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Abstract
Reducing the global health burden of malaria is complicated by weak reporting systems for
infectious diseases and a paucity of vital statistics registration. This limits our ability to predict
changes in malaria health burden intensity, target antimalarial resources where needed, and
identify malaria impacts in retrospective data. We refined and deployed a temporally and
spatially varying Malaria Ecology Index (MEI) incorporating climatological and ecological data
to estimate malaria transmission strength and validate it against cross-sectional serology data
from 39,875 children from seven sub-Saharan African countries. The MEI is strongly associated
with malaria burden; a one standard deviation higher MEI is associated with a 50-117% increase
in malaria risk and a 3-5 g/dL lower level of Hg. Results show that the relationship between
malaria ecology and disease burden is attenuated with sufficient coverage of insecticide treated
nets (ITNs) or indoor residual spraying (IRS). Having both ITNs and IRS reduce the added risk
from adverse malaria ecology conditions by half. Readily available climate and ecology data can
be used to estimate the spatial and temporal variation in malaria disease burden, providing a
feasible alternative to direct surveillance. This will help target resources for malaria programs in
the absence of national coverage of active case detection systems, and facilitate malaria research

using retrospective health data.

1. Introduction

Malaria remains the fourth leading cause of death for children under five in low income

countries, and despite an aggressive increase in resources for malaria control still infects
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approximately 200 million people every year, killing an estimated 438,000 in 2015."% In
addition to the direct mortality and morbidity burden of malaria, recent research has broadened
our understanding of malaria's full social and economic costs, including reduced adult
productivity, higher poverty, and enduring effects on children's cognition, school absenteeism

and literacy.>®

Disease surveillance is the backbone of public health systems. Ideally, researchers and
public health agencies would have precise measurements of malaria burden using case data;
however, much of the developing world continues to have weak reporting systems for infectious
disease and often lacks vital statistics registration.”® This is particularly true in sub-Saharan
Africa, which shoulders the largest malaria burden. At a global level only an estimated 10% of
cases are detected, and different methods have led to large discrepancies in estimates of the
global malaria burden.?”**? Studies have begun using high spatial resolution data to model
parasitaemia and the effects of malaria interventions, as well as to estimate placental and child
infection risk in the absence of reliable case data.**™® Social scientists have proxied for malaria
burden using the ecological suitability for disease transmission, while epidemiologists have
employed these ecological models to quantify the effects of climate change on malaria

transmission, 1619

This paper constructs and validates a new time-varying version of a Malaria Ecology
Index (MEI) of transmission strength as an alternative measure based on readily observed
variables that can be employed when direct disease counts are not feasible. Many of the places
where surveillance is difficult are the same places where public health challenges are greatest.
We evaluated the usefulness of this updated MEI in contexts without case data by testing its

performance against children's serology from all available geolocated data from the Malaria
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Indicator Survey (MIS) of the Demographic and Health Surveys (DHS), a sample of 39,875
children from 18 surveys taken in seven sub-Saharan African countries. Results demonstrate that
the MEI is strongly associated with malaria infection and hemoglobin at time of survey. We
leveraged the large sample size and variation in our data to show that this predictive relationship
remains in place when comparing only sites within the same country, and even within the same
subnational administrative region. We further show that the relationship between disease ecology
and disease burden is attenuated by sufficient coverage of both insecticide treated nets (ITNSs)
and indoor residual spraying (IRS), highlighting how public health efforts can break the link

between environment and disease.

2 Methods

2.1 Malaria Ecology Index

We refined a previously published Malaria Ecology Index (MEI) that combines
retrospective climatological and ecological data with models of the disease’s epidemiological
dynamics, in particular the interaction of climate with the dominant properties of local Anopheles
species determining vectorial capacity, to construct a spatially-and temporally-varying measure
of the stability of malaria transmission.” The index was constructed for every month on a 0.5
degree spatial grid (around 50km at the equator), and has been shown to vary with malaria

incidence and mortality in aggregate data."’

Previous work identified a dominant Anopheles species for each spatial zone, and for
each month.?® For vectors that breed mainly in temporary water, a minimum precipitation
threshold of 10mm per month, lagged one month, was used to judge when the vector would be
present in the site during a given month. The MEI formula incorporates the effects of ambient

temperature on the force of transmission, as expressed through the length of the extrinsic
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incubation period, excluding terms for mosquito abundance, vector competence, or recovery rate

for infected people:

2 ur
MEI,,, = 2tmPim (1)

—Inp;m

In the equation above, the malaria ecology index in grid cell i in month m is a function of
the proportion of bites a that the dominant vector in that location and month exacts on humans,
the daily survival rate p of the vector, and the sporogony rate r in days. We modified the original
index to incorporate pernicious effects of higher temperatures on parasite development.t” The
optimal rates of development for P. falciparum and P. vivax occur at 23-24°C, whereas the
development rates begin to decrease beyond 31°C for P. falciparum and 29.8°C for P. vivax. The
new MEI differs from previous versions in that it uses the following equation for sporogony as a

function of temperature:**

N v v ey ) B
1+exp[ 1,937 (288.85_F)]+ex [1.98? (SOE.QO_F}]

The average MEI for 2006-2014 is mapped in Figure 1, constructed using monthly precipitation

and temperature data from the University of Delaware.?
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Figure 1:1980-2010 Average Malaria Ecology Index
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Map created on February 8, 2016

2.2 The Malaria Indicator Surveys

The MIS are implemented in a subset of malarious countries in the DHS.' Interview
targets are women between the ages of 15 and 49 and their children, selected randomly using
stratified sampling to be representative at the national level. The MIS collects malaria-relevant
data such finger prick biomarker testing for children's malaria (using Rapid Diagnostic Testing in
the field and microscopy in lab) and anemia (using the HemoCue analyzer), ownership and use
of ITNs, and presence of IRS. In order to match each child to local malaria ecology, we limited
our analysis to the MIS survey clusters that are geolocated, as mapped in Appendix Figure 2. Our
data therefore include 18 surveys that cover Angola, Burundi, Liberia, Madagascar, Malawi,
Nigeria and Uganda, with each country receiving between one and four surveys between 2006-

2015. Excluding those not tested for malaria, our data includes 39,875 children in 1,943

'DHS data and documentation are available at http://www.dhsprogram.com/data
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sampling clusters spread across 62 administrative units. Of these children, 28.8% tested positive
for malaria and 57.7% had some level of anemia (Hb below 11.0 g/dL). 47.3% of the children
were sleeping under an ITN, and 19-8% of the homes had been sprayed with IRS over the last 12

months.
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Figure 2: Malaria Indicator Survey Cluster Locations
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Source: DHS, Lysenko (1968)
Map created on January 9, 2016

Map shows distribution of MIS cluster locations in study sample, as well as the malaria endemicity level according to Lysenko (1968).

2.3 Study Design

We used the date of the DHS interview and the geolocation information of the sampling
clusters to link the child data to the gridded malaria index for that month. Note that the DHS
protects confidentiality by displacing geolocation information by 0-2 km in urban areas and 0-5
km in rural areas (with 1% of the data displaced 0-10 km).?® However, the MEI is constructed at

50km resolution, assuaging concerns about misassignment bias due to geolocation displacement.

2.3.1 Ecology, Malaria Infection and Anemia

We tested the association between malaria outcomes (infection and hemoglobin levels)

and MEI values by estimating the following model:

Mimy = Bo + ﬁlMEIImy Tty + Sy T Enmy (3)



119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

M is a binary variable coded as 1 if child i living in location | tests positive for malaria when the
survey was conducted in month m of year y. In a second set of specifications, M represents the

child's hemoglobin. f; measures the association of malaria ecology with these two measures of

malaria outcomes.

Variables omitted from this specification could be correlated with both malaria outcomes
and ecology, confounding our estimates of 3,. If, for example, public health systems are weaker
in warmer countries for reasons unrelated to malaria, then the higher malaria incidence in
warmer locations might be erroneously attributed to ecology. We addressed this problem by
including indicator variables for each country (y,), thus only comparing clusters within the same
country (or, in an even stricter specification, within the same subnational administrative region).
Likewise, spurious correlation could occur if a trend in climate generated a trend in the MEI, and
if financing for antimalarial programs increased over the period. We used indicator variables for

each year (6,) to flexibly absorb global trends in the variables and attenuate any such spurious

correlation.

We visually examined the relationship between MEI and malaria outcomes using locally
smoothed polynomial plots, including a semiparametric version that partials out country
indicator variables so that estimation only uses DHS clusters within the same country. We then
used a logit regression model to estimate the association of MEI with malaria infection among
children under 5, followed by ordinary least-squares regression to estimate the association

between MEI and hemoglobin levels.
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2.3.2 Estimating the Effect of Bednets and Indoor Residual Spraying Using the MEI

We tested whether the deployment of ITNs and IRS is associated with malaria incidence
and whether it affects the relationship between malaria and the ambient ecology in the following

equation:

Mimy = Bo + BiMEI,y, + Bybednet; + f3(MEly,, = bednet;) + P4 IRS; + Bs(MEIyy *
IRS,) + Bo(MEI,y, = bednet, = IRS,) +y, + 8, + ey @)

B> and £, measure the association between malaria burden and the bednet and IRS indicator
variables. f; and 5, meanwhile, estimate whether bednets or IRS alter the relationship between

ambient ecology and malaria outcomes. [, measures the added effect of having both

interventions.

3 Results

3.1 Malaria Ecology and Infections

The top panels of Figure 3 plot the average malaria positivity rate in each cluster against
the Malaria Ecology Index, showing a clear positive relationship between malaria outcomes and
the MEI spanning the domain of the data. The top panel of Table 1 presents results from logistic
regressions, providing odds ratios of a child having malaria as a function of the MEI. Column (1)
presents the association across all of the data, showing that children in places with a 1-unit
higher MEI index (1-70) face a 3-fold increase in malaria risk (p<0-01). Column (1) adds the
year and country indicator variables to assuage concerns of spurious correlation across countries
or trends in variables over time, thus only comparing children in the same country and in the
same year. Column (I11) uses subnational administrative-level indicator variables instead, so that

only children within the same subnational region are being compared. Given that urban areas



161  provide less hospitable habitats for the Anopheles vector, columns (1V) and (V1) confirm that
162  variation in malaria ecology is predictive of malaria risk in areas designated by the DHS as rural,

163 while column (V) shows that malaria in urban areas is less dependent on ecology.

164
165 Figure 3: Malaria Outcomes and Malaria Ecology
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7 Plots show local smooth polynomial plots with 95% confidence intervals. Histograms represent density of child-level observations by Malaria

168 Ecology Index at time of survey. Top panel plots the proportion of children in the cluster testing positive for malaria against the MEI, while the
169 bottom panel plots the average hemoglobin level in the cluster against the MEI. Right column plots represent within-country comparisons by first
170 regressing all variables on country indicator variables and plotting residuals.
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Table 1: Regression estimates of association of Malaria Positivity and Hemoglobin Levels with

Malaria Ecology Index

Dependent Variable )] () (D) (V) V) V1)
OR on Child Positive for Malaria 3.10*** 2:25%** 1.89*** 2-68*** 1.55 2-15%**
(2-12-4-54) (1-60-3-16) (1-49-2-38) (1-87-3-85) (0-75-3-24) (1-44-3-21)
N 39,875 39,875 39,776 32,072 7,803 31,912
Pseudo R-squared 0-06 0-15 0-18 0-16 0-20 0-19
Hemoglobin -4.80*** -3:18*** -2:65*** -3 T7x** -2:29%** -3:04***
(-6-35--3-24) | (-4-35--2.00) | (-3-54--1.76) | (-5-11--2-42) | (-3-89--0-70) | (-4-59 - -1-50)
N 39,739 39,739 39,739 31,947 7,792 31,947
Adjusted R-squared 0-03 0-05 0-07 0-06 0-06 0-08
Year Fixed Effects Y Y Y Y Y
Country Fixed Effects Y Y Y
Administrative Region FE Y Y
Sample All All All Rural Urban Rural
Countries
Subnational Admin Regions 62 60 55 60
DHS Clusters 1,943 1,461 482 1,461

Independent variable is Malaria Ecology Index. 95% confidence intervals in parentheses. Standard errors clustered by admin 1 level to account

for spatial and serial autocorrelation. *** significant to 99% levels.
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178 Figure 4 plots the same relationship according to endemicity levels.** The flat slope of
179  holoendemic zones comports with residents gaining some level of functional immunity when
180  continuously exposed, while the steepest slopes in hyper- and hypoendemic zones suggest

181  populations where exposure to the disease is occasional were more severely affected during

182  periods of transmission.?

183 Figure 4: Malaria Positivity and Malaria Ecology, by Endemicity Level
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184
185 Plots show local smooth polynomial regression of average malaria positivity in the DHS cluster and the Malaria Ecology Index. Comparisons are

186 only made across clusters in the same country and endemicity level by partialing out from both variables the country and endemicity indicator
187 variables and plotting residuals. Histogram represents density of malaria ecology values.

188

189 3.2 Malaria Ecology and Anemia

190 The bottom panel of Figure 3 plots the relationship between hemoglobin levels and the
191  MEI, and the bottom panel of Table 1 presents regression results. A one standard deviation

192  increase in the MEI (0-6) is associated with a 3-5 g/dL lower level of Hg (0-2-0-3 standard
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deviations). Results across specifications are consistent with the top panel using malaria

infection.

3.3 The Effect of Anti-Malaria Interventions

We collapsed the individual-level data to the cluster level, and plot in the top panel of
Figure 5 the percent of children having malaria and the percent of children having anemia (Hg <
11-0 g/dL) against the percentage of children in the cluster sleeping under bednets and the
percentage of homes sprayed with IRS. Both outcomes showed a sharp decrease in the
prevalence of malaria and anemia at around 40% bednet coverage, perhaps suggestive of herd
immunity at this threshold of ownership. This is consistent with evidence of limited association
between bednet use and infection rates among children living in areas of near-universal ITN
coverage.?® We used a 40% cutoff in the second panel of Figure 5 to show the relationship MEI,
the likelihood of malaria infection, and hemoglobin levels, but differentiating by high vs. low
ownership of ITNs." These graphs clearly show that higher levels of malaria ecology are
associated with a higher likelihood of malaria infection and lower hemoglobin levels. In clusters
where over 40% of households use ITNs, malaria prevalence was lower and hemoglobin levels

were higher at MEI levels between 1-2.5.

" Note that for these graphs we dropped clusters with the lowest MEI values, since plotting the
joint distribution of bednets and malaria ecology in Appendix Figure A.1 revealed data sparsity
at MEI levels below 5% of the maximum value (1.3% of the clusters).



Figure 5: Malaria Outcomes & Malaria Ecology, by Bednet and IRS Coverage
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The first panel of Figure 5 shows a nonlinear decrease in malaria infection rates and
anemia when 30-40% of households in a cluster have been sprayed with IRS. The bottom panel
shows that clusters with high IRS use had lower infection rates and higher average hemoglobin
at all levels of malaria ecology. Moreover, the effect size of MEI on infection rates, captured by
the slope of the curves, appears smaller for high IRS clusters. This suggests that IRS not only

decreased infection rates and anemia but also attenuated the effect of adverse malaria ecology.

Table 2 examines these relationships in a regression framework. Given problems with
interpreting coefficients on interactions terms in nonlinear models, the table replaces odds ratios
in column (1) with coefficients from a linear probability model for ease of interpretation.”” The
coefficient in column (1) on the MEI (representing the role of ecology in the absence of both
bednets and IRS) continues to be strongly significant and implies an 11% increase in probability
of having malaria at a 1-unit higher level of MEI. Having a bednet is associated with reduced
malaria risk (p=0.07). Homes benefiting from both ITNs and IRS have a net coefficient on MEI
of 0.06, indicating that the interventions halve the effects of perniciously adverse ecological
conditions for malaria transmission. Column (11) corroborates these results using hemoglobin. In
summary, these results provide evidence that LLINs and IRS not only decreased infection rates, but

also reduced the extent to which variation in the ecology of malaria translated into variation in infection

rates and in hemoglobin levels.
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Table 2: Regression estimates testing attenuation of malaria ecology effect on malaria positivity

and hemoglobin levels in the presence of ITNs and IRS

Dependent Variable

Malaria Infection Hemoglobin
Independent Variable ()] ()
Malaria Ecology Index 0.-11*** -2.35**
(0-03-0-20) (-4-28 - -0-41)
Slept w/ Treated Net -0.07* 2.03*
(-0-13-0-01) (-0-22 - 4.28)
Indoor Residual Spray -0-001 3.29*
(-0-12-0-12) (-0-36 - 6-94)
Net*IRS 0.12** -4.01*
(0-03-0-21) (-8-30 - 0-29)
MEI*Net 0-04* -1.49**
(-0-004-0-08) (-2:92 - -0-06)
MEI*IRS 0-12 -0-98
(0-03-0-21) (-4-32 - 2-36)
MEI*Net*IRS -0-09** 2.87*
(-1-16 - -0-18) (-0-57 - 6-31)
constant -1.39*** 108.81***
(-2-45 - -0-34) (105-89 - 111-73)
Country FE Y Y
Year Fixed Effects Y Y
Sample Rural Rural
N 22,487 22,350
Within-country R-squared 0.20 0.08
Countries 7 7
Subnat Adm Regions 51 51
DHS Clusters 1,943 1,943

Note: 95% confidence intervals in parentheses.

*** significant to 99% levels, ** 95%, * 90%.

Standard errors clustered by admin 1 level to account for spatial and serial autocorrelation.
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4 Discussion

The paucity of data on malaria burden is one of the greatest challenges for public health
systems in malarious countries; ecology-based models can complement existing data to aid in
research and public health programming.®***®> These results demonstrate the predictive power of
an ecology-based index of malaria transmission using nationally representative geolocated
serology data from seven countries, showing results that comport with many features of malaria
epidemiology. National Malaria Control Programs can employ the MEI to gauge average malaria
burden in places lacking outcome data, as well as to locally calibrate models in order to estimate
changes in infection rates given weather variation and weather forecasts. An integrated
geospatial framework linking weather data, the MEI, and malaria outcomes (measured and
predicted) can produce easy-to-use outputs that would serve malaria program coordination and
help evaluate program efficacy. In addition to serving health systems, these tools are useful given
that understanding the effects of climate change on health has been recognized as important, in

particular in the case of infectious diseases and vector-borne diseases specifically.?®!

Our analysis used cross-country large-N surveys with random sampling to document
patterns in malaria incidence and deployment of ITNs and IRS. Consistent with other studies,
these antimalarial interventions were strongly associated with lower malaria incidence and
higher hemoglobin levels in children, conditional on the prevailing disease ecology.™*** More
novel is the fact that households using both ITNs and IRS gained a protective effect from
variation in malaria ecology. Indeed, public health efforts can help break the link between

environment and disease burden.
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While these associations complement the treatment effect estimates from randomized
controlled trials, our results are not valid causal estimates of ITN or IRS deployment (there is
evidence, for example, of limited compliance among owners of ITNs, as well as evolving vector
resistance to pyrethroids).®*** Population-level associations are a reminder that as interventions
are scaled up, estimated treatment effects from randomized trials might become increasingly

poor approximations in different social and ecological contexts.
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342 Figure A.1: Joint Distribution of Bednet Use and Malaria Ecology Index
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343

344

345  Figure A.1 plots the joint distribution of the Malaria Ecology Index (rescaled to be between 0-1)
346  and the % of the cluster population sleeping under a bednet. Blue indicates sparse data, while
347  red indicates highest data density in that domain of the two variables. We observed that very few
348  clusters have MEI values below 5% of the maximum for all values of the bednet variable, which

349  iswhy clusters at these very low MEI levels were excluded (1.3% of all clusters).





