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ABSTRACT
Despite recent progress by control initiatives, malaria remains one of the leading
causes of morbidity and mortality in southern Africa, especially among young children. A
recent resurgence in malaria parasite prevalence in 201 0 in palis of central and southern
Africa has highlighted the importance of research to better identify and monitor
transmission foci and also to document association of programmatic efforts with changes
in disease burden. This dissertation examines the determinants of the spatio-temporal
distribution of malaria in children under five in Zambia and the association with vector
control coverage and climate variability using several cross-sectional surveys conducted
over the past six years, health management information system data (HMIS) from health
facilities over the past three years, and contemporaneous remotely sensed environmental
data from publically-available sources. Three primary analyses are presented: 1)
Bayesian gee-statistical methods were employed to model the spatial distribution of
malaria parasite prevalence in Zambia from nationaJly-representative malaria indicator
surveys (MIS) conducted in 2006, 2008, and 2010, and corresponding remote sensing
data, in order to evaluate the relative role of vector control coverage and climate
variability in the recent resurgence in prevalence; 2) a digital elevation model and logistic
regression models were constructed to determine the role of topographical wetness and
dry season vegetation on risk for malaria from cross-sectional household surveys

covering two districts with heterogeneous ecological characteristics in Eastern Zambia;
and 3) the association of district-level vector control coverage with district-level malaria
outpatient case incidence from 2009-2011 was evaluated with negative binomial and
conditional autoregressive models, while controlling for climate variability. These

3

analyses provide important analytical tools for the evaluation of national malaria control
programs across sub-Saharan Africa and inform targeted control strategies as the malaria
community continues intervention scale-up and contemplates elimination.
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CHAPTER!
INTRODUCTION

1.1 Global malaria distribution
Although substantial progress in control has been achieved over the past decade,
malaria remains one ofthe world's largest killers of children under five, accounting for
an estimated 1 million of child deaths globally and over 300 million cases per year [1].
While most dangerous for young children and pregnant women, malaria infection can .
lead to dangerous and debilitating consequences in adults as well; recent estimates of the
number of deaths due to malaria in adults were much larger than thought previously, with
potentially as many as 435,000 deaths occmTing in 2010 [2]. Malaria is endemic in over
100 countries in the Americas, Asia, and Africa, but by far the greatest burden is in subSaharan Africa, which accounts for an estimated 85% ofthe global malaria burden, and
where the most severe illness and deaths are due primarily to Plasmodiumfalciparum
infection [1]. P. falciparum endemicity is highest in the tropical belt between latitude 20°
N and 20° S, which conesponds with high population densities on the African continent
(Figure 1.1, next page). As a result, malaria remains one of the most bmdensome diseases
in Africa, accounting for close to 20% of all child deaths on the continent and up to 50%
of outpatient cases in high transmission areas [1].
While the substantial global political and financial commitment over the past 10
years has succeeded in "shrinking the malaria map" [3], recent evidence suggests that
significant hurdles remain and that without consistently high levels of coverage with
proven interventions, resmgence lmks as a persistent threat, especially in historically
6

high transmission areas. Determining the causes of resurgence, rationalizing continued
funding through demonstration of program impact, and developing new tools for
monitoring, evaluation, surveillance, and the identification of transmission foci are key
priorities for malaria research as scale-up continues and elimination becomes feasible in
some areas [4].
Figure 1.1 Global Plasmodiumfalciparum endemicity.
malaria endemicity In 2010
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1.2 Goal and Specific Aims
This dissertation presents sophisticated analytical techniques to address these
priorities using several sources of programmatic, routine, remote sensing environmental,
and other complementary data from Zambia covering the period of 2006 to 2010, when

7

resurgence occurred in parts of the country. A key contribution is the effort to examine
the role of climate variability in changes in disease indices and to evaluate the association
of vector control coverage with disease indices while controlling for these factors.
Results of these analyses will provide important analytical tools for the evaluation of
national malaria control programs across sub-Saharan Africa as well as inform targeted
control strategies.
This dissertation is structured around three specific aims, each of which represents a
distinct research question and analysis:
1. To evaluate the relative effects of climate variability and intervention coverage on
malaria parasite prevalence in Zambia
2. To determine the role of dry season surface wetness on the spatial distribution of
malaria parasite prevalence in two districts in eastern Zambia
3. To evaluate the association of district level vector control coverage and district
level confirmed outpatient malaria case incidence in Zambia while controlling for
climate variability

1.3 Malaria transmission and infection
An understanding of the life cycle of malaria parasite infection is foundational for

describing and modeling malaria epidemiology and determining optimal control
measures. Human malaria infection is caused by Plasnwdium species parasite transmitted
by an Anopheles species mosquito. Four major species of Plasmodium dominate-

falciparum, vivax, ovalae, and malariae. P. falciparum is by far the most common in sub8

Saharan Africa, and is associated with the most severe form of the disease; P. vivax,
which is associated with a less severe but more chronic form of the disease, predominates
in Latin America and Asia.
Throughout most of human history the complex life cycle of the malaria parasite
has complicated control efforts, clinical management, and attempts to develop effective
vaccines and maintain prophylaxis and medication regimes. The long history of human
interaction with the malaria parasite is evidenced by the numerous genetic
polymorphisms resulting in partial resistance to infection. It is estimated that humans and

Plasmodium parasites may have coexisted for as long as the past 50,000 years [5]. Sicklecell anemia, glucose-6 phosphate dehydrogenase deficiency, and thalassemia are
prominent examples of potentially deleterious genetic traits that have persisted in
historically malarious zones due to selective pressure on non-cani.ers and the conference
of partial protection against severe malaria infection for carrier individuals [6].
As with many infectious diseases, a lag period of several weeks exists between
inoculation with Plasmodium parasites and clinical disease. Elucidating the determinants
of this lag period is important for parameterizing the relationship between exposure
variables and infection status. Plasmodium species parasites are transmitted to human
hosts in the form of sporozoites from the saliva of feeding female Anopheles mosquitoes.
Sporozoites invade human liver cells, where over a period of 5-16 days they grow, divide,
and produce tens of thousands of haploid forms, or merozoites [7]. Newly formed
merozoites exit liver cells and enter the blood stream, where they infect and subsequently
divide asexually within red blood cells and begin to produce disease symptoms. In some
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forms of malaria infection (vivax, ova/e), dormant liver stage parasites can persist and
produce relapses over periods often measured in years.
Some of the blood stage merozoites differentiate to form male and female
gametocytes [8]. These circulating gametocytes are ingested by a female Anopheles
mosquito during a blood meal, where they develop within the mosquito into gametes and
reproduce to form motile ookinetes that invade the mosquito midgut and develop into
oocysts. When these oocysts burst after 8-15 days, sporozoites are released and travel to
the salivary gland to start the cycle anew.
Symptomatic malaria typically occurs 10-16 days after an infectious bite in
association with the rupturing of red blood cells due to merozoite reproduction.
Symptomatic attacks vary temporally according to Plasmodium species, occurring
roughly every 2 days for vivax and ovate, every 3 days for malariae, and every 36-48
hours for falciparum in association with the release of asexual parasites into the
bloodstream. The most prominent symptom is high fever, which likely occurs as parasite
densities in the blood cross a pyrogenic parasite threshold level [9, 10]. P. falciparum
attacks tend to be more severe than other forms due to high parasite levels: whereas vivax
and ovate only invade the youngest red blood cells according to this periodicity,
falciparum species infect red blood cells at all stages of development, leading to very

high parasite levels in the blood and more severe disease [11]. Untreated malaria
infections last an average of close to 200 days, but there is great variation in susceptibility
and infection course by age and immune status [12-15].
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P. falciparum malaria is further most severe due to its potential for devastating

clinical sequelae associated with syndromes including cerebral malaria, severe anemia,
and hypoglycemia, and acidosis [16], with the worst cases resulting in coma and/or death.
Among Plasmodium species, P. falciparum is uniquely able to adhere to brain microvessel endothelium [17], impairing cerebral blood flow and precipitating cerebral edema
[18]. Cerebral malaria canies a high mortality risk even with correct treatment and leads
to a large proportion of child malaria deaths, yet is most problematic for older children
due to greater cytokine involvement [19]. Severe anemia results primarily from the
hemolysis of red blood cells due to merozoite development and, and is particularly
dangerous for young children and pregnant women. Malaria in pregnancy is also a risk
factor for infant mortality and low birth due to sequestration in the placenta [20].
While not the primary focus of this dissertation, host immune factors bear
mention here as they present important and complex dynamics relevant for understanding
changes in transmission measures due to control or climate variability. It is well known
that the risk of severe malaria infection is strongly concentrated in non-immune
individuals [21] and that increased exposure leads to increased immunity, but the
immunological response to malaria infection at different ages and in different
transmission settings remains incompletely understood and the subject of ongoing
research [22]. Although infants may be protected by matemal antibodies, the human
immune system does not fully develop until around age five [17]. In highly endemic
areas where individuals are subject to repeated infections, partial anti-parasitic immunity
can develop by age five and reduce the frequency of clinical symptoms by reducing
parasite densities [11]. In these settings, very young children beyond infancy are at the
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highest risk of severe disease due to their lack of both passive and actively acquired
malaria immunity, as are women in pregnancy, in whom the immune response is
suppressed.
As a result of these dynamics, the age distribution of peak parasitemia and clinical
infection within a population varies by transmission setting, with the youngest children at
higher risk in the high transmission setting due to both frequent exposure and lack of
acquired anti-parasitic immunity [23]. By contrast, parasitemia risk across settings tends
to increase with body size due to more frequent infectious bites, and as a result these
competing factors age-prevalence curves tend to be parabolic, peaking in adolescents [10].
There may additionally be some parasite tolerance in young children as a result of
"antitoxic immunity" and these children may experience fewer clinical symptoms at
relatively higher parasite levels [24]. In lower transmission settings, the acquisition of
anti-parasitic immunity is less rapid, and as time between inoculations is greater, the age
of peak parasitemia and the risk of severe disease increases to older ages [25] as more
children will have survived their earliest years without significant exposure. Most
importantly, immune factors influence the duration, severity, and detectability of
infection [12], and thereby the relationship between incidence and prevalence, which will
be discussed further below.

1.4 Malaria vectors in Africa
The distribution of malaria risk over space and time is ultimately determined by
the distribution and abundance of Anopheles vector species. Over 400 species of
12

Anopheles mosquito exist, and 30-40 of these are considered malaria vectors of public

health importance [17]. The primary malaria vectors in Africa include the A. gambiae
complex, A. arabiensis, and A. funestus. These species differ in their feeding and resting
behavior and prefer different ecological conditions, and the resulting spatial and temporal
variation in population distribution can greatly influence malaria transmission dynamics
and implications for control. For example, household interventions such as insecticidetreated nets (ITNs) will not be effective against vectors that bite primarily outdoors.
The predominant vector throughout sub-Saharan Africa, A. gambiae s.s. is highly
anthropophilic, and is found most commonly near human settlement and in small,
temporary pools associated with human and livestock movement [26, 27]. Whereas A.
gambiae s.s. prefers solely moist, humid areas, A. arabiensis is more tolerant to dry

conditions and as a result often dominates at the beginning of the rainy season.
A.arabiensis is often found in homes or nearby breeding sites [28, 29], but unlike A.
gambiae s.s., which both feeds and rests indoors, exhibits primarily exophilic resting and

feeding behavior and greater zoophilic tendencies. Both A. gambiae s. s. and A. arabiensis
breed in smaller temporary water bodies. By contrast, Afunestus prefers larger, more
permanent water bodies and areas with more vegetation, yet exhibits predominantly
endophilic feeding behavior. Due to its affinity for larger water bodies, A. funestus
densities typically increase rapidly as rains increase, yet fall off more slowly at the end of
the rains [26, 30].
The availability of water is a key parameter defining Anopheles habitat, as the
first three stages of mosquito development- egg, larvae, and pupa- are aquatic.
Development to adulthood typically lasts under one week depending upon species and
13

temperature [17]. Most Anopheles species prefer clean, unpolluted, sunlit water, but there
is great diversity in suitable larval habitats, including marshes, stream edges, hoof-prints,
and man-made habitats such as rice paddies, irrigation channels, tire tracks, and bricklaying pits.
The mosquito life cycle and feeding habits are key parameters influencing the
capacity of the vector to transmit malaria parasites. While adult mosquitoes can live
many months ifthey aestivate, most live only 10-14 days weeks [17, 31]. Whereas males
typically live for only a week, mean survival time for females is close to 2 weeks in
nature but can be closer to 3 weeks in some settings [17]. Males feed primarily on plant
sugar sources, while females additionally require the consumption of a blood meal for the
development of eggs. Once a full blood meal is achieved, the female rests 2-3 days while
the blood is digested and eggs develop (this period is known as the gonotrophic cycle).
She must then find a suitable moist location free of predators to oviposit. Females may
feed multiple times per night, and achieve as many as 7 blood meals and egg laying
cycles in their life time depending on temperature and humidity [29]. Proximity to larval
habitat is a key spatial risk for malaria [32]; however, while Anopheles will choose the
closest available blood meal, the potential flight range of some species may be up to 3km
[33].

1.5 Measures of transmission
Accurate and sensitive measures of malaria transmission intensity are important
for monitoring trends over time and space, evaluating the impact of control programs,
14

and determining and targeting the most effective interventions in a given setting. Several
measures of malaria transmission intensity have been developed to characterize disease
dynamics and receptivity to control and are differentially relevant depending upon data
availability, ease of measurement, and transmission level. The fundamental measurement
of infectious disease transmission is the reproductive rate (Ro), which refers to the
average number of secondary individuals infected by a single initial case in a population
with no immunity and no malaria control [34]. Given that malaria is transmitted by a
vector, a single index case of malaria can serve as a reservoir for a large number of
secondary infections, thereby leading to large estimates ofRo.
Mathematical models have been developed to explore the relationship between
vector population factors, human population factors, and implications for Ro. The RossMacDonald model is a dynamic model of mosquito-borne pathogen transmission that
describes "changes in the fraction of infected humans and the fraction of infectious
mosquitoes over time as infections are acquired and cleared" [34]. The Ross-MacDonald
and similar models of transmission potential have provided the foundation for
understanding malaria epidemiology and informing control efforts [35]; areas with very
high Ro require long term, intensive, and integrated control efforts. For decreasing
transmission and elimination, reductions in malaria transmission must exceed Ro.

Rc is an

alternative f01mulation ofRo tenned the "controlled reproductive number" that describes
the maximum possible transmission under a given control regime; an Rc the of less than 1
is necessary to achieve elimination [36]. However, Ro and Rc are difficult to measure
empirically and therefore not easily used as monitoring outcomes. Furthermore, recent reevaluations of estimates ofRo across Africa have highlighted how the role of
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heterogeneity in vector ecology and biting behavior, human population distribution and
movement, and seasonality can differentially affect implications ofRo for control [37].
A closely related metric, vectorial capacity comprises the entomological portions
of Ro and is defined as the "expected number of infectious bites that will eventually arise
from all the mosquitoes that bite a single person on a single day" [34]. Vectorial capacity
is an expression of the number of mosquito bites per person per day, mosquito life
expectancy, and feeding habits (anthrophily vs zoophily). Vectorial capacity is
particularly relevant for modeling the relationship between malaria transmission and
climate parameters, as climate affects the reproductive rate of malaria primarily through
influences on the mosquito and parasite life cycle. Indeed vectorial capacity can be
"considered to be analogous to the environmental-biological driving force underpinning
the transmission potential in an area" [3 8]. As with Ro, accurate field measurement of
vectorial capacity is unfortunately quite difficult [38]. That said, recent attempts have
been made to better parameterize vectorial capacity with publicly available rainfall and
temperature data from remotely sensed satellite data based upon the known relationship
between these factors and vector densities [3 8].
A somewhat more practical measurement of malaria transmission is the
entomological inoculation rate (EIR), which reflects the propensity of the mosquito
vector to transmit infectious parasites to the human population [39]. EIR is directly
calculated as the product of the proportion of mosquitoes carrying sporozoites in their
salivary glands and the human biting rate, and can be measured in the field via human
landing catches and other standard entomological tools. EIR is expressed as the number
of infectious bites per person per day (or year) and ranges from below 1 in very low
16

transmission settings to > 1000 in high transmission. EIR values are often highly seasonal
in nature due to the relationship with climate [40]. EIR has been used historically to map
transmission levels and the confmes of malaria transmission potential as areas with very
low EIRs will not sustain transmission [41]. However, as with Ro and vectorial capacity,
measurement of EIR remains a logistically challenging effort, may be quite imprecise,
and is not very feasible at very low transmission levels [42]. Similarly, recent reviews of
EIR across Africa have shown EIR to be quite heterogeneous even across small spatial
scales [43, 44], which renders comparisons difficult. Furthermore, while measures ofEIR
may correlate closely with climate, they do not always correlate directly with human
disease outcomes, which are more directly relevant to control programs.
Vectorial measures of transmission translate to human epidemiology through
incidence and prevalence measures, which are the primary outcomes measures presented
in this dissertation. For several reasons, there is some debate over the use of these data as
direct measures oftransmission intensity [45]. Incidence is the measure of new cases of
malaria infection over a given time period. Incidence can be measured in a community
through longitudinal cohort studies, but often is proxied as clinical incidence through
malaria diagnoses from health facility data given the logistical challenges involved in
collecting longitudinal data. However, health facility case data may provide biased
approximation of true incidence due to differential treatment-seeking rates, availability of
diagnostics, and in most cases the inability to distinguish new infections fi·om
recrudescence. Furthennore, asymptomatic infections, which may represent a large
portion of the parasite burden in high transmission settings, are not captured in clinical
incidence. Parasite prevalence is a commonly used and easily measured value for
17

approximating transmission levels in one location at a given point in time through crosssectional surveys. However, prevalence estimates from a single cross-sectional survey
may be subject to bias and underestimate true prevalence due to the dynamic nature of
infections [46], which may at certain points be sub-microscopic and therefore not
detected. Prevalence measures are highly dependent upon the sensitivity and specificity
of the test used for diagnosis. That said, these data are more widely and historically
available and comparable and therefore particularly suitable for monitoring and
evaluation [47].
As human disease outcome data are more readily available at large scales than
vector data, determining the nature of the relationship between these data and Ro is
crucial to monitoring and evaluating trends and attributing changes in transmission
intensity to interventions or other causes. The relationship between incidence, parasite
prevalence, and EIR is determined by population immunity, transmission level, vectorial
capacity, seasonality, and treatment rates. While EIR may be quite sensitive to vector
control, for example, it may take far longer to reduce parasite prevalence levels [48, 49];
however there is some evidence that short-term changes may in some settings occur over
a matter of months [47]. Importantly, while several reviews have demonstrated a linear
relationship between EIR and parasite prevalence [39], others have shown that EIR may
fluctuate substantially even at stable prevalence levels [48]. Tins discrepancy is likely
due to multiplicity of infection (MOl) and long infection duration. The relationship
between incidence and prevalence is confounded by the MOl, which tends be greater at
higher transmission levels [50], but is not reflected in simple prevalence rates. While
higher MOl is in some settings associated with more likely clinical disease, higher
18

transmission may also lead to a larger proportion of asymptomatic infections through
increased acquired immunity. Patil and others have recently attempted to explain the
relationship between malaria parasite prevalence and clinical disease at broad
cartographic scales and found large uncertainty in predicted incidence, especially at high
prevalence levels [51].
Serology [52] and molecular force of infection [53] are newer methods to more
accurately detect transmission levels, and are more sensitive than rapid diagnostic tests
(RDTs) or slide microscopy at lower transmission levels than EIR or parasite prevalence.
The force of infection (POI) is a measure of new infections (or molecular clones for
molecular force of infection or mFOI) among susceptible individuals. POI can also be
estimated from annual parasite incidence and prevalence survey data using a reversible
catalytic model [42]. Given that these approximations ofPOI can be calculated without
extensive field study, they represent a useful metric for better understanding transmission
levels using routinely collected data.
In conclusion, even given the caveats described here, incidence and prevalence

measures are imperfect but remain more readily available, consistent and comparable
data for monitoring and evaluation purposes. Incidence data are captured routinely in
most of sub-Sal1aran Africa (although these are not always confirmed), and crosssectional parasite prevalence surveys have been conducted with far greater frequency and
scope over the past six years of intervention scale-up. The broad historical coverage of
parasite prevalence data has been highly informative for empirical mapping of malaria
endemicity and creating risk surfaces for use by control programs [54].
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1.6 Malaria and climate
Malaria transmission patterns are spatially and temporally heterogeneous due to
the strong association with environmental conditions. The relationship between malaria
transmission intensity and climate and ecological parameters has been validated by both
entomological models and patterns of human case incidence [28, 40, 55-62].
Meteorological factors influence the biological parameters dictating both the mosquito
and parasite life cycles [63]. Rainfall patterns, topography, and surface wetness to a large
extent determine the availability of suitable aquatic Anopheles larval habitats [28, 64].
Temperature and humidity regulate the rate of mosquito development, the egg-laying, or
gonotrophic cycle, and the developmental period of the parasite within the mosquito,
known as the extrinsic incubation period (EIP) [65]. The primary rate-limiting factor
defining malaria transmission potential is the requirement that blood-feeding mosquitoes
survive longer than the extrinsic incubation period of the parasite, which is largely
determined by temperature. Temperature and humidity frniher influence the vectorial
capacity of the mosquito by affecting the number of egg-laying cycles in a mosquito's
life span, the development of young mosquitoes, and the survivorship of older
mosquitoes.
Study of the relationship between climate and malaria transmission has focused
on several primary themes, including the magnitude of effect of specific climate factors,
the spatial and temporal relationships between specific factors and transmission, the role
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of intervening or confounding factors and interactions between factors, and the effects of
climate change.
As a result of the specific climatic requirements of the vector, malaria is most
prevalent in tropical zones where moisture and temperatures levels are high throughout
the year. Rainfall greater than 80 mm for at least three months is generally considered a
minimum for sustaining mosquito populations for stable malaria transmission to persist
[66], and extremely high levels of rainfall can also diminish vectorial capacity by
washing away breeding sites and causing greater larval mortality [67].
While the association between malaria risk and rainfall is well known due to the
moisture requirement of larval habitats, the specific nature of this relationship is
uncertain and has been a subject of considerable study and debate. Substantial effort has
been devoted to the use of precipitation data for developing forecasting models for
malaria epidemics in a manner similar to the Famine Early Warning System (FEWS).
Thomson et al used sea-surface temperature anomalies in association with the El Nino
climate cycle and December-Febmary precipitation values to successfully predict malaria
incidence anomalies for early wanling in Botwsana [68]. In Ethiopia, Teklehaimanot et al
used polynomial distributed lag models and found that rainfall was associated with
increased malaria incidence in both hot (at 6-9 weeks) and cold districts (at 9-12 weeks),
with a shorter lag effect with rainfall in the hotter districts [63]. In these cases, the authors
found that the effect of rainfall on (hospital) cases was linear, with a saturating effect at
higher rainfall levels. Worrall et al similarly were able to predict malaria cases in
Zimbabwe with a 4 month lag on rainfall [69], and using data from Eritrea, Ceccato et al
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found a 2-3 month lag time with rainfall gauge data predicts malaria incidence anomalies
[57].
However, the relationship between rainfall and malaria case incidence is likely
more complex and non-linear, as has been shown by researchers who have found an
inverse relationship [70], or inconsistent results in different areas and at different lag
times [44]. These discrepancies are likely due to the fact that while a minimum amount of
available water is necessary for the creation of larval habitats, excessive rains may have
the effect of washing out potential breeding sites, leading to larval mortality [67].
Furthermore, there is evidence of interactions with temperature that likely modify the
effect of rainfall on malaria incidence rates in some areas [71].
The duration of rains may be as important as the amount in some areas. Craig et al
found that a minimum of around 80mm per month for at least five months was necessary
to sustain stable transmission in most of sub-Saharan Africa [66]. However, this duration
was modulated by temperature. In very warm regions, such as peri-desert regions of West
Africa, shorter periods of rain may be sufficient to maintain a single transmission season,
as mosquito and parasite developmental periods were shorter and therefore the potential
for vectorial capacity higher when sufficient water available. In colder areas such as
much of southern Africa, however, longer durations ofrain were necessary as mosquito
and parasite developmental rates are slower at these lower temperatures.
Temperature plays a prominent role in malaria transmission potential because
while in general, biological processes occur more rapidly at higher temperatures,
deleterious effects at very high temperatures often result in optimized temperature ranges.
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Whereas rainfall primarily affects the mosquito life cycle through the influence on larval
habitat availability, temperature modulates transmission suitability and intensity through
its effects on parameters of both the mosquito and parasite life cycles [72]. The standard
model of temperature and development describes the time required for the extrinsic
incubation period in degree-days [59]. At temperatures below 16 C, parasite development
ceases, and below 18C, the extrinsic incubation period (EIP) lasts longer than the lifespan
of a female mosquito, making transmission impossible as mosquitoes do not live long
enough for the parasites to develop. At lower temperatures, mosquito abundance is low as
well due to long larval duration [66]. Craig et al found that temperatures above 22C were
found most suitable for stable transmission, and the effect of increasing temperature over
32C was negative [66]. At very high temperatures, the extrinsic incubation slows, and
similarly, at temperatures above 35 C, mosquito mortality increases and transmission is
reduced.
Teklehaimanot et al displayed the effect of mean temperature on mosquito life
cycle and the sporogenic cycle, and found in Ethiopia that while minimum temperature
was positively associated with outpatient cases at various lags, maximum temperature
with a short lag was negatively associated with cases in hot districts, and was positively
associated with cases in cold districts [63]. Bouma found that minimum temperature over
a two month period early in the transmission season in Madagascar can account for most
of the inter-annual variation in malaria case data [73]. Craig et al found that maximum
temperature over the hot summer period explains a large portion of inter-annual variation
in South Africa [74], and Mabaso et al similarly found that mean annual temperature was
the strongest predictor of annual case incidence in Zimbabwe [58]. Daily temperature
23

variation is an underexplored factor that in some temperature ranges could have
significant effect upon transmission dynamics [65]
Seasonal changes in rainfall and temperature parameters lead to seasonality in
malaria transmission in most malarious zones. Peaks in malaria transmission typically
occur following peaks in rainfall when temperatures are within a suitable range. As
previously described, several analyses have estimated a 2-3 month lag in malaria
incidence following increased rainfall, and a slightly shorter 1-2 month following
temperature increases; Mabaso et al described a similar relationship between rainfall,
minimum temperature, and the seasonality of EIR, but patterns were modulated by
irrigation [40]. There is less available evidence on changes in parasitemia with
seasonality, and a need for these types of data. Recently, "rolling" MIS surveys have
been conducted in southem Malawi to remedy this gap [7 5]. Improved description and
modeling of seasonal pattems can prove extremely valuable for the appropriate timing
and targeting of vector control interventions [69, 76] and intermittent preventive
treatment [77], as well as for placing results of single cross-sectional surveys in context

[75].
As a result of these known associations, areas with the potential for malaria
transmission can be determined based upon these climatic factors [54]. The MARA
initiative is a well-known effort to map malaria transmission based almost entirely on
climatic suitability [66, 78, 79], including rainfall, temperature, and vegetation indices,
and several remote sensing satellite products have been developed to establish malaria
transmission bounds based upon these factors. Two recent examples are the temperature
suitability index [72] and a vectorial capacity product [38].
24

Longer-term changes in the magnitude, duration, and timing of rainfalls, as well
as temperature variations, can shift the distribution of peak transmission in time and
space [65, 68, 80-83]. Even seemingly slight climatic changes can lead to
disproportionate changes in transmission intensity due to feedback, interactions, and
synergies between weather factors [65, 83]. There exists a long history of debate
concerning climate influences on epidemics in the East Africa highlands and the
ramifications for long term climate change on shifting malaria dynamics at altitude and
elsewhere in Africa where previously "immune naYve" populations are subject to greater
exposure [71, 84]. Inter-annual climate drivers such as the El Nino Southern Oscillation
and the Indian Ocean Dipole will likely factor [85, 86] as anomalies in these cycles are
predicted to occur with greater frequency under most climate change scenarios. That said,
the implications of climate change for the distribution of malaria remain largely uncertain
and will likely vary by region. Parham et al extended standard transmission models to
create predictions under various climate change scenarios and predicted spread of malaria
to naYve population, and they identified an optimal temperature for malaria transmission
spread around 32-33C, whereas they found that extinction in some areas would be more
dependent upon rainfall levels [80].
Importantly, meta-analyses have suggested that the role of climate in affecting the
distribution of malaria may be declining as development and urbanization occur and as
intervention improves [87]. Furthennore, a recent analysis of cases of malaria resurgence
suggests that the primary cause in the majority of situations is intervention failure and not
climatic events [88]. While the potential dampening of climate influences on malaria
transmission by intervention and development is encouraging, meteorological factors
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remain as defining features of where specific control measures will be most effective and
in what time frame, and the receptivity to elimination efforts.
In addition to macro-scale climate factors such as rainfall, temperature, and
humidity, intervening environmental factors such as vegetation health, land use, and
topography are important environmental parameters influencing risk due to the
availability of micro-climates with higher available moisture, shade, and food sources
and suitable vector breeding habitats. Increasing urbanization is a well-known protective
factor for malaria, especially in the African setting [89], due to the lack of suitable

Anopheles vector breeding habitats in the built environment and greater availability of
health care resources. Conversely, human land use changes such as agriculture and forest
clearing can lead to the creation of new habitats by altering micro-climates and exposing
new potential vector breeding habitats; this process has been well documented on the
Amazon frontier [90]. Vegetation provides micro-climates and food sources as well as
often proximity to blood meal sources, and further is often associated with greater
humidity and moist soil conditions. Topography and stream network influence vector
density by affecting humidity, soil moisture, and availability of dry season refugia.
Techniques to model the effect oftopography on malaria risk have been utilized
recently in Kenya and Tanzania with remote sensing data. In western Kenya, Cohen et al
compared household level incidence from geo-referenced clinical records with distance to
wetter areas based upon a digital terrain model (DTM) with very high resolution; they
measured distance from each household to the nearest 1Om2 grid cell up to a maximum of
500m, and the associated wetness values of each cell [91]. In this study, the authors
found a relationship between both lower elevation and proximity to areas of higher
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predicted wetness and increased malaria risk. A subsequent study determined that higher
predicted topographical wetness close to a household better predicted case households
than either land use or land cover indices from a high resolution IKON OS image [92].

In Tanzania, Balls et al used a digitized contour map and cross-sectional clinical
survey to determine the relationship between the sum of predicted fluid flow and flow
accumulation within various radius sizes of each household and splenomegaly and
parasitemia rates [93]. While altitude remained the single greatest predictor of
splenomegaly, splenomegaly was also independently associated with increased flow
accumulation within 200-500m of each household.
Topographical features have been examined in several studies to predict the
distribution of larval habitats directly. Mushinzimana et al used a digital elevation model
and land use classification based upon high-resolution satellite imagery to predict the
potential for larval habits in the western Kenya highlands [94]. Their model predicted the
spatial distribution of greater than 75% of aquatic habitats identified by ground survey
correctly. Minakawa et al studied the relationship between land cover, topography, and
relative Anopheles species abundance in Kenya during wet and dry seasons [95]. Using
Ripley's K function to assess clustering, they found dry season habitats to be more
clustered than those in the wet season, as well as a stronger correlation between vector
abundance and environmental predictors during the dry season. Similarly, a recent study
in southern Zambia found that topographical wetness and topographic position--which
classifies the landscape by slope position--predicted the location of productive aquatic
Anopheline breeding habitats [96]. The availability of dry season habitat due to
topography and vegetation may be an important factor in maintaining year round
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transmission, especially in regions of pronounced seasonality, and therefore proximity to
these areas associated with greater risk of infection [29, 97, 98].

In conclusion, climate and environmental factors define the limits and potential
intensity of malaria transmission through their effects on mosquito and parasite life
cycles, and are crucial determinants of the effectiveness of various control measures. The
next sections detail those vector control efforts and methods for monitoring and
evaluating their progress.

1.7 Global malaria control

There exists a long and varied history of attempts to control and eradicate malaria
in various parts of the world. Massive malaria control efforts by the World Health
Organization (WHO) in the mid 1950's, led by the largely indiscriminate use of DDT and
chloroquine, aimed to eradicate malaria from much of the world as part of the Global
Malaria Eradication Program (GMEP). These efforts were largely effective in drastically
reducing malaria rates where they were applied fully [99]. However, these efforts
ostensibly did not include much of sub-Saharan Africa, as eradication of malaria in
countries with very high burdens· and poor health system infrastructure was not
considered feasible [100]. Measurable success in control was achieved through other
means, however, in association with private mining activities in several settings between
the 1930's and 1950's. Notably, integrated malaria control consisting of environmental
management and spraying with DDT by copper mining companies in Zambia led to
substantial decline in malaria rates in these communities and subsequent gains in mine
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production and local economic development [101]. However, after the difficulties in
maintaining broader malaria eradication programs in resource-poor settings became
apparent, especially in association with various financial crises, commitment to
eradication became unfeasible and the focus returned to control. As a result, efforts to
reduce the malaria burden lagged for several decades. Resistance to DDT and antimalarials furthermore were discouraging developments in the control and treatment of
malaria globally. The consequences of resistance and this almost three decade lull in
substantial control scale-up were severe for sub-Saharan Africa, where malaria rates
reached new heights in latter portion of the 20111 century [99].
Due to this recognition, the very end of20111 century saw renewed political focus
toward reducing the malaria burden in Africa, beginning with the "Harare declaration" by
the African heads of state in 1997, and this was followed shortly by the formation of the
Roll Back Malaria Partnership (RBM) in 1998. With leadership from the World Health
Organization (WHO), UNICEF, the World Bank, and United Nations Population Fund
(UNDP), the RBM began a strategic "global pminership" consisting offi.mding agencies
and political bodies, which led to renewed focus and fi.mding directed toward malaria
control, and by the end of the first decade, to the goal ofmalm·ia elimination where
feasible.
A major shift in RBM strategies in the mid-2000s led to the majority of the gains
of the past ten years through malaria control. New financing partners, including the
Global Fund, Gates Foundation, and President's Malm·ia Initiative, provided targeted
fimding to support malaria control programs in amounts dwarfmg what had previously
been available [1]. Through these efforts, the past 10 years have seen fi.mding support for
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malaria control increase 10-fold, which has allowed rapid scale-up of effective vector
control interventions including insecticide-treated nets (ITNs) and indoor residual
spraying (IRS), as well as the development of effective antimalarials in the form of
artemisinin-combination therapy (ACTs) [102].
The cornerstone of malaria vector control remains mass population coverage with
insecticide-treated nets (ITNs). Treatment of mosquito nets with synthetic insecticides
began in the 1970s and led to fmdings of dramatic reductions in mortality and morbidity
where they were employed in carefully controlled trials [103]. Extensive review of early
randomized controlled trials estimate the protective efficacy of regular ITN use to be
close to 20% for all-cause child mortality, to lower clinical incidence by 50%, and to
reduce parasite prevalence by 13% [104]. Recent meta-analyses found a 20% protective
efficacy for ITNs and all-cause child mortality [105]. Given the proliferation in large
cross-sectional survey data over the past decade, there is now greater ability to evaluate
the effectiveness ofiTNs and other control measures under routine program conditions
across settings. To that end, a recent meta-analysis of national malaria surveys showed a
20% reduction in parasitemia prevalence with household ownership of at least one ITN,
24% with sleeping under an ITN, and a 23% reduction in 1 to 5 mortality [106].
There is evidence of community-wide benefits ofiTNs beyond protection
afforded at the household level [1 07], suggesting that individuals without a net are at
lower risk if they are in or near a high-coverage community. Field-parameterized
modeling has shown that relatively modest coverage (between 35% and 65%) of the
entire population reduces transmission among the entire population to a greater degree
than coverage targeted towards vulnerable groups [108]. At higher levels of community
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ITN coverage, community protection may equal or outweigh individual protection due to
increased mosquito mortality and reductions in the density and prevalence of malaria
parasites [109].
Indoor residual spraying has been shown to reduce malaria morbidity and
mortality by similar amounts, but estimates of protective efficacy vary by season and
transmission level [110]. Whereas in the absence of a community effect ITNs operate
through personal protection, the protection afforded by IRS is likely due to reduction in
transmission from vectorial mass effect, as the main effect is killing of mosquitoes resting
indoors after feeding. There is some evidence of a community IRS effect as well [111].
However whereas IRS and ITN have been shown to have similar protective efficacy
[112-114], only limited research has been conducted to assess additive effects. Recent
analyses do suggest however that IRS provides added protective efficacy in the presence
ofiTNs and vice versa [115, 116].

In the mid-2000s, RBM pruiners invoked "scaling up for impact" or "SUFI" as a
platform of comprehensive national planning and implementation of malaria control
programming [117]. New tools for scaling up for impact involved the introduction of
long-lasting insecticide treated nets (LLINs), the roll-out of rapid diagnostic tests (RDTs)
in mru1y countries, a11d scale-up of ACTs. New operational strategies and targets invoked
by RBM included expru1ding coverage goals to the entire at-risk population in malarious
areas as opposed to specific high-risk groups, and the move to pre-elimination and
elimination in countries where this was deemed operationally and technically feasible.
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The largest recent scale-up effort has been focused appropriately in sub-Saharan
Africa, and largely successful where political commitment has been high. Whereas in
2000, only x countries had over 10% of the population sleeping under insecticide treated
nets, by 2010 more than x countries had 50% of their population report sleeping under
ITN s [118, 119]. As a result, recent RBM coverage targets now include universal access,
defined as 1:2 ITNs:household members for all at risk populations, and >80% use of
effective interventions among high-risk groups. The targets set out by the RBM and
African Heads of States were most recently set at universal access, or complete coverage
of effective interventions for all at risk. However, achieving and maintaining progress
towards these goals requires massive amounts of sustained funding, political will, and
health system infrastructure, likely in amounts far greater than the current pace [120].
Rigorously measuring and documenting impact of scale-up is a crucial component
of these effmis, for demonstrating effectiveness of interventions and rationalizing the
flow of financial and technical resources. Towards that end, it is estimated that malaria
deaths have fallen 38% over the past 10 years in sub-Saharan Africa, and that an
estimated 1.1 million child deaths may have been ave1ied (RBM) [ 121]. In 11 countries
in sub-Saharan Africa, there has been an over 50% reduction in cases and deaths over the
past ten years (RBM). Maintaining these gains and achieving them elsewhere will be
challenging given that the constant flows of funding required are hampered by the current
economic downturn and political consequences in many countries, and also given the
development ofresistence to insecticides and anti-malarials.
Recent evidence from Senegal and Malawi suggests that insecticide resistance
looms as an operational challenge to vector control effectiveness even in the setting of
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recent mass LLIN distribution [122, 123]. Furthermore, changing vector behavior or
distribution in response to interventions may require new control strategies to combat
outdoor and diurnal biting [124]. Finally, the development of resistance to artemisinincombination therapies in mining populations in S.E. Asia is a particularly worrying trend
[125].

1.8 Monitoring and evaluation
Given the high stakes, robust systems of monitoring and evaluating malaria
control programs are crucial to program success, the prudent and targeted resource
allocation, and demonstrating that proven efficacious interventions are effective under
routine program conditions. Precise, accurate, and time-sensitive measurement of
malaria trends and the creation of robust data systems are the foundations of monitoring,
evaluation, and surveillance. Large national cross-sectional household surveys such as the
Demographic and Health Survey (DHS) ru:e the primary method for gathering populationbased data on the coverage of national control programs and disease indices. Additionally,
a number of malaria-specific Malaria Indicator Surveys (MIS) have been conducted over
the past six years to gather additional infmmation on household intervention coverage
and estimate transmission and disease outcomes through the measurement of parasite and
anemia prevalence. Substantial attention has been given recently to rigorously evaluating
programmatic impact at the national level, and new paradigms of analysis involving these
and other existing and continuous sources of data, and methods for sub-national analyses
suggested [126, 127].
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Impact evaluation relies upon associating changes in programmatic coverage to
specific disease outcomes. All cause child mortality (ACCM) is currently the most
common metric used to evaluate impact of malaria programs given that these data are
available from large national surveys, but there are several challenges with the use of
these data. Namely, malaria-specific mortality information is not included in ACCM and
must be approximated based upon additional contextual information. While malariaspecific mortality may be available indirectly through verbal autopsies in some settings,
such as demographic surveillance sites (DSS), in most national evaluation settings
malaria-specific mortality data are either unavailable or substantially biased. While
routine health management information system (HMIS) data often include malaria
mortality from health facilities, these data are poorly validated and most cases of malaria
in most HMIS data systems remain unconfirmed. Furthe1more, the vast majority of
malaria deaths likely occur outside the health system and therefore are not captured in
these data.
As a result there is need to acquire highly detailed complementary data to :frame
changes in ACCM and other indices in the context of economic development, other
health interventions, and climate changes. Because of the difficulty of ascertaining causeand-effect in national level programs, evaluation of programmatic impact often relies
upon before- and after- plausibility arguments given all available data [128]. Causality in
impact evaluations involving before- and after- type analyses are bolstered by plausibility
arguments that demonstrate effect magnitudes that are similar to those shown in efficacy
studies under controlled conditions, sound and consistent temporal relationships, and
ecological associations between malaria risk and impact, including consistency with
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intermediate pathways [45]. For malaria vector control programs, this requires
demonstration of an association between changes in vector control and malaria
transmission intensity, primarily through parasite prevalence data. As these and other
data can be subject to bias, and given that programs are targeted nationally towards entire
populations, there is a need to develop more robust modeling strategies, improve data
systems, and incorporate contextual data where available to account for confounding and
isolate the effects of malaria interventions. As countries move toward elimination and
mortality and prevalence drop to levels poorly differentiated by large cross-sectional
surveys, improved real-time surveillance systems become increasingly important [4].

1.9 Spatial modeling and disease mapping
In conjunction with improved data sets for evaluation, and given the spatial and

temporal heterogeneity of malaria, there has been great need to develop new modeling
techniques for accommodating this heterogeneity and utilizing these models for
evaluation. Over the past two decades significant advances have been made in modeling
malaria transmission from climatic, entomological, topographical, and human settlement
pattern data [54, 79, 129-131]. The MARA (http://www.mara.org.za/) and more recent
Malaria Atlas Project (http://www.map.ox.ac.uk/) initiatives are two well-established
efforts to map malaria distribution based upon models developed fi:om studies on disease
level, entomological patterns, relevant meteorological data, and high-resolution
population and geographic layers. Whereas MARA efforts to map malaria transmission
were based almost entirely on climatic suitability [66, 78], the MAP initiative combines

35

survey data from multiple locations with climatic data to produce more empirically robust
estimates [54, 132, 133]. Global maps of malaria endemicity for 2007 and 2010 have
recently been produced [130]. One limitation is that until recently, these maps have been
derived from a compilation of discrete smaller-scale studies, frequently with very
different sampling strategies, time periods, and populations. Further, selection bias may
result from more surveys having been conducted in high transmission areas. Finally, large
cross-sectional surveys are customarily designed to produce robust estimates at national
and often regional levels, but not at district and [mer-grained levels [134].
Bayesian methods for producing maps of risk based upon climatic covariates have
improved the ability to use these survey data for sophisticated geostatistical and
epidemiological modeling [135, 136]. Computational advances through Markov chain
Monte Carlo simulation permit fitting complex models and simultaneously estimating
hierarchical correlation structures and accounting for multiple sources of unce1iainty
[137]. In contrast with classical statistics, Bayesian methods allows for the incorporation
and progressive updating of prior knowledge about model parameters [13 8]. This allows
for greater flexibility in modeling unknown parameters and determining the probability
distribution of a given estimate. This has important application for mapping disease
prevalence when there are large areas or periods without data and imprecisely observed
covariates [139]. Making use of spatial and temporal autocorrelation structure, these
models can "borrow strength" from nearby areas or time periods to produce estimates for
missing data points [140].
Model-based gee-statistical (MBG) methods apply Bayesian inference to allow
for discrete spatially-referenced data points, environmental covariates, and their spatial
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autocorrelation to be modeled simultaneously and predicted on a continuous smooth
surface and, importantly, for levels of uncertainty to be determined [141-143]. These
methods have proven useful for predicting the spatial distribution of risk and targeting
control initiatives for malaria [144-147], schistosomiasis [148, 149], trachoma [150],
leishmaniasis [151], and other climate-sensitive infectious diseases. The spatial
distribution of malaria in Zambia in 2006 was evaluated using the 2006 Malaria Indicator
Survey (MIS) and Bayesian predictive modeling [147]; similar model based geestatistical methods have been used to map malaria risk in near-by countries [144, 146].
Especially with the renewed focus on malaria elimination, mapping foci of transmission
has taken on new importance for targeting surveillance and control [152].
However, an important gap is that to date gee-statistical modeling strategies have
not been used for program evaluation with routine survey data. Improved integration of
these methods into robust evaluations of program impact is needed, in order to adequately
control for confounding climatic and environmental factors and spatial autocorrelation.
While previous national cross-sectional surveys have been used to establish spatial risk
patterns in various settings, sequential cross-sectional MIS surveys have not yet been
utilized to evaluate the spatial distribution of malaria at different time points in the
context of changing intervention coverage levels and weather patterns. The use of these
methods for this type of evaluation provides an impmiant contribution for understanding
the relative effects of climate and intervention scale-up (or decay) in relation to spatiallyspecific changing parasite prevalence rates. Furthermore, the specific timing of parasite
surveys may alter parasite infection prevalence substantially, depending upon when peak
rainfall occurs. Conducting a prevalence survey only a few months later, for example,
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may confound comparison with other years. Most previous uses of national crosssectional data sets for spatial analysis have incorporated only a single survey to map risk
or have aggregated multiple surveys into one risk map; as a result they may not
adequately represent the distribution in years with very different climatic patterns.
Similarly, Bayesian mapping efforts incorporating temporal aspects are relatively rare
[148, 153, 154], especially for prevalence surveys.

1.10 Study setting: epidemiology and control of malaria in Zambia
Zambia is a large country in southern Africa with a strong history of malaria
control. Zambia is land-locked, covers an area of752,614 km2, and is bordered by
Angola, Botswana, Namibia, Malawi, Mozambique, the Democratic Republic ofthe
Congo, Tanzania, and Zimbabwe. The total population was estimated recently at just over
13 million (Zambia Population and Housing Census 2010). Early studies of malaria
indicate moderately high levels of transmission throughout the country [155]. Malaria
transmission is highly seasonal, following the beginning of rains in November, and
extending through to June, when transmission drops dramatically during the dry season.
Annual average rainfall ranges from 600 mm in the southern provinces to 1500 mm in the
north of the country (Zambia Meteorological Society).
Through funding from the Global Fund, the Gates Foundation, the President's
Malaria Initiative (PMI), and PATH/MACEP A, Zambia has been a focus country for
evaluating the scale-up of malaria interventions. The primary malaria interventions in
Zambia include the household possession and use of insecticide-treated mosquito nets
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(ITNs), indoor residual spraying (IRS), intermittent preventive treatment (IPTp) for
pregnant women, and prompt effective treatment with Artemeter-Lumefantrine (ACT) for
children with fever. Three Malaria Indicator Surveys have been conducted in Zambia
over the past five years (2006, 2008, 201 0) to evaluate scale-up efforts. Zambia has
dramatically scaled up nation-wide ownership of insecticide-treated nets over the past 7
years. Additionally, Zambia was one of the first country to pilot ACTs and to use RDTs
for confirmed diagnoses in clinics nationwide. Indoor-residual spraying has been scaled
up substantially since 2006, and expanded to include areas outside of peri-urban areas.
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1.11 Hypotheses and research questions
This dissertation evaluates the association between vector control coverage,
climate, and the spatial and temporal distribution of disease from three national crosssectional household surveys in Zambia (2006, 2008, 2010), sub-national prevalence
surveys conducted in two of the highest burden districts, and Health Management
Information System (HMIS) confirmed malaria outpatient incidence data from 2009 to
2011. The modeling results presented will improve understanding of how intervention
scale-up (or decay) affects disease distribution in the context of changing weather
patterns. The analysis is timely and significant for public health and malaria control in
Zambia, as the results will be used to inform optimal allocation of increasingly scarce
malaria program resources. This knowledge is pressing for malaria control programs
throughout sub-Saharan Africa, and the results will also be salient for countries grappling
with similarly complex climate-related public health problems. The three primary
research questions and guiding hypotheses are outlined below.

Research Question 1. How did parasite prevalence change between 2006, 2008, and 2010
and were these changes associated with changes in vector control coverage and/or climate
factors?
Hypothesis 1: After controlling for changes in weather patterns and vector control
coverage, expected parasite prevalence in 2010 was not significantly different than in
2008. This hypothesis rests upon the sub-hypotheses that weather patterns and vector
control coverage levels were each independently associated with parasite prevalence. It is
expected that changes in weather patterns and vector control coverage account for the
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increase in parasite prevalence. Alternatively, other uruneasured factors, such as health
system factors or factors affecting population immunity, could have led to the increase.
Hypothesis 2: Without sustained high vector control coverage (ITN possession and use
and IRS), parasite prevalence would have risen to higher levels in 2010 than observed.
It is expected that vector control interventions blunted a greater spike in prevalence, and

that predictions based upon climate information alone will show a greater increase in
parasite prevalence between 2008 and 2010 than was observed. Alternatively, vector
control interventions did not limit a broad spike in prevalence due to climatic factors.

Research Question 2. Were households with malaria in the rainy season more likely to be
located near to areas of greater wetness in the dry season predicted by topographical and
vegetation indices?
Hypothesis 1: Children under 5 residing in households closer to areas of greater
cumulative surface wetness throughout the dry season were more likely to be malaria
positive than those in households further away.
It is expected that surface wetness estimated with topographical and dry season

vegetation indices is significantly associated with greater odds of malaria parasite
infection during the rainy season. Alternatively, age or other household or environmental
factors better determine the distribution of malaria parasite infections.
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Research Question 3. Is ITN program intensity at the district-level associated with
district-level confirmed malaria case incidence after controlling for climatic factors,
proximity to health care, treatment-seeking, and spatial and temporal autocorrelation?
Hypothesis 1: Higher district-level ITN coverage rates are associated with lower districtlevel confirmed malaria case incidence from routine reporting sources after adjusting for
climate/transmission, access to health care, treatment-seeking behavior, and spatial and
temporal autocorrelation.

/
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1.12 Data sources
Numerous data sources were combined for each analysis presented here,
including serial cross-sectional Malaria Indicator Surveys (MIS), district level crosssectional surveys, routinely collected Health Management Information System (HMIS)
data, climate data from remote-sensing satellite imagery, and additional programmatic
and administrative data including geographic shape-files, health facility locations, and
ITN and IRS distribution data. Each is described briefly below.

Malaria Indicator Survey
Malaria Indicator Surveys (MIS) are standardized survey questionnaires designed
by RBM/MERG based upon the broader Demographic and Health Survey (DHS) format,
and include information on household socio-economic status, a household roster of
demographic information, a mosquito net roster for determining ownership of insecticide
treated nets (ITNs), exposure to other malaria interventions such as indoor residual
spraying (IRS), a women's/caregiver questionnaire covering malaria knowledge,
treatment-seeking behavior for child fevers, and testing for malaria parasites and anemia
for children under 5. In most cases, parasite testing is conducted with both slide
microscopy and rapid diagnostic tests in the field.
The MIS sample is a two-stage cluster design, with primary sampling units
represented by census standard enumeration areas (SEAs) selected by systematic random
sampling at the first stage, and households selected by simple random sampling following
complete enumeration of the EAs selected at the first stage. In Zambia, the MIS were
powered to measure severe anemia prevalence within reasonable precision bounds at the
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urban, rural, national levels, as well as within 10 RBM sentinel districts, taking into
account the precision loss due to the cluster design.
The MIS surveys were conducted at the end of the rainy season in each year, with
fieldwork starting in early April and continuing until mid/late May. The surveys were
conducted using personalized digital assistants (PDAs) equipped with global positioning
systems (GPS). These data are summarized in Table 1.1

Table 1.1 Summary of MIS data
2006

2008

2010

Number of clusters

120

180

180

Number ofhouseholds

2,999

4,405

4,361

Number of children <5

2,153

3,086

3,162

Health Management Information System Data
Data on total confirmed and clinical outpatient malaria diagnoses were compiled
from the Health Management Information System (HMIS) for the period 2009-2011.
Previous to 2009, outpatient malaria diagnoses were reported quarterly and
parasitological case confirmation infonnation was not available. Starting in 2009,
however, all public health facilities in Zambia have been required to report to HMIS
monthly and scale-up of rapid diagnostic tests (RDTs) has been ongoing since 2004 [156].
In addition, facilities reported on the number of tests conducted per month, and these data
were used to calculate facility testing rates.

44

Climate data
Publically available climate data were accessed from several online source and
processed using IDRISI, ArcGIS, and R. These data are summarized in Table 1.2.
Table 1.2 Summary of climate data
Source (ref)

Product

Spatial Res.

Temporal Res.

MODIS [157]

Land Surface Temperature (LST)

1k

8 day

MODIS [157]

Enhanced Vegetation Index (EVI)

1k&250m

FEWS [158]

Rainfall (RFE)

8k

10 day

Hydro 1k [159]

Elevation

1k

2000

Landscan [160]

Ambient population, 2008

500m

Bi-annual

ASTER [161]

Topography

30m

2002

GlobCover [162]

Land use category

300m

Annual

. 16 day

Additional data
Cross-sectional household surveys were conducted in Luangwa district in 2008
and 2010, and in Nyimba district in 2010, using the Malaria Indicator Survey
questionnaire. In contrast with the MIS, however, complete household enumeration was
conducted in each district and households were selected for interview by simple random
sampling (SRS).
Programmatic data were compiled for the scale-up period 2005-2011 on ITN
distributions and numbers of household structures sprayed per district and year.
Administrative ArcGIS shape files were compiled for district, province, and national
boundaries, district headquarters, major roads, water bodies, and health facilities.
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Ethical clearance and informed consent
Ethical clearance for each survey was reviewed and approved by the institutional
review boards of the University of Zambia Research Ethics Committee, the Centers for
Disease Control and Prevention (Atlanta, GA, USA), and the Programme for Appropriate
Technology and Health (PATH), Seattle, WA, USA. Written informed consent was
obtained from the parent or guardian for each individual child for which a capillary
sample was taken using either a signature or ink thumbprint after explanation of the study
procedures in the local language. Verbal consent was also provided by the eligible
women at the outset ofthe women's questionnaire and entered into the PDA.
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CHAPTER2
ASSOCIATION BETWEEN VECTOR CONTROL COVERAGE, CLIMATE
VARIABILITY, AND THE SPATIAL DISTRIBUTION OF MALARIA AT THREE
TIME POINTS IN ZAMBIA

2.1 Introduction
Scale-up of vector control interventions, specifically insecticide-treated nets
(ITNs) and indoor residual spraying (IRS), has been shown in multiple settings to reduce
malaria morbidity and mortality in vulnerable populations [104, 110, 163, 164]. Zambia
has made significant progress in scaling up ITN and IRS coverage since 2005 and
documenting this progress with repeated nationally representative surveys [117, 165].
Over 7 million ITNS were distributed between 2005 and 2010, and Malaria Indicator
Surveys (MIS) were conducted in 2006, 2008, and 2010 to evaluate whether
programmatic scale-up has translated into increased household coverage ofiTNs and IRS
and a reduction in disease burden at the population level. Compared with 2006, the 2008
and 2010 MIS showed increases in the proportion ofhouseholds with at least one ITN
from 38% to 62% and 64%, respectively, the proportion of children under five sleeping
under ITNs from 24% to 41% and 50%, respectively, and the proportion of households
receiving IRS in the past 12 months from 10% to 15% and 23%, respectively (Zambia
National Malaria Control Center). Encouragingly, the prop01iion of children under five
with malaria parasite infections dropped overall from 22% to 9% from 2006 to 2008, and
from 29% to 12% in rural areas, and severe anemia prevalence fell from 14% to 4 %.
However, while ITN coverage and use and IRS coverage increased nationally in
2010, the proportion of children under five with a malaria parasite infection increased to
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16% overall and to 20% in rural areas, nearly doubling from 2008 levels in some
provinces, and the proportion of children with severe anemia increased to 9%. There is
pressing programmatic need to determine the possible causes of this resurgence between
2008 and 2010 with potentially broad implications for malaria control programs across
Africa. A recent historical analysis of global occurrences of malaria resurgence suggests
that in most cases a flagging of malaria control effort led to an increase in disease rates
[88]. In Zambia, heterogeneity in ITN coverage over this period likely played a
substantial role, as ITN coverage fell in several of the provinces that experienced the
greatest increase, but these patterns do not completely explain the rebound. There is also
growing evidence of ITN efficacy decay due to insecticide resistance and vector biting
behavior in other settings [122-124]. There is further speculation that anomalous weather
patterns-perhaps related to a relatively strong El Nifio episode in late 2009 and early
2010-may have influenced this spike in transmission, as has occurred elsewhere [86,
166].
Weather variability is a well-known driver of malaria transmission parameters
[63], but detailed climate data have until recently rarely been considered when evaluating
the results of national point prevalence surveys. High-resolution environmental data are
being used with increasing sophistication in geostatistical modeling frameworks for
malaria risk mapping purposes [130], where the objective is the production of mean
endemicity surfaces, and for predicting incidence [68], but far more rarely to evaluate
inter-annual changes in point prevalence from repeated cross-sectional surveys. Climatic
data have been shown to be effective for developing early warning systems [68],
especially in seasonal regions where a large proportion of variability in malaria rates is
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due to inter-annual climate variability. The improved and integrated use of climatic data
for Africa is essential for controlling for confounding events when attempting to attribute
disease patterns to programmatic efforts.
Zambia was the first country to conduct an MIS, and the first to have three serial
MIS available for evaluation purposes. Given the strong commitment to scale-up of
primary interventions over the last five years, and equally to producing robust monitoring,
evaluation, and surveillance data, Zambia represents an important opportunity for
evaluating the association between population-based measures of vector control coverage,
inter-annual climate variability, and parasite prevalence. Here, I triangulate
environmental, programmatic, and survey data to evaluate this association in the context
of a recent increase in both parasite prevalence and clinical incidence. Specifically, I
evaluated whether vector control coverage levels were associated with odds of
parasitemia, and whether changes in vector control coverage could explain changes in
parasitemia between 2006, 2008, and 2010. Similarly, I evaluated whether climatic and
other environmental variables were associated with odds of parasitemia, whether interannual climatic patterns could explain changes in parasitemia, and whether adjusting for
climate modified interpretation of other modeled parameters. Finally, I used geostatistical
models to account for spatial autocorrelation and estimate the relative contribution of
changes in ITN coverage and climate to changes in parasitemia. This analysis represents
a novel approach to applying geostatistical methods for malaria program evaluation.
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2.2 Methods
2.2.1 Malaria Indicator Surveys
I used data from the MISs, which were conducted at the end of the high
transmission season in 2006, 2008, and 2010 (between April and June each year). The
sample design and questionnaire for these surveys has been well-described elsewhere
[167]. Briefly, the samples were selected to provide precise estimates ofiTN coverage at
the national, provincial, and urban/rural levels. For first-stage sampling, standard
enumeration areas (EAs) were systematically selected population proportional to size
(PPS). After complete enumeration of all households within each EA, 25 households
were randomly selected for interview, with 5 replacements. Household enumeration,
selection, and questionnaire administration was conducted using personalized-digital
assistants (PDAs) equipped with GPS.
Parasite infection status was established by slide microscopy and rapid diagnostic
testing (RDTs) was conducted in the field to provide treatment to currently ill children.
Latitude and longitude information was collected for each household from the PDA GPS
unit; for cluster level information, I detennined the centroid for each cluster (SEA) from
household latitude and longitude.

2.2.2 Climate and geographic data
I extracted publicly-available remote-sensing climate data at the centroid of each
cluster (represented by the sampled households within each EA). I compiled data from
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the following sources: the African Data Dissemination Service [158] for 10-day rainfall
estimates at 8km resolution, the USGS Hydro lk dataset for elevation at lkm resolution
[159], the MODIS satellite data repository for 8-day maximum and minimum
temperature and 16-day enhanced vegetation index (EVI) at lkm resolution [157], and
Landscan 2008 for ambient population estimates at lkm resolution [160]. I also included
administrative shapefiles on road networks, health facilities, and water bodies. Timevariant data were extracted for the four months preceding each survey.

2.2.3 Definitions
I defined a net as an ITN if it was a long-lasting insecticide-treated net (LLIN), or
alternatively a net that had been treated within the past 12 months [168]. Among ITNs, I
created categories for ITN age based upon length of ownership: <2 years old, >2 years
old, and unknown. I calculated the ITN density (number ofiTNs per household
members) for each cluster as a measure of community-level coverage, and defined
categories as follows: <0.1 ITN:HH members, 0.1-0.2 ITN:HH members, 0.2-0.3
ITN:HH members, and >0.3 ITN:HH members. As the average household size in Zambia
is close to six, 0.17 ITN:HH members corresponds roughly to 1 ITN per household. I
defined IRS as having household walls sprayed within the 12 months preceding the
survey date. Similarly, I calculated the proportion of households having received IRS per
cluster as a measure of community-level coverage.
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I collapsed child age categories into <2 years and 2-5 years, based upon
exploratory analyses and previous epidemiological evidence that the risk of malaria
parasite infection is greater in older children [169].
As a measure of socioeconomic status, principle-components analysis (PCA) was
used to create a wealth index from primary household assets [170]. Based upon
substantial collinearity between this index and urban/rural status from the MIS, I instead
calculated relative population density as a measure of urban-ness. I classified areas into
three categories based upon population density: <1 000 population per km/\2, which has
been shown to be a reliable cut-off for stratifying malaria risk, 1000-5000 population per
km/\2, and >5000 population per km/\2.

2.2.4 Variable Selection and Statistical Analysis
For selection of climatic variables, I considered both biological plausibility and
statistical fit. I excluded lags of less than three weeks for rainfall, and less than two weeks
for temperature, based upon the minimum amount of time needed for these parameters to
affect the parasite or mosquito life cycle and parasite infection in a child [63]. As an
exception, I considered EVI lags up to the point of the survey, as EVI represents the
effect of cumulative rainfall. I examined separate lags for each survey based upon the
month the child was surveyed, as each survey lasted between six and eight weeks. I first
examined the statistical fit of climatic variables at various time lags in bivariate analyses,
by evaluating the association between each variable and parasite infection status, while
including a random intercept to control for cluster-level heterogeneity. For each survey
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year separately, I chose for inclusion in multivariate models the terms that had the best fit
by Akaike's Information Criteria (AIC) [171], provided they met our biological
plausibility criterion.
The relationship between each covariate and parasite infection prevalence was
evaluated separately for each survey year through bivariate and multivariate logistic
regression models. I conducted exploratory analyses to test linear, categorical, and nonlinear relationships such as quadratic between covariates and outcome. Tenns with p<.15
(Wald) in bivariate tests were included in multivariate models.
I first conducted multivariate random-effects logistic regression in a frequentist
setting to evaluate the association between vector control coverage, climate variability,
and odds of malaria parasite infection. Selection bias can distort the measure of
association given that some individuals may have been more likely to receive malaria
interventions than others due to residence and other household factors that are also
related to the odds of malaria parasite infection. To mitigate bias due to confounding
based upon residence type, I first exactly matched individuals by urban/rural status,
transmission intensity (low: <10%, medium: 10-25%, high: >25%), and wealth
(high/low). I then examined these relationships with separate models for each year, and
finally pooled all years. In the pooled model, I included survey year as a fixed effect to
evaluate changes between surveys, while controlling for other factors in the model. I
included cluster and matched strata as random effects. I examined interaction terms
between survey year and other covariates to evaluate changes in association with each
survey round. I compared models including time-varying climatic covariates to those
without to evaluate the role of inter-annual climate variability for mediating interpretation
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of changes in parasitemia between survey rounds. I chose for final interpretation the
models that exhibited the best fit by AIC. Analyses were conducted in Stata 10.0 and R
2.15.
The presence of spatial autocorrelation can bias parameter estimates by violating
the assumption of independence of observations upon which classical linear regression is
based. When present, spatial autocon·elation can also be utilized to produce estimates of
model outputs at un-sampled locations. To account for spatial autocorrelation in
parameter estimates and to produce prediction surfaces for examining spatial patterns, I
constructed gee-statistical models similar to non-spatial models described previously, in a
Bayesian :fi:amework. I parameterized these models as follows:

Logit(pijk)= a + XijkT l3k + ~jk + Pjk
where Yijk is the binary outcome of parasitological status and Pijk is the probability
of parasitemia for child i at location j and time k when k=indicator for survey year (2006,
2008, 201 0), a is the intercept, l3k represents the vector (l3 1k,l3 2k, ... j3pk) T of coefficients for
each covariate represented in vector Xijk,

~jk

is a spatial random effect for each location,

and pjk is an exchangeable random effect for unobserved non-spatial variation.
In exploratory analysis, I conducted semi-variograms to evaluate spatial
autocorrelation and estimate decay parameters. I modeled spatial dependency as
multivariate normal (~jk~MN(O,~)), with variance-covariance matrix ~=cr 2corrij(dij, p),
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where dij is the Euclidean distance between locations Si and Si-l, corrij(dij, p) is the
exponential (exp(-dij p)), and p measures the rate of correlation decay.
In order to evaluate the relationship between changes in ITN coverage and the
spatial distribution of parasitemia, I first created separate geostatistical models of ITN
coverage, defmed as the ratio of ITN s:HH members, for inclusion in final prediction
models. I modeled the ITN:HH member ratio at the cluster level with a Gaussian prior
and included population size as a covariate. I examined distance to health facility and
major roads as potential covariates but did not fmd significant relationships to assist in
predictions.
For all geostatistical models, I estimated model parameters using Markov Chain
Monte Carlo (MCMC) sampling in OpenBUGS [172]. Parasite infection status was
modeled with a Bernoulli prior. I modeled the spatial random effects with the function

spatial.exp in OpenBUGS. In modeling the spatial random effects, I assumed stationarity
of the spatial process across survey years. I modeled regression parameters with a normal
prior with mean zero and inverse gamma variance. The covariates considered for
inclusion in vector Xijk included both environmental covariates (rainfall anomalies
(lagged), maximum temperature, minimum temperature, daily temperature difference,
enhanced vegetation index (EVI), altitude, distance to nearest water body, population
density) and intervention coverage (HH ITN possession, community ITNs per person,
distance from health facility, IRS in the past 12 months). I examined separate models to
assess the effect of vector control coverage and survey round in models with and without
time-varying climatic variables. In order to evaluate vector control parameters and survey
year in a geostatistical framework, I first evaluated a model including household and
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individual socio-demographic factors such as age and wealth quintile, vector control
including ITN ownership and IRS in the past 12 months, and time-invariant
environmental factors including altitude and distance to the nearest water body
(Geostatistical model 1). To evaluate vector control parameters and effect of survey year
while additionally controlling for climate variability, I then considered the same model
with the addition of time-varying climatic covariates including rainfall, EVI, and
minimum temperature (Geostatistical model 2). I then compared prediction models
including modeled ITNs in the prediction (Geostatistical model3) and without ITNs
(Geostatistical model4). For the prediction models, I only included cluster level terms
that I could predict at high spatial resolution. For the final prediction model (model3),
random (non-spatial) and spatial components were assessed in separate models.
For all models, after a bum-in period of 10,000 iterations, I evaluated model
convergence by examining ergodic averages, autocorrelation, and density plots of model
parameters. After convergence was reached, I monitored parameters for an additional
50,000 sampling iterations and thinned the chains 10% for final estimates. I conducted
validation tests on the final spatial and non-spatial prediction model by running the model
on an 85% training dataset and predicting to the remaining 15% of locations. The training
and prediction datasets were chosen stratified by survey year to ensure equal allocation.
For the prediction model surfaces, I plotted the posterior medians at 5km resolution
(roughly 40,000 pixels covering Zambia) using the spatial. unipred function in
OpenBUGS. I evaluated several different prediction scenarios by including different
combinations of climate and ITN coverage values for each year as prediction model
inputs. I calculated final population-averaged parasite prevalences by province by
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multiplying the prediction surface raster by the population surface raster to obtain the
estimated number infected by province, and then dividing by the total province
population. I assumed the proportion of <5 children in the population was the same for all
provinces.
2.3 Results

2.3.1 Descriptive and bivariate statistics

The 2006 MIS covered 2,889 households, and slide result data were available for
1,787 children under 5 in 109 clusters (Figure 2.1). The 2008 MIS covered 4,142
households, and slide result data were available for 3,010 children under 5 in 169 clusters.
The 2010 MIS covered 4,361 households, and slide result data were available for 3,423
children under 5 in 178 clusters.
Parasite prevalence point estimates increased significantly between 2008 and
2010, in Luapula province by 158% (p<0.001) and in Eastern province by 168%
(p<0.001) (Table 2.1). Parasite prevalence point estimate increased by 117% in Northern
province, but this increase was only marginally significant (p=0.055). Prevalence
estimates increased by 21% in Copperbelt (p=0.606), and by 64% in Central province
(p=0.457), but these changes were not significant. There were no significant changes in
Southern, Western, or Lusaka provinces, but a significant decrease was observed in
Northwestern province.
Household ownership of at least one ITN fell in Luapula province by 28%
(p=0.002), but IRS coverage increased from 0.3% to 18.1% (Table 2.2); the percent of
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households with either an ITN or IRS felll3%. Household ITN ownership fell from 90%
in 2008 to 61.2% in 2010 in Northern province, a fall of32% (p<O.OOl), but IRS
coverage increased from 0.5% to 13.6%, and ITN or IRS coverage fell overall from 90%
to 66%. Household ITN ownership increased slightly in Eastern province, from 74.8 to
76.1 %, and Copperbelt province, from 57.2% to 62.3%, and substantially in Central
province, from 51.0% to 74.0%.
In bivariate analyses within each survey, parasitemia was associated with higher
age, lower wealth, residence in a lower population density community, lack of ownership
of an ITN and no IRS, and lower cluster ITN density (Table 2.3). Parasitemia was highest
in Luapula province in each year, and lowest in Lusaka province.
Rainfall measured as the monthly anomaly over all districts in the three months
(Jan-Mar) preceding the survey was higher in 2006 than in 2008, and highest in 2010
when compared to local district means (Figure 2.2). Similarly, mean January to March
minimum temperatures compared to local district means were roughly average in 2006,
below average in2008, and above average by a similar degree in 2010 (Figure 2.3).
Rainfall and minimum temperature anomaly patterns corresponded roughly to the El

Nino index over this period, as early 2008 was considered a moderate "La Nina" year and
early 2010 was considered a moderately strong "El Nino" year [173].
The best fitting lag for rainfall, measured as the linear relationship between 10day rainfall and odds of parasitemia, was roughly seven weeks (Figure 2.4), which is
similar to previous research and a biologically plausible time lag between rainfall and
onset of new infections [63]. This corresponded to a 20-day period of rainfall over late
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Feb and early March for the 2006 survey, and a 20-day period of rainfall over mid to late
February for the 2008 and 2010 surveys. The best fitting lag for minimum and maximum
temperature was much closer to the survey date, an 8-day period roughly three weeks
preceding each survey, and similarly for EVI, a 16-day period corresponding roughly to
the start of each survey. (Figures 2.5-2.7). Whereas the association between minimum
temperature and odds of parasitemia was positive, the association between maximum
temperature and odds of parasitemia was negative. Among all climatic covariates, the
strongest bivariate relationship existed between EVI and odds of parasitemia.

2.3.2 Non-spatial multivariate models
After controlling for non time-varying environmental factors and exact matching
on residence, ownership of at least one ITN < 2 years old was associated with a 25%
reduction in the odds of parasitemia [Adjusted odds ratio (AOR)=0.75, 95% CI 0.610.93] (Table 2.4). Ownership of an ITN >2 years old was associated with a similar
reduction but did not reach significance. IRS alone within the past 12 months was
associated with a 33% reduction in the odds of parasitemia (AOR=0.67, 95% CI 0.490.91). Ownership of at least one ITN < 2 years old combined with IRS was associated
with a 43% reduction in odds of parasitemia (AOR=0.57, 95% CI 0.36-0.89). Ownership
of an older ITN and IRS was associated with a 35% reduction but did not reach
significance. At the cluster level, an ITN to household member ratio of 0.2 to 0.3 was
associated with a 60% reduction in odds of parasitemia (AOR=0.40, 95% CI 0.23-0.69)
compared to an ITN to household member ratio of less than 0.1, and a household
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member ratio of greater than 0.3 with a 53% reduction (AOR=0.52, 95% CI 0.26-0.85).
There was no significant interaction between ITN ownership and survey year or IRS and
survey year.
There was a significant interaction between age and survey year, such that older
children were more likely to be parasitemic in all years, and their odds of parasitemia
compared with younger children increased with each survey round (2006: AOR=2.15,
95% CI 1.59-2.91; 2008: AOR=2.71, 95% CI 1.97-3.73; 2010: AOR=3.50, 95% CI 2.724.52). Greater wealth status was associated with significant lower odds of parasitemia
(AOR=0.39, 95% CI 0.21-0.70 for the wealthiest versus the poorest), as was living in a
more populated area (>5000 persons/sq-km: AOR=0.25, 95% CI 0.08-0.80). Increased
distance to the nearest major roadway was associated with increased odds of parasitemia
(AOR=l.05, 95% CI 1.02-1.08), while increased distance from the nearest water body
was associated with decreased odds of parasitemia (AOR=0.92, 95% CI 0.85-0.99).
Altitude over 800 meters was associated with reduced odds of parasitemia (AOR=O.ll,
95% CI 0.04-0.29).
Inclusion oftime-varying environmental (climatic) factors improved model fit but
did not greatly alter parameter estimates for household and community level vector
control and other environmental factors. Higher lagged rainfall (mm) was significantly
associated with increased odds of parasitemia (AOR=l.02, 95% CI 1.00-1.03), as was
EVI (standardized to z-score: AOR=l.38, 95% CI 1.11-1.71). Minimum temperature was
not significant, and maximum temperature was removed due to inverse collinearity with
EVI. After controlling for climate and other confounding factors, ownership of at least
one ITN < 2 years old was associated with a 25% reduction in the odds of parasitemia
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(AOR=0.75, 95% CI 0.61-0.93). Ownership of an ITN >2 years old was associated with a
similar reduction but did not reach significance. IRS alone within the past 12 months was
associated with a 34% reduction in the odds of parasitemia (AOR=0.66, 95% CI 0.480.90). Ownership of at least one ITN < 2 years old combined with IRS was associated
with a 46% reduction in odds of parasitemia (AOR=0.54, 95% CI 0.35-0.86). Ownership
of an older ITN and IRS was associated with a 36% reduction but did not reach
significance. At the cluster level, an ITN to household member ratio of0.2 to 0.3 was
associated with a 55% reduction in odds of parasitemia (AOR=0.45, 95% CI 0.26-0.78),
and a household member ratio of greater than 0.3 with a 48% reduction (AOR=0.52, 95%
CI 0.29-0.95). There were no significant interactions between vector control variables
and survey year.
I found significant interactions between survey year and province in both the
model without climate and in the model with climate. I assessed differences by survey
year with 2008 as the baseline. In the model without climate variables but controlling for
other factors including vector control, the odds of parasitemia were almost six times
higher in2006 in CentraVLusaka province than in 2008 (AOR=5.82, 95% CI 1.91-17.76),
and were over 12 times higher in 2006 in Western province than in 2008 (AOR=12.73,
95% CI 2.18-74.40) (Figure 2.9). The odds were higher in 2006 compared to 2008 for all
other provinces except for Nmihem, but none of these changes were significant. The
odds of parasitemia were over 4 times higher in 2010 compared to 2008 in Eastem
province (AOR=4.51, 95% CI 1.76-11.57) and 4 times higher in Luapula (AOR=3.9,
95% CI 1.46-10.40). No other changes between 2008 and 2010 were significant. After
controlling for inter-annual climate variability, the odds of parasitemia were significantly
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higher in 2006 compared with 2008 in Western province (AOR=7.42, 95% CI 1.3-42.25),
but did not reach significance in other provinces. The adjusted odds of parasitemia were·
not significantly higher in any provinces in 2010 compared with 2008, but were
significantly lower in Northern province (AOR=0.24, 95% CI 0.08-0.71).

2.3.3 Geostatistical models
I compared results of several different geostatistical models taking into account
spatial autocorrelation. In these models, I excluded temperature, province, and distance to
a road as models including these parameters did not reach convergence. In geostatistical
model1, I included socio-demographic, vector control parameters, and survey year. I did
not fmd a significant relationship between age and parasitemia in this model, but I did
find that individuals in the wealthiest households were less likely to be parasitemic than
in the poorest (AOR=0.48, 95% Bayesian Credible Interval (BCI): 0.29-0.80), as were
individuals in larger population areas (>5000/km-sq: AOR=0.16, 95% BCI: 0.05-0.45),
further from the nearest water body (AOR=0.71, 95% BCI: 0.54-0.99) and at higher
altitudes (all altitudes higher than 800 meters were protective) (Table 2.5). Household
ownership of~ 1 ITN of any age with or without IRS did not reach significance, but IRS
alone in the household was significantly protective (AOR=0.67, 95% BCI: 0.49-0.88).
Residing in a community with a ratio of at least 0.2 ITNs:Individuals at the cluster level
was significantly associated with lower odds of infection (AOR=0.38, 95% BCI:0.220.63), and to a lesser degree greater than 0.3 as well (AOR=0.58, 95% BCI: 0.35-0.99).
Compared with 2006, survey year 2008 showed lower odds of parasitemia but did not
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quite reach significance (AOR=0.62, 95% BCI: 0.38-1.02). Year 2010 showed no
difference from 2006. The phi statistic for spatial decay was 0.65 (0.30-1.18) indicating a
relatively high level of spatial autocon-elation, and the spatial variance was roughly four
times the non-spatial variance.
In gee-statistical model 2, I examined the same model parameters as model 1,

while additionally controlling for climate (rainfall and enhanced vegetation index).
Controlling for climate did not substantially alter interpretation of vector control
parameters. After controlling for climate, ownership of at least one ITN less than 2 years
and IRS was significantly associated with lower odds of parasitemia (AOR=0.65, 95%
BCI 0.41-0.99), as was IRS alone (AOR=0.68, 95% BCI 0.51-0.94). Cluster ITN density
between 0.2 and 0.3 was protective (AOR=0.45, 95% BCI 0.28-0.77), but higher cluster
ITN densities did not reach significance. Rainfall measured as the anomaly from the local
(five-year) mean at each cluster, was significantly associated with odds of parasitemia
(Standardized to 2 SDs: AOR=1.76, 95% BCI 1.0-3.12), as was EVI (Standardized to 2
SDs: AOR=2.17, 95% BCI 1.46-3.17). Survey year was not a significant predictor, with
both terms near 1. The phi statistic was slightly larger (1.0, 95% BCI 0.46-1.76), and
spatial variance over three times the non-spatial variance.
In the prediction model including community ITN coverage (model 3), cluster
ITNs per person, population density, altitude, EVI, rainfall, and distance to nearest water
body were significant predictors of parasitemia. Parameter values were similar to model 2.
Compared with fewer than 0.1 ITNs:HH members, cluster density between 0.2 and 0.3
was protective (AOR=0.37, 95% BCI 0.22-0.61), as was cluster density greater than 0.3
(AOR=0.53, 95% BCI 0.31-0.91). Greater population density was associated with
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reduced odds of parasitemia (1k-5k/km-sq: AOR=0.57, 95% BCI 0.33-0.93; >5k/km-sq:
AOR=0.21, 95% BCI 0.07-0.56), as was greater distance to the nearest water body
(AOR=0.71, 95% BCI 0.51-0.99), and greater altitude. Higher rainfall anomaly and EVI
were significantly associated with odds of parasitemia (Standardized to 2 SDs: RFE:
AOR=1.79, 95% BCI 1.03-3.14; EVI: AOR=2.23, 95% BCI 1.54-3.59). After controlling
for vector control and environmental variables, year was not associated with odds of
parasitemia.
Model validation of the spatial prediction model indicated good model fit, as
greater than 60% oftest points fell within the 95% credible interval (Figure 2.10). When
compared with the same model without the spatial random effect, the spatial prediction
model provided better predictions at all credible intervals.
I obtained consistent results for a fmal prediction model (4) without community
ITN coverage as further validation of the spatial predictions from model 3.
Spatial prediction model outputs are depicted in figures 2.11-2.14 at 5~
resolution. The ITN surfaces indicate increasing ITN densities overall from 2006 to 2008
and 2010, but substantial heterogeneity exists. ITN coverage increased dramatically
overall in 2008, but most notably in the Nmih and East of the country. ITN coverage
remained at similar levels in most of the West and South in 2010, but fell in the North,
most notably in Luapula province.
Parasitemia risk surfaces show the highest risk in2006 in Luapula, Northem, and
Eastem provinces, and reduced risk overall in 2008. In 2010, resurgence of parasitemia
risk is most notable in Luapula province and portions of Eastem province. Figure 2.13
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shows alternative scenarios of climate and ITN coverage based upon altering prediction
inputs.
Based upon these surfaces, I produced population-adjusted parasite prevalence
estimates for each year and scenario to estimate the percent change due to climate and
ITN coverage. Population-adjusted prevalences were similar to MIS estimates, in that the
highest prevalence was predicted for Luapula (2006: 34.4%, 2008: 17.4%, 2010: 30.3%)
and Eastern (2006: 28.3%, 2008: 10.5%, 2010: 17.6%) (Table 2.6). Overall, the model
slightly under-predicted when compared with MIS estimates, as national estimates were
15.3% for 2006, 6.5% for 2008, and 10.4% for 2010, but province level changes by
survey year were consistent with changes estimated by MIS tabulations. The model
predicted a 58.7% percent increase in parasite prevalence overall between 2008 and 2010.
Estimates of the expected percent change if climate were constant indicate that the bulk
of the change between 2008 and 2010 was due to climate factors. The model predicted
only a small increase (2%) if climate influences (rainfall and EVI) in 2010 had been the
same as in 2008. The model predicted decreases for most provinces in this scenario, the
exception being an increase of almost 50% in Luapula and a moderate increase in Eastern
province (11.8%). Holding ITN levels constant from 2008 to 2010, the model predicted
an increase of 53% overall based on climate alone, with the largest percent increases due
to climate in Central (73.9%), Lusaka (148.2%), and Copperbelt (74.9%). Increases of
close to 50% were also predicted for Eastern, Nmihern, North-western, and Southern
provinces in this scenario.
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2.4 Discussion

In this analysis, I found that the increase in parasite prevalence observed in
several provinces in 2010 conesponded both with decreases in household ITN coverage
in some of the same provinces and with increases in climatic factors influencing
transmission. Higher community ITNs per individual and higher IRS household coverage
were each significantly associated with reduced odds of parasite infection, and each of
these fell significantly in Northern and Luapula province. Provinces where community
ITN and IRS coverage was higher than or the same as in 2008 did not experience
significant increases in prevalence, with the exception of Eastern province. Rainfall,
minimum temperature, and vegetation indices were all higher in 2010 compared with
2008.
Children in households with at least one ITN/LLIN not more than two years old
had reduced odds of parasite infection compared to those in households with no ITN, but
the odds of parasitemia children in households with only an ITN/LLIN aged two years,
while similar, did not reach significance in non-spatial models. In both non-spatial and
spatial models, IRS alone was associated with significantly reduced odds of parasitemia,
and IRS in combination with at least one ITN/LLIN less than two years old was
associated with the largest reduction in odds of parasitemia. High cluster level ITN
ownership was associated with substantially lower odds of parasitemia, but the effect was
greater for moderately high levels than the highest levels, which may reflect endogenous
program factors I was unable to control for.
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While IRS rates increased, the proportion of households with an ITN <2 years old
decreased dramatically in Northern, Luapula, and Eastern province between 2008 and
2010. This was likely the result ofthe targeted distribution campaign in these provinces

in 2007, and limited programmatic ability to dramatically increase coverage prior to the
201 0 transmission season. There was no evidence of ITN efficacy decay as interaction
terms between both household ITN ownership and community ITN density and survey
year were not significant.
Climatic factors influencing malaria transmission, including rainfall, minimum
temperature, and vegetation, were positively associated with malaria parasitemia. Rainfall

in the best-fitting 20-day period preceding each survey was highest in 201 0 and lowest in
2008. Similarly, minimum temperature was higher in the 2010 than 2008. Vegetation, an
indicator of cumulative rainfall and humidity, was substantially higher in 2010 than 2008

in the provinces that experienced the greatest increase in parasite prevalence. These
changes may reflect regional effects ofthe El Nifw Southern Oscillation, as early 2010
was characterized by a moderately strong El Nifio event, and early 2008 by a moderate La

Nina event. However, the effects of the ENSO on the southern Africa region are varied,
and likely dependent upon latitude [174]. Previous research found that La Nina years
predict higher incidence in Botswana, which is similar ecologically to parts of southern
Zambia [68]. Conversely, El Nino years have historically affected the northern part of the
region [174]. This pattern may partially explain the rebound in the provinces in the
northern part of country.
Model fit with climatic variables substantially improved the models compared
with non-climate models. While in models without climate terms, I found differences in
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odds of parasitemia by survey year, inclusion of climate terms almost completely reduced
these differences, which indicates that climate factors explain a large portion of the interannual variation. In geostatistical prediction models, I estimated that while the overall
percent increase in prevalence between 2008 and 2010 was 59%, prevalence would have
risen by 53% based upon climate variability alone. The remainder of this increase was
due to lower ITN coverage in some high transmission areas, most notably Luapula
province. I estimate that while population-adjusted prevalence increased by close to 75%
from 2008 to 2010 in Luapula, prevalence would have increased by close to 50% due to
lower ITN coverage alone. Climate and ITN variables do not completely explain these
changes, however. One limitation was our inability to incorporate IRS information in the
spatial prediction models, as high resolution IRS data are not currently available and
more difficult to model spatial than ITN coverage as IRS programs are highly targeted.
Furthermore, regional increases support that climatic factors may have been at
play, as similar trends were observed in sub-national surveys and health facility trends in
Malawi (PMI Malawi Impact Evaluation, personal communication). An increase in
parasite prevalence in other countries in central Africa (e.g., Rwanda) may have also been
influenced by a combination of intervention fall-back and climate factors. Indeed in much
of the region a resurgence began in 2009, as evidenced by health facility trends in Zambia
and Malawi [102].
Immunological factors may also have been a factor, as the age prevalence
distribution shifted to older children to a greater degree in 2010, and I found a significant
age-year interaction in non-spatial models. That said, I did not fmd the same interaction
in spatial models. Immunological factors are more likely to influence disease severity and
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therefore incidence rather than prevalence indices. However, as young children, these
older children would have likely been highly protected in 2008 following the ITN
distribution and a drier late-transmission season, and therefore more immune na'ive in
2010 and less able to clear infections [175-177]. Conversely, these children may have
been more able to withstand high parasitemia levels.
Other factors that must be considered in the resurgence include ACT drug
shortages and insecticide resistance. However, reported ACT levels have been largely
consistent since scale-up in 2006, and treatment seeking and treatment of fevers with an
ACT has increased since 2006 [178]. As a result, these factors were not likely to have
played a substantial role in increased prevalence over this period. Insecticide resistance
may have played a role, but its role on a national scale is largely unknown, as studies
have been very localized [122-124].
This analysis was limited in its ability to adequately examine longitudinal trends.
The utilization of repeated cross-sectional surveys allows only for examinations of
association and causal relationships can only be hypothesized based upon plausibility
arguments [45]. Further, given that control with ITNs and IRS has been scaled-up
nationwide, I lacked a control group that would allow us to make counterfactual
arguments. I attempted to mitigate some of these limitations through the use of matching
based upon residence status in non-spatial models. Similarly, the use of climate lags in
time on spatial data to predict prevalence is confounded by the length of a malaria
infection, which average over 200 days without treatment [15]. However, as diagnostic
and treatment capacity has increased over this period, prevalence may more closely track
incidence as infections are cleared with more rapid effective treatment. Similarly, as
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transmission drops, as it did between 2006 and 2008, some children may lose acquired
immunity, and therefore present with more symptomatic disease necessitating treatment.
These effects would seem to bias toward shorter infections, which would potentially
allow for more accurate estimation of climatic time lags with prevalence data.
The limitations associated with cross-sectional data of national programs
highlight the importance of triangulating multiple sources of data when causal
relationships cannot be adequately ascertained. There is increasing effort to conduct
repeated national surveys to evaluate malaria programs. Without carefully considering
and explicitly modeling confounding factors, especially climate, results of these surveys
may lead to spurious conclusions of program effect. Inter-annual climate variability may
shift overall and peak prevalence levels in a given year, and these changes can be
influenced similarly by survey year and month. An important developing tool may be the
use of rolling MIS in some key districts to evaluate changes in coverage and disease
burden throughout the year [75]. Finally, these results highlight that continued
programmatic inputs, especially between mass distribution campaigns, are essential to
maintain gains in high transmission areas.
In conclusion, I show consistent estimates of associations between vector control
and parasite prevalence across non-spatial and spatial models and models with and
without time-varying clin1ate variables. Climate factors explained the majority of interannual variation in parasite prevalence, but declines in ITN coverage in some high
transmission areas led to greater resurgence in 201 0 than if coverage levels had been
maintained. Geostatistical modeling allowed for the incorporation of spatial
autocorrelation and simultaneous inclusion of vector control and climate inputs in
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predictions of the spatial distribution of parasitemia. This analysis demonstrates the use
of detailed climate information and spatial autocorrelation for accurately depicting trends
from repeated cross-sectional malaria surveys and evaluating the effects of interventions
and should be a valuable example for other countries in sub-Saharan Africa where similar
data are available.
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2.5 Tables and figures

Table 2.1: Parasite prevalence by year and province.

~~-~---

Province

-----~~---

--Pfprevalence

-~-~~-~----

-------------

2006

2008

2010

Central

31.0
(16.0-46.0)

5.6
(0.0-11.7)

9.2
(2.7-15.7)

Lusaka

0.0

--

1.2
(0.0-2.6)

0.0

Copperbelt

14.3
(5.2-23.4)

10.0
(4.9-15.0)

12.1
(6.0-18.2)

Eastern

23.8
(12.1-35.6)

8.2
(4.4-12.1)

22.0
(17.4-26.6)

Luapula

33.8
(23. 0-44 .5)

19.6
(12.5-26. 7)

50.5
(41.2-59.8)

Northern

30.2
(18.9-41.6)

10.9
(6.0-15.7)

23.6
(9.5-37.7)

23.4*

14.1
(4.8-23.4)

6.0
(0.7-11.4)

Southern

15.5
(3.1-27.9)

7.7
(0.0-17.0)

5.7
(0.4-10.9)

Western

11.2
(1.6-20.9)

2.7
(0.0-5.9)

5.1
(1.2-8.9)

National

22.4
(17.6-27.2)

9.3
(7.0-11.6)

15.9
(12.2-19.6)

North-western

--~--

--
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-·----~-

Table 2.2: ~ 1 ITN ownership and IRS by year and province.

Lusaka
Copperbelt
Eastern
Luapula
Northern
North-

Western

......:]

VJ

-~-----

Table 2.3. Parasite prevalence by year, ITN/IRS status, and socio-economic status.
2006

%

Age

Wealth

2010

2008
N

<2

18.7

623

2-5

25.1

878

p-value
(X"2)

0.028*

%

N

6.4

1,251

11.4

1,759

p-value
(X"2)

%

9.1

1,470

<.001 ***

21.1

1,953

N

Poorest

28.6

577

12.0

786

29.2

927

2

28.9

345

12.4

553

21.8

574

3

23.6

386

10.3

571

12.1

697

6.7

598

2.8

502

4

8.1

250

Richest

7.8

229

Residence

<1000

24.4

1,525

10.3

2,321

18.8

2,793

(pop per km2 )

1000-5000

11.4

183

7.0

397

4.1

433

>5000

1.4

72

1.4

71

3.1

197

HHITN/IRS

None

27.5

894

10.4

691

26.4

713

HH ITN, no IRS

<2yearold

17.1

521

10.8

1,558

12.1

1,098

>2 year old

20.4

44

7.7

157

17.2

298

Unknown

36.6

66

3.5

110

22.6

245

< 2 year old

2.3

46

4.7

173

7.5

427

> 2yearold

4

---

43

8.4

75

Unknown

---

19

11.7

59

13.6

205

5.7

259

12.6

508

<0.1

26.4

877

12.0

194

33.7

219

0.1-0.2

27.9

449

10.0

982

23.9

984

0.2-0.3

8.9

328

>0.3

13.2

133

Central

31.0

164

5.6

Lusaka

0.0

64

1.2

HHITN, with
IRS

IRS alone
Cluster ITNs per
person

Province

National

<.001 ***

0.001 **

7
<.001 ***

0.007

9.8

888

7.2

946

<.001 ***

0.087

0.119

9.3

667

1.4

558

10.2

1,101

10.6

1,119

306

9.2

337

430

0.0

577

0.636

Copperbelt

14.3

205

10.0

408

12.1

499

Eastem

23.8

354

8.2

328

22.0

362

Luapula

33.8

246

19.6

300

50.5

315

North em

30.2

337

10.9

507

23.6

542

North-westem

23.4*

207*

14.1

178

6.0

170

South em

15.5

222

Western

11.2

192

22.4

1,787

<.001 ***

7.7

356

2.7

197

9.3

3,010

<.001 ***

5.7

341

5.1

280

15.9

3,423

p-value
(X"2)

<.001 ***

<.001 ***

<.001 ***

<.001 ***

<.001 ***

<.001 ***

+ p<O.l *p <0.05 **p<O.Ol ***p<O.OOl
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Table 2.4. Non-spatial parasite prevalence model results.
-

--

-

-------

-- -

-

----

MultiVarrate REno-climate
OR

Age

Age x Year Interaction

Wealth

Population size per km-sq

ITN &IRS
HH ITN, No IRS

HH ITN, with IRS

p-value

-- -Multivariate RE-wfili climate - - p-value

2.12

(1.55-2.90)

<.001 ***

0.299

1.22

(0.78-1.91)

0.373

0.016

1.61

(1.08-2.41)

0.019*

1

2-5 years

2.15

(1.59-2.91)

<.001 ***

2008

1.26

(0.81-1.96)

2010

1.62

(1.09-2.41)

OR
1

Poorest (ref)

1

Second

0.88

(0. 72-1.08)

0.225

0.89

(0. 72-1.1 0)

0.293

Third

0.75

(0.60-0.94)

0.011 *

0.73

(0.58-0.92)

0.007**

1

Fourth

0.57

(0.38-0.84)

0.005**

0.64

(0.44-0.93)

0.021 *

Richest

0.39

(0.21-0. 70)

0.002**

0.44

(0.25-0. 78)

0.005**

<1000/km-sq
(ref)

1

10005000/km-sq

0.83

(0.45-1.53)

0.547

0.91

(0.48-1.71)

0.759

>5000/km-sq

0.25

(0.08-0.80)

0.019*

0.33

(0.11-1.05)

0.060

(0.61-0.93)

0.008**

0.75

(0.61-0.93)

0.009**
0.095

None (ref)

1

< 2 year old

0.75

1

1

>2 years old

0.73

(0.50-1.05)

0.088

0.73

(0.51-1.06)

Unknown age

0.78

(0.55-1.09)

0.146

0.79

(0.56-1.12)

0.190

<2yearold

0.57

(0.36-0.89)

0.014*

0.54

(0.35-0.86)

0.009**

>2 year old

0.65

(0.25-1.69)

0.380

0.64

(0.25-1.68)

0.365

Unknown age

0.48

(0.18-1.30)

0.147

0.47

(0.17-1.28)

0.140

0.67

(0.49-0.91)

0.010*

0.66

(0.48-0.90)

0.009**

<0.1 (ref)

1

0.1-0.2

0.83

(0.51-1.35)

0.456

0.90

(0.55-1.47)

0.759

0.2-0.3

0.40

(0.23-0.69)

0.001 **

0.45

(0.26-0. 78)

0.004**

>0.3

0.47

(0.26-0.85)

0.012*

0.52

(0.29-0.95)

0.032*

Distance to nearest road (km)

1.05

(1.02-1.08)

0.004**

1.04

(1.01-1.08)

0.006**

Distance to nearest water
(km)

0.92

(0.85-0.99)

0.023*

0.92

(0.86-0.99)

0.030*

Altitude

- --

95%CI

<2 years (ref)

IRS alone
Cluster ITN per person

95%CI

-

1

<800 m (ref)

1

800-1000 m

0.10

(0.04-0.24)

<.001

0.13

(0.05-0.35)

<.001 ***

1000-1200 m

0.12

(0.05-0.29)

<.001

0.16

(0.06-0.45)

<.001 ***

1

1200-1400 m
>1400m
Minimum Temp

Enhanced Vegetation Index

<16 C (ref)

1

16-20 c

1.07

(0.69-1.67)

0.760

>20C

1.26

(0.55-2.90)

0.590

1.38

(1.11-1.71)

0.004**

1.02

(1.00-1.03)

0.031 *

(0.28-2.73)

0.998

(z-score)

Rainfall (mm)
Province

Cent/Lusaka

1

Copperbelt/N
W(C)

0.81

1
(0.26-2.45)

0.704

0.88

75

Eastem (E)

Year

Province x Year Interaction

0.61

(0.22-1.65)

0.329

0.56

(0.19-1.62)

0.776

Luapula (L)

1.72

(0.61-4.83)

0.304

1.72

(0.57-5.21)

0.086

Northem (N)

0.62

(0.22-1.72)

0.356

0.55

(0.19-1.63)

0.583

Southem (S)

0.74

(0.24-2.34)

0.610

1.10

(0.29-4.14)

0.775

Westem(W)

0.39

(0.11-1.43)

0.156

0.84

(0.19-3.75)

0.827

2006

1

1

2008

0.11

(0.04-0.34)

<.001

0.27

(0.07-1.07)

0.063

2010

0.15

(0.05-0.42)

<.001

0.18

(0.06-0.53)

0.002**

Cx2008

6.50

(1.57-27.00)

0.010*

5.30

(1.22-23.06)

0.026*

Cx2010

5.02

(1.29-19.64)

0.020*

3.76

(0.94-15.07)

0.062

Ex2008

3.26

(0.80-13.20)

0.098

3.20

(0. 75-13.63)

0.116

Ex2010

15.14

(4.12-55.57)

<.001 ***

13.39

(3.47-51.61)

<.001 ***

Lx2008

3.98

(0.97-16.29)

0.055

2.99

(0.67-13.35)

0.152

Lx2010

11.33

(2.89-44.40)

<.001 ***

6.30

(1.47-26.93)

0.013*

Nx2008

10.88

(2.27-43.56)

<.001 ***

9.80

(2.20-43.66)

0.003**

Nx2010

3.57

(0. 78-12.96)

0.110

3.86

(1.01-14.76)

0.049*

NWx2008

2.15

(0.56-11.16)

0.335

1.64

(0.28-9.59)

0.581

NWx2010

1.06

(0.23-6.54)

0.814

1.00

(0.19-5.29)

0.997

S X 2008

0.76

(0.15-5.27)

0.556

0.60

(0.08-4.66)

0.629

S x2010

2.16

(0.33-10.10)

0.427

1.56

(0.27-9.05)

0.620

Wx2008

1.32

(0.88-2.56)

0.388

1.22

(0.78-1.91)

0.373

Wx2010

1.96

(1.10-2.87)

0.010*

1.61

(1.08-2.41)

0.019*

+ p<O.l *p <0.05 **p<O.Ol ***p<O.OOI
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Table 2.5. Geostatistical model results.

0.57

(0.33-0.93)

0.60

(0.34-1.12)

(0.47-0.93)

Distance to nearest water
(km)

2010
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Table 2.6. Population-adjusted prevalences (P APf).
~

~

-

~

Pf prevalence

Province

-

------

--

-

-

--

-~

-

~~

~-

---

------

-

2006

2008

2010

% change08-10

% change08-10 with
constant climate (08)

% change08-10 with
constant itns (08)

Central

12.8

5.1

9.8

90.1

5.0

73.9

Lusaka

2.7

0.6

1.3

108.7

-2.8

148.2

Copperbelt

13.6

6.1

10.2

66.0

-23.3

74.9

Eastern

28.3

10.5

17.6

67.4

ll.8

50.5

Luapula

34.4

17.4

30.3

73.9

48.7

39.3

Northern

25.4

9.7

12.7

30.4

-21.8

47.4

Northwestern
Southern

12.0

6.3

8.8

39.9

-11.0

48.7

6.5

3.2

4.8

51.7

-10.5

46.2

Western

3.8

2.7

2.9

8.4

-37.0

22.8

National

15.3

6.5

10.4

58.7

2.0

53.2
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Figure 2.1. Clusters sampled by cluster Plasmodiumfalciparum positive rate in 2006,2008, and 2010.
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Figure 2.2. District mean rainfall anomalies from local mean.
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Figure 2.3. District mean minimum temperature anomalies from local mean.

>.

"iii

ELO.

>.

0

"iii

c:

E

IU
"C

0

c:

Q)

IU
0.

'50 0
E

en

"iii
.E

·:

0
C:l.()
>. .

oE
2
E
::J
E
·;::

o'
c..

~

,..-

' ~------~--------.-------,--------,..-------~
Jan 2006
Jan 2007
Jan 2008
Jan 2009
Jan 2010
Jan 2011
Date
- - - polynomial smooth

• min temp anomaly

80

Figure 2.4. 10-day rainfall lags and odds of parasitemia. X-axis refers to monthly dekad
(1 0-day period).
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Figure 2.5. Eight-day mean maximum temperature lags and odds of parasitemia. X-axis
refers to numerical day of the year.
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Figure 2.6. 8-day Mean minimum temperature lags and odds of parasitemia. X-axis refers
to numerical day of the year.
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Figure 2.7. 16-day Enhanced Vegetation Index lags and log odds of parasitemia. X-axis
legend refers to numerical day of the year.
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Figure 2.8. Box plots of rainfall (A) and minimum temperature (B) preceding each survey,
by province and year.
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Figure 2.9. Odds ratios of parasite infection by province and year in models with and
without climate variables.
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Figure 2.1 0. Spatial model validation results at specific credible intervals.
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Figure 2.11. ITN per HH member surfaces 2006-2008-2010.
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Figure 2.12. Predicted mean Pf surfaces for geostatistical model3 (including climate and
ITN covariates), 2006-2008-2010.
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Figure 2.13. Predicted mean Pf surfaces for geostatistical model 4 (including only climate
covariates), 2006-2008-2010.
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Figure 2.14. Predicted mean Pf surfaces for geostatistical model 3 under alternative
prediction scenarios.
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CHAPTER3
ASSOCIATION BETWEEN TOPOGRAPHICAL WETNESS, DRY SEASON
VEGETATION, AND HOUSEHOLD RISK OF MALARIA IN EASTERN ZAMBIA

3.1 Introduction

P. falciparum malaria transmission is dependent upon the availability of suitable
Anopheles larval habitats, which in turn is dependent upon environmental parameters
influencing moisture and the availability of food sources. While at larger spatial scales,
human malaria risk can be mapped based upon temperature, rainfall, altitude, and land
cover with reasonable accuracy, risk at smaller scales is to a greater extent defined by
locally heterogeneous ecological characteristics [179]. A number of environmental
features with the potential to influence larval ecology at smaller scales have been
identified, including topography, stream network, humidity, availability of dry season
refugia, land use patterns, and vegetation [55, 96, 180-183]. Remote sensing has been
utilized to identify lru·val habitats based upon these features in many transmission
settings, and increased risk of malaria infection has similarly been found closer to these
habitats [94, 184]. In areas where complete ground surveys are not feasible, the use of
satellite imagery for determining the ecological factors that dictate this risk will prove
increasingly important for targeting control and, ultimately, elimination efforts.
In areas of pronounced seasonality, proximity to persistent wetness throughout the
year may be an important determinant of transmission foci that are more dispersed during
the dry season and then expand during the high transmission season (0 Mala et al2011).
Certain environmental conditions allow for malaria risk to persist through the dry season
and thus may allow parasite levels in some areas to remain relatively higher [26, 48].
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Pockets of surface wetness due to vegetation and topography are two aspects determining
where dry season refugia for mosquitoes exist and may lead to the creation of stable
"hotspots" of malaria transmission [95, 184, 185]. Targeting dry season habitats may
allow for interruption of transmission in those areas, whereas during the wet season risk
is often more widespread [186].
A variety of different methodologies have been tested to estimate wetness from
satellite imagery and ground surveys [180]. Soil wetness [55] and measures ofhumidity
such as potential evapotranspiration [187] have been examined as possible factors
allowing for increased larval densities. Humidity, however, is a more difficult parameter
to ascertain from satellite imagery; therefore the normalized vegetation index (NDVI) or
enhanced vegetation index (EVI) is often used as a proxy [180, 187]. Directly observed
vegetation is well known to influence larval densities [188], and remotely sensed
vegetation indices have been shown to be associated with both larval habitats and human
malaria incidence [96, 189].
The role oftopography is a relatively understudied factor directly influencing
localized malaria risk through its influence on hydrological flow [190], although several
recent analyses in the Kenyan highlands and southern Zambia indicate its potential utility
for targeting control efforts. Topographical variation at smaller spatial scales influences
the suitability for Anopheles breeding sites by affecting surface wetness [30]. Surface
wetness, or predicted water accumulation, can be estimated through hydrological
techniques that dete1mine how water flows across a given surface [91]. An index of
surface wetness, the topographical wetness index (TWI), is determined from the slope of
the terrain and local stream network. TWI is calculated as the ratio of the area upslope
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from a point on the landscape to the local slope at that point, and represents the amount of
water that should enter a spatial unit divided by the rate at which it should flow out [191].
There exists a paucity of studies that examine seasonal vegetation changes and
topographical features influencing malaria prevalence. This study will improve
understanding of localized risk of malaria infection due to topographical wetness and
seasonal vegetation changes, as estimated by remote sensing satellite imagery. An
important gap is that only one previous studies of topographical wetness examined
parasite infection prevalence from a cross-sectional survey with the ability to model
household level covariates. In this analysis I explore the role of cumulative dry season
surface wetness and topography on malaria risk in an area of heterogeneous transmission
and intervention coverage. The survey data allow the inclusion of household-level
covariates, including socioeconomic status, age, distance to a health facility, ITN
coverage, IRS, and sleeping behavior. I sought to determine if topographically-defined
wetness and dry season vegetation indices were independently associated with household
parasite prevalence from cross-sectional surveys.
We conducted cross-sectional surveys to assess intervention coverage and parasite
and anemia prevalence in Luangwa district in 2008 and 2010 and in Nyimba district in
201 0. Parasite infection and severe anemia prevalence showed high spatial variation and
clustering, especially in Luangwa, suggesting a role for ecologically-determined
transmission foci. We previously observed that distance from the Luangwa district boma
was a significant predictor of risk of parasitemia and hypothesized that ecological
conditions were driving this relationship [192]. Here, I sought to evaluate whether
households in these districts with children with malaria infections were closer to areas
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with greater topographical wetness and cumulative dry season (roughly April-November)
vegetation than households with non-infected children, controlling for household level
factors such as ITN possession, wealth status, distance to a health facility, and household
size.
I hypothesized that households with at least one malaria-positive child under 5
were on average closer to areas of greater cumulative surface wetness throughout the dry
season than those with no positive children under 5. The analysis will prove significant
for identifying potential transmission foci and targeting integrated vector management
programs in Eastern Zambia, as well as in similar ecological regions throughout Southern
and Eastern Africa.

3.2 Methods
3.2.1 Study site
Eastern Zambia is one of the highest burden areas in the country as measured by
both prevalence and facility case incidence. Luangwa district in Eastern Zambia has been
well described [192, 193]. Whereas the settlement pattern in Luangwa is linear along the
Luangwa river and primary road, settlement in Nyimba is more spread out. Malaria
transmission is highly seasonal, as health facility cases are low during the dry season
from July through October, but begin to rise following the first rains in November and
peak the following March or April. The primary vectors in Eastern Zambia include A.

gambiae sp., A. funestus, and A. arabiensis. Recent work in Luangwa district found that
indoor-feeding by A. funestus is likely the most predominant malaria transmission route.
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3.2.2 Data collection
All households were enumerated with GPS in both Luangwa (3,900 HHs) and
Nyimba (4,000 HHs) districts in Lusaka and Eastern province, respectively. Luangwa and
Nyimba borders meet at their respective northeast (Luangwa) and southwest (Nyimba)
comer (Figure 3.1). 1,000 HHs were randomly selected in Luangwa in April of both 2008
& 2010 for interview; for the 2010 sample these were stratified based upon randomly

allocated intervention and control villages for a separate project examining ITN use
among children under 5. 1,100 HHs were similarly randomly selected in Nyimba in April
of2010 for interview. Houses were visited up to three times to complete all MIS
household and women's interview portions; interviews were conducted with personal
digital assistants (PDAs). Blood data (RDT, thick and thin slide, filter paper, and
Hemocue) were gathered from all children under five to test for malaria parasites and
anenua.
Elevation data at 30m x 30m resolution for the two districts were downloaded
from USGS [161] and processed in IDRISI to produce a digital elevation model (DEM).
ADEM based on the Shuttle Radar Topography Mission [194] was also developed for
comparison at 90m x 90m resolution. Based upon this DEM, the topographical wetness
index was calculated using Tarboton's Multiple Direction Algorithm (MDA) method
[191], using the Terrain Analysis using Digital Elevation Model (TauDEM) extension in
ArcGIS [195]. I first removed pits in the DEM, then created surfaces of the local slope
and upslope contributing area. TWI was computed as the natural log ofthe upslope area
divided by the local slope (TWI = ln(A/Tan B), where A is the upslope contributing area
and Tan B is the local slope).
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The Enhanced Vegetation Index (EVI) is an index of vegetation health and
designed as an improvement upon the NDVI, in that it reflects reduced confounding
influences of atmospheric conditions, corrects for canopy background in layered
vegetation areas, and is more sensitive to changes in areas with high biomass [157]. EVI
is measured from -1 to 1, where values closer to 1 represent greater vegetation health, and
lower values represent absence of vegetation. EVI data were downloaded at 250m spatial
resolution and 16-day temporal resolution from MODIS [157] for the year preceding the
2008 survey and the year preceding the 2010 surveys, transformed with IDRISI, and
cumulative indices of vegetation were computed for each 250x250m2 cell.

3.2.3 Statistical analyses
I first evaluated the presence and location of locally higher rates of infection with
Kuldorffs spatial scan statistic using SatScan [196]. I then created buffers rings around
all households with successfully tested children <5 and calculated the mean and
maximum values for EVI and TWI with Hawth's Tools in ArcGIS [197]. For TWI, which
has greater spatial resolution, I examined buffers of 100, 250, 500, and 1000 meters. For
EVI, I only examined buffers of 500, and 1000, and 1500 meters. For all models, I
compared inclusion of vegetation and wetness values based upon buffer size and chose
the buffer size associated with the best fit by AIC for final models. I created deciles and
quintiles ofTWI for each 30x30 m cell based upon the maximum and minimum TWI
values within 1k of all households, and calculated distance from each household to the
wettest decile and quintile cells in each district separately.
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To understand bivariate relationships between wetness and vegetation indices and
other distance-based covariates, I calculated Pearson's correlation coefficient. I then
compared mean values for wetness and vegetation indices by household malaria status
with t-tests and bivariate logistic regression.
As I found high correlation between wetness and vegetation indices, each index
was then analyzed separately with multivariate logistic regression models predicting
parasite infection status (pi = 1/0) at the child level to additionally account for age, of the
form:

Logit (pi) = TWI/EVI + ITNpos + SES + Child age + HHsize + HH tested + Euclidean
distance to HF + ~i

Where TWIIEVI was evaluated in separate models as: 1.) the mean of the
predicted topographical wetness of cells surrounding each household, 2.) the distance of
the household from the cells of highest predicted wetness, 3.) cumulative EVI through the
dry season (roughly April to November, but various definitions will be modeled
empirically) in cells surrounding each household and 4.) cumulative EVI through the wet
season (defined as mid-November through the early April). I'TN possession is a
categorical variable for having at least one ITN. I used principle components analysis of
specific household assets and consumer goods to create relative household wealth (SES)
for each household in the sample; HH size is the number of usual household members,
HH tested is the number of children tested in the household, and distance to health
facility is linear distance to the nearest facility as calculated in ArcGIS. I used k-means
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clustering to create 30 clusters according to latitude and longitude in Luangwa, and 35
clusters in Nyimba. I modeled spatial autocorrelation based upon the distance between
clusters.

~i

refers to a spatial random effect corresponding to each cluster and the spatial

process that defines the spatial dependency between clusters. Exploratory analyses and
model fitting were conducted in STATA 10.0 and R 2.11.1.

The TWI and EVI terms and all covariates with p<.2 in bivariate tests were
entered a priori and covariates dropped if removal did not significantly change model fit
(at p<.1). Relative fit for multivariate models were evaluated using Akaike's Information
Criteria (AIC) for initial multivariate models, where a smaller value indicates better fit.
Inclusion of different wetness and vegetation terms in models with the same covariates
were compared by Pseudo-R/\2.
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3.3 Results
Malaria parasite prevalence in Luangwa in 2008 was 6.9%, household possession
of at least one ITN was 73%, and use among children under-five was 4 3% (Table 3 .1).
Parasite prevalence increased to 12.6% in 2010 in Luangwa, even as ITN coverage
increased to 76% and overall use among children under-five increased to 66%. Malaria
parasite prevalence was much higher in Nyimba (37%), and household possession of;:::l
ITN was lower (63%); in Nyimba, only 43% of children <5 reported sleeping under an
ITN in 2010. Distance to a health facility was on average almost 4 kilometers greater in
the Nyimba sample than in the Luangwa samples.
Figure 3.2 depicts the processed digital elevation model at 30m2 • All of the
households in Luangwa are low-lying (below 400 meters) and arranged linearly along the
North-South running Luangwa River. Elevation in Nyimba is slightly higher on average
and more varied, ranging roughly between 400 and 1000 meters. A scatter plot of
elevation at study households against latitude shows slightly increasing altitude from
south to north in Luangwa, and then increases in altitude further north (and east) in
Nyimba (Figure 3.3).
Results of Kuldorff s scan statistic indicate the presence of a significant cluster of
malaria parasite infection in both 2008 and 2010 in Luangwa, centered in roughly the
same spot in the northern pmiion ofLuangwa ii1 both years (Figure 3.4).
A 1k buffer produced the best predictive models for both EVI and TWI. Figure
3.5 shows the topographical wetness index (TWI) layer at high spatial resolution, with lk
household boundaries over-laid and color-coded according to parasitemia status.
Similarly, Figures 3.6-3.8 depict changes in vegetation in Luangwa district from early dry
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season/late wet season (16 day period beginning on the 129th day of the year (May1)), to
mid-dry season (16 day period begi1111ing on the 241 st day of the year(August 29)), and
late dry season/early wet season (16 day period begilllling on the 321st day ofthe year
(Nov 17)). Greater wetness is apparent throughout in the north ofthe district.
Based upon EVI values, the dry season lasts from the 129th day ofthe year (May
1) until the pedod begi1111ing on the 337th day of the year (Dec 2), when EVI values
increased rapidly (33% of two weeks) (Figure 3.9). EVI was higher in Nyimba than in
Luangwa overall, but to a much greater degree in the wet season. In Luangwa, EVI
values during the dry season range from a low of 0.15 to a high of 0.40, with means
ranging from 0.18 to 0.27. Wet season values ranged from a low of0.18 to a high of0.63,
with means ranging from 0.32 to 0.43. EVI values over the dry season preceding the 2008
survey were similar to EVI values preceding the 2010 survey, but the pattern during the
wet season varied, in that wet season EVI values peaked quickly in 2008, reaching their
highest points in the first month of the year, and dropped off after that point (Figure
3.10); in2010, wet season values leveled off in the beginning ofthe year after an initial
increase, but then increased later, reaching their highest points in late February and early
March and highest means in mid-March. After mid-March, wet season values were
consistently higher in2010 than in2008. In Nyimba, dry season EVI values ranged
similarly, but began to rise in the period begimling the 321 st day of the year. Wet season
values ranged fi·om a low of0.30 to a high of0.76, with means ranging from 0.37 to 0.55.
Variation in EVI conesponded with rainfall and temperature patterns in Luangwa
and Nyimba over the study period. In both Luangwa and Nyimba, rainfall in 2007-2008
began in November, peaked in Dec 2007 and Jan 2008, but fell dramatically in Feb 2008
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(Figures 3.11-3.12). While there were substantial rains in Dec 2009 and Jan 2010, they
were far lower than 2008 levels in both Luangwa and Nyimba. However, rainfall peaked
dramatically in February 2010 in both Luangwa and Nyimba, when the highest monthly
total (estimate) over the study period occurred in Nyimba and second highest in
Luangwa. Minimum (nighttime) temperatures peaked in both 2007 and 2009 in October
(Figures 3.13-3.14). Similarly, minimum temperatures were substantially higher in JanApr in 2010 than in 2008.
Both wet season and dry season EVI values were associated with greater distance
from the Luangwa boma (Figures 3.15-3.16). For dry season EVI, Pearson's conelation
coefficient between dry season vegetation and distance to the boma was 0.686 (p<0.001)
in 2008, 0.518 (p<0.001) in 2010, and 0.604 (p<0.001) overall. For wet season EVI,
Pearson's conelation coefficient was 0.5196 (p<0.001) in 2008, 0.760 (p<0.001) in 2010,
and 0.614 (p<0.001) overall. Conelation between predicted TWI and distance to boma
was 0.355 (p<0.001). Conelations were far lower in Nyimba: 0.3144 (p<0.001) for dry
season EVI, -0.1690 (p<0.001) for wet season EVI, and -0.246 (p<0.001) for TWI.
Overall predicted wetness within1k ofhouseholds was higher in Nyimba than
Luangwa (Figure 3.17), and on average houses in Nyimba were closer to locations with
the highest predicted wetness areas. Predicted wetness and dry season EVI conelated
strongly in Luangwa (2008: 0.461; 2010:0.501), as did wet season EVI (2008: 0.411;
2010: 0.492) (Figure 3.18). Predicted wetness and EVI did not conelate as strongly in
Nyimba (Dry season: 0.122; Wet season: 0.266).
In Luangwa, dry season EVI was significantly higher within 1 kilometer of

households with at least one child with parasitemia in 2008 (HH with malaria: 0.215, HH
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without: 0.206; p<0.05), but not in 2010 (HH with malaria: 0.211, HH without: 0.206)
(Table 3.2). Combined, dry season EVI was higher near malarious households than those
without (0.213 to 0.206, p<0.05). Wet season EVI was not significant at p=0.05 in 2008
(HH with malaria: 0.440, HH without: 0.426), but was significant in 2010 (HH with
malaria: 0.422, HH without: 0.398, p<0.01) and combined (0.429 to 0.412, p<0.01). TWI
within 1k ofmalaTious households was higher than within 1k of non-malarious, but did
not reach significance (values based on z-score from overall mean; 2008: HH with:
0.120, HH without: -0.179; 2010: HH with: -0.093, HH without: -0.169, combined: HH
with: -0.012, HH without -0.174). Household prevalence of parasitemia decreased with
increasing distance to the highest TWI areas (Figure 3.18). Households with malaria were
on average 800 meters closer to the areas with the highest predicted wetness in Luangwa
in 2008 (p<0.01), and 500 meters over both survey years (p<0.01). In Nyimba, neither
EVI nor TWI were associated with household malaria status. Bivariate odds ratios are
shown in Table 3 for reference with multivariate models.
In the multivariate models controlling for age, wealth quintile, household size,
ITN possession, IRS, and distance to health facility, dry season wetness was marginally
significant in Luangwa in 2008 (Table 3.4), but non-significant in other models. Residing
in a household in the wealthiest quintile, distance to a health facility, year, and district
were also significant confounders in these models. Possession of an ITN was significant
in the overall model without the district term.
In the multivariate models controlling for wealth quintile, household size, number
tested in the household, ITN possession, IRS, and distance to health facility, wet season
wetness was not significant in Luangwa in 2008, but was significant in 2010 (Table 3.5).
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Wet season wetness was highly significant in the model with both districts combined, and
a to a lesser degree in the same model with a district term. Distance to a health facility
was significant in Luangwa in 2010 and in the combined model, and year and district
were significant in all models including those terms.
In the multivariate models including topographical wetness terms, mean wetness
within 1k ofwas marginally significant in Luangwa in 2008, but not in 2010 or overall,
and was significant in the combined model without the district term (Table 3.6). Distance
to the wettest points was significant in Luangwa in 2008 and overall, but not in 2010, and
was also significant in the combined model and to lesser degree the model with a district
term (Table 3.7).
The best fitting model for Luangwa in 2008 included distance to highest TWI
(pseudo-R1''2 0.0727), for Luangwa in 2010 included wet season EVI (pseudo-RA2
0.0518), combined included distance to highest TWI (pseudo-Rt\2 0.0566). None of the
wetness or vegetation terms were significant for models including Nyimba alone. The
best fitting overall model without a district term included wet season EVI (pseudo-RA2
0.1296), and the best overall model fit with a district tenn included distance to wettest
areas (pseudo-R!'2 0.1490).
I considered separate Bayesian geo-statistical models with the response at the
child level to additionally control for child's age and spatial autocorrelation. When spatial
correlation was controlled for in these models with spatial random effects on clusters of
household based upon proximity, I found that the effects of vegetation and wetness were
reduced to non-significance in all cases (Table 3.8). In these models, only child's age,
household socioeconomic status, and year were significant.
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3.4 Discussion
By combining three household parasite prevalence surveys and publicly available
elevation and vegetation data, I found in non-spatial models that topographical wetness
indices and vegetation are meaningful predictors of household malaria risk at sub-district
scales. Dry season vegetation, wet season vegetation, topographical wetness within 1
kilometer of a household, and distance to the wettest points were significantly associated
with malaria household malaria risk in bivariate analyses. In multivariate models, the
ability of vegetation and wetness terms to predict household malaria risk varied by year
of survey and district. In the lowest prevalence survey, conducted in Luangwa in 2008, I
found that cumulative dry season vegetation and predicted wetness within 1k of
households were marginally associated with household malaria risk, and proximity to
locations with the highest predicted wetness was significantly associated. Conversely, in
the higher prevalence 2010 survey in Luangwa, dry season vegetation and wetness
indices were not significantly associated with household malaria, but wet season
vegetation was significantly associated. No vegetation or wetness indicators were
significant in Nyimba alone, but all terms were significant in pooled models not
controlling for district, and wet season vegetation and distance to highest predicted
wetness were significant in models controlling for district.
However, when I considered autocorrelation based upon spatial proximity, I
found that none of the environmental variables remained significant, and that risk of a
parasite infection was associated only with child age, household socioeconomic status,
and year. Spatial autocorrelation is important to consider in studies of environmental risk
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factors as if correlation exists, omitting this information from models can lead to
potentially spurious conclusions.
These results highlight the importance of considering parasite prevalence levels,
spatial scale, and spatial autocorrelation when evaluating the relationship between
environmental predictors and household malaria risk. In non-spatial models considering
only the lowest prevalence survey in Luangwa in 2008, odds of an infection in the
household was to a greater degree associated with dry season vegetation indices and
predicted wetness. By contrast, higher parasite prevalence in Luangwa in 2010 was
associated with increases in vegetation later in the transmission season due to higher
February rainfall and temperature, and therefore not strongly associated with dry season
vegetation or topographical wetness. While none of the environmental variables were
significant in models in Nyimba alone, combined non-spatial models indicated that
higher vegetation indices and higher wetness likely contributed to the significantly higher
prevalence in Nyimba compared to Luangwa, and that lower ITN coverage and greater
distance to a health facility also played a role. Higher prevalence in Nyimba suggests that
risk was widespread and therefore association with environmental characteristics less
apparent.
Previous examinations of topographical wetness have largely been conducted in
highland areas, where malaria risk is highly sensitive to elevation changes [91, 93], and
epidemic conditions driven by local topography, land use, and seasonal climate changes.
One recent study found significant association with malaria prevalence, incidence, and
topography in a low prevalence area in southern Zambia [198], and a separate supporting
study found association with larval habitats. Few such studies have been conducted in
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lower-lying areas (all but a handful of our study households were below 1000 meters),
and none to our knowledge have considered seasonal changes in vegetation parameters.
Furthermore, previous studies of local topographical and vegetation parameters
have been conducted primarily with incidence data, which are confounded by treatment
seeking behaviors and distance to health services, yet none of these studies controlled for
distance to health facilities. Only one household study used actively detected (both
symptomatic and asymptomatic) cases, and in that case with very small household
sample sizes [198]. The inclusion of asymptomatic cases is cmcial to determining
reservoirs for transmission foci and for targeting control and elimination efforts. Finally,
none of these studies considered household level factors known to confound association
with malaria risk, such as socioeconomic status and coverage with malaria interventions.
While Silue et al [199] examined prevalence in school-age children and include
socioeconomic status and ITN sleeping behavior, they consider only school location,
whereas children are more likely to be at or around the home during primary Anopheles
biting hours. This is especially true in Luangwa as the primary vector is likely highly
endophilic [200].
There are several important limitations to this analysis, namely that dry season
parasite prevalence data and entomological data were unavailable. These pieces would
help to delineate season-specific risk factors and link parasite infection risk to specific
mosquito habitats. Further, the spatial resolution of the vegetation (EVI) data (at 250
meters) was not as high as would be ideal for understanding detailed heterogeneity.
However, the temporal resolution is relatively high (16 days) and the spatial resolution
remains well within the known flight range of an Anopheles mosquito [33]. As a result,
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this study has important implications for determining if the environmental detenninants
of the small-scale distribution of parasite infections can be accurately ascertained from
cross-sectional survey prevalence data and publicly available environmental and
geographic data. The results are important for malaria vector control programs, as they
may be scale-able and allow for better targeting of control and monitoring efforts.
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3.5 Tables and Figures
Figure 3.1. Map ofLuangwa and Nyimba districts, eastern Zambia.
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Figure 3.2. Luangwa and Nyimba digital elevation model (DEM).
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Figure 3.3. Altitude by latitude in Luangwa and Nyimba.

•

0
0
N
~

0
0
0

-~.....

'iii'
'-0
"'o
~00

5
"'
]g

..

:Pt.O

<

0
0

v

0
0
N

.\

,

JJNI8

•

~··

..

•

-·•

•

•
-16

-15.5

-15

latitude

-14.5

-14

Figure 3.4. Location of cluster 2008 (larger) and 2010 (smaller).
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Figure 3.5. Luangwa Topographical Wetness Index (TWI). Households represented as
malarious (red) and not (blue).
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Figure 3.6. Luangwa district EVI, late wet/early dry season, 129th day of year.

Figure 3.7. Luangwa district EVI, mid dry season, 241 st day of year.
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Figure 3.8. Luangwa district EVI, late dry season/early wet, 321 st day of year.

Figure 3.9. Luangwa and Nyimba EVI 2009-2010.
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Figure 3.10. Luangwa EVI 2008-2010.
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Figure 3.11._Rainfall (mm), Luangwa 2007-2010.
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Figure 3.12. Rainfall (mm), Nyimba 2007-2010.
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Figure 3.13. Minimum Temperature (C), Luangwa 2007-2010.
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Figure 3.14. Minimum Temperature (C), Nyimba 2007-2010.
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Figure 3.15. Luangwa and Nyimba Wet Season EVI, by Distance to Boma.
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Figure 3.16. Luangwa and Nyimba Dry Season EVI, by Distance to Boma.

Figure 3.17. Luangwa and Nyimba TWI.
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Figure 3.18. Relationship between parasitemia and distance to wettest locations.
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Figure 3.19. Relationship between TWI, EVI, and household malaria over year preceding
surveys.
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Figure 3.20. Log-------------------------------Odds of household malaria by EVI.
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Table 3.1. Sample descriptive statistics.
Indicator

District
Luangwa

% of HH w at least one ITN
% of HH with IRS
Avg#ITNs!HH
% of children <5 sleeping under ITN
% of children <5 with reported fever in the
_l)revious 2 weeks
% of children < 5 w Q_Ositive RDT
% of children <5 w I!_Ositive slide
% of children with severe anemia (<8 gm/dl)
Distance to health facility_(km)
Number children <5
Number children <5 tested*
Number houses with children <5
Number houses with children<5 tested*
Total number houses interviewed

43.7

2010
76.3
1.5
1.7
66.0

Nyimba
2010
63.4
0.7
1.1
43.4

31.0

35.3

57.1

14.9
6.9
2.6
737

30.6
12.6
8.1
2.6
667

73.8
37.4
27.5
6.4
967

481
421
806

473
429
789

567
457
909

2008
73.1
2.3

*slide microscopy
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Table 3.2. Means and t-tests for EVI and TWI by household malaria.
Characteristic
2008

Luangwa
2010

Dry season EVI
0.215*
0.211
Malaria
0.206
0.206
No Malaria
Wet season EVI
0.440+
Malaria
0.422**
0.426
No Malaria
0.398
TWilkmean
0.120+
-0.093
Malaria
No Malaria
-0.179
-0.169
Distance to Highest
TWI
2.45+
Malaria
1.97**
2.76
2.83
No Malaria
+ p<0.1 *p <0.05 **p<0.01 ***p<0.001

Nyimba

Combined

0.213*
0.206

0.214
0.215

0.214***
0.208

0.429**
0.412

0.491
0.489

0.469***
0.432

-0.012+
-0.174

0.292
0.162

0.185***
-0.089

2.27**
2.79

2.22
2.16

2.24***
2.64

Combined

Table 3.3. Bivariate relationships (OR) between EVI, TWI, and household malaria.
Characteristic

Nyimba

Combined

1.68 (0.773.67)

OR (95% CI)
0.86 (0.302.49)

OR (95% CI)
2.30 (1.463.62)***

1.71 (0.913.23)+

2.03 (1.253.29)**

1.66(1.152.40)**

1.21 (0.642.29)

3.46 (2.634.54)***

3.67 (0.9713.84)+

1.32 (0.533.27)

1.87 (0.893.94)+

1.56 (0.832.95)

2.76 (1.734.41)***

0.88 (0.761.02)+

0.84 (0.750.94)**

1.03 (0.901.18)

0.86 (0.800.93)***

Wet season EVI

TWimean

Dry season EVI

Luangwa
2010

Combined
OR (95% CI)
2.12 (1.153.90)*

2008
OR (95% Cl)
3.09 (1.158.29)*

Distance to
0.76 (0.620.93)**
Highest TWI
+ p<0.1 *p <0.05 **p<0.01 ***p<0.001
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Table 3.4. Multivariate relationship between dry season EVI and child malaria status.

Age

1.31 (1.05-1.64)*

1.22 (1.01-1.47)*

1.25 (1.08-1.44)**

1.19 (1.06-1.33)**

1.21 (1.11-1.32)***

1.21 (1.111 1.'>\***

0.86 (0.34-2.19)

0.70 (0.35-1.41)

0.78 (0.45-1.36)

1.00 (0.62-1.60)

0.86 (0.61-1.22)

0.91 (0.64-1.30)

(0.35-1.15)

0.85 (0.54-1.33)

0.80 (0.57-1.13)

0.78 (0.55-1.11)

Wealth quintile
1 (ref)
2
4

1.14 (0.44-2.95)

0.47 (0.21-1.06)+

0.64 (0.35-1.18)

0.71 (0.44-1.14)

0.68 (0.47-0.98)**

0.70 (0.48-1.01)+

5

0.31 (0.08-1.23)+

0.37 (0.15-0.91)*

0.32 (0.15-0.69)**

0.27 (0.15-0.50)***

0.28 (0.18-0.45)***

0.29 (0.18-

HHsize

1.12 (0.99-1.27)+

0.91 (0.77-1.07)

1.03 (0.93-1.13)

1.06 (1.00-1.12)+

1.09 (1.04-1.15)***

1.05 (0.99-1.1 0)+

AnyiTN

0.74 (0.33-1.68)

1.15 (0.59-2.24)

1.00 (0.60-1.65)

0.80 (0.57-1.13)

0.76 (0.58-0.99)*

0.86 (0.66-1.14)

IRS
Dry season EVI

0.99 (0.12-8.15)

0.78 (0.41-1.50)

0.41 (0.05-3.14)

0.96 (0.15-6.35)

0.56 (0.16-1.97)

0.81 (0.56-1.17)

2.64 (1.00-7.00)+

1.37 (0.63-2.96)

1.60 (0.90-2.85)

0.39 (0.15-1.00)+

1.28 (0.82-1.99)

1.09 (0.66-1.78)

DistanceHF

1.07 (0.94-1.22)

1.08 (0.98-1.20)

1.06 (0.98-1.15)

1.02 (0.99-1.06)

1.07 (1.04-1.11)***

1.02 (0.99-1.06)

4.37 (3.11-6.15)***

2.01 (1.34-3.00)**

0.1094

0.1457

ar
2008 (ref)
1.95 (1.30-2.95)**

2010
District
Luangwa (ref)
Nyimba
Pseudo-RA2

0.0645

+ p<0.1 *p <0.05 **p<0.01 ***p<0.001

,......
,......

0.0416

0.0500

0.0426

Table 3.5. Multivariate relationship between wet season EVI and child malaria status.

1.21 (1.11-1.32)***

1.21 (1.11-1.32)***

1.44)**
1
0.93 (0.37-2.36)

0.70 (0.35-1.42)

0.80 (0.46-1.39)

0.98 (0.61-1.57)

0.88 (0.62-1.24)

0.91 (0.64-1.30)

8-2.63)

0.57 (0.26-1.23)

0.65 (0.36-1.17)

0.87 (0.56-1.37)

0.79 (0.55-1.12)

0.78 (0.55-1.11)

4

1.21 (0.46-3.14)

0.49 (0.21-1.21)+

0.66 (0.36-1.21)

0.73 (0.46-1.17)

0.68 (0.47-0.99)*

0.70 (0.48-1.01)+

5

0.32 (0.08-1.27)

0.42 (0.17-1.05)+

0.35 (0.17-

0.31 (0.19-0.49)***

0.30 (0.19-0.47)***

HH size

1.13 (1.00-1.28)+

0.90 (0. 77-1.06)

1.03 (0.94-1.13)

0.28 (0.150.51)***
1.06 (1.00-1.13)*

1.07 (1.01-1.12)*

1.05 (1.00-1.10)+

AnyiTN

0.82 (0.37-1.84)

1.15 (0.60-2.22)

0.99 (0.60-1.63)

0.76 (0.54-1.07)

0.81 (0.62-1.06)

0.87 (0.66-1.14)

IRS
Wet season EVI

1.57 (0.81-3.04)

3.63 (2.57-5.14)***

2.08 (1.39-3.13)***

-

1.09 (0.96-1

'ear
2008 (ret)
2.19 (1.433.3'1\***

2010
District
Luangwa (ret)

3.13 (2.10-4.67)***

Nyimba
Pseudo-R"2

0.0581

+ p<0.1 *p <0.05 **p<0.01 ***p<O.OOl
.........
.........

0.0518

0.551

0.0412

0.1296

0.1463

Table 3.6. Multivariate relationship between TWI lk and child malalia status.

Age

1.32 (1.05-1.66)*

1.22 (1.01-1.46)*

1.25 (1.09-1.45)*

1.20 (1.07-

1.21 (1.11-1.32)***

1.22 (1.12-1.33)***

Wealth quintile
1 (ret)
2

0.86 (0.34-2.18)

0.72 (0.36-1.44)

0.81 (0.47-1.40)

0.98 (0.61-1.57)

0.87 (0.61-1.23)

0.90 (0.63-1.29)

3

0.99 (0.37-2.61)

0.55 (0.25-1.19)

0.65 (0.36-1.18)

0.86 (0.55-1.34)

0.79 (0.56-1.12)

0.77 (0.54-1.10)

4

1.09 (0.41-2.86)

0.48 (0.21-1.08)+

0.66 (0.36-1.21)

0.71 (0.44-1.13)

0.67 (0.47-0.96)*

0.71 (0.47-0.99)*

5

0.29 (0.07-1.16)+

0.37 (0.15-0.92)*

0.32 (0.15-0.69)**

0.28 (0.17-0.44)***

0.28 (0.18-0.46)***

HHsize

1.13 (1.00-1.29)+

0.91 (0.77-1.06)

1.02 (0.93-1.13)

1.09 (1.03-1.14)*

1.05 (1.00-1.10)+

AnyiTN

0.88 (0.39-2.00)

1.25 (0.65-2.40)

1.09 (0.66-1.80)

0.27 (0.150.50)***
1.05 (0.991.12)*
0.80 (0.57-1.12)

0.79 (0.60-1.03)+

0.88 (0.67-1.15)

1.12 (0.14-9.23)

1.12 (0.14-9.23)

0.39 (0.05-2.97)

1.16 (0.18-7.56)

0.55 (0.16-1.95)

0.63 (0.18-2.26)

4.25 (1.1415.80)*
1.08 (0.96-1.23)

1.37 (0.56-3.35)

1.96 (0.95-4.04)+

1.96 (1.30-2.97)**

1.70 (1.11-2.59)*

1.09 (0.98-1.20)

1.07 (0.99-1.16)+

1.68 (0.982.
1.01 (0.97-1.05)

1.07 (1.03-1.10)***

1.02 (0.99-1.05)

4.25 (3.02-5.98)***

1.98 (1.32-2.96)**

IRS
TWI1k
Distance HF

1

r
2008 (ret)
2010

1.95 (1.29-2.94)**

District
Luangwa (ret)
Nyimba
Pseudo-R "2

3.54 (2.59-4.85)***
0.0694

+ p<0.1 *p <0.05 **p<0.01 ***p<0.001

......
N

0.0423

0.0512

0.0424

0.1139

0.1485

Table 3.7. Multivariate relationship between distance to highest TWI and child malaria status.

1.25 (1.08-1.44)**

1.19 (1.061.3'l\**

1.21 (1.11-1.32)***

1.21 (1.11-1.32)***

Wealth quintile
1

(ret)
2

1.00 (0.40-2.54)

0.75 (0.37-1.50)

0.86 (0.50-1.48)

0.97 (0.60-1.55)

0.88 (0.62-1.25)

0.91 (0.64-1.30)

3
4

1.13 (0.43-2.99)

0.56 (0.26-1.22)

0.68 (0.38-1.23)

0.87 (0.56-1.36)

0.82 (0.58-1.16)

0. 79 (0.56-1.13)

1.29 (0.50-3.33)

0.49 (0.22-1.11)+

0.68 (0.37-1.26)

0.73 (0.46-1.17)

0.69 (0.48-0.99)*

0.70 (0.48-1.01)+

5

0.39 (0.10-1.58)

0.38 (0.15-0.96)*

0.36 (0.17-0.76)**

0.28 (0.18-0.45)***

0.29 (0.18-0.46)***

HHsize

1.11 (0.98-1.26)

0.91 (0.77-1.06)

1.02 (0.93-1.12)

0.27 (0.150.50)***
1.05 (0.99-1.12)

1.08 (1.03-1.13)**

1.04 (0.99-1.10)+

Any ITN

0.78 (0.34-1.75)

1.20 (0.63-2.30)

1.01 (0.61-1.67)

0.79 (0.56-1.10)

0.76 (0.58-1.00)*

0.86 (0.65-1.13)

IRS

0.81 (0.10-6.64)

0.78 (0.41-1.47)

0.37 (0.05-2.78)

1.05 (0.16-6.83)

0.51 (0.14-1.83)

0.59 (0.16-2.11)

0.77 (0.62-0.95)*

0.89 (0.76-1.05)

0.84 (0.74-0.95)**

0.94 (0.84-1.06)

0.87 (0.80-0.94)**

0.90 (0.82-0.97)*

1.09 (0.96-1.24)

1.09 (0.97-1.19)

1.07 (0.99-1.15)+

1.02 (0.98-1.06)

1.09 (1.

Year
2008 (ret)
1.99 (1.31-3.01)**

2010

4.33 (3.08-6.10)***

2.02 (1.35-3.02)**

District
Luangwa (ret)
3.49 (2.55-4.78)***

Nyimba
Pseudo-R"2

0.0727

+p<0.1 *p<0.05 **p<0.01 ***p<0.001
.........
N

0.0460

0.0566

0.0396

0.1151

0.1490

Table 3.8. Results of geostatistical models predicting child malaria status.

0.75 (0.53-1.08)

0.77 (0.53-1.11)

1 (0.48-1.06)
0.30 (0.17-0.49)

0.30 (0.18-0.50)

2008 (ret)

,......
N

2010

1.90 (1.30-2.87)

1.88 (1.21-2.82)

1.90 (1.22-2.82)

1.86 (1.22-2.88)

Phi

3.01 (0.64-7.48)

1.43 (0.40-3.18)

3.1 (0.61-7.96)

3.08 (0.74-7.10)

Tau (spatial)

1.11 (0.34-2.18)

0.51 (0.17-1.08)

1.15 (0.36-2.46)

1.03 (0.33-2.11)

CHAPTER4
USING HEALTH MANAGEMENT INFORMATION SYSTEM DATA ON
PARASITOLOGICALLY-CONFIRMED MALARIA CASES TO EVALUATE THE
EFFECT OF VECTOR CONTROL COVERAGE

4.1 Introduction

As several countries in sub-Saharan Africa continue malaria intervention scale-up
and move towards malaria elimination strategies, making use of routine malaria data for
surveillance, monitoring, and evaluation is increasingly important. Robust evaluation of
the impact of malaria control scale-up based upon these and other programmatic data is
necessary for allocating scarce health system resources and rationalizing health sector
development funding. Robust evaluation where randomization is not programmatically or
ethically feasibility requires analytical methodologies that allow for counterfactual
arguments [201 ]. However, most cunent malaria program scale-up strategies require
complete coverage of the population at risk, thereby obviating difference-in-difference
type methodologies that utilize comparison of areas under program coverage versus those
omitted. New analytical approaches using existing data sources are therefore needed to
evaluate nation-wide programs [126]. A potential alternative is to approximate program
impact through the use of routine health systems data, along with complementary data
sources to control for confounding [202], by evaluating the presence of a dose-response
gradient over time with the district as the unit of analysis. When used appropriately in
this manner, district level routine health management information system (HMIS) data
represent an under-utilized data source for evaluating the effect of malaria control
program intensity on the malaria morbidity burden.
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The primary vector control intervention for malaria remains insecticide-treated
nets (ITNs). Clinical trials have estimated that scale-up ofiTNS reduce malaria case
incidence by up to 50% [104]. However, evaluations of the effect ofiTNs on incidence
under routine program conditions are rare, and only in one case have malaria case trends
been analyzed rigorously at the district level [203]. HMIS outpatient data have typically
been analyzed more descriptively as simple trends over time [204, 205]. However key
confounding factors are often not considered, perhaps due to poor data availability or
cumbersome data processing. For example, Otten et al found large reductions in the
number of cases in Ethiopia and attributed these changes to the scale-up of malaria
prevention [204]. However, this analysis did not control for several confounding factors
with the potential to influence health facility incidence, including climate, health facility
access and treatment-seeking behavior, and reporting completeness [206]. Bhattarai et al
found decreases in health facility cases following LLIN and ACT scale-up in Zanzibar,
but while confounding by climate was considered descriptively, it was not explicitly
modeled [202]. Graves et al's district level ('sub-zobas' in Eritrea) analysis found an
association between the number of ITN s distributed, IRS spraying, and clinical case
incidence, but while their analysis did control for climate factors, they did not include
information on parasitological case confirmation, reporting, or health facility access and
treatment-seeking behavior [203].
In addition to controlling for confounding, appropriate use of HMIS data requires
considering and adjusting for data quality and completeness. The lack of accurate malaria
diagnosis, inconsistent reporting, and limited healthcare access has until recently limited
the usability ofHMIS data for rigorous malaria program evaluation. However, recent
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space-time modeling strategies have been developed to accommodate some of these
shortcomings in data completeness and thereby improve the use of HMIS for national and
sub-national programmatic evaluation through the imputation of missing data points
[207]. Furthermore, Bayesian spatia-temporal modeling allows for the inclusion of
complex correlation structures, as well as spatially continuous environmental information
[58]. These modeling strategies have been used to evaluate temporal and spatial trends,
seasonality, climate and other factors, but not program impact, and are currently more
readily available due to improvements in open source programs and computing power.
Finally, explicit spatial modeling of facility access parameters in conjunction with fever
treatment seeking data from cross-sectional surveys, can be an important tool for
improving upon the use of these as true incidence measures [208].
Even given these improvements in modeling, the lack of accurate malaria
diagnosis has in most cases still limited the use ofHMIS data for evaluation purposes.
Slide microscopy remains the gold standard for malaria diagnosis, but is often not
available, especially in rural clinics. Prior analyses of similar routine data have repmied
upon presumed and clinically-diagnosed malaria cases. This use of unconfirmed case data
may lead to overestimation of the malaria burden and poor association with key
predictors; furthermore, at the facility level, the lack of diagnostic capacity leads to
inappropriate prescription of anti-malarials and the potential for overlooking competing
diagnoses.
lmpmiantly, since 2006, Zambia has been scaling up the use of rapid diagnostic
tests (RDTs) to improve diagnosis and treatment at all points of care, and health system
reporting has also improved over that time. Since 2009, facilities in Zambia have repmied
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both clinical and parasitologically confirmed (by RDT or microscopy) malaria through
the HMIS on a monthly basis. The primary malaria control interventions in Zambia
include long-lasting insecticide-treated nets (LLINs) and indoor residual spraying (IRS).
Using discrete district-month units from 2009-2011, I attempted to assess the association
between parasitologically confirmed positive child malaria cases and malaria program
coverage, while controlling for ecological, climate and health access factors. I used a
Bayesian framework to incorporate spatial and temporal correlation between districtmonth units with conditional autoregressive models. This analysis represents a novel
approach to using HMIS data for malaria program evaluation.
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4.2 Methods
4.2.1 Data sources
I compiled data from the Zambia Health Information Management System
(HMIS), which has included confirmed and clinical malaria outpatient and inpatient cases
and deaths per month since 2009. Before 2009, cases were reported on a quarterly basis
and parasitological confirmation was not reported. All public health facilities, including
district hospitals, hospital-associated health centers, urban and rural health centers, and
health posts were included. The HMIS also provides information on the laboratory testing
conducted and ACT consumption per facility. The 2009-2011 HMIS data set includes
1677 facilities, of which I was able to geo-locate and provide latitude and longitude for
1362 (81 %).
I compiled district yearly ITN distribution data and annual numbers of structures
sprayed with IRS per district from National Malaria Control Center programmatic data.
I compiled monthly climatic data from various sources at the district level. I
accessed monthly rainfall data at 8k resolution from the Famine Early Wmning System
Afi·ican Data Dissemination Service [158] from January 2005 through December 2011. I
accessed monthly mean maximum and minimum temperature, and enhanced vegetation
index (EVI) at 1k resolution from the USGS MODIS satellite data for the same period
[157]. I calculated the local mean per district month based upon the mean of the entire
period 2005-2011. I then created anomalies per district-month based upon the difference
from the monthly value per district from that district's local mem1 for that month.

4.2.2 Data processing and analysis
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Of the 60,372 possible facility-month observations, there were 52,730 nonmissing values (87%). To prepare the data for analysis, I first removed extreme outliers
by censoring monthly facility level outpatient values that were outside of3.5 standard
deviations from the seasonal (high/low) mean for that facility. I then created a Voronoi
tessellation of 1362 HMIS health facilities for which I had latitude and longitude
information to produce polygons surrounding each health facility point (Figure 4.1). A
Voronoi tessellation produces polygons from line segments surrounding each point that
correspond to all points in a plane equidistant to the two nearest sites (cite R), and can be
used as a rough approximation of a health facility catchment area [209]. Using this
tessellation, I created a matrix of neighborhood weights based upon "queen" contiguity,
where polygons that share any border, including vertices, are considered adjacent
polygons. I then imputed missing values using a conditional autoregressive model (CAR)
of existing data points, this spatial neighboring relationship, and a first-order temporal
autoregressive term. I extracted the median imputed value for the counts at each missing
health facility-month cell. For health facilities without geographic data, I constructed a
similar CAR model with a random effect at the facility level, but with spatial structure
based upon district polygons (Figure 4.2).
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I used data from the 2006, 2008, and 2010 Malaria Indicator Surveys to estimate
treatment seeking behavior rates per district and district wealth. I used population data
from Landscan 2008 to estimate the percentage of the population living in urban areas by
district, and I used the open source module AccessMOD 3.0 [210] to create smoothed
raster estimates of population access to health facilities per district. To produce the
AccessMOD travel time surface, I incorporated layers for land use from Globcover [162],
for altitude from USGS [159], for population from Landscan 2008 [160], and for health
facilities and road networks from administrative shape files. AccessMOD produces an
estimated travel time per raster cell based upon estimated speeds over various land use
types, roads, and altitude gradients. I overlayed this raster with the Landscan population
raster to estimate for each district the proportion of the population within (alternatively) 2
and 3 hours of a health facility. This estimate of facility access has been shown to
correlate well with treatment seeking for fevers [208].
I used Bayesian kriging to create predicted surfaces of ITN :HH member ratio for
2008 and 2010, and calculated population-adjusted district means. For 2009, I calculated
the mean of2008 and 2010 values, and for 2011, I estimated district coverage based upon
the percent change in predicted availability of ITN s from district ITN distribution data. I
predicted the availability ofiTNs per person per district by applying the NetCalc decay
function to the previous three years' distribution counts [211].
I accounted for differential reporting by district by creating monthly indices of the
number of facilities reporting compared to the maximum number of facilities per district,
weighted by facility size. I created similar indices for testing per district based upon the
number of facilities reporting testing within a given month, calculated as the total number
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of tests reported per health facility per month divided by the sum of the total number of
tests and the total number of clinical (non-confirmed) malaria cases.
I first created descriptive models of the seasonality of malaria case incidence by
modeling monthly cases out of the annual total for each district, including only climate
variables in a Poisson conditional autoregressive model (CAR). I then constructed
Poisson and negative binomial regression models to evaluate the association between
ITN coverage per district and monthly confirmed cases with total district population as an
offset. To evaluate the sensitivity of the association of the ITN coverage parameter with
the confi1med case outcome under various non-spatial modeling assumptions, I evaluated
several separate models, including random effects models with and without monthly
dummy variables to control for seasonality, a random effects model including the
previous months cases to control for temporal correlation, a population-averaged model
using generalized estimating equations (GEE) with a first order autoregressive correlation
structure, and random effects model with non-imputed confirmed cases and a term to
control for differential reporting rates by district month. In all models, I included the
ITNs per household as an anomaly from the four-year mean to additionally control for
systematic spatial effects and endogenous relationships due to programmatic intervention
targeting decisions.
In multivariate models, I first compared district mean versus variance ratios in
confinned case incidence. The variance in confirmed case incidence was far larger than
the mean, indicating that negative binomial models may be more appropriate for this
response. I confirmed this by comparing AICs for identical models with Poisson and
negative binomial models and found far lower AICs for the negative binomial models,
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indicating better fit with the data. I then compared the results of several negative
binomial models to check for the consistency of estimates with different modeling
assumptions. I further attempted to account for residual spatial and temporal correlation
by modeling the data with conditional autoregressive models (CAR) in a Bayesian
framework. I evaluated convergence of both improper and proper CAR models using
WinBugs 1.4.
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4.3 Results
Total cases were concentrated in districts on the south-eastern border with
Zimbabwe, Mozambique, and Malawi, as well as in Luapula, Northern, Copperbelt, and
portions ofNorthwestern provinces (Figure 4.1).
Total reported outpatient case incidence increased from 2.9 million in 2009 to 3.7
million i1.1- 2010 and 4.1 million in 2011. After imputing missing facility-months, total
reported outpatient cases increased from 3.2 million in 2009 to 4.2 million in 2010 and
4.3 million in 2011. Confirmed outpatient case incidence increased from 871,193 in 2009
to 1.2 million in 2010 and 1.8 million in 2011; after imputing missing facility-months,
confirmed outpatient case incidence increased from 943,916 in 2009 to 1.3 million 2010
and 2.0 million in 2011. While reported confirmed cases increased in most provinces
from 2010 to 2011, total reported outpatient case incidence decreased in Eastern province
where incidence is highest (Figure 4.2). At the district level, overall case incidence is
highest in Luangwa district in Lusaka province, Nyimba and Chadiza districts in Eastern
province, and Gwembe district in Southern province (Figure 4.3).
Reporting was mostly consistent across the period, but fell somewhat in some
districts at the end of 2010 and 2011 (Figure 4). As Zambia has been scaling up testing
and reporting with RDTs in clinics nationwide over this period, the reported testing rate
(computed as the number of tests reported divided by the sum of tests reported and
clinical cases) increased dramatically over this period, from only 5% in 2009 to 27.8% in
2010 and 51.9% in 2011. Tins increase in uptake and reporting oftesting is largely
consistent across districts (Figure 4.4).

132

Total malaria case incidence is highly seasonal across the country. Raw seasonal
proportions indicate that the proportion of cases occurring annually is concentrated
between January and May (Figure 4.5). Examination of smoothed seasonal proportions
show that the seasonal pattern begins to some degree in November, but is more defined in
December, and more pronounced in the early season in the north west of the country
(Figure 4.6). In January, the seasonal burden was high across the country, and from
February through May the seasonal proportion stays highest in the districts along the
south-eastern borders. The seasonal proportion remains relatively higher in June in
Eastern, Northern, and Luapula provinces and to some degree in North-western. Overall
seasonal proportions are highest from January to May, when over 10% of annual burden
occurs in each of these months. The seasonal incidence proportion was slightly lower in
December and June, and lowest from July to November (Figure 4. 7).
The seasonality in outpatient cases corresponds with the seasonality in rainfall,
temperature, and vegetation indices (Figure 4.8). I compared various month lag terms and
found the strongest correlation between confirmed outpatient case incidence and rainfall
values as the sum of 2 and 3 months previous, maximum and minimum temperature at 2
month lags, and enhanced vegetation index at a 1 month lag (Figure 4.9). Rainfall at a
combined 2 and 3 month lag was positively correlated with confirmed case incidence
(r=0.22), as was minimum temperature at a 2 month lag (r=0.30) and enhanced
vegetation index at a 1 month lag (r=0.26). Maximum temperature at a 2 month lag was
slightly negatively correlated with confirmed case incidence (r=-0.05).
District ITN ownership per household anomalies are compared descriptively with
confirmed case incidence in the trellis plot shown in Figure 4.10. District ITN coverage
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appears to have dropped somewhat in 2011 in some ofthe districts that experienced high
confirmed case incidence in 2011, including Chadiza, Gwembe, Nyimba. District ITN
coverage increased substantially in several districts, including Mambwe, Kalomo, Itezhitezhi, Mumbwa, and Shesheke - and incidence remained low or decreased in each of
these districts.
In a random-effects negative binomial model with fully imputed confirmed cases

as the outcome and controlling for district testing rate, percent of the population within 2
hours of a health facility, mean treatment-seeking, rainfall, maximum and minimum
temperature, vegetation, and month, ITN per household anomalies were significantly
protective, such that for a unit increase in ITNs per household, confirmed case incidence
decreased 18% (IRR=0.82, 95% CI: 0.69-0.97) (Table 4.1). I found the same estimate for
ITNs per household in a model without the month term to control for seasonality, and this
model provided slightly better fit by AIC. I incorporated temporal correlation in the
model by first including the previous month's cases, and obtained only slightly smaller
estimates for ITNs (IRR=0.83, 95% CI: 0.72-0.95). In the population-averaged model
with first order autoregressive correlation structure, the estimates for ITN s are similar as
well (IRR=0.86, 95% CI: 0.75-0.97). Finally, I examine the initial negative binomial
model with a random effect for each district, instead with the outcome of non-imputed
confinned cases, and included the district weighted reporting rate to control for the affect
of differential reporting. In this model, reporting is very highly predictive (IRR=24.9,
95% CI: 16.44-37.63) and the coefficient for the ITN term is similar to other models
(IRR=0.84, 95% CI: 0.72-0.97).
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In each of these multivariate models, I found that the enhanced vegetation index
at a one-month lag was the strongest climatic predictor of confirmed case incidence. In
the negative binomial model without the monthly seasonal term, high EVI at a one-month
lag was highly predictive of increased incidence (IRR=l.86, 95% CI: 1.55-2.22)
compared with the lowest EVI category. Substantial collinearity exists between the
monthly seasonal terms and the specific climatic terms. In all models including the
monthly seasonal term, rainfall and temperature terms were included as anomalies to
reduce this collinearity. In the model without the monthly seasonal term, minimum
temperature at a two-month lag was a strong positive predictor of incidence (IRR=l.30,
95% CI: 1.23-1.38) and maximum temperature at a two month lag a strong negative
predictor (IRR=0.87, 95% CI: 0.82-0.93).
The percent of the population within 2 hours of a health facility was inversely
associated with incidence in all models, and the mean treatment-seeking rate was
positively associated with incidence in all models. I attempted to evaluate the inclusion of
IRS terms, but found they were highly collinear with these te1ms, which likely reflects a
high degree of endogeneity given that IRS programs have to this point targeted almost
entirely to peri-urban areas. I therefore removed IRS from all models.
I examined the spatial con-elation of residuals with Moran's I (results not shown)
and found that while inclusion of climate terms reduced the amount of spatial con-elation,
some spatial patterning remained. As a result I attempted to run conditional
autoregressive models (CAR) in WinBugs. However, I was unable to achieve
convergence of the global intercept term in CAR normal models. I instead modeled a
CAR proper with the alpha (global intercept) set to zero. I removed the fixed district
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terms (percent of population within 2 hours of a health facility and mean treatment
seeking) as these terms were collinear and did not converge even after> 100,000
iterations. I obtained similar coefficients to non-spatial models in the CAR model
modeled with a Poisson response, but I obtained very low error estimates, which appear
spurious and therefore I am cautious with the interpretation of the spatiotemporal CAR
model.
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4.4 Discussion
In this analysis, I describe the seasonality of confinned malaria outpatient cases at
the district level over a three-year period in Zambia and find important associations
between district-level ITN ownership per household and lower confinned case incidence
after controlling for climate and other confounding factors. Specifically, I find that after
controlling for climate variability, district level testing rate, treatment-seeking, and health
care access, each additional ITN per household reduces district-level monthly-confirmed
case incidence by 14-18%, depending upon modeling assumptions. These results are
important for demonstrating the effectiveness of vector control for reducing outpatient
incidence through the use of routinely collected district-level data.
Incidence of outpatient malaria cases was highly seasonal and associated with
higher minimum temperature and higher vegetation indices in the two preceding months.
The smoothed seasonality outputs showed patterns that can be important for timing
seasonal interventions such as indoor residual spraying and seasonal chemoprophylaxis in
children.
This analysis was limited by the short time frame of confirmed case data available
for analysis, as well as the increase in reporting and testing over this period as facilities
adapt to the new reporting system. However, I was able to control for the increase in
confirmed case testing by including this term in multivariate models; further, if bias still
existed this would mostly likely bring the estimated effect ofiTNs on confirmed case
incidence towards the null. I controlled for reporting differences by conducting full
space-time imputation of missing values by "boiTowing strength" from neighboring
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facilities and time periods for which I had data. A similar approach using space-time
variograms has been demonstrated in Kenya, where the amount of missing data was far
greater than in the data used here [207]. Future analyses will likely become more robust
as new data are added to the HMIS system.
Controlling for temporal autocorrelation in negative binomial models did not
affect parameter values of interest, which is important as neglecting serial dependence in
data can lead to spurious conclusions of statistical significance. There was some evidence
of residual spatial autocorrelation even after inclusion of climate and treatment seeking
covariates, and I attempted to incorporate this structure explicitly in conditional
autoregressive models. However, while parameter estimates in these models were
consistent, I found surprisingly tight variance parameters, which likely arose from an
underlying bias in model specification. This is an important area for further investigation.
There is increasing need to evaluate national malaria control programs (and other
national public health interventions) with routine data. Importantly, this analysis
demonstrates how utilizing sub-national heterogeneity in program coverage can
effectively allow for evaluation of program effect when no true control group is available.
The results are broadly relevant for malaria program evaluation especially as routine
confirmed case data become more available.
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4.5 Tables and figures

Figure 4.1. Voronoi tessellation of Zambia health facility points.

Figure 4.2. Distance-based neighborhood adjacency matrix for districts.
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Figure 4.3. Total facility outpatient cases and case incidence by district, 2010.

N

W~E
s

Cases per 1 Ok Total Cases

0<500

D

5o1-1o0o

0-500
•

501 -1ooo

[iill'j1001-2000 •

1001 -2000

2001-3000 •
-3001-6000 •
I-+--~-++-+-+-<IH2i0 Kilometers- >5000
•

2001-3000
3001-5000
>5000

Figure 4.4. Total and confirmed outpatient malaria diagnoses by province, 2009-2011.
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Figure 4.5. Total (blue) and confirmed (orange) outpatient malaria diagnoses by district,
2009-2011.
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Figure 4.6. Reporting (blue) and confirmed case testing rates (orange) by district, 20092011.
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Figure 4. 7. Raw seasonal total outpatient case proportions, 2009-2011.
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Figure 4.8. Smoothed seasonal outpatient case proportions, 2009-2011.
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Figure 4.9. Raw vs. modeled total outpatient seasonal proportions by month, 2009-2011.
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Figure 4.11. Scatterplots and lowess curves of monthly confirmed case incidence vs. best
fitting lag terms for minimum and maximum temperature, rainfall, and enhanced
vegetation index.
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Figure 4.12. District confirmed case incidence (blue) and district ITN per HH anomalies
(orange) where zero indicates that coverage remained the same as the four-year mean.
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Table 4.1. Results of multivariate models predicting con:fim1ed case incidence.

cases
1.00 (1.00-1.00)

Previous month
Testing
Reporting rate
Percent pop within 2
hr of health
Mean IDW treatment

0.30 (0.08-1.19)

0.33 (0.11-0.98)

37.63)
0.27 (0.08-0.88)

3.40 (1.02-11.39)

2.74 (1.06-7.09)

3.78 (1.31-10.91)

2.87 (0.86-9.59)

2.98 (0.90-9.83)

ITNs perHH

0.82 (0.69-0.97)

0.82(0.71-0.94)

0.84 (0.72-0.97)

0.83 (0.72-0.95)

0.86 (0.75-0.97)

0.84 (0.84-0.84)

1.04 (1.01-1.06)

0.87 (0.82-0.93)

1.04 (1.0 1-1.07)

1.03 (1.00-1.05)

1.03 (1.01-1.04)

0.96 (0.95-0.96)

1.20 (1.04-1.37)

1.16 (1.07-1.25)

1.25 (1.05-1.48)

1.12 (1.00-1.27)

1.16 (1.07-1.25)

1.29 (1.29-1.30)

0.3-0.4

1.48 (1.19-1.85)

1.55 (1.33-1.80)

1.61 (1.24-2.08)

1.29 (1.08-1.53)

1.30 (1.17-1.45)

1.75 (1.74-1.76)

>0.4

1.83 (1.41-2.37)

1.86 (1.55-2.22)

2.06 (1.56-2.73)

1.3 7 (1.13-1.66)

1.30 (1.11-1.53)

1.95 (1.93-1.96)

Month

(included)

(not included)

(included)

(included)

(included)

(not included)

AIC

39787.2

39784.3

38197

(not comparable)

(not comparable)

(not comparable)

N

2592

2592

2592

2520

2592

2592

0.24 (0.06-0.90)

0.79 (0.25-2.52)

RFE (2-3 months lag)
Max temp (2 mo. lag)
Min temp
EVI
<0.2 (ret)

.........
.j:::..

--- ----------..,

CHAPTERS
CONCLUSION AND FINAL REMARKS

5.1 Summary of findings
This dissertation presents three analyses of malaria prevalence and incidence data
collected by or in conjunction with the National Malaria Control Center in Zambia. In
addition to routine survey and health management system data, detailed remote sensing
climatic and environmental data were incorporated into multivariate models to examine
the spatial and temporal patterns of malaria and the association with vector control
coverage, namely insecticide treated-nets. Taken together, the analyses presented here
highlight the importance of triangulating multiple sources of data for malaria program
evaluation and developing a modeling framework that adequately addresses the spatial
and temporally heterogeneous nature of these data.
In analysis 1, geostatistical modeling allowed for the incorporation of spatial
autocoiTelation and simultaneous inclusion of vector control and climate inputs in
predictions of the spatial distribution of parasitemia from three national household
surveys. This analysis demonstrated the use of detailed climate information and spatial
autocoiTelation for accurately depicting trends in parasite prevalence from repeated crosssectional malaria surveys and evaluating the effects of interventions. This analysis
showed that the large majority of the change in parasite prevalence between MIS survey
rounds in 2006, 2008, and 2010 could be attributed to changes in climate factors, and that
there was substantial heterogeneity in these effects. In addition to greatly improving
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understanding ofhow intervention scale-up (or decay) affects disease distribution in the
context of changing weather patterns, the results of this analysis will provide a valuable
example for other countries in sub-Saharan Africa where similar data are available.
In analysis 2, district level prevalence surveys were utilized to examine specific
environmental determinants of malaria risk on a smaller scale. A digital elevation model
and logistic regression models were constructed to determine the role of topographical
wetness and dry season vegetation on risk of a malaria infection. While dry season
vegetation estimates were only marginally significant in the lowest prevalence setting and
year, topographical wetness indices were significantly associated with malaria risk. After
controlling for spatial autocorrelation, however, these effects were non-significant as well.
This study has important implications for determining if the environmental determinants
ofthe small-scale distribution of parasite infections can be accurately ascertained from
cross-sectional survey prevalence data and publicly available environmental and
geographic data. The finding that the inclusion of spatial autocorrelation structure
removed effects that were significant in non-spatial models is useful for cautioning
against ignoring autocorrelation when data may be spatially patterned.

In analysis 3, the association between district-level confirmed outpatient case
incidence and district level ITN coverage was evaluated in several negative binomial
models and additionally in a conditional autoregressive model incorporating spatial
neighboring structure. After controlling for climate variability and district level testing,
treatment-seeking, and health care access differences, higher ITN coverage was
associated lower confirmed case incidence. District-level evaluation of malaria program
effort with routine data is an important methodological tool for nationally-scaled
150

programs where comparison with uncovered areas is not available. Improved coverage
with these types of data across sub-Saharan Africa will add important longitudinal data
points to corroborate trends as part of robust impact evaluations.

5.2 Final remarks
Key themes across analyses presented in this dissertation include the importance
of robust data systems for monitoring and evaluation of malaria control program effort,
improved access to high-resolution climate and other environmental data, and improved
understanding of the role of spatial and temporal heterogeneity in malaria transmission.
Zambia has made impressive strides in scaling up malaria control, but the most important
long-term and broad sectorial gains will likely be due to improved data systems.
Improving in-country capacity to conduct analyses with the types of data presented herewithin will be needed to ensure that findings are time-sensitive and help to inform control
program decision-making and policy formation.
Building capacity'among malaria control program monitoring and evaluation
officers and associated research staff to conduct basic spatial mapping analyses will
provide the foundation for these activities. Facilitating communication across disciplines,
notably with those in the enviromnental sciences, is equally important for improving
contextualization of malaria program efforts. While climate gauge data remain sparse for
much of sub-Saharan Africa, there is a growing suite of publically accessible remotesensing climate data sources, some of which are presented in this dissertation, that can be
fed into program analyses in a manner similar to the Famine Early Warning System. A
151

number of new data products specific to tracking malaria transmission potential are being
developed and will hopefully improve the timely and specific mapping of climatic trends.
Importantly, proper contextualization of malaria program efforts requires taking a
long-term perspective on trends that are likely to exhibit marked stochasticity in the
short-term. Short-term evidence-based funding requirements engender a constant shifting
ofbaselines [212], which may obscure important gains on longer time scales.
Overcoming resultant donor discouragement requires empirically-informed advocacy,
especially as the malaria world pushes for elimination in some areas. Fmihermore,
intervention scale-up that is largely effective in low to moderate transmission settings
will require greater, integrated, and longer-term control effort in higher transmission
settings to show similar gains, and these gains may require longer time frames [4 7].
Similarly, moving from control to elimination will likely require far more substantial
resources as marginal cost-effectiveness will likely decrease, especially in areas with
higher receptive malaria risk.
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