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ABSTRACT
Malaria elimination is once again being considered. Mathematical
modeling suggests that the current widespread interventions of insecticide
treated mosquito nets and case management are unlikely to be sufficient to
break malaria transmission in much of sub-Saharan Africa. Further
intervention is needed.
Zambia instituted a mass malaria screening and treatment (MSAT)
campaign in 4 districts near Lake Kariba. The MSAT intervention was not
associated with malaria parasite prevalence in a randomized post-only
comparison (AOR =1.45, 95% CI =0.80- 2.62) and a pre-post comparison in
intervention areas only (AOR = 0.87, 95% CI = 1.35). A longitudinal analysis
of health facility trends showed the intervention to be associated with
reduced malaria incidence at the health facility (IRR =0.63, 95% CI =0.520.76).
The information gathered from the MSAT campaign provides a better
understanding of the spatial distribution malaria parasite prevalence. The
spatial distribution of malaria-infected individuals varied depending on
season and parasite prevalence in the area. Individuals with a malaria
infection were clustered within households at all prevalence levels.
Clustering beyond the household was largely dependent upon the parasite
prevalence in the village. Remotely sensed environmental and geographic
factors as well as ITN coverage were associated with village parasite
prevalence, and together accounted for approximately 82.5% of the variance
in village parasite prevalence. Likely vector abundance and gametocytes
circulating in the population drive the spatial distribution of malaria-infected
individuals.
Log-risk estimates between kernel intensity functions of malaria
positive and malaria negative individuals reveal temporally stable clusters
and absences of malaria parasite prevalence over the course of 10 months.
Remotely sensed geographic and environmental factors are associated with
houses located in the core cluster or absence.
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CHAPTER1

INTRODUCTION

Malaria is a major cause ofhumari mortality in the world.U The World
Health Organization undertook an ambitious plan to eradicate malaria in
1955, however by 1969 the world malaria eradication program was

discontinued due to problems with insecticide and drug resistance.3
Currently malaria transmission is confined to tropical and sub-tropical
regions, largely in lower income countries. 4' 5 Recent successes in controlling
the morbidity and mortality caused by malaria have prompted an optimistic
call for a renewed effort to eradicate the disease.6-1o
The term malaria eradication refers to global extinction of the
parasite; malaria elimination refers to reducing malaria transmission to zero
within a given geographic area. 11 Malaria eradication is a future goal,
however various countries throughout the world are currently eliminating
malaria transmission or have declared a goal of malaria elimination.12
One potential method of pursuing malaria intervention involves a
shift from focusing on treating illnesses to clearing infections.l3,l4
Asymptomatic malaria infections become increasingly problematic, for the
obvious reason that they go undiagnosed and untreated. Mass drug
administration and mass screening and treatment interventions have been
used with varying degrees of effectiveness in the past, typically at the tail end
of malaria elimination campaigns.lS In the hopes of establishing 5 malaria
free zones, the Zambia Ministry of Health partnering with the Malaria Control
and Evaluation Partnership in Africa implemented a mass screening and
treatment campaign in southern Zambia.16
In addition to testing the effectiveness of the MSAT campaign in a
robust manner, the intervention itself provides a huge amount of data to
further guide malaria elimination efforts. As malaria transmission declines,
it becomes increasingly focalized. 17 The census data gathered from the MSAT
intervention allow for spatial points process analyses which describe the
Larsen, D
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nature of clustering rather then identifying the areas of clustering. The
distinction is subtle, but further understanding the nature of clustering
malaria parasite infections can help guide malaria control programs target
interventions. 1 B,l9
Furthermore following malaria elimination reintroduction of malaria
transmission will remain a risk. 2 0,Z1 Eliminating malaria transmission and
then sustaining elimination is much easier on islands, where water provides
a barrier that reduces the risk of reintroduction.ZZ Better understanding of
the nature of clustering malaria parasite prevalence can help guide efforts to
reduce ongoing transmission from reintroduction.
The first chapter of this dissertation uses multiple study designs to
examine the effectiveness of a pilot MSAT intervention to reduce malaria
parasite prevalence and decrease malaria incidence. The second chapter
examines how the spatial distribution of malaria-infected individuals varies
by season and parasite prevalence in the area, and then estimates factors
associated with the different spatial distributions. The third chapter
identifies areas of core and periphery clusters and absences of malaria
parasite prevalence and then examines factors associated with the core and
periphery.
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CHAPTER2

A single round of mass malaria screening and treatment conducted at
the beginning of the wet season is associated with decreased malaria
incidence but not malaria parasite prevalence

ABSTRACT

In the pursuit of establishing 5 malaria free zones Zambia
implemented multiple mass malaria screening and treatment interventions
in Southern Province. The pilot round of intervention was initiated at the
beginning of the wet season in December 2011 and January 2012. A
randomized post-only comparison showed no association with the pilot
intervention and malaria parasite prevalence in children <5 (AOR =1.45,
95% CI = 0.80 -1.62). A pre-post comparison in intervention areas only

showed no association with the pilot intervention and malaria parasite
prevalence in all individuals (AOR =0.87, 95% CI =0.56- 1.35). A
randomized longitudinal comparison of health facility malaria incidence
suggested the pilot intervention was associated with a decrease in malaria
incidence (IRR =0.63, 95% CI =0.52- 0.76). A single round of mass malaria
screening and treatment may not be an malaria elimination tool, but may be
appropriate to reduce malaria incidence.

2.1 INTRODUCTION

To reduce the mortality and morbidity caused by the malaria parasite,
malaria control programs throughout the world are considering pursuing
malaria elimination. 23 While many hopes lie with potential vaccine
candidates, 24 malaria has been successfully eliminated from within the
borders of 109 countries without the aid ofvaccines. 12 The combination of
vector control and case management were the principle interventions
responsible for progress made against malaria in the past decade. 25
Mathematical modeling however suggests these interventions alone are
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unlikely to achieve elimination in sub-Saharan Africa, even in areas oflow to
moderate transmission. 26-28
Asymptomatic malaria infections play a significant role in malaria
transmission. 29 Carriage of asymptomatic malaria infections is
common, 14,3D, 31 the infections can last for extended periods oftime,32-36 and
individuals with an asymptomatic malaria infection are capable of
transmitting malaria gametocytes to mosquitoes_37-40 Because individuals
without symptoms rarely seek treatment, finding and treating individuals
with asymptomatic infections becomes of interest when pursuing malaria
elimination.13
Artemisinin combination therapy (ACT) is effective against immature
gametocytes, and reduces the carriage time of gametocytes in those receiving
the drugs. 41 -43 Mass drug administration (MDA) has effectively reduced
malaria transmission in the past when coupled with indoor residual spraying
with dichlorodiphenyltrichloroethane (DDT), 1S however these gains were
short lived. A community randomized control trial of MDA in the Gambia
showed only an initial impact of MDA on malaria incidence, which rebounded
to pre-intervention levels a few months following the intervention.44 The
Gambia trial was conducted in the absence of vector control and before the
proliferation of insecticide treated mosquito nets (ITN).
Zambia declared a goal of 5 malaria free zones by 2015.16 Due to
having< 10% malaria parasite prevalence and> 50% household coverage of
at least 11TN (70% and 66.1% in 2008 and 2010 respectively),4S-47 Southern
Province was selected for mass screening and treatment (MSAT) campaigns
wherein every individual is screened with a rapid diagnostic test (RDT) and
those testing positive are treated with an ACT. The MSAT campaigns in
southern Zambia are designed to be repeated interventions conducted
through the height of the dry season. Because of known inadequacies in the
evaluation of the pilot MSAT intervention, this paper uses multiple study
designs to assess the effectiveness of a pilot round of MSAT conducted at the
beginning of the wet season in southern Zambia.
Larsen, D
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2.2 METHODS
2.2.1 Study area. The MSAT intervention was implemented in

Gwembe, Siavonga, Sinazongwe and southern Kalomo districts (Figure 1).
Incidence of malaria estimated from health facilities suggests that malaria
transmission is heaviest along the shores of Lake Kariba. Subsistence
farming is the principal economic activity for the majority of households in
the area. There are some commercial farming activities, including a large
private cotton growing operation. Fishing is also an important economic
activity for many households located on the shores of Lake Kariba. The area
is mainly composed of Tonga speaking people.
2.2.2 Intervention design. Health facilities were grouped together

according to human settlement patterns. Satellite imagery from Go ogle Earth
was used to ensure that at least Skm of uninhabited land separated the
health facility groupings. Meetings with District Health Teams corroborated
the groupings. A randomized step wedge design was employed to assess the
effectiveness of multiple rounds of MSAT; 48-so health facility groups were
randomized to begin the intervention in 2011, 2012, 2013 or 2014, with all
health facility groups receiving the intervention in 2014. During the pilot
round, evaluated herein, individuals received the MSAT intervention in
December 2011 and January 2012.
All individuals living in the health facility catchment area receiving the
intervention were screened for malaria infection using existing stocks of
Ministry of Health RDTs, including SD Bioline Pf and ICT Mal Pf brands which
both detect the histidine-rich protein 2 (HRP2). Individuals testing positive
were then given a treatment regimen of artemether-lumefantrine (AL)
according to Ministry of Health treatment guidelines.
2.2.3 Data. At the time ofMSAT intervention an abbreviated Malaria

Indicator Survey recorded measures of household location, ITN ownership,
person's age, person's sex, treatment seeking behavior and result of the RDT
on personal digital assistants (PDAs). The data were then downloaded into
Microsoft Access and cleaned in Stata version 11.2.
Larsen, D

pg. 10

The Malaria Control and Evaluation Partnership in Africa in
conjunction with the Ministry of Health initiated a health facility malaria
incidence weekly reporting system using mobile phones in 2011, prior to the
start of the MSAT intervention. 51 This system gathers total outpatient
attendance; number of suspected, tested, and confirmed malaria cases; RDT
stock levels; and ACT stock levels.
Satellite imagery from moderate-resolution imaging
spectroradiometer (MODIS) and advanced spaceborne thermal emission and
reflection radiometer (ASTER) provide remotely sensed enhanced vegetation
indices (EVI) and normalized difference vegetation indices (NDVI) at a 250m
resolution; temperature estimates at a 1 km resolution; and altitude, a
topographical position index (TPI) and topographical wetness index (TWI) at
a 30 m resolution. EVI, NDVI and temperature are known to be associated
with vector abundance. 52-54 Altitude, TWI and TPI are known to be associated
with the presence of mosquito breeding sites.ss,s6 The TPI for any given point
is the difference between the altitude of a point and the mean latitude of
neighboring points at any given scale.s?,ss Sometimes referred to as the
compound topographic index, the TWI is estimated as the ratio of upstream
contributing area to the slope of any given point. The TPI and TWI were
calculated using ArcGIS version 9.3.1. Remotely sensed data was linked to
households and health facilities using the Raster package59,60 in R version
2.15.1.6 1
2.2.4 Outcome indicators. Malaria parasite prevalence in children<

5 years of age measured by RDT in April 2012 in both intervention and
control groups served as the primary outcome indicator. Secondary outcome
indicators include malaria parasite prevalence in all individuals measured by
RDT at the time of the MSAT intervention in December 2011- January 2012
and at the next round of MSAT intervention in June 2012, as well as weekly
confirmed malaria incidence (by RDT or light microscopy) measured at the . ·
health facility from May 2011- May 2012.
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2.2.5 Randomized post-only comparison. The 2012 Malaria
Indicator Survey was oversampled in the intervention districts to provide
both a baseline for the MSAT intervention in whole and an evaluation of a
single round ofMSAT in 2011. Malaria parasite prevalence in children< 5
years of age measured through an RDT was the outcome for this analysis.
The odds of having a malaria parasite infection for those living in an
intervention area compared to those living in a control area were calculated
using a mixed effects regression model with primary sampling unit and
health facility group as random intercepts to account for the study design
and 2-stage cluster sample (Equation 2.1). The caterpillar plot of the
variance in malaria parasite prevalence by standard enumeration area
suggests that the assumptions of the model are met (Figure 2.2).
Equation 2.1: Mixed effects model predicting malaria parasite prevalence in children< 5
with a logit link62 Equation contains final model variables.

Yij- Bin(l, pij)

logit(p!ik)

=a+ {31 x lnterventioniik + {Jz x (log of altitude )!ik + {33 x

(daytime temperature lagged 9 weeks)!ik + {34

x

(EVI lagged 8 weeks)iik

+ {Js x TWiijk + {36 x Ageiik + {37 x ITNijk + f3s x IRS!ik + ai + aj
ai- N(O, CT2a)
aj- N(O, CT2a)

The best fitting lag of EVI, daytime temperature and nighttime
temperature were determined through AIC. Best-fitting lags were used
because it is unknown at what time point previous to the survey the actual
malaria infection occurred .In addition to the best fitting lags for
environmental predictors the following factors were considered for the
adjusted analysis: child's age, mother's education level, household ITN
ownership, altitude, TPI at a scale of 300 meters (TPI 300), TPI at a scale of
2000 meters (TPI 2000), and TWI. TPI and TWI identify geographical
features associated with malaria breeding sites,ss,s 6 therefore the median
value of all points within 500 meters of the household was calculated.
Larsen, D
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The best model without the intervention predictor was determined in
a frontwards stepwise fashion by AIC, and then the intervention indicator
was added. The lme4 package63 in R version 2.15.161 was used to estimate
unadjusted and adjusted odds ratios. P-values < 0.05 were considered
statistically significant
2.2.6 Pre-post comparison. Parasite prevalence in intervention
areas only was compared before and after the intervention using the census
data gathered from the MSAT intervention in December 2011- January 2012
and the first ofthree MSAT interventions conducted in June 2012.
Aggregated health facility prevalence pre and post-intervention was
compared with a likelihood ratio test. Individuals were linked on birthdate
and village; a fixed effects regression with individual as the unit of analysis
was used to estimate the effect of the intervention after adjusting for
changing environmental factors on changing malaria parasite prevalence
(Equation 2.2). Fixed effects regression assesses the impact of change in the
measured variables on a changing outcome. The fixed effects regression can
be conceptualized as regressing the change of an outcome on the change of
potential confounding variables. The fixed effects regression method holds
linked observations constant, adjusting for time-invariant differences
between observations. As such only changing environmental variables (i.e.
temperature and vegetation indices) were considered as covariates. The
appropriate lag for environmental variables (lowest AIC) was determined by
predicting malaria parasite prevalence in a model with all individuals. The
best fitting AIC was used to determine appropriate lags because the incident
malaria infection could have occurred at any time point before the
interventions. P-values < 0.05 were considered statistically significant. Stata
version 11.2 was used for the analyses.
Equation 2.2: Fixed effects logistic regression model where Xit is a vector of time-varying
predictors and a; refers to time-constant attributes of each individual. 64
logit(pit) = Jl.t + f3x;t + a;
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2.2.7 Longitudinal comparison of health facility trends. Weekly
confirmed malaria cases, the proportion of suspected malaria cases
confirmed by laboratory diagnostic, and total outpatient data were
downloaded from the rapid reporting system server. Weeks with the
number of suspected malaria cases or total outpatient attendance above or
below 3 standard deviations of th.e mean were considered outliers and
excluded from further analyses. In order to adjust for heterogeneity in
access to treatment and treatment seeking behavior in the population at risk
of malaria, mean monthly health facility incidence was standardized per
1000 outpatients for each health facility.
A random effects negative binomial regression with health facility as
the panel variable was used to estimate the effect of the intervention on
health facility incidence from the onset of the weekly rapid reporting system
through May 2012 (Equation 2.3). Variance of confirmed malaria incidence
by health facility appeared similar (Figure 2.3). The entire time period after
the MSAT rollout in December 2011- January 2012 until May 2012 was
classified as the intervention period. (A second round of MSAT was
conducted in June 2012). The effectiveness of the intervention was
. measured through a difference in differences approach with an initial model
predicting differences between groups before the MSAT (intervention and
control), differences in time (before or after the MSAT in all health facilities),
and then the group by time interaction to assess the effectiveness of the
MSAT intervention. P-values < 0.05 were considered statistically significant.
The environmental measures were retrieved from remotely sensed
vegetation indices, daytime temperature and nighttime temperature, which
were averaged (mean) for a 10km radius around each health facility.
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Equation 2.3: Mixed effects model of confirmed malaria incidence with a negative binomial
link. 62 (Model includes final variables from model selection)
Y;- NB(,Uij, k)
E(Yi) - ,Uij, var(Y;)

=,u; + ,u2 ; I

k

rJii = offset(attendanceii) + {31 x (EVI lagged 8 weeks)ij + /32 x (nighttime temperature)ii

+ {33 x (daytime temperature lagged 6 weeks)ij + /34(testing rate)+ a;

a;- N(O, a2 a)
log(,uii) = 1Jii

To add the environmental variables to the model predicting health
facility incidence linear interpolation between values was used to estimate
environmental indicators for weeks without a value. The best environmental
model was constructed in a forward stepwise fashion using the lowest AIC to
determine the appropriate lag, and the testing rate of suspected malaria
cases (ranging 0- 100%) was added as a covariate. The total outpatient data
served as the offset.
2.3 RESULTS
Approximately 53,000 individuals across 2 districts in Southern
Zambia were screened for malaria in December 2011 and January 2012.
2.3.1 Randomized post-only comparison. During the 2012 MIS 902
children in 33 clusters and 9 health facility groupings were sampled in the
areas randomized to receive the intervention or not. RDT diagnosis was
available for 790 children; 41.7% tested positive. Intervention areas had
greater ITN and IRS coverage than control areas (Table 2.1). There were no
differences in other indicators between intervention and control areas.
Table 2.1: Difference in ITN and IRS coverage between intervention and control areas. ITN
coverage is defined as owning at least 1 ITN; IRS coverage is defined as living in a household
that was effectively sprayed

IRS coverage
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Before adjusting for covariates the intervention was not associated
with malaria parasite prevalence (OR= 1.18, 95% CI = 0.65- 2.12) (Table
2.2). The best model fitting the data included the log of altitude, daytime

temperature lagged 9 weeks, EVI lagged 8 weeks, TWI, age as a continuous
variable, IRS coverage and ITN coverage. After adjusting for these variables
the intervention was not associated with malaria parasite prevalence (AOR =
1.45, 95% CI = 0.80- 2.62).
Table 2.2: Unadjusted and adjusted odds ratios estimating the effect of the MSAT
intervention on malaria parasite prevalence in the post-only analysis.
Indicator

Odds Ratio
(95% Confidence Interval)

.
MSATI ntervention

1.178
(0. 654 _ 2.122)

* p < 0.05 ** p < 0.01 *** p < 0.001

2.3.2 Pre-post comparison. Malaria parasite prevalence was greater
during the second round of MSAT performed in June 2012 than it was during
the first round ofMSAT performed in December 2011 and January 2012 in all
health facility catchment areas except 1 (Table 2.3).

Larsen, D

pg.16

Table 2.3: Differences in malaria parasite prevalence measured through the first and second
rounds of the MSAT interventions
·

Health facility

Parasite prevalence

Parasite prevalence

Likelihood-ratio

round 1 December

round 2 June 2012

test

2011- January 2012

Sinafala

40.7%

45.6%

11.298**

Lukonde

2.6%

2.1%

1.703

Gwembe

1.4%

1.6%

0.359

Chipepo

29.7%

32.3%

3.768

* p < 0.05

** p < 0.01

*** p < 0.001

Linking individuals by birthdate and village found 2140 unique
individuals (approximately 4%) with a malaria parasite prevalence
measured at 2 time points for a sample size of 4280 observations. There was
no difference in sex or age between matched and unmatched individuals.
The environmental factors that best fit the data were daytime temperature
lagged 4 weeks, night time temperature lagged 11 weeks, and EVI lagged 3
weeks. After adjusting for environmental factors the MSAT intervention was
not associated with malaria parasite prevalence (AOR = 0.87, 95%CI = 0.56-

1.35) (Table 2.4).
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Table 2.4: Difference in malaria parasite prevalence measured in a pre-post analysis usirig a
fixed effects regression. All indicators represent difference between measurements at time 1
and time 2.
Indicator
Odds Ratio

* p < 0.05 ** p < 0.01 *** p < 0.001
2.3.3 Longitudinal comparison of health facility trends. Twentythree health facilities in Gwembe and Sinazongwe Districts provided weekly
rapid reporting data, the earliest beginning in May 2011 and the latest
beginning in November 2011. Monthly health facility incidence ranged from
16 confirmed malaria cases per 1000 outpatients in Gwembe health facility,
Gwembe district to 448 confirmed malaria cases per 1000 outpatients in
Sikaneka health facility, Sinazongwe district. As expected average monthly
health facility incidence was lower in the dry season (June- December) and
then increased in the wet season.
Weekly malaria incidence ranged from 0 to 990 confirmed cases per
1000 outpatients. The number of confirmed malaria cases was over
dispersed (the mean did not equal the variance), therefore the analysis
assumed a negative binomial model. Before the MSAT malaria incidence was
higher in the intervention health facilities than in the control health facilities
(IRR =0.60, 95% CI

=0.60- 0.73).

Mean EVI and daytime temperature were

higher in the intervention health facilities; there was no difference in
nighttime temperature between intervention and control facilities.
Before adjusting for environmental variables the MSAT intervention
was associated with a significant decrease in malaria incidence (Table 2.5).
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EVI lagged 8 weeks, nighttime temperature (not lagged), and daytime
temperature lagged 6 weeks best-predicted malaria incidence during the
study period. When adjusting for these environmental predictors the MSAT
intervention was associated with decreased health facility incidence· (Table
2.5).
Table 2.5: Incidence rate ratios with 95% confidence intervals from a negative binomial
regression model with health facility as a random-intercept estimating the impact of the
MSAT intervention on health facility malaria incidence
IRR of MSAT intervention

Adjusted for environmental factors 1

0.636***
(0.527- 0.767)
***P < 0.001

1. The best fitting envionrmental factors included EVI lagged 8 weeks, nighttime
temperature the week of the observation and daytime temperature lagged 6 weeks.

2.4 DISCUSSION

The primary outcome indicator of malaria parasite prevalence in
children < 5 years of age was not associated with the intervention in a
randomized post-only comparison. The secondary outcome of malaria
parasite prevalence in all individuals was not associated with the
intervention in a pre-post comparison in the intervention arm only. The
secondary outcome of health facility malaria incidence suggested that the
MSAT intervention was associated with a reduced risk of confirmed malaria
cases at the health facility.
In contrast to a community randomized controlled trial from Burkina
Faso that found no protective benefit of MSAT on malariaincidence, 65 the
MSAT intervention was associated with decreased health facility malaria
incidence in southern Zambia. MSAT is typically considered as a method of
interrupting malaria transmission, but mathematical modeling suggests that
continuous MSAT could also be a method of reducing morbidity caused by
the parasite if complementing high vector control coverage and good case
management. 66
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Similar strategies of MDA and targeted MDA have been used in
attempts to reduce morbidity from other diseases such as soil-transmitted
helminthes.6 7,68 The clinical burden of soil-transmitted helminthes occurs in
school-aged children, who are also responsible for the majority of
transmission.69 The clinical burden of malaria occurs in young children and
pregnant women, however in low transmission settings asymptomatic
infections that may or may not occur in these populations are responsible for
the majority oftransmission.29,7D,71 Using the heterogeneity of disease
prevalence to target elimination efforts has been proposed for both ·
diseases.7 2·73 Both efforts also require effective drugs and improvement in
diagnostics. 74,75
These analyses have a number of limitations and the randomization
was not effective at balancing differences in important indicators between
intervention and control areas. Altitude, EVI, temperature and vector control
were different in intervention and control areas. The randomized post-only
comparison has no baseline group, the pre-post comparison has no counterfactual, and malaria incidence at the health facility may not represent actual
malaria incidence in the area due to disparities in access to treatment and
treatment seeking behavior.76 The remotely-sensed environmental data
provides an adjustment for the low number of clusters included in
randomization, the lack of a pre-intervention measurement in the post-only
analysis and the lack of a counterfactual in the pre-post analysis. The
environmental factors were associated with the outcome, and perhaps more
importantly the effectiveness of the MSAT did not change after including the
environmental factors.
The potential effectiveness of an MSAT intervention to positively
affect the malaria burden is limited to a number of factors including the
sensitivity of the diagnostic, the effectiveness of the drug, compliance with
the intervention, and the intensity of malaria transmission in the area. Lowdensity malaria infections unlikely to be detected by RDTs are increasingly
important to sustaining malaria transmission in areas with low malaria
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parasite prevalence; up to 80% of malaria infections may not be detectable
with microscopy in areas with< 20% malaria parasite prevalence measured
through PCR.7° Rapid diagnostic tests of the HPR2 variety similar to those
RDTs used in this MSAT intervention were, just as sensitive as light
microscopy among children < 5 in an area of Zambia with 7% malaria
parasite prevalence, 77 47% as sensitive as light microscopy among all
individuals in an area of Ethiopia with 4.1% malaria parasite prevalence,78
and 96.1% as sensitive as light microscopy among school-aged children
throughout Kenya in varying prevalence levels.79
Artemether-lumefantrine was the drug of choice in this MSAT
intervention because it is national policy for malaria positive individuals in
Zambia. Although treatment with artemisinin-combination therapy reduces
gametocyte carriage, AL does not affect mature gametocytes and as such the
effectiveness of the intervention may have been limited. 42 Because of its
incredibly short half-life AL also provides limited protection from future
malaria infection through chemo-prophylaxis. so Other drugs may offer an
improvement in an MSAT. Dihydroartemsinin-piperaquine has a longer halflife than AL therefore better protecting against reinfection through chemoprophylaxis while offering similar parasite clearance. 81 Because of their
action against gametocytes, methylene blue and low-dose primaquine should
also be considered for future interventions targeting the parasite reservoir in
humans.s2,83 Furthermore during the MSAT intervention malaria-positive
individuals took a first dose when tested and then were given the other two
doses to take over the next 2 days. Treatment compliance may have been an
issue; current qualitative studies are under way to assess treatment
compliance.
Even if the drug and diagnostic were changed mosquitoes infected
with sporozoites would still be present during and after the intervention.
Households in the MSAT intervention area reported higher IRS coverage than
households in the control area. In light of this difference in vector control
coverage, failure to see a protective effect from the MSAT intervention on
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parasite prevalence is particularly troubling. The height of the dry season
may be the optimal time to conduct an intervention targeting gametocytes
such as the MSAT. This MSAT intervention started late due to logistical
issues, which most likely reduced the effectiveness of the MSAT intervention.
Would a single round ofMSAT conducted at the height of the dry season have
had a greater effect on malaria parasite prevalence through the wet season?
The previously mentioned community randomized trial of 3 MSAT ·
interventions during the dry season from Burkina Faso found no benefit 12
months following the interventions.65 The basic reproductive number (Ro)
determines how quickly an area would return to pre-intervention
transmission levels following gametocyte clearance in the population.
Weekly confirmed malaria incidence of at the health facility suggests that Ro
is quite high in at least some parts of the intervention area and continuous
intervention is likely required if the hopes of malaria elimination are to be
realized.
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2.5 FIGURES
Figure 2.1 Map of the intervention and control health facilities in MSAT
intervention, Southern Province Zambia
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Figure 2.2 Caterpillar plot of variance in malaria parasite prevalence among
standard enumeration areas.
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Figure 2.3 Plot of variance in confirmed malaria incidence by health facility
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CHAPTER3

THE SPATIAL DISTRIBUTION OF MALARIA-INFECTED INDIVIDUALS VARIES
DEPENDING ON VECTOR ABUNDANCE AND PARASITE PREVALENCE

ABSTRACT

It is well known that malaria clusters in both space and time,
· suggesting that malaria interventions may be targeted. The question of how
to target malaria interventions toward those at highest risk remains
unresolved. This manuscripts utilizes the difference in K function to show
that how malaria-infected individuals cluster in space varies depending on
malaria prevalence and the season. Village malaria prevalence was used as a
proxy for the spatial distribution of malaria-infected individuals to determine
what factors are the largest influences on the spatial distribution. The
enhanced vegetation index and multiple rounds of mass malaria screening
and treatment were highly associated with village malaria prevalence,
suggesting that vector density and gametocyte circulation are leading
contributors to differing spatial distributions. Malaria control programs
should continue universal coverage in high prevalence areas, but may target
highly clustered infections in low prevalence areas.

3.1 INTRODUCTION

Two separate questions can be asked when applying spatial points
processes to public health. First, and most common in malaria research, is
the question concerning the location of clusters of disease or increased risk
and how density of events changes across space. The test to detect locations
of clusters is termed the first-order property of a spatial points process.
Second, and understudied in malaria research, is the question regarding how
the disease clusters in space or the specific relationship between events (i.e.
events are regularly dispersed, random or clusters). The test for clustering is
termed the second-order property of a spatial points process. Among other
sources see Waller and Jacquez for a thorough discussion.B4-B7
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Understanding the first-order properties i.e. where malaria clusters
are located in space, gives malaria control programs knowledge on where to
target malaria control interventions. Understanding the second-order
properties i.e. how malaria clusters in space, gives malaria control programs
knowledge on the epidemiology of the disease that can inform how to target
malaria control interventions. The distinction is subtle, but extremely
important. Understanding where malaria clusters are located does not
necessarily provide information concerning the spatial relationship between
malaria-infected individuals. A positive test for the presence of any clusters
does not necessarily mean that the disease is clustering. 88
The first-order properties of where malaria clusters in space have
been thoroughly demonstrated. 89 -94 The heterogeneity of the distribution of
malaria has led for various calls to target interventions. 1B,19 However the
question of how to target interventions remains unresolved.
Stresman and colleagues suggest that reactive case detection may be
an effective method of how malaria control programs can target malaria
·. interventions after they observed a higher risk of malaria infection in
households with a recent incident malaria case.9s Reacting to incident cases
is logical, but what should be the scope of the reaction? Stresman et al's
study in southern Zambia was not powered to answer this question; the
spatial resolution of the data gathered was not sufficient. Branch et al.
provide some insight into this question. They demonstrated in lquitos, Peru
that individuals with a malaria infection were common in households with a
recent incident malaria case, but more importantly individuals with a malaria
infection were even more common in households adjacent to recent incident
malaria cases suggesting spatial clustering (second order processes)
extended beyond the scale of individual households.96
Another way of determining how to best target malaria interventions
is through studying the spatial distribution of anopheline mosquitoes that
transmit malaria. Previous studies have shown that mosquitoes cluster in
space at the periphery ofvillages.97-10l Mosquito habitats are more likely to
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be located outside of the village than within -vector dispersal from mosquito
habitats likely plays a role in this clustering. Remotely sensed digital
elevation models have been useful in various settings including southern
Zambia to identify areas more likely to harbor mosquito breeding sites.
55,56,102 Furthermore remotely sensed environmental measures such as the
enhanced vegetation index and daytime or nighttime temperature are useful
indicators for estimating vector abundance.54,103
This paper has two objectives. The first objective is to show that the
spatial distribution of malaria-infected individuals differs depending on the
season and malaria parasite prevalence in southern Zambia. The second
objective is to use the outcome of malaria parasite prevalence as a proxy to
estimate factors that may be associated with the differing spatial
distributions.
3.2METHODS
3.2.1 Data sources. Four mass screening and treatment (MSAT)

interventions were conducted in Southern Province, Zambia in 2011-2012
(Figure 3.2). The timing of these interventions corresponds to the beginning
of the high malaria transmission season (December 2011- January 2012),
immediately following the high transmission season (June- July 2012), the
middle of the dry season (August- September 2012) and the height of the
dry season (October- November 2012). These interventions tested all
individuals in health facility catchment areas for a malaria parasite infection
using a histidine-rich protein 2 detecting rapid diagnostic test (RDT).
Individuals testing positive were treated with artemether-lumefantrine.
Each census dataset generated from the intervention included household ITN
ownership. Grouping households within 500 meters of each other created
villages; villages with fewer than 5 households were excluded from the
analysis. Village ITN coverage was determined as the proportion of
households in the village owning at least 1 ITN.
Satellite imagery from moderate-resolution imaging
spectroradiometer (MODIS) provided remotely sensed enhanced vegetation
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index (EVI) at a 250 meter resolution and temperature estimates at a 1
kilometer resolution. Advanced space borne thermal emission and reflection
radiometer (ASTER) provides altitude of the earth's surface at a 30-meter
resolution. The topographical position index (TPI) for any given point is the
difference between the altitude of a point and the mean altitude of
neighboring points at any given scale.s4,57,SB,103 This continuous value was
categorized into canyon or valley bottoms (TPI :5 -8), ridge lines or mountain
tops (TPI;;::: 8), gentle slopes (TPI between -8 and 8 and slope< 6°) and steep
slopes (TPI between -8 and 8 and slope;;::: 6°) as has been done previously,l04
Only 4 categories were chosen to avoid stretching the digital elevation
models beyond their capabilities.10 5 Sometimes referred to as the compound
topographic index, the topographical wetness index (TWI) is estimated as the
ratio of upstream contributing area to the slope of any given point. The TPI at
resolutions of 300 meters and 2000 meters as well as TWI were calculated
using ArcGIS version 9.3.1. Remotely sensed data were linked to village
using the Raster packages9,60 in R version 2.15.1.61
3.2.2 Assessing the spatial distribution of malaria parasite
infections. Spatial studies of malaria parasite prevalence or incidence
typically use a SatScan or Moran's I technique, which tell where in space or
time a cluster appeared.106,107 By contrast the difference inK function
developed by Diggle et al. and derived from Ripley's K function estimates the
distances at which events cluster.10B-110 The spatial scan statistic assesses
first-order properties of spatial points processes, addressing the question of
where clusters of malaria might be located. The difference in K function
assesses second-order properties of spatial points processes, addressing how
malada might cluster in space.
The K function compares the number of events found within a given
distance from each event to the number of events expected within the
distance given the intensity, or number of events per unit of space of the
study area. The difference in K functions takes into account the propensity
for people to live near each other. It is the difference between the K function
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for the positive events and the K function for negative events, in this case the
difference between the K function for malaria parasite positive individuals
(cases) and the K function for malaria parasite negative individuals
(controls). The K function has not previously been used to estimate the
·spatial distribution of malaria prevalence or incidence, perhaps in part due to
the underlying assumption that all cases and case locations within the study
area must be identified.lll However, it has been used in various public health
studies including an assessment of Legionnaire's disease in Scotland,llZ
studies of chagas disease in Peru, 113,1l4 estimates of the clustering of cholera
disease in Guinea-Bissau,ns as well as studies of veterinary diseases,116,117
The difference in K functions is possible herein because of the
aforementioned census from the MSAT interventions.
For each census derived from the MSAT intervention villages were
stratified by malaria parasite prevalence at levels of <10%, 10-24%, 24-39%
and >39%, which roughly corresponds to stratification used during the world
malaria eradication programP The difference in K functions was used to
assess how malaria infected individuals clustered at each time period and
parasite prevalence level. Confidence intervals were established through 95
Monte Carlo simulations.

3.2.3 Predicting malaria parasite prevalence. A mixed effects
linear model with village and health facility as random intercepts was fitted
to malaria parasite prevalence at the village level (Equation 1). The best
fitting lagged environmental covariates (EVI, nighttime temperature, daytime
temperature) were determined by comparing Akaike information criterion
(AIC). Lowest AIC was used to determine best fitting lags because it is
unknown at what time point previous to the malaria diagnostic test the
incident malaria infection occurred. Non-linear relationships between
village malaria prevalence and predicting variables were investigated using
geometric smoothing, and different predictor transformations were assessed
with AI C. Significance of covariates was determined using likelihood ratio
statistics; because of uncertainty in which environmental and geographic
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factors would best fit the outcomes a forward stepwise model building
process was employed to determine the final model. P-values < 0.05 were
considered statistically significant. A Moran's I of the residuals utilizing an
inverse distance weighting matrix checked for spatial autocorrelation. The
lme4 and ape packages in R version 2.15.1 were used to model village
malaria parasite prevalence and test for spatial autocorrelation
respectively.61,63,11B The assumptions of the linear mixed effects model
appear to be met, with a normal distribution of the residuals (Figure 3.2) and
constant variance ofthe random intercept (Figure 3.3).
Equation 3.1: Linear mixed effects modeJ.1 1 9
Yif = /31Xij

+ /31Xij + ... + {3pXij + b;1Zlij + .... + b;qZqij + Eij

b;k ~ N(O, 1/J2 k), Cov(bk. bk-) = 1/Jkk'
Eif ~

N(O, a2A.ijj),

Cov(Eif, E;r) = a 2Aijj'

3.3 RESULTS

3.3.1 Descriptive statistics. Grouping households within 500 meters

of each other created 540 villages wi.th > 4 houses. Overall malaria parasite
prevalence decreased over the study period (Table 3.1). Village malaria
parasite prevalence ranged from 0 to 96.3%, with an interquartile range of
1.5 to 24.2%. Village ownership of at least 1 ITN ranged from 0 to 100%,
interquartile range being from 25.5 to 58.3%.

Larsen, D

pg. 31

Table 3.1: Malaria parasite prevalence during each ·census round.

Dec 2011- Jan

June- July 2012

Aug- Sept 2012

Oct- Nov 2012

2012

villages< 10%
parasite

45

192

229

260

48

48

35

36

prevalence

Number of
villages 24-39%
parasite
prevalence

3.3.2 Assessing the spatial distribution of malaria parasite
infections. Malaria parasite infected individuals clustered within
households at each time point and at all village parasite prevalence levels
(Figures 3.4-3. 7). In villages with <10% malaria parasite prevalence the
clustering became tighter as time progressed through the study period
(Figure 3.4). In villages with 10-24% malaria parasite prevalence clustering
at all distance beyond the household gives way to no clustering beyond the
household immediately following high transmission season (Figure 3.5).
Clustering at all distances beyond the household returned in the fourth
census. In high parasite prevalence areas (>39%) immediately following
high transmission season clustering of malaria negative individuals is
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significant at distances beyond 75 meters (Figure 3.7). No clusteringbeyond
the household is found in subsequent censuses.
Beyond the household, the distance varied at which clustering
occurred depending on the malaria parasite prevalence in the village and the
time of the census. In villages with < 10% malaria parasite prevalence the
distance at which clustering of malaria infected individuals occurred became
shorter with repeated MSAT interventions. Immediately before and
immediately after the rainy season the difference in K functions are similar
with clustering from 0-250 meters. After a single MSAT intervention in 2012
(see Chapter 2 and Appendix A for details on MSAT) malaria parasite
prevalence clustered up to 175 meters but not beyond (Figure 3.4c). After
two MSAT interventions in 2012 malaria parasite prevalence clustered up to
75 meters but not beyond (Figure 3.4d).
When stratifying villages> 10% malaria parasite prevalence there
was no clustering beyond the household at the beginning of the high
transmission season (Figures 3.5a, 3.6a). In villages with 10-39% malaria
parasite prevalence appeared to become more clustered after repeated ·
rounds ofMSAT (Figures 3.5c, 3.5d, 3.6c, 3.6d).
3.3.3 Predicting malaria parasite prevalence. The best fitting

environmental variables were EVI lagged 8 weeks and nighttime
temperature lagged 14 weeks. TWI, TPI 2000, and ITN coverage were
associated with malaria parasite prevalence in the bivariate analysis,
however were removed from the multivariate model because they did not
improve model fit. After accounting for the MSAT intervention the most
important predictor in the multivariate model was EVI, followed by altitude
(Table 3.2). Inclusion of the environmental factors removed spatial
autocorrelation of the residuals, which was present in the null model but not
the full model (Table 3.5).
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Table 3.2: Factors associated with village malaria prevalence (ranging 0 to 100%) during the
study period
N =540 villages, 1315 observations
Predictor
Coefficient Likelihood
Factor

EVI lagged 8 weeks

44.16

Contitmous

53.547***

Table 3.3: Moran's I test of the residuals when predicting village malaria parasite prevalence.
The statistic runs from -1 to 1, with 0 being no spatial autocorrelation and -1 or 1 being the
maximum spatial autocorrelation.

Full Model

Expected Moran's I

Observed Moran's I

-0.00076

-0.00077
***P < 0.001

· 3.4 DISCUSSION

The difference in K function provides a perspective of the spatial
distribution of malaria parasite prevalence that has previously been
unavailable. The increased resolution of the census data from the MSAT
intervention provided an opportunity to obtain estimates of the distances at
which malaria infected individuals and households cluster in space, which
varied depending on season and malaria parasite prevalence in the area. The
results of this analysis corroborate the general idea that malaria
transmission becomes increasingly more focalized as it declinesP
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The most important predictors of village malaria parasite prevalence
were EVI and the MSAT intervention. The MSAT intervention is designed to
reduce the amount of gametocytes circulating in the population,12o and EVI is
a predictor of vector abundance.s 4,10 3 The dispersal range of a single malaria
infection is unlikely to vary depending on either vector abundance or malaria
prevalence, but the spatial distribution of malaria-infected individuals when
the gametocyte population and vector abundance are at a minimum provides
a first look at the dispersal range. Figure 4d shows the difference in K
function when the gametocyte population and vector abundance are
presumably at their lowest. Given that there was no clustering of malariainfected individuals beyond 75 meters, the average dispersal range of a
single malaria infection may be < 75 meters. Further exploration is needed
to better estimate this range, which in addition to guiding targeted
interventions will help malaria control programs maintain elimination by
responding to imported malaria cases.zo
Clustering of malaria infections occurred within households at any
parasite prevalence stratification and at any time measured during the year,
reinforcing the importance of known household-level risk factors such as
open eaves,121 vector control,122 and health seeking behavior.1 23 Additionally
the genetic similarity of household members in susceptibility to a malaria
infection could also contribute to the within household clustering.1 24 The
results reinforce the concept of universal coverage of ITN s and indoor
residual spraying (IRS).1 25 Malaria control programs should continue to seek
universal coverage of household-level interventions like ITNs and IRS.
Second order properties of clustering i.e. the nature of how malaria parasite
prevalence clusters in an area can be valuable information to malaria control
programs. However census data that the difference in K functions requires is
atypical. Malaria control programs will typically desire to identify the
locations of increased malaria risk rather than understand the nature of how
they cluster. The more commonly used spatial scan statistic is perfectly
suitable to identify these areas and the freely available SatScan computer
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program is user friendly.l06 The scientific literature is full of numerous
examples of using the spatial scan statistic to identify areas of increased
malaria risk.89,92,126-134
The sensitivity of the RDTs used to diagnose a malaria infection is a
limitation to the difference in K function analysis. It can be reasonably
assumed that false positives are randomly distributed through the
intervention area, therefore perhaps biasing the results toward the null.
False negativity due to the detection limits of the RDTs are more problematic,
as low-density malaria infections may indeed be clustered in space. Further
analysis with PCR is needed to confirm that low-density malaria infections
are clustering in the same pattern as those detectable by RDT.
After controlling for EVI and nighttime temperature, the geographic
indices were not associated with the village prevalence. Although important
in their own right, time-varying predictors of malaria prevalence are more
difficult to incorporate into planning strategies than time invariant
predictors. The topographic wetness index and topographic position index
have been associated with mosquito breeding sitesp,s6 only the topographic
wetness index has been associated with risk of malaria infection.Bs Cohen
and colleagues created the covariate to estimate household exposure to
mosquito breeding sites by creating a categorized measure of difference
between wettest and driest within 1 km of the household. This analysis used
the mean value over the village area, which wasa 250 -meter buffer around
the village households. Further work is needed to better understand
statistically how to predict household malaria risk from remotely sensed
mosquito breeding sites. Perhaps a more robust method could involve
predicting mosquito-breeding sites at any given location and then using a
kernel intensity function with mosquito dispersion influencing the
bandwidth to estimate mosquito density at any given point. ·
After adjusting for environmental factors repeated rounds of MSAT
were associated with steadily declining malaria parasite prevalence. A
recent village randomized trial in Burkina Faso found no impact of repeated
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MSAT interventions on malaria incidence.6s Time will tell if the reduction in
southern Zambia is maintained through the wet season, and the intervention
is successful in progressing toward malaria elimination in the area. It is
plausible that the MSAT intervention is attributing to tighter clustering.
Unfortunately the MSAT intervention is collinear with the natural
progression of the dry season so definitive claims cannot be made at this
point.
This manuscript shows that the spatial distribution of malariainfected individuals is highly dependent upon vector abundance and malaria
parasite prevalence in the population, which has implications for the
targeting of interventions. Future research will continue to address how to
best target malaria interventions.
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3.5 FIGURES
Figure 3.1 Map of villages included in the analysis
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Figure 3.2 Distribution of the residuals of equation 3.1.
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Figure 3.3 Caterpillar plot of village random intercept in equation 3.1
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Figure 3.4 The difference in K function for the entire intervention area measured at each
MSAT intervention. The solid black line is the test statistic, which ranges from -oo to oo. The
dashed lines are a confidence interval derived from Monte Carlo simulation. When the test
statistic is above the confidence interval at any distance displayed along the x-axis, there is
significant clustering of malaria infected individuals at that distance. In other words finding
an individual with a malaria infection at that distance away from a different person with a
malaria infection is more likely than random chance.
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Figure 3.5 The difference inK function for villages with 10-24% malaria parasite
prevalence.
Villages 10-24% parasite prevalence

Villages with parasite prevalence 10-24% 2012 Round 1
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Figure 3.6 The difference in K function in villages with 24-39% malaria parasite prevalence.
Villages with parasite prevalence 24·39%% 2012 Round 1
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Figure 3. 7 The difference in K function for villages with malaria parasite prevalence > 39%.
Villages with >39% parasite prevalence
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CHAPTER4

DIFFERENCES IN REMOTELY SENSED ENVIRONMENTAL AND GEOGRAPHIC
FEATURES ASSOCIATED WITH CORE AND PERIPHERY MALARIA CLUSTERS
AND ABSENCES

ABSTRACT

Malaria is highly heterogeneous in space. Remotely sensed
environmental and geographic factors are associated with vector density and
vector breeding sites, respectively. The identification of clusters and
absences of malaria parasite prevalence can help malaria control programs
better target interventions. Both the log-relative risk derived from the kernel
intensity function and the spatial scan statistic revealed a striking pattern of
malaria parasite prevalence clusters and absences in Gwembe and
Sinazongwe districts, Southern Province Zambia. The kernel intensity
function more aptly classified households as falling within a cluster or
absence. Both environmental and geographic factors are associated with
core and periphery malaria absences. Geographic factors but not
environmental factors are associated with core and periphery malaria.
clusters. The presence of vector breeding sites may be an important
indicator of a core malaria cluster.

4.1 INTRODUCTION

Heterogeneity in mosquito exposure leads to clusters where risk of
malaria transmission is increased and absences where risk of malaria
transmission is decreased. 19 Understanding the location and variability of
these clusters and absences enables malaria control programs to target their
interventions to both maximize effectiveness and reduce cost.1B,19
At district level, clusters of increased malaria incidence were found to
be constant through high and low transmission season.136 In Thailand the
extent of spatial clustering did not change despite a decreasing trend of
malaria incidence from 1965- 2002.13 7 And in Yunnan Province China
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spatial scan statistics revealed 2 probable clusters; one of which remained
constant from 1995- 2005 and the other of which split into two with
decreasing incidence.131
Within districts studies have had mixed results when assessing the
temporal stability of malaria incidence clusters. In highland Kenya malaria
incidence presenting to a single health facility revealed a spatial cluster over
the course of 4 years that was consistent during the low transmission season
and was even seen in an epidemic year.13° Along the coast of Kenya clusters
of malaria incidence measured in a cohort were not constant through the
study period.B9
Studies measuring malaria parasite prevalence have also revealed
temporally stable clusters. A study conducted in Sudan from 1999 - 2009
found that 49% of positive individuals (2 7% of total individuals) were
located within a spatia-temporal cluster.13 2 Along the coast of Kenya, parasite
prevalence surveys at the end of the dry season revealed spatially consistent
clusters of asymptomatic malaria infections from 1998- 2009.89
Distance to breeding mosquito sites has been identified as a risk
factor for both increased vector density and increased risk of malaria
infection.9B-101,130 Mosquito exposure is greatest at the periphery ofvillages;97
if a village is compact then clusters of higher malaria transmission are
typically contained at the edge of the villages near the breeding sites_1B,l9
The topographical wetness index (TWI) and topographical position
index (TPI) are 2 measures derived from digital elevation models generated
through remotely sensed altitude data. The TPI classifies gee-coordinates as
a landscape feature such as valley or ridge based on any distance, and is
subject to scale.ss The TWI is also based on slope and derived from water
flow models.138,139 It is calculated as the ratio of upslope contributing area
and local slope.ss The TWI was found to be associated with.lwusehold
malaria incidence in Keyna.135
Beyond the TWI and TPI, vegetation indices, precipitation and temperature
are available. Typically these environmental factors have been applied when
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measuring health facility incidence.140-146 Winter monthly precipitation,
average daily temperature and distance to water bodies predicted malaria
incidence in South Africa, but they did not fully explain overdispersion.147
Along the coast of Kenya temperature and vegetation reflectance predicted
the clusters of malaria parasite prevalence, but were less strongly associated
with clusters of incident malaria.B9
Temporally stable clusters of malaria transmission provide a reservoir of
both malaria parasites and anopheline mosquitoes. Controlling malaria in
these hotpots may in turn reduce the burden around them_1B,l9 If remotely
sensed environmental and geographic factors are associated with temporally
stable clusters and absences then predictive maps could be developed to help
guide malaria control programs. This paper compares 2 cluster detection
methods and describes factors associated with clusters and absences of
malaria parasite prevalence.
4.2 METHODS
4.2.1Data. Four mass screening and treatment (MSAT) interventions

were conducted in Southern Province, Zambia in December 2011- January
2012, June- July 2012, August- September 2012, and October- November
2012. These interventions tested all individuals in health facility catchment
areas for a malaria parasite infection using a histidine-rich protein 2
detecting rapid diagnostic test (RDT). Existing Ministry of Health stocks of
RDTs were used, which included among other brands ICT Bioline and
Paracheck PF. Individuals testing positive were treatedwith artemetherlumefantrine. Each census dataset generated from the intervention included
household ITN ownership. Although the censuses in 2012 included areas in
southern Sinazongwe, Kalama and Siavonga districts, only the continuous
region incorporating Gwembe district and northern Sinazongwe was
included in the analysis (Figure 4.1).
Satellite imagery from moderate-resolution imaging
spectroradiometer (MODIS) provided remotely sensed enhanced vegetation
index (EVI) at a 250m resolution and temperature estimates at a 1 km
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resolution. Advanced spaceborne thermal emission and reflection
radiometer (ASTER) provides altitude of the earth's surface at a 30m
resolution. The topographical position index (TPI) for any given point is the
difference between the altitude of a point and the mean altitude of
neighboring points at any given scale.s7,SB This continuous value was
categorized into canyon or valley bottoms, ridge lines or mountain tops,
gentle slopes and steep slopes as has been done previously.l04 Only 4
categories were chosen to avoid stretching the digital elevation models
beyond their capabilitie~.1os Sometimes referred to as the compound
topographic index, the topographical wetness index (TWI) is estimated as the
ratio of upstream contributing area to the slope of any given point. The TPI
and TWI were calculated using ArcGIS version 9.3.1. Remotely sensed data
were linked to village using the Raster packages9,60 in R version 2.15.1.61

4.2.2 Defining location of clusters and absences. Clusters and
absences of malaria parasite infections were estimated using the log-relative
risk function derived from kernel density estimations of the cases compared
to kernel density estimations of the controls.B 4 Kernel density estimation is a
data interpretation and smoothing technique. A three dimensional Gaussian
distribution is placed over every event location, and the kernel density
estimate is the sum of the volume under the curves at any given point.1 4BThe
log-relative risk function is then the ratio of the kernel density estimation
among cases and the kernel density estimation among controls. Kernel
density functions are subject to bandwidth, which refers to the width of the
three dimensional Gaussian distribution. Overly large bandwidths can create
over smoothed surfaces; overly small bandwidths can create surfaces with
false peaks. Recent progress in kernel density estimation allows for an
adaptive bandwidth that varies based on the density of points within the
area, thereby smoothing more in areas where information is scarce and
smoothing less in areas where information is common.149 Upper and lower
bounds are derived through monte carlo simulation. The sparr package in R
version 2.12.1 was used to estimate the log-relative risk function of malaria
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parasite infection for each census 2011- 2012 using an adaptive bandwidth
with fixed-edge effects and a resolution of 4000 pixels.61,1so The spatial scan
statistic confirmed the general location of clusters and absences.l06,128

4.2.3 Factors associated with changing clusters and absences.
Households were classified as being located in the core cluster of malaria
parasite prevalence if they were located in statistically significant clusters of
increased risk of malaria parasite prevalence in all 4 censuses. Households
were classified as being located in periphery clusters of malaria parasite
prevalence if they were located in a statistically significant cluster of
increased risk of malaria parasite prevalence in at least 1 of the censuses but
not all 4 of the censuses. The same was done to classify households in core
and periphery absences, using statistically significant areas of decreased risk
of malaria parasite prevalence.
Household vector control was measured as at least 1 hanging ITN
obtained within the past 36 months. Altitude, TPI at 300m, TPI at 2000m,
and TWI were estimated at each household point. EVI lagged 6 weeks,
nighttime temperature lagged 14 weeks, and daytime temperature at the
time of census had previously been established to best fit malaria parasite
prevalence for these censuses. The mean in the environmental estimates of
EVI lagged 6 weeks, nighttime temperature lagged 14 weeks and daytime
temperature were included as a potential explanatory variable. Population
density measured as the number of households within 1km was also
included in the analysis.
Bivariate associations were estimated with t-tests and chi squared
statistics. Aikake's information criteria (AIC) determined a final multivariate
logistic regression model. Moran's I with an inverse-distance weighting
matrix was used to test for spatial autocorrelation of the residuals. Random
intercepts and autoregressive covariates with inverse-distance weighting at
various distance limits were implemented to reduce spatial autocorrelation
of the residuals. Moran's I was estimated with the ape package and random
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intercepts were included with the lme4 package.63,118 Analyses were
conducted in R version 2.15.1.61
4.3 RESULTS
4.3.1 Location of clusters and absences. The kernel intensity

function revealed large variation in the spatial risk of a malaria parasite
infection. The spatial risk ratio of malaria parasite prevalence ranged from
4.5 near the shores of Lake Kariba to 0.02 near Gwembe district hospital.
Significant clusters were located close to Lake Kariba and expanded in area
as parasite prevalence decreased (Figure 4.2). Significant absences were
located further away from the lake and also expanded as parasite prevalence
decreased (Figure 4.3). The spatial scan statistic revealed a similar pattern
(Figure 4.4).
4.3.2 Predicting core and periphery clusters and absences.

Clusters of increased malaria parasite prevalence were larger than absences
of decreased malaria parasite prevalence. A total of 5807 households were
located within the cluster during any of the censuses; 4403 of those
households were located within the core cluster. A total of 34 78 households
were located within an absence during any of the censuses; 2937 of those
were located within the core absence.
Daytime temperature, altitude, population density, TPI and ITN
ownership differed between households in core and periphery clusters of
malaria parasite prevalence (Table 4.1). EVI, nighttime temperature,
daytime temperature, altitude, population density, TWI and TPI differed
between households in core and periphery absences of malaria parasite
prevalence (Table 4.2).

Larsen, D

pg. 50

Table 4.1 Descriptive statistics showing differences between households in core and
periphery sections of malaria parasite prevalence clusters.
N = 5807
Factor
Core
Test1

Nighttime temperature
lagged 14 weeks

17.47
(17.38- 17.56)

17.40
(17.36 - 17.43)

1.270

Altitude

543.1
(538-0 -548.3)

516.1
(515.1- 517.0)

15.860***

8.91
(8.83 - 9.00)

8.91
(8.86- 8.96)

0.008

29
(2.1%)

163
(3.7%)

337
(24.0%)

612
(13.9%)

91

237

TWI

Hillside

Ridge

Ridge

2133
548
(48.4%)
(39.0%)
*** p < 0.001
** p < 0.01
* p < 0.05
1. Statistical significance was determined by t-tests for continuous variables and chi-square
tests for categorical variables.
;:: 1 ITN
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Table 4.2 Descriptive statistics showing differences between households in core and
periphery sections of malaria parasite prevalence absences.
N = 3478

Nighttime temperature
lagged 14 weeks

17.41
(17.21-17.60)

15.11
(15.07- 15.16)

33.305***

Altitude

622.5
(607.6- 637.5)

880.4
(871.6 - 889.2)

-23.476***

8.81
(8.68- 8.94)

9.00
(8.94- 9.06)

-2.505*

12
(2.2%)

38
(1.3%)

148
(27.3%)

820
(27.9%)

37
(6.8%)

286
(9.7%)

62
(11.4%)

260
(8.9%)

TWI

Hillside

Ridge

Hillside

Ridge

1142
209
(38.9%)
(38.5%)
*** p < 0.001
** p < 0.01
* p < 0.05
1. Statistical significance was determined by t-tests for continuous variables and chi-square
tests for categorical variables.
~
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A large degree of spatial autocorrelation was present in both the
cluster and absence analyses (Table 4.3). Inclusion of the autoregressive
covariate decreased the spatial autocorrelation somewhat, but not
sufficiently to satisfy the assumption of independence in the logistic
regression model (Table 4.4). There was very little variation in the outcome
among random intercepts of village, facility and remotely sensed pixel; the
model failed to converge when including any combination of these random
intercepts.
Table 4.3 Moran's I statistic for simple logistic regression.
,•,

>

Predicting absences 2

0.8715766***

***P < 0.001
1. Final model included TPI 2000, TPI 300, altitude, population density squared, and ITN
ownership.
2. Final model included nighttime temperature, EVI, log-transformed altitude, and
population density.
Table 4.4 Attempting to account for spatial autocorrelation with an inverse-distance
weighted autoregressive covariate
Neighbor
Houses
Moran's I without
Moran's I with
distance
excluded
autoregressive
autoregressive
covariate
covariate
t~lUS.teiti~~~iffff1~~~~~~2:S.'timt~~~i~~;~~~~*221@fJ~Y@~~&~.~~l3~~~~J!nW!~~~l14~i~!~lifJ~~§r~t~¥~P;ii{5:f;&~

500m
23
0.776***
0.637***
[l~#.~f»~t~~17frit'O~UQlnWil~i:~0~~~~ht~~9]fi~~ii~~;;~l~~k~~:J)t:ztt;s,~~litt:~tfi1~~1~~it~~J~Ot~:~.~~~~~~
2000m
2
0.775***
0.624***
.y ; .

.

0

***P < 0.001

4.4 DISCUSSION

Clusters of increased risk and absences of decreased risk of malaria
infection were largely stable over the time period. Of all the households
located in a cluster of increased risk during any of the four censuses 76%
were located in the core cluster during all four censuses. In a likewise
fashion of all households located in an absence of decreased risk during any
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of the four censuses 84% were located in the core absence during all four
censuses. Stability in malaria hotspots over time has been previously
documented in Sudan, Kenya, Mali and Ethiopia.92,130,132,1Sl,l52 The sharp
contrast between areas of increased and decreased risk in the study area was
surprising. Only 42 houses out of a possible 8939 in the study area were
excluded for not being part of a cluster or absence at any time point.
As expected the log-ratio risk between the kernel intensity function
for cases and controls was superior to the spatial scan method for identifying
distinct edges to where increased or decreased risk were no longer
statistically significant. Due to the fixed shape of the window of the spatial
scan statistic, a number of households were identified as being within
locations of significant clusters as well as locations of significant absences.
The spatial scan is useful for identifying general areas of increased or
decreased risk, however the kernel intensity function identified the same
areas with much more precision and detail. Previously the spatial scan
statistic has been used to categorize a household as within or without a
cluster at a given time point.B9,126 The kernel intensity function appears to be
an improvement over the spatial scan in this regard.
The spatial scan method identified absences of malaria parasite
prevalence within larger clusters, which were not detected by the logrelative risk The bandwidth used by the log-relative risk smooths the data
such that detection of absences within clusters is not likely with this method.
The identified absences can be considered positive deviant households and
the unlikelihood of finding the absences within larger clusters warrants
further investigation.l53
In contrast to findings from Kenya environmental factors were
associated with core malaria absences but not core malaria clusters. 89 The
difference in scope of the study site may be a potential explanation for the
difference in findings -the study in Kenya was from 3 communities within 1
district whereas this study was from an entire district. Periphery malaria
absences had higher nighttime temperature and EVI than core malaria
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absences, as would be expected in areas with increased malaria risk. The
difference in these factors between core and periphery malaria clusters was
negligible whereas population density and TPI measures were quite
different. The importance of the TPI suggests that the propensity of an area
to harbor mosquito breeding sites may be a driving factor between a core
malaria cluster and a periphery malaria cluster. Altitude and TPI were also
significantly associated with core malaria absences.
ITN coverage was not associated with core malaria absences, but was
higher in core malaria clusters than periphery malaria clusters. In these
areas ITN distributions are targeted toward higher burden areas, which
introduces a fair amount of endogeneity when interpreting this result.
Increased population density was associated with core absences and clusters.
The fringes of villages are associated with increased malaria risk.97,154 The
association of population density with the core absence was in the expected
direction but more densely populated areas were associated with the core
malaria cluster than periphery malaria clusters. This might be explained by
the tendency for people to live in flatter areas, which were also associated
with increased malaria risk.
Inclusion of an inverse-distance weighted autocovariate failed to
account for spatial autocorrelation of the residuals in the logistic regression
models. Furthermore insufficient variation in the outcome among random
intercepts precluded using mixed effects models, a procedure that can
potentially remove spatial autocorrelation. The failure of these methods to
remove spatial autocorrelation potentially suggests that important predictive
covariates are missing. 1ss Investigation with Bayesian methods that do not
require an assumption of independence of observations is needed to assess
the relative importance of predictors associated with core and periphery
malaria clusters and absences.
Serological markers can describe spatial variation in malaria
transmission, however blood samples are required before maps can be
generated.126 Monitoring incidence could also identify areas of increased
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malaria transmission, however the systems are not in place and the majority
of malaria cases in this area go undiagnosed at the health facility. The results
presented here suggest that statistical models generated from remotely
sensed environmental and geographic covariates have the potential to
identify areas of increased and decreased risk of malaria transmission.
Further research will need to verify the predictive power of these models.
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4.5 FIGURES
Figure 4.1 Map of area included in the study
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Figure 4.2 Log-relative risk of malaria parasite prevalence in northern Sinazongwe and
Gwembe districts. Within the solid line (extending southward) represents a statistically
significant area of increased risk
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Figure 4.3 Log-relative risk of malaria parasite prevalence in northern Sinazongwe and
Gwembe districts. Outside the solid line (extending northward) represents a statistically
significant area of decreased risk.
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Figure 4.4 Spatial scan statistic showing clusters and absences of malaria parasite
prevalence.
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CHAPTERS

SUMMARY OF CONCLUSIONS

The analyses presented herein examine the effectiveness of a pilot
round of mass malaria screening and treatment (MSAT) conducted at the
beginning of the wet season, and thereafter describe clustering of malaria
parasite prevalence that could help malaria control programs target their
interventions. The pilot round of MSAT was associated with a decrease in
malaria incidence but was not associated with malaria parasite prevalence.
Continually decreasing malaria parasite prevalence and tightening of malaria
parasite prevalence clustering with repeated rounds. suggest that multiple
rounds of MSAT may be impacting the infectious reservoir. If malaria control
programs in sub-Saharan Africa use MSAT to target the infectious reservoir,
they should seek to do so with sustained engagement and repeated rounds of
intervention.
Beyond providing guidance in MSAT, this dissertation provides a
number of key findings. First the results suggest that with improved
techniques and further model development areas of high malaria risk can be
effectively targeted with remotely sensed information. As the international
malaria community faces a shortage of funding, improved methods in
targeting interventions toward the areas of highest risk can stretch thin
budgets. Further work is needed to develop predictive models from
remotely sensed data, but the groundwork and principles are encouraging.
Second the analysis of the spatial distribution of malaria parasite
prevalence provides a unique and instructive look into the spatial
distribution of malaria parasite prevalence. Reactive case detection has been
a popular topic in the literature as malaria control programs in low
transmission areas seek ways to find and remove residual malaria
transmission foci. The spatial distribution of a single malaria infection
extends beyond the household but may be< 75 meters. These results
suggest that any reaction should expand beyond the household that
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prompted it. Furthermore clustering becomes tighter after a mass screening
and treatment intervention and is likely to become tighter after mass drug
administration as well. Malaria control programs could potentially initiate
reactive case detection interventions following mass interventions to reduce
the infectious reservoir.
Third these analyses advance statistical methods of measuring
malaria clustering. The vast majority of papers analyzing clustering in some
manner use the SatScan statistic, most likely due to the ease of the opensource SatScan computer program. However the log-risk function of kernel
intensity estimates of cases and controls improve upon the SatScan in
providing amorphous and meaningful boundaries to areas of increased or
decreased risk. The use of an adaptive bandwidth also helps prevent against
stretching geo-referenced data beyond the scale with which they were
measured. The log-risk function of kernel intensity estimates between cases
and controls is also available in open-source computer programs, though
further development is needed to adapt these methods to count and rate
data. The data requirements for the difference ink function are too stringent
for the majority of malaria control programs and so this practice is not
recommended unless specific hypotheses are to be tested.
The overriding limitation in these analyses is that malaria parasite
prevalence was measured through rapid diagnostic tests. In one aspect using
a rapid diagnostic test was unavoidable- reading 300,000 malaria slides
would have been overwhelming and cost prohibited performing polymerase
chain reaction for 300,000 blood samples. Further research using a more
sensitive measure of current malaria infection, as well as potentially using a
I

measure of past malaria exposure such as serology is warranted and would
help to validate the results herein.
In conclusion a MSAT interventions should be considered a continual
intervention, not a once-off campaign. Malaria parasite prevalence becomes
increasingly clustered as it decreases. As malaria control programs pursue
elimination, the foci of malaria transmission that are characteristic oflow
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malaria parasite prevalence areas can potentially be identified with remote
sensing.
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APPENDIX A

STUDY DESIGN AND METHODS TO ASSESS MASS MALARIA SCREENING AND
TREATMENT IN SOUTHERN ZAMBIA

A.1 BACKGROUND

The Zambian Government has identified malaria control as a public health
priority. 156 Three Malaria Indicator Surveys performed in 2006, 2008 and
2010 as well as Demographic Health Surveys performed in 2001 and 2007
have shown a general increase in malaria intervention coverage and a
decrease in malaria parasite prevalence from 2001 and 2006levels
respectively.4S-4 7 Bolstering the impressive gains seen in the latter half of the
decade, the recent National Malaria Strategic Plan 2011-2015 called for
establishing malaria free zones in at least 5 areas of Zambia by 2015.16 While
recognized that malaria elimination from the country may require several
years if not decades to achieve and an equal effort to sustain, malaria
elimination remains Zambia's long-term goal.
To date Zambia's progress to reduce malaria parasite prevalence has
primarily relied on 2 interventions: vector control through the free
distribution of insecticide treated mosquito nets (ITN) and indoor residual
spraying (IRS), and case management through free treatment with
artemether-lumefantrine (Coartem) for individuals sick with malaria
symptoms and testing positive for malaria using rapid diagnostic tests
(RDT). 25 Mathematical modeling suggests that these interventions alone are
unlikely to break malaria transmission.26,28,157 Reducing the infectious
reservoir through the treatment of asymptomatic individuals is a potential
next step14,120 and has been shown to reduce malaria transmission in various
settings outside of sub-Saharan Africa.13,1S To our knowledge the
effectiveness of a mass screening and treatment (MSAT) campaign has not
been evaluated in sub-Saharan Africa.
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Here we introduce the study design of an MSAT campaign in 3.5
districts in Southern Province Zambia. Initially the campaign intends to test
all individuals with an ICT Bioline rapid diagnostic test (RDT) and treat those
testing positive with Coartem. The campaign will transition to an incidencetargeted campaign, and eventually to reactive case detection as the malaria
parasite prevalence decreases.95
A.2 STUDY SITE

Southern province, Zambia has had low malaria parasite prevalence
from each MIS conducted 2006- 2010 (Figure A.l). In Southern and
Western Provinces the NMCC has scaled up rapid weekly reporting systems,
where rural health centers and hospitals upload their weekly malaria
incidence using cellular phones. Evidence from the rapid reporting and
monthly health management information systems (HMIS) systems suggests
that the burden in the districts along lake Kariba is much higher than the rest
of Southern Province (Figure A.2). Because of the higher malaria burden in
these districts, they were selected to test the effectiveness of the MSAT
campaign.
Subsistence farming is the principal economic activity for the majority
of households in the intervention area. There are some commercial farming
activities, including a large private cotton growing operation. Fishing is also
an important economic activity for many households located on the shores of
Lake Kariba. The area is mainly composed of Tonga speaking people.
Health facility catchment areas were selected as the unit of
intervention due to the ease of planning intervention activities utilizing
community health workers and the use of health facility data in the
evaluation phase. Health facilities were grouped based on human settlement
patterns to avoid contamination, i.e. health facilities were grouped together if
no definite breaks of >5 kilometers existed between households in the
catchment areas. Go ogle Earth imagery was used to initially group the health
facilities then local district officials were consulted about the groupings.
Seven health facilities in Gwembe out of ten and three out of ten in
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Sinazongwe districts were randomly selected to pilot the intervention in
2011 and the remainder of health facilities were randomized to begin in
2012, 2013, or 2014.
A.3 THE INTERVENTION

All individuals regardless of symptoms within the health facility
catchment area are to be tested with an RDT 3 times during the dry season
and given a treatment dose of Coartem if they test positive. Community
health workers teamed with trained survey personnel conduct the screening,
a unit referred to during implementation of MSAT as a testing pair and
administration of anti-malarials.
A.4 EVALUATION METHODOLOGY

A randomized stepped-wedge quasi-experimental design will be used
to evaluate the effectiveness of the active parasite detection campaigns
(Figure A.3). A stepped wedge design rolls out the intervention
progressively, randomly enrolling communities in the intervention in a
stepwise fashion until all are enrolled at the end of the study period.1ss It
allows for the natural progression of the scale-up of the intervention while
maintaining a robust ability to quantify the intervention's effect. 49 Stepped
wedge designs have been used in various evaluations of public health
interventions, with increasing popularity in recent years due to the nature of
program implementation and the robustness of analysis.4s,so
In addition to gathering parasite prevalence in the intervention areas
during each campaign, parasite prevalence in control and intervention areas
will be measured at 3 time points through an oversampled MIS in 2012, a
separate parasite prevalence survey in 2013, and another oversampled MIS
in 2014. A sample size of 2000 children <5 years of age in 1400 households
was calculated to detect an absolute difference of 5% with 80% power
between intervention and control areas assuming a baseline of 10% malaria
parasite prevalence, a 10% non-response rate and a design effect of 2.
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Health facility malaria incidence at all health facilities in the study area will
be measured monthly. Through the introduction of a weekly rapid reporting
surveillance system using mobile phones the intervention districts have
received intense training and assistance in registering malaria surveillance
data.
A.5 BASELINE RESULTS

Approximately 50,000 individuals were tested for malaria from
December 2011- January 2012 in Gwembe and Sinazongwe districts. An
overall parasite prevalence of 27% was observed, with parasite prevalence
within health facility catchment areas ranging from 1.5% at Gwembe
Hospital in Gwembe district to 42.0% at Sinafala rural health center in
Sinazongwe district. Malaria parasite prevalence was most prominent in
individuals aged 5-15, and symptoms of fever in the past 2 weeks only
accompanied a positive malaria test 20% of the time.
Treatment seeking behavior for the presence of fever in the past 2
weeks was also low throughout the study area. Only 7. 7% of individuals
reporting fever in the past 2 weeks sought treatment at a health facility or
community health worker. Household ownership of at least 1 ITN in the
study area was approximately 40%. The majority (88%) of the ITNs in the
area were used the previous night.
A.6 CONCLUSION

Zambia's pursuit of a malaria-free country is not unique; half the
world's countries are free from malaria thanks in a large part to the Malaria
Eradication Program of the 1950s.lz However unlike the either mostly
moderate-temperature countries or tropical islands who have obtained
malaria elimination Zambia is tropical and surrounded by malaria-endemic
countries.
The current tools of vector control with ITN s or IRS and case
management with ACTs are not likely to interrupt malaria elimination in
Zambia or much of sub-Saharan Africa.z6,ZS,l5 7 Previous interventions to
reduce the infectious reservoir in sub-Saharan Africa, primarily through
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mass drug administration, have not fared particularly well. Most
interventions have reduced the malaria burden initially, however the
reductions were temporary. 15 The only randomized control trial to measure
the effect of mass drug administration saw an initial decline in malaria
incidence but no benefit after 5 months, however this intervention was
conducted in the absence of vector control and comprised a single dose of
anti-malarial right before the high transmission season. 44 The intervention
described in this paper includes 3 MSAT campaigns conducted during the
low transmission season in conjunction with high vector control coverage
through ITNs.
Compared to mass drug administration testing all individuals in the
study area before offering treatment both reduces the cost of the
intervention and allows the malaria burden to be monitored more effectively.
Furthermore the MSAT intervention reinforces the concept that a person
may be infected with malaria despite not feeling any symptoms, an important
aspect in sub-Saharan Africa where the concepts of malaria and fever are
often confused. Educating the population suffering from malaria wa~ a key to
success in malaria elimination in Italy159 and is likely to be an important
aspect of malaria elimination campaigns today.
Further understanding regarding the maintenance of malaria
elimination is needed -this intervention will provide much data to inform
about the spatial distribution of malaria parasite prevalence, determinants of
malaria clustering, and the potential of reactive case detection.
Reintroduction is a chief concern to this intervention as well as malaria
elimination in general. Even if the intervention succeeds in reducing the
infectious reservoir the area will maintain its potential for malaria
transmission, a concept that has been documented recently in Italy.160 The
potential for reintroduction should not discourage the pursuit of malaria
elimination however. This process will yield better understanding of
controlling reintroduction despite the area's propensity for malaria
transmission.
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Foot power campaigns such as the MSAT described herein require a
huge amount of human effort. Can that effort eliminate malaria in subSaharan Africa? These types of campaigns have been successful in the past;
Fred Soper was able to organize and oversee the elimination of Anopholes
Gambiae from 50,000 square-kilometers of prime breeding habitat in

northern Brazil using the antiquated intervention of placing oil film on
mosquito breeding sites.161 Perhaps a mass screening and treatment
conducted through hundreds of community health workers in southern
Zambia will be as effective.
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A.7 FIGURES

Figure A.l Provincial malaria parasite prevalence identified through 3 MIS

c=J <2%
C3 2%-9.9%
I~BI1o%-19.e%
. . 20%-29.9%
. . 30+%

Larsen, D

pg. 71

Figure A.2 Reported number of malaria cases from health facilities in 2010
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Figure A.3 Methods of evaluation for the MSAT campaign.
Randomized Stepped-wedge Quasi-experimental Design
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APPENDIXB

VISUALIZATION OF ALTITUDE, TOPOGRAPHICAL WETNESS AND
TOPOGRAPHICAL POSITION INDICES
Figure B.l: Altitude
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Figure B.2: Topographical wetness index
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Figure B.3: Topographical position index calculated at 2000 meters
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Figure B.4: Topographical position index calculated at 300 meters
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APPENDIXC
REVIEW OF THE LITERATURE

Malaria transmission is dependent upon 2 factors: the presence of a
mosquito vector capable of transmitting the parasite and the presence of an
infectious reservoir of humans. The elimination of either ofthese factors
leads to elimination of malaria transmission. Various methods have been
developed of reducing the probability of malaria transmission through
attacking either the vector o.r the infectious reservoir (Figure C.l). Limiting
factors affect the ability to target the infectious reservoir through case
management, including the strength of the health system, treatment seeking
behavior, and asymptomatic malaria infections.
Figure C.l Interventions developed (blue items) to reduce the probability of malaria
transmission through attacking either the vector or infectious reservoir. Factors limiting the
effectiveness of the interventions are in orange.

Asymptomatic infections are a key limiting factor of case management
to decrease the infectious reservoir. Individuals repeatedly exposed to
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malaria often develop partial immunity to merozoites, the stage of the
malaria parasite that causes illness. However immunity to merozoites does
not entail immunity to gametocytes, the stage of the malaria parasite that
transmits malaria to mosquitoes. A longitudinal study in Tanzanian adults
living in an area of high transmission found that sexual stage antibodies did
not become more common with age, suggesting that gametocyte immune
responses are short lived and are not consistent over time.162 Partial
acquired immunity to merozoites may lower gametocyte density, as has been
found in Burkina Faso,163 but gametocyte immunity is uncommon in
individuals, even if they exhibit partial immunity to merozoites.16Z This was
corroborated by a different study in Java, Papua New Guinea which found
that age was not associated with the development of gametocyte immune
responses among immigrants from a non-endemic area. Gametocyte
immune responses required recent exposure and developed after a limited
number of P.falciparum infections. 164 Indeed, the majority of individuals
with malaria infections may be asymptomatic but still harbor gametocytes. 29
Studies differ as to their estimates of the longevity of malaria
infections. A review of parasite prevalence rates linked to entomological
inoculation rates estimated individual infections to last approximately 6
months if left untreated.32 A review of historical indoor residual spraying
campaignsin West Papua, Pare-Taveta and Garki estimate individual
infections to last much longer, approximately 2-3 years. 33 Both estimates
suggest that individuals infected during the wet season may carry infections
through the dry season, acting as a reservoir for the resurgence of malaria
during the next wet season. This is validated in Sudan where large genetic
diversity was present at the beginning of the wet season, and not just the
end.34 Another study in Sudan further validated this idea, estimating that
40% of asymptomatic individuals held their infections throughout the dry
season.3s And cross-sectional surveys performed the same year in the dry
and wet season in Tanzania revealed that asymptomatic malaria prevalence
was no different in each season. 36
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In addition to the long-term carriage of asymptomatic infections, it
has been shown that asymptomatic individuals can transmit malaria to
mosquitoes and thus to other humans. In western Kenya it was found that
the overall infection rate of mosquitoes increases with gametocyte density,
however experimental blood meals from symptomatic individuals were 5
times less likely to infect mosquitoes than experimental blood meals from
asymptomatic individuals. 37 The lack of gametocytemia detectable by
microscopy was found to reduce the probability of transmission, but still
31.7% of children with sub-microscopic infections in Burkina Faso were
found to experimentally infect mosquitoes.38 Other studies confirm these
findings. In western Kenya 69.4% of children aged 2-4 years with no
microscopically detectable gametocytes infected mosquitoes39 and in
Thailand there was no differences observed in infectivity of individuals with
evident gametocytes compared to individuals without evident gametocytes. 40
The importance for asymptomatic individuals perpetuating malaria
transmission increases when considering how common asymptomatic
infection is. Approximately 90% of children in a study in Burkina Faso
carried gametocytes at the end of the wet season, 66% of which were
submicroscopic. 3D From studies carried out in the Gambia and Tanzania,
individuals over the age of 5 who are more likely to develop partially
acquired immunity were estimated to account for approximately 75% of the
infectious reservoir.31 These results are somewhat higher than a different
study conducted in Liberia estimating individuals over the age of 5 accounted
for approximately 66% of the infectious reservoir.14 Whichever estimate is
correct, asymptomatic infections are a key component in malaria
transmission, and must be targeted when pursuing malaria elimination.
Treatment is known to reduce the length of malaria infection and thus
reduce the probability of malaria transmission.41 After treatment with
artemisinin combination therapy (ACT) mean gametocyte carriage in Kenya
was reduced to 13.4 days. 42 ACTs act against immature gametocytes, but do
not affect mature gametocytes, and have a very short half-life limiting the
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circulation time of ACTs in the blood.43 Primaquine has been shown to
reduce the duration of gametocyte carriage more than ACTs,165,166 in part due
to its longer half-life, 4l,l67 however there are significant concerns about its
safety as it has been shown to cause hemolysis leading to anemia among
other adverse reactions. 168 Treatment seeking behavior is a primary concern
in case management's ability to reduce the infectious reservoir, primarily
because individuals witho_ut symptoms rarely if ever seek treatment.
Mass drug administration (MDA) sidesteps asymptomatic infections
as well as treatment seeking behavior and other factors that limit case
management's ability to target the infectious reservoir by simply treating or
attempting to treat everyone regardless of symptoms. Von Seidlein and
colleagues provide a thorough review of mass drug administration
interventions performed as of 2003. 14 MDA consists of either direct
administration of treatment doses or indirect administration of subtreatment doses, e.g. administration of chloroquinized salt. 15 For our
purposes we will only consider direct administration of treatment doses and
further divide MDA interventions into 2 categories, those conducted in
conjunction with vector control and those conducted alone. Eight studies
examined the effect of direct MDA in the absence of vector control; 14 studies
examined the effect of direct MDA in the presence of vector control.1 5 A study
conducted after the Von Seidlein's review recently aimed to assess the effect
of MDA in the presence of ITN s in Tanzania, however during the baseline
measure of malaria parasite prevalence no malaria was found. 169
Of the 8 studies of direct MDA in the absence of vector control3 were
conducted in sub-Saharan Africa.ls The first was conducted on a rubber
plantation in Liberia in 1931 using primaquine.170 The intervention, which is
not well described in the article, observed a reduction in the mosquito
sporozoite rate and gametocyte carriers. The second intervention was
conducted in Nandi Hills, Kenya from 1953-1954 using a single dose of
pyrimethamine.l71,172 This intervention observed a reduction in malaria
parasite prevalence 23% to 2.3%. The third intervention was a cluster
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randomized control trial conducted in the Gambia in 1993.44 A single dose of ·
sulfadoxine-pyrimethamine combined with artesunate was administered to
intervention villages immediately preceding the high transmission season;
control villages received a placebo. Five months following the intervention
there was no difference in the anemia or malaria parasite prevalence
between.individuals in intervention or control villages. Living in
intervention villages was significantly associated with a decreased risk of
uncomplicated malaria immediately following the MDA, however this
protective benefit did not last beyond 2 months. 44 This community
randomized control trial demonstrates that a single round of MDA in the
absence of vector control cannot expect to interrupt malaria transmission in
endemic areas. Encouragement however can be drawn from the decline in
the incidence of uncomplicated malaria observed in the 2 months
immediately following the MD A.
Of the 14 studies of direct MDA in the presence of vector control, 7
were conducted in sub-Saharan Africa. 15 The first was conducted in Kericho,
Kenya in 1948-1949 using MDA of proguanil in conjunction with indoor
residual spraying (IRS) with DDT. Uncomplicated malaria incidence
decreased from 56 per 1000 in 1948 to 5 per 1000 in 1949. The second was
conducted in the Kigezi highlands of Uganda from 1959-1960 using MDA of
chloroquine and pyrimethamine given at the time of IRS with DDT.173,174
With only 50% coverage MDA but a much higher coverage of IRS this
intervention led to rapid elimination of the vector and ~limination of malaria
transmission for an unspecified amount of time. Another intervention in
Cameroon in 1960 utilizing a single dose of MDA of chloroquine and
pyrimethamine in conjunction with IRS with DDT saw a decrease in malaria
parasite prevalence, but transmission was not interrupted.1 7S Similar results
were observed from a similar intervention in Burkina Faso1960-1961. 176 An
intervention that saw no benefit to MDA in addition to IRS with DDT was
conducted in Zanzibar in 1968. 177 The authors argued that MDA should be
given bi-monthly, but was not a substitute for good spraying. In Nigeria
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19680-1969 biOmonthly MDA and IRS saw a reduction from 19% parasite

prevalence to 1% parasite prevalence in 1 year, however the g~ins were not
sustained. Parasite prevalence rose to 24% after the MDA was halted,17B The
most recent study of MDA given every 10 weeks in the presence of vector
control in sub-Saharan Africa was the Garki Project, Nigeria.179 Using a
comparison control design both MDA and MDA with IRS were compared to
nothing. The initial impact of the intervention on both malaria transmission
and child mortality was immense. Similar to other discontinued MDA
interventions, when the intervention stopped malaria transmission and child
mortality rebounded.
With the exception of the intervention conducted in Zanzibar, all MDA
programs in sub-Saharan Africa with or without vector control had an initial
impact on malaria. These gains were short-lived however, and when the
intervention ceased malaria rebounded quickly. The observational evidence
from past MDA programs is supplemented by mathematical modeling. Gu
and colleagues developed an individual based model to estimate reductions
in malaria parasite prevalence due to interventions targeting the vector or
interventions targeting the infectious reservoir,lBO They estimated that active
case detection would result in a sharp decline in malaria transmission, the
duration of which depended on the level of transmission in the area. Okell
and colleagues expanded on Gu et al.'s model, estimating the effect of a single
round of MDA.26 They found similar results, that MDA dramatically reduced
malaria transmission and that the impact of MDA on malaria transmission
was dependent on the initial level of malaria transmission in the population.
Mass screen and treatment campaigns (MSAT) are an alternative to
MDA, but have a similar aim to reduce the reservoir of infectious individuals.
Okell and colleagues' previously mentioned mathematical modeling suggests
that MSAT is approximately 85% as effective as MDA at reducing the
entomological inoculation rate, with the difference primarily being the lack of
prophylaxis. 26 Macauley and colleagues review MSAT interventions, all of
which were conducted outside of sub-Saharan Africa and the majority of
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which were conducted at the tail end of malaria elimination campaigns when
transmission levels were extremely low. 13 One study of note that the authors
highlight is the use of monthly blood screening in the absence of vector
control among the Yanomami Indian population in the Amazon basin of
Brazil from 1998- 2002. Incidence was decreased by 45.1% throughout the
time period in difficult to reach area the size of Rhode Island, with increasing
spatial heterogeneity of incident cases as total incidence declined. This
reduction may not be solely attributed to the MSAT as there was no
counterfactual in the study; precipitation varied greatly during the study
period.lBl,lBZ The authors propose a paradigm shift, highlighting the
importance of asymptomatic individuals for malaria transmission and
suggesting that MSAT campaigns are feasible when economic resources
allow.B
There is evidence to believe that the paradigm shift is beginning, i.e.
from only treating symptomatic malaria cases to pursuing asymptomatic
malaria cases. Editorials have suggested that treating asymptomatic malaria
positive individuals are potential opportunities to decrease the malaria
burden in sub-Saharna Africa 12o and necessary to pursue elimination.14 In
addition to testing if MSAT campaigns can impact malaria in sub-Saharan
Africa, questions arise about how to maintain low levels of malaria after
MSAT campaigns are over.
The tendency for malaria transmission to cluster offers potential in
controlling malaria transmission after MSAT campaigns. Clustering simply
implies that the probability of disease increases or decreases depending
upon spatial location. A cluster could be defined at any geographic scale,
from a continent to a household. Various infectious diseases have been
estimated to follow an 80/20 rule, wherein 80% of infections can be found in
20% of the population.9D This rule suggests that targeting the 20% of

individuals has the potential to be highly effective,lB Vector born diseases,
including malaria, and sexually transmitted diseases were included in the
development of this rule of thumb. The malaria data was derived from a
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human biting study in Papua New Guinea. The 80/20 rule was verified in
sub-Saharan Africa from a review of 119 empirical estimates of the
entomological inoculation rate and the prevalence of malaria parasitemia.32
Vector dispersal is key in the clustering of malaria transmission. For
anthrophilic vectors the range of dispersal is shorter in higher human
densities and longer in lower human densities; if a village is compact and
contains breeding sites clusters of high malaria transmission are typically
contained at the edge of villages near malaria breeding sites.lB,l9 Distance to
breeding sites has been found to be associated both with increased vector
density and increased risk of malaria in various studies. A study in Dakar
Senegal sampled mosquito populations and parasite prevalence in a straight
line extending from the Grand Niaye marsh. 98 Malaria was heavily
concentrated in houses near the marsh; with increasing distance from the
marsh a reduction in malaria parasite prevalence was observed. Importantly
during the dry season, 93% of the mosquitoes collected were within 285
meters ofthe marshland. Similarly a study in Ethiopia from AugustNovember 2003 found that households within 350 meters of breeding sties
had higher risk of malaria than houses further than 350 meters. 99 At 150
meters to the breeding site malaria incidence was 137 4 per 1000, and at 350
meters malaria incidence was 373 per 1000. This association was most
pronounced for children, but was one of many factors associated with
malaria risk in adults. A different study in Uganda found that malaria.
infection risk was strongly associated with household proximity to rice
growing areas,1oo and cases in a community in Matta Grosso, Brazil were
found to be clustered nearer to mining operations and areas of
deforestation. 101
When predicting malaria clusters through environmental factors,
differing results have been found depending on how environmental factors
are measured. Kleinschmidt and colleagues utilized a general linearized
mixed model to predict malaria incidence in magisterial subdivisions from
1994-1995 in South Africa.147 They found that average winter monthly
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precipitation, average daily temperature and distance to water bodies were
the best predictors. The final Poisson model with these 3 covariates did not
account entirely for over dispersion however. Bousema and colleagues
utilized multiple random effects regression to estimate environmental
factors associated with clusters of malaria incidence. 12 6 They included
housing structure as well as the presence of breeding sites within 250 meters
of the household that contained Anopholes mosquitoes as potential
covariates, but found that these were unable to predict clusters of malaria
incidence. Bousema et al. did not incorporate climatic information such as
precipitation and temperature in their models. Bejon and colleagues used
mixed effects logistic regression to estimate the ability of remotely sensed
temperature and vegetation reflectance to predict clusters of malaria
transmission.B9 These environmental factors Were good predictors of clusters
of asymptomatic malaria infections but were less strongly associated with
clusters of febrile malaria.
At low incidence clusters of uncomplicated malaria may indicate the
clusters of asymptomatic malaria infections nearby. Active case detection
was conducted within 100 meters of households experiencing a malaria
infection the previous month in 4 villages in a low transmission area in
Iquitos, Peru.96 Risk of malaria infection was most pronounced in the same
households or households adjacent to those experiencing malaria incidence
the previous month, with a relative risk of 4.33. In southern Zambia where
malaria parasite prevalence was an estimated 0.7%, individuals within the
same household as an incident malaria case were 8 times more likely to be
malaria parasite positive than individuals randomly selected from the
community.95 Bejon and colleagues found that clusters of malaria incidence
did not spatially predict clusters of asymptomatic infections, however this
was observed in villages of 14%, 32% and 35% malaria parasite
prevalence.B9 Acquired immunity may be the limiting factor in incident
malaria cases' ability to predict clusters of asymptomatic malaria. Infant
malaria incidence rates were found to be correlated with village malaria
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parasite prevalence in children< 10 (r =0.70, p =0.01) in an area with an
EIR of 12 per year in Tanzania. 12 6 Incident malaria cases in a na'ive
population may be useful to conduct reactive case detection, whether that
naivete is due to decreased transmission or age.
Although it is known that malaria transmission is heterogeneous at
various scaleslB,l9less is known about the spatial distribution of malaria
cases within and between villages of varying malaria parasite prevalence. It
is assumed that as malaria parasite prevalence decreases the level of
heterogeneity increases. Parasite prevalence is commonly categorized as
<25% being low and >25% being high. Hay and colleagues divide malaria
parasite prevalence into 3 categories to determine the phase of malaria
controt greater than 39%, 5-39% and <5%.17 Understanding the spatial
distribution is vital to reactive case detection, as those reacting need to
understand how many people should be tested to find the greatest amount of
malaria. Typically spatial studies of malaria parasite prevalence or incidence
use a SatScanl06,l0 7 or Moran's I technique, which tell where in space or time
a cluster appeared. The difference inK function developed by Diggle et
aJ.108,109 and derived from Ripley's K function,llO estimates the distances at
which events cluster. The K function compares the number of events found
within a given distance from each event to the number of events expected
within the distance given the intensity, or number of events per unit of space
of the study area. The difference in K functions takes into account the nature
of people to cluster; it is the difference between the K function for the
positive events and the K function for negative events, in this case being the
difference between the K function for malaria parasite positive individuals
and the K function for malaria parasite negative individuals. The K function
has not been used to estimate the spatial distribution of malaria cases or
prevalence, most likely due to the underlying assumption that all cases
within the study area are identified. ill However, it has been used in various
public health studies including an assessment of Legionnaire's disease in
Scotland,112 studies of chagas disease in Peru,l13,114 estimates of the
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clustering of cholera disease in Guinea-Bissau,lls as well as a study
examining the spatial pattern of cancer cells1B3 and studies of veterinary
diseases. 11 6,117 Another spatial statistic that is less used in the study of
malaria is the log-relative risk function derived from the kernel intensity of
cases and controls.B4 The log-relative risk function has some significant
strengths above statistics like the SatScan or Moran's I including the
detection of amorphous areas of high or low risk and the generation of a risk
surface. 84 It also provides similar results to more conventional techniques.B?
The spatia-temporal stability of malaria transmission has been well
studied at the aggregated district-level scale. For example, a study of malaria
incidence rates at the district level in Mozambique showed that the spatial
variance in the dry season was no different from the spatial variance in the
wet season,136 Thailand saw an overall decreasing trend of malaria incidence
from 1965- 2002.137 Despite the declines the extent of spatial clustering did
not change at the district level. High-incident districts when malaria
incidence was greater remained high risk relative to the rest of the country
when malaria incidence decreased. In China from 1995- 2005 malaria
incidence was also significantly clustered at the county level,131 Spatial scan
statistics revealed 2 probable clusters; one cluster remained constant
throughout the ten years, and the other split into two with decreasing
incidence.
Samples of populations have also been used to study the spatiatemporal stability of malaria. Multiple parasite prevalence surveys in Sudan
from 1999-2009 revealed various spatial clusters and a single spatiatemporal cluster.13 2 Approximately 27% of all individuals sampled and 49%
I

of all positive individuals found were located within this spatia-temporal
cluster. Bejon et al's cohort studies along the coast in Kenya found that
clusters of febrile illness were not stable over time, but the single cluster of
asymptomatic infections was stable over time.B9 None of these studies were
able to identify the presence of absence of clustering at the village level nor
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were they able to identify the underlying pattern of the spatial distribution of
malaria cases.
The spatia-temporal stability of malaria transmission has been less
studied at the village level within districts. In Ethiopia over a 4 year period
villages separated by as little as 1 km saw great differences in malaria,
however the methods are not very robust.lB4 The authors used incidence
data from 6 malaria treatment centers to estimate malaria incidence in the
study area without adjusting for treatment seeking behavior or the spatial
location of the malaria treatment centers. A study conducted in Sudan over
11 years found that two thirds of the village suffered from malaria infection,

but one third of the village was surprisingly not affected at aU.lSl This study
assessed the clustering of malaria within a single village but did not assess
clustering between neighboring villages.
Perhaps the most robust study assessing the spatia-temporal
distribution of malaria cases was conducted in highland Kenya.130 From
malaria cases reporting to a single healthfacility a significant spatial cluster
of malaria incidence was found in the same location over the course of four
years, within which individuals had about 3 times greater risk of malaria.
The cluster was even seen in an epidemic year and occurred during the low
transmission season. This study included enviromnental factors; distance to
the swamp was an important factor in the multivariate models predicting
risk. Household factors such as open eaves were also significant predictors.
Although demonstrating that clusters of malaria transmission were stable
over time, this study did not assess the spatial distribution of malaria
parasite prevalence within villages. It is likely that environmental factors
will be primarily responsible for clustering of malaria parasite prevalence,
however the presence of vector control and refusal rates may be of
importance when an MSAT campaign puts malaria parasite prevalence under
pressure. Figure 2 shows how the MSAT campaign is likely to work,
including indicators useful for evaluation.
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Figure C.2 Conceptual framework of plausible action of malaria parasite detection
campaigns. Heterogeneities in items 1-4lead to spatial clustering of malaria parasitemia.
Items 5-7 are outcomes to assess the impact of the active malaria parasite detection
campaign.

Anemia 6

cases 7

Other factors
affecting anemia

Other factors
affecting fever

Environmental factors have been shown to be associated with malaria
clusters when measured using distance to a geographical feature98,130 as well
as when measured using remote sensing data.14 7 Clennon et al. found that the
topographical wetness index and topographical position index derived from
digital elevation models were associated with water features and malaria
breeding sites in southern Zambia.ss Digital elevation models at 30 meter
resolution based on the Shuttle Radar Topography Mission 1BS are available
from the United States Geography Service and can be easily transformed into
topographic position and topographic wetness indices, or used to generate
altitude as an indicator. The topographic position index classifies geocoordinates as a landscape feature such as valley or ridge based on the slope
of the coordinates in the surrounding area. 57 This index can be calculated for
any distance, and is subject to scale. sa The topographical wetness index is
also based on slope and derived from water flow models.138,139 It is calculated
as the ratio of upslope contributing area and local slope.ss The topographical
wetness index has also been found to be associated with household malaria
incidence in Kenya.135
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Environmental factors have also been incorporated into analyses utilizing
health facility malaria incidence as the outcome indicator. Various analyses
have adjusted for environmental factors, typically precipitation, to assess the
impact of vector control on health facility malaria incidence in Eritrea, 140
Gambia,141,142 South Africa,143 and Zanzibar144 as well as estimate the risk of
malaria in Zimbabwe1 4S and shown to be correlated with health facility
incidence in Kenya.146 No studies have incorporated the topographical
wetness and topographical position indices at the health facility level.
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