes, but rather increase them, necessitating additional investments in health
and education to meet the needs of these larger cohorts.

In this paper, we contribute to the empirical literature on the linkages between child
mortality, health interventions to reduce child mortality, and fertility by analyzing the effect
of an international health program intended to reduce child mortality — but not fertility — on
fertility itself. Specifically, we identify the causal effect of the large and rapid increase in
the distribution of insecticide-treated bed nets (ITNs) in sub-Saharan Africa in the 2000s
on child mortality and fertility rates. To overcome identification concerns, we employ
multiple discrete and continuous difference-in-differences estimation methodologies, some
of which exploit differences in pre-intervention malaria prevalence rates and the timing of
the ITN roll-out at the regional level, while others include variation in the intensity of the
ITN distribution campaigns. Our models are estimated using a unique data set that merges
information on child mortality and fertility outcomes from the Demographic and Health
Surveys (DHS) with a panel of malaria prevalence and antimalarial interventions from the
Malaria Atlas Project (MAP) for 35 sub-Saharan countries between 2000 and 2014.



We find that the introduction of ITNs significantly reduces child mortality for children
under three years of age. For older children, the effect is still significant in magnitude, but
statistically insignificant. Specifically, for the mean region in our sample we find a 23.4
percent reduction in mortality for children aged 13-24 months, and a 47.3 percent reduction
in mortality for children aged 25-36 months as a result of the ITN distribution campaigns.
We find a statistically insignificant 4.7 percent reduction in infant (0-12 months of age)
mortality, which is consistent with the biological literature showing that in addition to re-
ceiving malaria antibodies from their mothers through breastmilk, all children within the
first six months of life retain partial malarial immunity gained in utero from their moth-
ers. However, this result masks significant heterogeneity by socioeconomic status: infant
mortality among children born to women who did not complete primary eduction fell by a
statistically significant 10.7 percent as a result of the ITN distribution, while mortality for
children of women with a primary education did not fall. Taken together, our results imply
that the average cumulative probability of death before age five fell by 11.5 percent as a
result of the ITN intervention. Comparing this with an overall decrease in child mortality
of 47.4 percent between 2000-2015 (World Bank, 2019), our results imply that about one-
fourth of the decline in child mortality in sub-Saharan Africa over this period was due to
the ITN distribution campaigns.

We also find that the effect of the ITN distribution on fertility is positive for all age
groups. Specifically, we find that the distribution of ITNs in the average region increased
the annual probability of having a child by between 11 and 15 percent for women below the
age of 39, and by 31.8 percent for women 40-44. However, this result also masks signifi-
cant heterogeneity in the effect of the ITN distribution campaign by socioeconomic status:
the effects are highly concentrated among women with at least a primary education, with
no statistically significant positive effect for women without a primary education except
for those over the age of 40. Overall, our estimates imply that the ITN campaigns raised
the total fertility rate by 0.71 children in the overall sample (an increase of 13.8 percent),
but by 0.99 and 0.34 children for the educated and uneducated respectively. However,
when we add a dynamic component to our model, we find that this large positive effect
only lasts for 1-3 years before turning negative, implying that these results should only
be interpreted as immediate, short-run fertility effects, which may not lead to increases in
completed lifetime fertility.

This paper also contains two online appendices. Appendix A details a theoretical model
that outlines under which conditions an improvement in the health and mortality environ-
ment will cause individuals to increase their fertility rates, and serves as the conceptual
framework for our empirical results. In Appendix B, we provide additional robustness
checks, evidence on the mechanisms behind the results presented in the main text, and fur-
ther discussion. We analyze the effect of the distribution campaigns on all of the proximate
determinants of fertility proposed by Bongaarts (1978) for which we have data, along with
the effect on birth intervals, desires for additional children, and heterogeneity of the mor-
tality effects by gender. We find that while women reported wanting fewer children and



increased their contraceptive usage after the intervention, the extensive margin of sexual
activity rose as well. In addition, indicators of health related to fecundity also improved.
This suggests that women may have wanted less children, but unexpectedly had more since
they were more sexually active and more fertile. We further explore the possibility by hy-
pothesizing two mechanisms by which women may have been unable to perfectly control
their fertility: low levels of empowerment and an unmet need for contraception. Our re-
sults suggest the opposite — women with less decision making power or an unmet need for
contraception actually experienced smaller increases in fertility.

Our paper is related to the literature on malaria eradication and human capital outcomes
generally. Barreca (2010) estimates the effect of malaria eradication in the United States,
and finds that in utero exposure to malaria leads to lower levels of educational attainment.
Bleakley (2010) studies the same eradication campaign in the United States as Barreca, and
finds a positive effect on labor productivity later in life. Lucas (2010) identifies the effect of
malaria eradication in Sri Lanka and Paraguay on years of schooling and literacy rates, and
finds that after eradication there is an improvement in these variables for females. Cutler
et al. (2010) finds similar results to Lucas (2010) in India, while Venkataramani (2012)
explores the effects of declining malaria in Mexico. In sub-Saharan Africa, Barofsky et al.
(2015) find that a malaria control program in Uganda increased years of schooling by 0.5
years, while Kuecken et al. (2016) find that country-level malaria distributions from the
Roll Back Malaria Partnership increased educational attainment across the continent.

Our study is most closely related to three papers in particular. First, Lucas (2013)
studies the effect of malaria eradication in Sri Lanka in the 1950s on fertility directly. Her
results mirror our own, in that she finds an increase in fertility rather than a decrease as most
theoretical models would predict. Cogneau and Rossi (2016) find an association between
bed net distribution and child survival in a large set of sub-Saharan African countries from
2000-2015. Similar to our results, they find that the preponderance of reduction in child
mortality is concentrated among lower socioeconomic status households. Finally, Pathania
(2014) uses the scale up of ITNs in Kenya to causally identify a 33 percent reduction in
post-neonatal mortality due to the ITN distribution program in that country.

Our paper provides several important contributions to the existing literature. The first
few are of policy interest: we provide the first causal, reduced form estimate of the effi-
cacy of a large and visible international health intervention that attracts billions of dollars
of funding on one of its main outcomes of interest: child mortality. Of particular impor-
tance is that this paper derives its estimates using extensive population data from almost
all countries in sub-Saharan Africa, rather than smaller, localized randomized control trials
which may not be externally valid at scale, and may not capture spillover or general equi-
librium effects. In addition, we provide a reduced form estimate of a major unintended
consequence of that program: fertility change. Importantly, we find that while the program
achieved its main focus in significantly reducing child deaths by malaria, the positive ef-
fect on fertility — at least in the short run — is the opposite of the prevailing belief among
many aid and advocacy organizations. Our results suggest that the program’s effect of re-



duced mortality and increased fertility will cause a temporary rise in the dependency ratio,
possibly impeding economic growth (Ashraf et al., 2009; Ashraf et al., 2013; Canning et
al., 2017). It also provides a cautionary tale for other large scale health interventions, in
that it suggests additional investments in education and family planning may be needed
to offset temporary or unintended fertility effects. It should be stressed, however, that our
results must necessarily be interpreted as short-run effects. Our dynamic results suggest
that the long-run effect of child mortality on fertility may in fact be negative, and will only
be known after the women in our sample fully complete their childbearing.

The next major contribution of our paper is that it pushes the boundary of the literature
on the specific mechanisms by which a change in the health and mortality environment
affects fertility. Our paper tests over ten different mechanisms and determinants of fertility
change hypothesized in the literature, allowing us to provide evidence for the importance
of some channels, while minimizing the importance of others.

2 Background

Worldwide, malaria is the second leading cause of death by infectious disease after pneu-
monia, responsible for 8 percent of all child deaths globally. Africa is especially hard hit
— of the 415,000 annual deaths from malaria, 93 percent occurred in Africa (RBM 2018).
In addition, malaria is the leading cause of death among children in Africa, causing 16
percent of all deaths (RBM, 2018). The disease is especially dangerous for young children
who have not yet developed partial immunity against the disease. Particularly tragic is that
using available technologies, malaria can be prevented, diagnosed, and cured quite easily
(Apouey et al., 2018). As a result, malaria was specifically targeted in the sixth Millennium
Development Goal. Between 2000 and 2015, the substantial expansion of malaria inter-
ventions — primarily the distribution of ITNs, but also indoor residual spraying (IRS) and
the use of artemisinin-based combination therapies (ACT) — led to a 60 percent decline in
malaria mortality rates globally, and 66 percent decline in Africa alone (UN 2019). Since
2000, over 6.2 million deaths from malaria have been averted, primarily in children under
five years of age in sub-Saharan Africa (UN 2019).

Malaria is caused by the bite of a female anopheline mosquito that is infected with
protozoan parasites. Although there are several species of the parasite, the Plasmodium
falciparum strain is the most common in Africa, responsible for 99.7% of infections and
the deadliest in Africa (RBM, 2018).1 Following the bite by an infected mosquito, the
parasites migrate to the liver where they penetrate red blood cells, causing an infection.
An infected individual with no previous immunity is almost certain to develop severe flu-
like symptoms that may lead to death, depending on the age and general health of the
individual. Over years of exposure, individuals develop partial immunity to the infection.
Children under 5 and pregnant women are at higher risk of contracting and dying from the

LIn this study, we refer to “malaria episodes” and “malaria prevalence” as those caused by the P. falciparum
parasite.



disease (Crawley and Nahlen, 2004), while mortality rates for healthy adults are relatively
low. Importantly, while young children have not yet developed immunity, pregnant women
also temporarily lose their immunity.

Because of the high morbidity and mortality associated with the infection, the Roll
Back Malaria Partnership was launched in 1998 to coordinate action against malaria. Pre-
ventive interventions against malaria include ITN coverage, IRS, intermittent preventive
treatment uptake during pregnancy (IPTp), use of mosquito repellants, cleaning of drains,
and treatment of standing water with larvicidal chemicals.? Most of these interventions
work by reducing the number of mosquitoes or preventing bites. Sleeping under an ITN is
considered the most cost-effective intervention to prevent malaria (Lengeler, 2004).

Among these vector control measures, RBM recommends two core interventions: ITN
usage and IRS. In parallel, the 2008 Millennium Development Goals Malaria Summit of
the United Nations set a target of universal coverage with ITNs for all endemic areas in
Africa (RBM, 2018). International donors such as the Global Fund, the President’s Malaria
Initiative, and the World Bank provide ITNs and funding to perform IRS in each country.
Then, the National Malaria Control Program (NMCP) for each country is responsible for
the distribution of nets and the implementation of IRS with the help of non-governmental
organizations.

3 Data

We derive household- and individual-level information on mortality, fertility, and socio-
demographic characteristics from a set of surveys produced by the DHS Program between
2000 and 2014 for 35 countries in sub-Saharan Africa. The list of surveys used can be
found in Table B.1 in Online Appendix B. Information on malaria prevalence and pre-
ventive behaviors are from the Malaria Atlas Project (MAP). Both of these data sets are
described separately below.

3.A  The DHS Program

The DHS Program assists hundreds of national survey programs to collect globally stan-
dardized data on population and health in low- and middle-income countries. Within this
program, we use the standard Demographic Health Surveys (DHS), the Interim Demo-
graphic Health Survey (DHS-I), the Malaria Indicator Surveys (MIS), and the AIDS In-
dicator Surveys (AIS) to compile a detailed data set of birth histories for 833,246 women
and 1,147,543 children.?

Information on child mortality and fertility are derived from these birth histories. In
the DHS, and DHS-I surveys, the women’s questionnaire provides birth histories for all
children born to women in the sample, including the date of birth for all children ever born

2Larval source management only plays a minor role in malaria control in Africa.
3We also include one survey of the Multiple Indicator Cluster Surveys (MICS). MICS questionnaires contain
comparable information on individual and household sociodemographic characteristics as the DHS questionnaires.



and the date of death for deceased children. The MIS and AIS usually include a shorter
birth history module that contains the date of birth for the last five children and data on
whether the children are alive at the interview date.* Because malaria eradication was not
a health policy priority before the creation of the Roll Back Malaria Partnership, we restrict
our sample to surveys and births which occurred beginning in 1999. Overall, the data set
includes 91 surveys from 35 countries and 365 sub-national regions.

3.B  The Malaria Atlas Project (MAP)

Information on malaria prevalence and preventive behaviors come from MAP. Using the
region of residence of households, we are able to merge the birth histories with data on
malaria prevalence rates, ITN usage, and IRS coverage.® MAP uses parasite surveys as
well as environmental data to calculate annual malaria prevalence rates on a 5x5 km grid
using a geostatistical model.® With shape files for each sub-national region given by the
DHS program, we use GIS software to calculate a panel of malaria prevalence rates for
each region in our survey. In instances where regional boundaries in the birth history data
have changed between surveys, we combine regions using maps provided in the public
report of each survey to get consistent regions over time.

We measure malaria prevalence as the Plasmodium falciparum parasite rate (PfPR).
Specifically, our measure of PfPR is PfPR, 10, which represents the percentage of children
between the ages of two and 10 who have measurable levels of the P. falciparum parasite
in their peripheral blood (Gething et al., 2011).” Figure 1 Panel A shows the parasite rate
in the set of countries used in our sample in the year 2000 using the raw MAP data at the
5x5 km resolution. One striking feature of this figure is that there are large variations in
PfPR across space — even in areas where malaria is considered endemic.

In addition to prevalence data, MAP also provides data on ITN usage at the 5x5 km
resolution. We calculate average ITN usage as we did malaria prevalence rates. It also
provides information on IRS and ACT uptake for each country-year. Figure 2 represents
the evolution of ITN usage, IRS, and ACT uptake for the set of countries used in our

4The only exception is the last two MIS surveys in Malawi (2012 and 2014) which only have data on the last
four births.

SA region in our data is a sub-national geographic unit as defined by the DHS. Generally they correspond to
the GEOLEV1 GIS regions of a country, which are usually the first-level administrative region. For example, the
first-level administrative region in the United States is the state, while the second-level is the county. However,
since these sub-Saharan African countries are generally much smaller than the US, the average region size in our
sample is approximately the same size as a US county.

5For Africa, MAP uses total of 27,573 geo-referenced points from literature searches, personal communi-
cations, and household surveys across 43 African countries spanning a time range from 1995 to 2014. Useful
pieces of parasite survey information are the location-time of each survey, the number of individuals tested for
the parasite, and the number of individuals infected with the parasite. The environmental data include rainfall,
temperature, land cover, and urban/rural status. In the geostatistical model, the imputed value of PfPR for a par-
ticular target location is a weighted average of the observed values of PfPR (from the nearby parasite surveys)
and the predicted values of PfPR (computed using the environmental factors). The weights reflect the spatial and
temporal proximity between the target location and the location of the parasite surveys. See Bhatt et al. (2015)
and its supplemental material for more details about the MAP data.

"This is the age group for which the parasite is most easily detected.



analysis between 2000 and 2014. The figure shows a rapid scale-up of access to ITNs and
ACT starting around 2005. IRS rates also increased between 2000 and 2010, but declined
slightly more recently.

Not only is there temporal variation in the scale-up of the ITN distribution campaigns
demonstrated in Figure 2, but there is also spatial variation. Figure 1 Panel B shows the
geographic distribution of ITN usage across the countries in our sample in 2014 from the
MAP data. We do not show the distribution of ITN usage in 2000 because it was zero
everywhere. Therefore, the change in the ITN usage rates from 2000-2014 can be seen by
simply looking at the 2014 usage rates. Evident from the figure, there is a large variation in
the intensity by which regions received ITNs — variation which does not generally correlate
with underlying malaria prevalence. It is this variation — both spatially in Figure 1 and
temporally in Figure 2 — from which our identification strategy is derived.

4 Empirical Specification

4.A Statistical Models

We estimate the effect of antimalarial campaigns on child mortality and fertility in two
ways. First, we use a continuous difference-in-differences model that exploits the re-
gional variation in the timing and intensity of the campaigns, along with variation in pre-
campaign malaria prevalence. This estimation strategy is broadly similar to that used in
Bleakley (2010), Barofsky et al. (2015), Lucas (2010), Cutler et al. (2010), and Venkatara-
mani (2012), among others. The second estimation strategy is a discrete difference-in-
differences model, where instead of using a continuous measure of campaign intensity as a
treatment variable, we simply use a dichotomous variable to indicate whether the malaria
campaign had begun in a given region.

Each method has advantages and drawbacks. As we argue in Section 4.B, the variation
in campaign intensity appears to be a supply shock which is uncorrelated with regional
characteristics such as underlying malaria prevalence or the level of development. If so,
the large increase in regional ITN usage rates can be seen as exogenous, and the continu-
ous difference-in-differences model takes into account this variation in campaign intensity
across regions and over time. This variation is important, since there were considerable
regional differences in ITN distribution intensity. For example, in some regions initial dis-
tributions were followed by a reduction in campaign intensity, whereas in others the dis-
tribution efforts continued to scale up dramatically over time. Using this variation yields a
more precise picture of the effect of ITNs on our outcomes of interest.

However, in spite of the evidence we show in Section 4.B, it may still be difficult for
some to believe that the ITN campaign intensity was truly exogenous to time-variant re-
gional characteristics. Therefore, we also use a discrete difference-in-differences model,
which replaces our continuous ITN intensity variable with a dichotomous variable for
whether the campaign had already started in that region. The advantage to this method is



that the campaign variable is now exogenous to time-variant regional characteristics, and
thus potentially better identified. However, since there were large variations in how the
treatment occurred in each region, a major disadvantage of moving to this simple before-
and-after methodology is a loss of precision. In addition, if the effect of the intervention
changed over time, our estimated effect would only yield the average effect of the distribu-
tion over all time periods after the intervention began.

Specifically, we estimate the following mortality and fertility equations for both the
continuous and discrete difference-in-difference models:

a — ma map mase m ma ma ma ma
I\/Iirt_ 1 ITNpe + 2 Pr ITNpe + Xirt+ L S t+ irt (1)

and

=5

_ fb fhg— VA fh fb b b
jre = 1 ITNt 1+ 5P ITNg 1+ Xig+ ¢+ ¢ + U+ 2

jrt jrt
where M{, is a dummy variable for whether child i in age group a who lived in region r in
year t died during her ath year of life. Similarly Fjbrt is an indicator for whether a woman
J in age group b who lives in region r in year t had a child within the last 12 months.
We estimate five mortality equations, one corresponding to each child’s first five years of
life. Similarly, we estimate four fertility equations corresponding with different phases of
awoman’s fertile years. It should be noted that since we have a yearly panel, our estimates
imply annual hazards of birth or death. Therefore, in our fertility equation a single woman
can enter an age group sample multiple times, one for each year she is in that age group,
before moving on to the next age group sample.

I'T Ny is calculated differently for each of the two types of models we use. For the
continuous difference-in-differences model, it is the fraction of individuals in region r at
time t who report sleeping under an ITN, given in the MAP data. For the discrete model,
it is merely an indicator variable which takes the value of 1 if the campaign was operative
in a region r at time t. We determine the timing of whether a campaign was operative in
a region from country-specific Roll Back Malaria reports, following Apouey et al (2017).
For the fertility equation in both models, we lag the ITN variable by one year, since the
conception of children born this year occurred around nine months earlier.

Also notice that the ITN variable is calculated at the region level. Therefore, we are not
measuring whether the specific child i or woman j slept under an ITN: the interpretation of
this variable should be as the intensity of the ITN distribution campaign in the region, not
the effect of whether the individual actually slept under a bed net. This is intentional: our
intent is to identify the effect of the campaign — including spillover effects — on mortality
and fertility in a region, using average ITN usage as a proxy for campaign intensity. Since
the main effect of the campaigns was to reduce malaria, this is likely a somewhat tedious
distinction, but important to make since we cannot rule out additional effects of the cam-
paigns on mortality and fertility through other channels.2 However, since the purpose of

8For example, if the bed nets also prevented bites from the Tse-Tse fly, interpreting our results as solely
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this paper is to estimate the aggregate mortality effects of campaigns — including general
equilibrium and spillover effects — this is precisely the methodology one should employ.®

P, is our measure of pre-intervention malaria prevalence: PfPR, 1g in the year 2000.
The main parameters of interest in these specifications are on the interaction between
ITNytand Py, or J"2and ;b. If antimalarial campaigns are effective in reducing malaria
mortality among children of age a, then we expect '@ < 0. The signon ;b is ambiguous,
since — as shown in our conceptual framework in the online appendix A — the theoretical
effect of antimalarial campaigns on fertility is itself ambiguous.

The control variables in the mortality equation, X}, include fixed effects for the
mother’s age at birth, birth order fixed effects, and controls for mother’s education, child
gender, urban/rural status, and the number of months in the year before the interview took
place.1® The control variables in the fertility equation, Xifrt, include fixed effects for the
mother’s age, and controls for education and urban/rural status. All regressions also con-
trol for two other malaria reduction interventions — anti-malarial drugs (Artemisinin-based
Combination Therapy or ACT) and indoor residual spraying (IRS), which are given in the
MAP data at the country-year level. Finally, we also control for region and year fixed

effects ( |4, fo 2 and fb) and region specific time trends ("2t and oy,

4.B Ildentification Assumptions

The main econometric concern of our study is the endogeneity of our interaction term. No-
tice that it is not necessary for our identification strategy that the intensity of the campaigns
themselves be exogenous to the average levels of mortality, fertility, or even pre-existing
levels of malaria prevalence in each region, because we have a region fixed effect. This ef-
fect controls for any time-invariant characteristic of a region, including it’s overall level of
development, malaria ecology, whether they generally receive more aid from international
organizations, etc.

In addition to including regional fixed effects, we additionally provide evidence in
Figure 3, Figure 4, and Table B.3 that the ITN distribution was relatively haphazard in
three ways. Specifically, we show that (1) the timing of the ITN distribution campaigns at
the country level was uncorrelated with any observable country characteristics, such as the

the effect of malaria reduction would be incorrect since reductions in mortality from both sleeping sickness and
malaria would be included in our estimates.

9Even if one wanted to estimate the effect of whether a specific individual slept under an ITN, they would not
be able to do so with our data. While the DHS does contain data on whether an individual respondent slept under
a bed net the night before the survey, we do not have an annual panel of such responses, and therefore would
not be able to identify how this variable changed over time. In addition, the individual decision to sleep under
an ITN is highly endogenous, since it is likely correlated with any number of other unobserved individual-level
characteristics which may also explain mortality or fertility.

OControlling for the number of months this way allowed the estimates to be considered annual hazards based
on the calendar year, in spite of differing numbers of months of mortality “exposure”. For example, a child born
in January and interviewed in January would only have had one possible month in which to die in a given year,
while a the same child interviewed the following December would have had twelve. Without this control is would
appear that children born in months far away from the interview date would have higher mortality rates than those
born in months just before the interview month.

11



level of development or pre-intervention malaria prevalence; (2) once the campaigns began
at the country level, the ITN distribution began in every region in that country simultane-
ously, independent of observable characteristics; and (3) the amount of ITNs eventually
received by each region is uncorrelated with the region’s pre-intervention malaria preva-
lence or any other observable characteristic. Beyond establishing the quasi-exogeneity of
the ITN distribution to support our econometric methodology, our finding that the ITN
distribution was so haphazard is interesting by itself.

The two panels in Figure 3 plot ITN usage rates — our measure of campaign intensity
— over time for different regional subsets, relative to the intervention year. Panel A divides
regions in our sample into quartiles of pre-intervention malaria prevalence. This figure is
notable for two reasons. First, if the intensity of the ITN distribution was higher for areas
with more underlying malaria, we should see areas in higher malaria prevalence quartiles
should have received more ITNs, and sooner. We do not. Specifically, the highest three
quartiles groups are essentially identical — each one rising from 0% usage to 16-17% usage
in the intervention year, and evolving almost identically over time. The only quartile group
for which there is a difference is the lowest malaria prevalence quartile, but the difference
is slight — rising to 13% ITN usage from 0% in the first year, and trailing by only a few
percentage points thereafter.

The second notable feature of this figure is how sharp the intervention was. Regions
went from no ITN usage to usage in the mid-teens within one year. It is difficult to image
that such sharp increases were the result of anything but a supply shock, especially given
the fact that these increases coincided exactly with the year of intervention as outlined
in the Roll Back Malaria documents. As a result, we can rule out changes in ITN usage
from demand-side forces, or other slowly evolving region-specific time-variant mecha-
nisms such as changes in regional income or development.

Panel B of Figure 3 is similar to Panel A, but in this case singles out a single country —
Nigeria — for closer inspection.!! Time is measured according to the calendar year instead
of years since the intervention. Each line in the figure represents one of 37 different sub-
national regions in Nigeria.

As before, there are several notable features of this figure. First, as in Panel A it is re-
markable how sharp the intervention was — all regions in the country simultaneously went
from no ITN usage to between 10% and 30% usage within one year. Second, although
each region in Nigeria began receiving ITNs in the same year, there is considerable hetero-
geneity between regions in campaign intensity. This is a general trend across our sample
— each country began receiving ITNs in all regions in the same year, but once a country’s
distribution program began, there was significant regional variation in how the distribu-
tion unfolded. This is consistent with conversations we had with one of the government
ministers in charge of the distribution campaign in Cote D’lIvorie, who said that once the

1\We chose Nigeria since it is the country with the highest aggregate malaria burden worldwide, both due to
its high population and high malaria prevalence. Twenty-five percent of all malaria cases worldwide occur within
Nigeria, which is more than twice as much as the next highest country, the Democratic Republic of the Congo
with 11% (RBM 2018). However, each country in our sample generally shows a similar evolution of ITN usage.
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resources for malaria abatement were received at the national level, they came so quickly
that the NMCP sent them wherever they could be received, without much overall strategy.

Third, the subsequent evolution of the campaign over time strengthens our conclusion
that usage was driven almost exclusively by supply-side effects. For example, ITN usage
peaks one year after the beginning of the national campaign, then begins to decline to about
one-third to one-half of its original level by year three. This is consistent with two supply-
side effects which are well documented in the literature: first, that ITNs usually wear out
or lose their insecticide after about three years, and second, donor fatigue after an initial
push. Once this decline in usage happens, there is usually a second donor infusion which
replaces the worn-out nets, and sometimes expands the program further, as was the case in
Nigeria. This pattern of initial investment, depreciation, and re-investment by international
donors is a well-documented supply-side effect, and happens in approximately half of our
sample countries. The other half experienced consistent and explosive growth in ITNs over
the sample period, leading to the overall pattern found in Figure 3.

Figure 4 shows evidence that the timing and regional variation in campaign intensity
within a country was uncorrelated with malaria prevalence, further demonstrating that the
distribution campaigns were not targeting regions or countries based on their observable
characteristics. Panel A plots regional malaria prevalence in the year 2000 against the year
of intervention. There is no correlation between the timing of the distribution campaigns
and the pre-intervention level of malaria. Panel B is similar, except instead of looking at
the timing of the campaigns, it looks at intensity. The vertical axis measures the regional
level of ITN usage in 2015, plotted against regional malaria prevalence in 2000. As before,
there is no correlation between campaign intensity and malaria prevalence.

Table B.3 presents evidence that the ITN distribution campaigns were also uncorrelated
with other observable characteristics related to economic development. Using our DHS
data, we aggregated nine variables related to economic development to the region level,
and regressed the intervention year on these variables to determine whether regions which
were less developed received ITNs sooner. We find no systematic evidence that regional
development mattered for the timing of the ITN distribution.?

One identification issue for the continuous difference-in-differences model is if policy
makers systematically assigned more nets to regions where mortality or fertility were al-
ready changing faster — violating the parallel trends assumption. This is difficult to test
directly in the continuous model. We address this concern in three ways. First, we in-
clude region-specific time trends in all our specifications. Second, we show the discrete
difference-in-differences model results as robustness. Third, using the discrete model, we
run a modified “Autor test” based on Autor (2003) to formally test for parallel trends in
the pre-period.1® We present these results in Section 5.B, which find evidence for parallel

12\We performed a similar regression at the country level and also found no effect. However, that regression
only had 35 observations, so finding no effect is perhaps unsurprising.

13To do this, note that traditionally to test for parallel trends one would visually compare the pre-intervention
trends between regions which eventually received the intervention and those which did not. However, that requires
a discrete treatment and a single control group, whereas in our analysis both the treatment and control groups are
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trends.

A final concern is whether the ITNs were distributed in conjunction with other inter-
ventions which reduced mortality. This is especially important, since bed nets are often
distributed during antenatal or other health clinic visits. To test for this, we run our main
specification using vaccinations and antenatal care visits as the dependent variable to test
whether the ITN distribution led to higher takeup for these other interventions. As dis-
cussed in the results below, we find no correlation between ITN distribution intensity and
usage of these other preventive health interventions, which is consistent with the fact that
only 8% of ITNs are distributed at antenatal care facilities (RBM 2019).14

5 Results

5.A The Effect of Campaigns on Mortality and Fertility

Table 1, Panel A reports our estimates of the effect of the campaigns on child mortality
using our continuous difference-in-differences model. The columns contain results for dif-
ferent age groups: children born 0-12, 13-24, 25-36, 37-48, and 49-60 months before the
interview. The interaction term between malaria prevalence and ITN usage is our coeffi-
cient of interest.

Our raw regression coefficients are difficult to interpret directly. For example, the
coefficient on the interaction term shows the percentage point increase in the annual hazard
of death if ITN coverage was 100%, and malaria prevalence was also 100%. Neither
are true for any region in our sample. In order to aid in interpreting our raw regression
coefficients for a more realistic scenario, at the bottom of each table we report a row entitled
“Intervention Effect”, which converts our regression coefficient on the interaction term into
a percentage change from the mean, under the assumption of the mean level of malaria
prevalence in a region (approximately 40%)%°, and a change in ITN usage from 0 to 50%
(similar to the mean increase in ITN usage over the sample period, as given in Figure 2).
Therefore, we reduce the size of the coefficient by a factor of approximately 0:4 0.5 =
0:2, and then divide that percentage point change by the mean level of mortality in that
age group to get the estimated effect of the entire ITN distribution campaign as a percent

continuous variables for our continuous model, while only the control group is continuous in the discrete model.
There is no formal test of parallel trends for the continuous model. However, for the discrete model a commonly
used technique is to allow triple interactions with the leads and lags of the treatment in the regression equation. If
the regression coefficients on the triple interactions are zero for periods before the intervention, then the parallel
trends assumption is satisfied. In addition, the coefficients on the post-periods show how the treatment phases in
over time. See Autor (2003) for an example.

4While this may seem to indicate there is in fact no bundling of services, it is more likely that it is a zero
net effect of bundling and crowding out — ITNs may be bundled with other interventions when they are received,
but health clinics which receive more ITNs may receive less vaccines and other resources as policy makers try to
distribute resources across clinics.

15The average prevalence is not precisely 40% for all regressions: it is calculated separately for each different
regression, based on the subset of observations used for that regression. However, it is never more than 1 or 2
percentage points different from 40%.
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change from the mean. For example, in Column (1), the coefficient on the interaction term
is -0.016, the mean malaria prevalence in this subset was 41.32%, and the overall mortality
hazard for this age group is 7.1%. Therefore, we calculate 0:016 0:5 0:4136=0:071 =

0:04656, meaning the ITN distribution campaign in the average region reduced infant
mortality by 4.656 percent, as reported at the bottom of Column (1). Similarly converted
standard errors are reported in parentheses under each interpreted coefficient.

The 4.656 percent decline in infant mortality is not statistically significant. However,
for children 13-24 and 25-36 months, there is a strong negative impact of ITN distribution
on mortality — 23.35% and 47.27% respectively. These results are consistent with evidence
from the biological literature which shows that children in their second and third year are
most at risk for malaria.'® For children 37-48 and 49-60 months, the effects are less nega-
tive (16.25% and 7.38% respectively), however they are no longer statistically significant,
also consistent with the biological literature as children of this age begin to acquire partial
immunity. Using these interpreted changes in the annual hazard of death, we can calculate
the effect of the ITN campaigns on the probability of surviving to age five. According to
our estimates, the probability of dying from any cause before age 5 fell from 10.5% to
9.3% solely as a result of the ITN campaigns, a decline of 11.5%.

Table 1, Panel B reports our estimates of the effect of the ITN distribution on fertility.
In the columns, we report the results by mother age groups, allowing us to interpret our
results as changes in the age-specific fertility rate. As before, our coefficient of interest
is on the interaction term between malaria prevalence and ITN usage. This coefficient is
positive and significant at the one percent level for every age group except 15-19, where it
is significant at the 5 percent level. Looking at our interpreted results at the bottom of the
table, we find that the ITN distribution campaigns increased age-specific fertility rates by
between 11-15% for all age groups except for the oldest women, where they increased by
over 30%. Overall, this implies an increase in the total fertility rate of 0.71 children per
woman, an increase of 13.8 percent on a base of 5.12 children.

Table 2 reports similar results to Table 1, except this time we allow heterogeneous
effects for socioeconomic status. Specifically, we now include a triple-interaction between
our original interaction term and a dummy variable for whether a woman has not received
a primary school education. This table yields two interesting findings. First, it shows that
the majority of the reduction in child mortality occurred among children of uneducated
mothers. For example, while we previously calculated the ITN distribution led to an overall
reduction in the probability of death before age five of 11.5%, this masks a decline of
16.6% for children of women without a primary education, compared with a decline of
just 4.5% for those with. Second, it shows that the increase in fertility was concentrated
among women with higher socioeconomic status: the 0.71 increase in the total fertility rate
can be decomposed into a 0.34 increase for women without a primary education and 0.99

16Children gain partial malaria immunity from the disease for approximately the first 6 months of life via
maternal immunoglobulin G (1gG) antibodies acquired in utero. In addition, partial immunity during the first year
may be gained through parasite growth-inhibitory factors such as lactoferrin and secretory IgA found in breast
milk (Doolan et al., 2009).
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for those with. In fact, the only age group of women which shows a statistically significant
increase in fertility as a result of the intervention is the oldest group, aged 40-44.

Tables 3 and 4 repeat the analysis of Tables 1 and 2, but for our discrete difference-in-
differences model. Since we do not use variation in ITN usage in this model, we expect
the estimated coefficients to be only a fraction of the continuous difference-in-differences
model for two main reasons: first, the ITN campaigns didn’t achieve 50% coverage imme-
diately, but rather on average between 15-20%; and second because ITN usage faded over
the first several years after the initial intervention in half of the regions. Our results bear out
this prediction. However, all our major findings in Tables 1 and 2 are also found in Tables
3 and 4: we find that the intervention had a significant negative effect on child mortality,
particularly among children ages 13-24, and that there was a positive effect on fertility.’
In addition, the negative mortality effects are more pronounced among children of women
without a primary education, whereas the positive fertility effects are more pronounced
among women who do. However, the magnitudes are much smaller — the mortality effects
are -1.4% and -8.1% for the educated and uneducated respectively, compared with -4.5%
and -16.6% in the continuous model. Similarly, total fertility rates increase by 0.23 for the
educated and actually decline by 0.2 for the uneducated, compared with increases of 0.99
and 0.34 in the continuous model.

5.B Identification, Dynamic Effects, and the Autor Test

As noted in Section 4.B, there are several threats to the credibility of our estimates. One
concern was that regions which received more ITNs also received more of other interven-
tions which affected infant mortality or fertility directly, such as vaccines or antenatal care.
To test this, we re-estimate our main specification using several health behaviors not di-
rectly affected by bed net usage as our new dependent variables. Specifically, we use a
dummy for whether the child has received a visit from a health care worker in the last 12
months, whether the child has been given full vaccination of BCG for tuberculosis, DPT
(for diphtheria, pertussis, or tetanus), or either of those two vaccines. The results of the
falsification test are given in Appendix Table B.4. We find no effect on the interaction term
in any of our regressions. This suggests that instead of being complements, ITNs and other
health interventions are either uncorrelated.

Another concern mentioned in Section 4.B was the assumption of parallel trends. We
presented several possible checks for this assumption, one of which we called an ”Autor
Test” based on Autor (2003). The idea behind this test is to allow triple interactions with
the leads and lags of the treatment in the discrete regression equation model, and if the
regression coefficients on the triple interactions are zero before the intervention, then the
parallel trends assumption is satisfied. However, an additional benefit of this test is that it
allows us to show how the treatment effect phases in over time by looking at the coefficients

"The only notable difference between the results of the two models is that although both find overall increases
in fertility, the discrete model finds significant increases for two of the four age subgroups, whereas there is an
increase for all groups using the continuous model.
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on the triple interaction in the post-period.

We show the results of the Autor test both for our mortality and fertility regressions
using the discrete model in Figures 5 and 6 respectively.l® The triple interaction corre-
sponding with the year just preceding the intervention is omitted to serve as a reference.
As we see in the infant mortality (0-12 months) Autor test in Figure 5, the trend in the years
preceding the intervention are flat and insignificant. However, in the intervention year the
effect turns negative, and is significant at the 5% level. The effect remains negative in the
year after the intervention (albeit only at the 10% level), and in insignificant thereafter.
There are several possible interpretations of this finding. The first is a reverse harvesting
effect — the intervention happens, saving lives. However, a fraction of those children end
up dying from other causes later, mitigating the effect. The second interpretation is that
after the initial distribution, the number of ITNs depreciated (as shown above), and the
mortality effects were thereby mitigated. In this case, one would prefer the continuous
difference-in-differences model since that variation would have been used to inform the
estimate, whereas here they are not.

The Autor test for fertility among the educated shown in Figure 6 is even more stark
than Figure 5. As before, the pre-trend is insignificant, while the effect on fertility in the
intervention year is very positive and significant.’® As with the mortality results, the effect
goes away after 1 year, but interestingly become negative 3 years after the intervention.
In this case, there are three interpretations. The first two are the same as for mortality:
a harvesting effect, and as a consequence of the depreciation of initial infusion of ITNs.
However, the third interpretation is a tempo vs. quantum effect: perhaps the ITN distri-
bution induced women to have more births now, but did not change the number of overall
births they intended to have. In this case, women simply shifted the same number of births
forward, leading to more births today and less in the future. Therefore, it is important to
view our positive fertility results as short run, one year effects, rather than the effect on
completed fertility.

6 Summary of Additional Appendix Results and Dis-
cussion

6.A Additional Appendix Results

Online Appendix B contains information on our sample, multiple robustness and falsifi-
cation checks of our results, as well as testing for heterogeneous effects on different sub-
populations. More importantly, however, are ten tables which report results attempting to
explain our previously-reported findings.

In the appendix, we rerun our continuous difference in differences model on variables

18The Autor test for additional groups are found in Figures B.2-4 in the Online Appendix B
19Remember that in reality this is one year after the intervention, because these variables are lagged one year in
order to account for a 9-month gestation period.
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describing as many of Bongaarts’ proximate fertility determinants as possible (Bongaarts,
1978). In this way, we hope to see how the ITN distribution affected important determi-
nants of fertility, which could inform our interpretation. Specifically, we estimate the effect
of the campaigns on the number of women reporting to be sexually active, contraceptive
use, and terminations.?® We then estimate the effect on fertility preferences (whether a
woman wants more children), birth intervals, and sex ratios at birth (an indicator for spon-
taneous terminations).

In Appendix B, we find that the number of women who reported being sexually active
increased, along with contraceptive usage, while the number of women reporting want-
ing more children decreased. All other variables did not see any statistically significant
effects.?! It is important to note that many of these variables were measured at the time
of the survey, not the time of the intervention.?? As a result, these findings can be inter-
preted in multiple ways. For example, consider the finding that women were less likely to
reported wanting additional children after the intervention. First, one may assume that the
ITN distribution lowered fertility preferences, and therefore the increase in fertility was not
intended. However, it could also be the case that the ITN distribution induced women to
have children earlier, who then later reported that they wanted no more children, because
they already had them as a result of the ITN distribution.

6.B Potential Explanations of our Results

Given our findings in this article, we identify four possible theoretical explanations for our
results. These explanations are not mutually exclusive. Distinguishing between them is
an important topic for future research, but difficult to do in this analysis given the limita-
tions and structure of our data. Below we discuss each one, and discuss the strengths and
weaknesses of each theory.

The first theory is that the ITN distribution campaigns lowered the cost of childbearing,
inducing them to choose higher fertility as a result of a standard Beckerian fertility model
shown in Online Appendix A. Although possible, this answer is somewhat problematic
since it predicts an increase in completed fertility, in contrast with our finding of a reduced
desire for additional children after the ITN campaigns. In addition, our Autor test indicates
that the change in fertility may be the result of a temporary tempo effect. Therefore, this
explanation seems less likely.

A second hypothesis is a pure tempo effect — women may chose to have children sooner

20Bongaarts used marriage rates as a proxy for the extensive margin of sexual activity. We do not have infor-

mation on post-partum infecundity.

2L Many of the dependent variables produced sizable results, but unfortunately these estimates were very noisy.
For just one of many examples, we found that the fraction of males born increased by 0.158 percentage points,
which indicates a drop in spontaneous terminations, and could suggest that fertility rose due to lower rates of
miscarriage and improved fecundity. However, this effect is quite large relative to the literature (Bruckner and
Catalano, 2007; Catalano et al., 2009; Wilde et al. 2017; McLaren et al. 2019; Wilde 2019) — the standard error

surrounding this estimate is just very large.

22\We have a panel of ITN usage, mortality, and fertility, but not a panel of responses to all the supplementary

questions by individual.
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due to the better health environment from the ITN distribution. This is consistent with
the results from the Autor test. This could also be consistent with our results on desired
fertility, if women reported not wanting more children because they had them earlier as a
result of the ITN distribution.

A third explanation is an unexpected increase in fecundity due to the improved health
environment from the ITN campaigns. We find suggestive evidence in Appendix B that
fecundity improved. For example, Table B.15 demonstrates that the increases in fertility
were concentrated among underweight (i.e. less healthy) women. However, Table B.14
shows that increases in fertility were larger for women who were not anemic (i.e healthy),
which is the opposite of the general result from Table B.15. These results could be rec-
onciled by noting that Apouey et al (2017) found that anemia rates fell as a result of the
campaigns, which means more there were less women with anemia, who were then more
able to have children. However, the evidence for the fecundity channel using our data is
not fully conclusive. If women wanted to become pregnant and were now more physically
able to do so, then this could lead to higher fertility. Lucas (2013) also finds a positive
effect of malaria eradication on fertility in Sri Lanka, and suggests that the fecundity effect
is a primary mechanism through which this occurs.?

However, the explanation presents a puzzle since we find that preferences for more
childbearing fell as a result of the campaigns. If women can take action to prevent preg-
nancy, then increased fecundity may not translate to higher fertility. This suggests that if
fertility rose because of increased fecundity, it may have been unintentional. One mech-
anism by which this could occur is if women lack information about the improved health
environment and its effect on their fecundity. This hypothesis could also explain why fer-
tility rose only for the educated group: if all women experience a positive fecundity shock,
yet that same health shock reduced child mortality predominantly among women with no
education, the negative fertility effect of reduced child mortality could blunt or even domi-
nate the positive fecundity effect, leading to an increase in fertility for the educated but not
the uneducated.

Another variation on this hypothesis is that women experienced a positive fecundity
shock, but were not able to fully control their fertility due to a lack of empowerment,
unmet need for contraception, or other social considerations. However, these explanations
are less salient since we test for heterogeneity for these groups in Appendix Tables B.12
and B.13, and find that the increases in fertility are concentrated among women with high
levels of empowerment and without an unmet need for contraception — also consistent with
our finding that fertility is higher for the educated.

The fourth explanation is an increase in sexual activity after the ITN distribution cam-
paigns. There are two possibilities as to why this occurred. First, as mentioned previously
there may have been an increase in the number of women who wanted to have children

23 As evidence for her claim, she draws from the epidemiological literature on malaria which demonstrates the
effects of malaria on stillborn births and miscarriage are higher for women experiencing their first pregnancy than
higher order pregnancies. In her paper, she finds that malaria eradication increased survival among first-born
children, suggesting malaria infections are an important channel by which reductions in malaria increases fertility.
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immediately after the beginning of the campaigns, which led women to increase their sex-
ual activity. The other explanation is that the reduction in malaria after the campaigns led
more individuals to engage in sexual activity simply because they felt less sick and had
higher libido, and not because they were intending to have more children.

7 Conclusion

Using a large data set of birth histories combined with information on ITN usage and
malaria prevalence, we estimate the effect of the rapid increase in ITN usage in sub-Saharan
Africa on child mortality and fertility. We find that bed nets have been effective in their
goal of reducing child mortality for children ages 1 to 3. We also find that the introduction
of ITNs has a positive impact on fertility for educated women in the short run.

Although our paper explores the reduced-form effect of bed nets on mortality and fer-
tility, we cannot causally determine the effect of the reduction on child mortality on fertility
directly since the ITN distribution campaigns also affected general health, which could af-
fect fertility directly. This relationship forms an integral part of many theories of fertility
decline. We explore the mechanisms which drove the fertility increase by looking at prox-
imate determinants of fertility change, and the heterogeneity of the positive fertility effects
among subgroups.

Our explanations for why this may have happened fall into two groups: first, that the
increases in fertility were intentional, but that these changes were temporary and only
induced a tempo effect; and second, that the increases in fertility were unintentional and a
result of increased fecundity and sexual activity due to the better health environment.

Our findings on child mortality strengthen the arguments made by the WHO for an
increase in funding for disbursements for malaria control. After rising from $100 million
in 2000 to $3.1 billion in 2017, international donations for malaria control have stagnated
over the past several years (RBM 2018). There is a sense that donor fatigue may threaten
the funding for the continued distribution of malaria control commodities. According to
the Roll Back Malaria Partnership, an estimated US$ 6.6 billion is needed every year by
2020 to achieve only the first two Global Technical Strategy (GTS) milestones set by the
WHO (RBM 2019). Current funding is less than half of this level, and progress in the fight
against malaria seems to have stalled: after sustained decreases in malaria incidence from
2000 and 2015, from 2015-2018 the incidence rate has remained flat (RBM 2018).

In contrast, our findings do not support the contention that erosion of international
funding for malaria control, specifically of ITNs, would lead to higher fertility rates in
the short-run. While our results are suggestive that this may be the case for long-run
fertility, we show the exact opposite for the short-run. Inasmuch as higher fertility rates
are associated with lower educational achievement, higher maternal mortality, and lower
income per capita, our results suggest that programs which aim to reduce child mortality be
coupled with health, education, and family planning services in order to blunt the possible
deleterious effects of increased population growth in the short run.
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Table 1: Malaria Control Effects on Mortality and Fertility

(€ @) @) 4) ®)

Panel A. Child Mortality
Months Since Birth 0-12 13-24 25-36 37-48 49-60
Dependent Variable Death Death Death Death Death
Mean of Dependent Variable 0.0714 0.0224 0.0076 0.0041 0.0029
ITN -0.0309*** -0.0026 0.0099*** 0.0023 -0.0009

(0.0090) (0.0051) (0.0028) (0.0022) (0.0024)
Malaria Prev. in 2000 * ITN -0.0160 -0.0252**  -0.0173*** -0.0032 -0.0010

(0.0183) (0.0111) (0.0050) (0.0036) (0.0041)
Observations 1,147,542 1,021,288 868,009 736,594 611,217
R-Squared 0.014 0.013 0.004 0.002 0.002
Intervention Effect (% from Mean) -4.656 -23.35** -47.27%*%* -16.25 -7.376

(5.334) (10.23) (13.62) (18.28) (29.96)

Panel B. Fertility

Woman’s Age All 15-19 20-29 30-39 40-44
Dependent Variable Birth Birth Birth Birth Birth
Mean of Dependent Variable 0.184 0.121 0.235 0.188 0.0856
ITN -0.0057 -0.0112 -0.0503* -0.0451* -0.0501**
(0.0170) (0.0169) (0.0260) (0.0239) (0.0206)
Malaria Prev. in 2000 * ITN 0.1155***  0.0701**  0.1383***  (0.1351***  (.1366***

(0.0299)  (0.0345)  (0.0515) (0.0478)  (0.0441)

Observations 5,904,107 1,362,706 2,438,572 1,632,916 469,913
R-Squared 0.0497 0.0834 0.0279 0.0269 0.0249

Intervention Effect (%  from Mean) 12.56*** 11.50** 11.76%** 14.50*** 31.77%**
(3.251) (5.664) (4.378) (5.131) (10.25)

Notes: In Panel A, the dependent variable is an indicator for whether a child ever born was alive in a given age range based on the DHS birth
histories. In Panel B, the dependent variable is an indicator for whether the woman had a live birth within the last 12 months for a given
woman-year, for each age group. All regressions include year fixed effects, region fixed effects, region time trends, and a set of individual
controls as outlined in Section I11. ITN refers to the fraction of individuals in a region which reported sleeping under an ITN. “Intervention
Effect” is the percentage effect from the mean of the dependent variable of an increase in ITNs of 50 percentage points (the average increase
between 2000 and 2015 in our data) evaluated at the mean level of malaria prevalence (approximately 40 percent). Standard errors clustered
at the region level in parentheses. *** p<0.01, ** p<<0.05, * p<<0.1.
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Table 2: Heterogeneous Mortality and Fertility Effects by Education

(@) )] ®) (4) ®)
Panel A. Child Mortality
Months Since Birth 0-12 13-24 25-36 37-48 49-60
Dependent Variable Death Death Death Death Death
Mean of Dependent Variable 0.0714 0.0224 0.0076 0.0041 0.0029
ITN -0.0304*** -0.0004 0.0114*** 0.0020 -0.0002
(0.0092) (0.0049) (0.0029) (0.0021) (0.0022)
Malaria Prev. in 2000 * ITN 0.0085 -0.0175*  -0.0146*** -0.0022 0.0002
(0.0188) (0.0102) (0.0054) (0.0040) (0.0039)
No Education 0.0048* 0.0032** 0.0016* 0.0009 0.0005
(0.0024) (0.0014) (0.0009) (0.0007) (0.0007)
Malaria Prev. in 2000 * No Education 0.0127** 0.0041 0.0027 -0.0010 0.0010
(0.0052) (0.0032) (0.0020) (0.0015) (0.0016)
ITN * No Education -0.0032 -0.0063 -0.0041 0.0006 -0.0018
(0.0087) (0.0050) (0.0032) (0.0027) (0.0024)
Malaria Prev. in 2000 * ITN * No Edu -0.0451** -0.0120 -0.0031 -0.0022 -0.0016
(0.0184) (0.0107) (0.0070) (0.0053) (0.0048)
Observations 1,147,542 1,021,288 868,009 736,594 611,217
R-Squared 0.015 0.013 0.005 0.003 0.002
Educated Intervention Effect (% from Mean) 2.474 -16.20* -39.97*** -11.30 1.268
(5.469) (9.424) (14.72) (20.16) (28.73)
Uneducated Intervention Effect (%  from Mean) -10.67* -27.32*%* -48.55*** -22.51 -10.13
(6.478) (13.12) (18.72) (25.92) (40.89)

Panel B. Fertility

Woman’s Age All 15-19 20-29 30-39 40-44
Dependent Variable Birth Birth Birth Birth Birth
Mean of Dependent Variable 0.184 0.121 0.235 0.188 0.0856
ITN -0.0161 -0.0124 -0.0772***  -0.0612***  -0.0457**
(0.0176) (0.0168) (0.0266) (0.0234) (0.0200)
Malaria Prev. in 2000 * ITN 0.1739** 0.1104***  0.2144***  (.1868***  0.1201***
(0.0301) (0.0334) (0.0511) (0.0465) (0.0427)
No Education 0.0451***  0.0809***  0.0398***  0.0204***  0.0150***
(0.0045) (0.0072) (0.0052) (0.0051) (0.0035)
Malaria Prev. in 2000 * No Education -0.0001 0.0079 0.0109 0.0052 -0.0010
(0.0094) (0.0148) (0.0110) (0.0106) (0.0081)
ITN * No Education 0.0317** -0.0213 0.0725*** 0.0346** -0.0076
(0.0142) (0.0175) (0.0183) (0.0176) (0.0176)
Malaria Prev. in 2000 * ITN * No Edu -0.1400***  -0.0940**  -0.1869***  -0.1025*** 0.0285
(0.0279) (0.0374) (0.0355) (0.0342) (0.0362)
Observations 5,904,107 1,362,706 2,438,572 1,632,916 469,913
R-Squared 0.0497 0.0835 0.0280 0.0269 0.0249
Educated Intervention Effect (% from Mean) 18.90%** 18.11%** 18.22%** 20.05%** 27.93***
(3.277) (5.478) (4.343) (4.994) (9.936)
Uneducated Intervention Effect (%  from Mean) 3.68 2.69 2.34 9.04 34.55%**
(3.998) (8.123) (5.047) (5.998) (12.06)

Notes: In Panel A, the dependent variable is an indicator for whether a child ever born was alive in a given age range based on the DHS birth
histories. In Panel B, the dependent variable is an indicator for whether the woman had a live birth within the last 12 months for a given
woman-year, for each age group. All regressions include year fixed effects, region fixed effects, region time trends, and a set of individual
controls as outlined in Section 111. ITN refers to the fraction of individuals in a region which reported sleeping under an ITN. “No Educ” or
“Uneducated” refers to women who have not completed primary school, while “Educated” refers to women who have. “Intervention Effect”
is the percentage effect from the mean of the dependent variable of an increase in ITNs of 50 percentage points (the average increase between
2000 and 2015 in our data) evaluated at the mean level of malaria prevalence (approximately 40 percent). Standard errors clustered at the
region level in parentheses. *** p<0.01, ** p<<0.05, * p<<0.1.
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Table 3: Malaria Control Effects on Mortality and Fertility: Indicator

(@) @) (©) 4) (®)

Panel A. Child Mortality
Months Since Birth 0-12 13-24 25-36 37-48 49-60
Dependent Variable Death Death Death Death Death
Mean of Dependent Variable 0.0714 0.0224 0.0076 0.0041 0.0029
ITN -0.0019 0.0006 0.0009 -0.0004 -0.0007

(0.0024) (0.0016) (0.0007) (0.0005)  (0.0005)
Malaria Prev. in 2000 * ITN -0.0071 -0.0075** -0.0019 0.0012 0.0011

(0.0051) (0.0035) (0.0016) (0.0011)  (0.0011)
Observations 1,147,542 1,021,288 868,009 736,594 611,217
R-Squared 0.014 0.013 0.004 0.002 0.002
Intervention Effect (% from Mean) -4.147 -13.96** -10.23 12.53 16.51

(2.994) (6.443) (8.688) (10.73)  (15.49)

Panel B. Fertility

Woman’s Age All 15-19 20-29 30-39 40-44
Dependent Variable Birth Birth Birth Birth Birth
Mean of Dependent Variable 0.184 0.122 0.235 0.187 0.0854
ITN 0.0024 0.0057 -0.0037 0.0032 0.0003
(0.0048) (0.0042) (0.0067) (0.0056)  (0.0047)
Malaria Prev. in 2000 * ITN 0.0073*  -0.0096**  0.0185*** 0.0043 0.0082*

(0.0044)  (0.0044) (0.067)  (0.0054)  (0.0047)

Observations 5,813,609 1,340,270 2,399,614 1,609,224 464,501
R-Squared 0.0496 0.0832 0.0279 0.0269 0.0249

Intervention Effect (% from Mean) 1.580* -3.166** 3.162%** 0.933 3.836*
0.957 1.462 1.141 1.159 2.231

Notes: In Panel A, the dependent variable is an indicator for whether a child ever born was alive in a given age range based on the DHS birth
histories. In Panel B, the dependent variable is an indicator for whether the woman had a live birth within the last 12 months for a given
woman-year, for each age group. All regressions include year fixed effects, region fixed effects, region time trends, and a set of individual
controls as outlined in Section I11. ITN 