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Abstract
The SolarMal project, carried out by the Wageningen UR and the International Center for Insect
Physiology and Ecology (ICIPE), on Rusinga Island in Kenya aimed to eliminate malaria on the island.
They developed a mosquito trapping system that is installed outside each household on the island.
The main objective of the rollout of these trapping systems was to examine the effect on malaria
incidences. This study investigates the effect of the intervention rollout of the trapping system and
the relationship of environmental, demographical and socio-economic variables on the spatial and
temporal distribution of adult (malaria vector) mosquitoes. Based on a literature study on potentially
important determinants related to the occurrence of mosquitoes, 35 potential determinants are
found. In total 15 potential determinants are selected based on the findings and suggestions of
existing literature. Three socio-economic determinants are used for exploratory purposes. The
datasets that represent a certain determinant are acquired and in detail investigated on the spatial,
temporal and/or spatial-temporal dimensions. The variability of each potential determinant is
individually assessed based on descriptive statistics, spatial correlation coefficients and visual
assessments. A random forest model is built which has run multiple times to find the variables with
the highest variable importance for estimating the mosquito occurrence. Eight variables are selected
as most important which are: month, normalized difference vegetation index, temperature, number
of intervened households (households with trapping systems) within a radius of 1km, land surface
temperature, year, intervention status (whether the household has a trapping system) and distance
to the lake. The expectations that the intervention rollout of the trapping system did influence the
occurrence of mosquitoes are fulfilled.
It is concluded that estimating the mosquito occurrence on Rusinga Island is challenging with such a
small dataset and study area. This can be determined as the performance of the random forest
model is extremely low. The percentage variance explained by the model is only 11.9%. Besides, the
reliability of the relationships between the mosquito occurrence and each of the continuous
variables is questionable. Even though the variable selection procedure selected eight variables as
most important, it is doubtful how important these variables are in other (larger) areas because of
the low model performance. Continuations of this study are highly recommended to extend the
study area and mosquito dataset which may result in more environmental variation and stronger
relationships with the potential determinants and thus a higher performance of the model. Offering
each household a trapping system in a larger study area can also result in a more clear effect of these
systems.
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1. Introduction
1.1 Context and background
Malaria is the most prevalent human disease in tropical and subtropical regions, in particular in
Africa, Asia and America (Figure 1). The malaria disease is transmitted by Plasmodium parasites
through their bites. Only female mosquitoes of the Anopheles species which are infected can
transmit malaria. These mosquitoes are also called malaria vectors. When this parasite enters the
blood it causes symptoms like fever, tiredness, headaches and vomiting (World Health Organization,
2019a).

Figure 1: Distribution of malaria over the world (World Health
Organization, 2019b)

The transmission of malaria is related to the distribution of mosquitoes as they are influenced by the
environment (Gosoniu, Vounatsou, Sogoba, & Smith, 2006). Five parasite species cause malaria of
which Plasmodium falciparum is the biggest threat in sub-Saharan Africa (World Health Organization,
2019a).
According to the World Health Organization (2018), the number of malaria disease that are reported
every year is around 200 million. In 2017, this number of reported cases was approximately 219
million. The number of people who died of malaria in the same year was 435.000 worldwide (World
Health Organization, 2018). Most malaria cases (92% in 2017) and deaths (93% in 2017) occur in subSaharan Africa (World Health Organization, 2018). The majority of the affected people with malaria
are children below the age of five (World Health Organization, 2019a).
The National Malaria Control Programs of the Centers for Disease Control and Prevention aims to
decrease malaria cases and deaths so that it is not a problem of public health anymore (Centers for
Disease Control and Prevention, 2019). However, it is challenging to regulate the malaria
transmission in Africa as there is a high prevalence of the most deadly species and a suitable climate.
Kenya is also a country where a lot of people (70%) live in high malaria risk areas. Kenya can be
divided into four malaria epidemiological regions based on the environment such as the elevation
and weather patterns. These zones can be distinguished in Figure 2 (Ministry of Public Health and
Sanitation, 2016).
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Kenya's government admits that
malaria bothers public health and
socio-economy. For this reason, the
National Malaria Strategy (NMS) is
part of Kenya Vision 2030 (Principal
Secretary Ministry of Health, 2013).
The NMS has been developed in
2009 and is part of the
Government’s first Medium-Term
Plan of Kenya Vision 2030 and the
Millennium Development Goals. The
NMS aims to become a malaria-free
country. The vision for 2017 was to
Figure 2: Malaria zones in Kenya (Health Media Project, n.d.) decrease malaria cases and deaths
by two-third comparing to 2007 and
2008. Long-Lasting Insecticide Treated Nets (LLINs) make a positive contribution to the number of
infected people. The used LLINs increased from 1.7 million in 2013/2014 to 7.3 million in 2015/2016.
In 2015, 72 persons per 1.000 inhabitants were infected with malaria. This was 61 in 2016 (The
National Treasury and Planning, 2018). Although the malaria incidences declined, much remains to
be done to improve the overall health care to become a malaria-free country.

1.2 SolarMal Project
On Rusinga Island in Kenya, researchers of the Wageningen UR and the International Center for
Insect Physiology and Ecology (ICIPE, Kenya) carried out a research under the name SolarMal. They
developed a solar-powered insecticide-free mosquito trapping system which is also called SMoTS.
These SMoTS were placed on each house of participating households. SolarMal used a steppedwedge cluster-randomized trial (SWCRT) design (Hiscox et al., 2016). At the beginning of the study,
none of the clusters are intervened whereas at regular intervals a SMoTS is offered to each
participating household in a certain cluster. This process continues until all clusters in the study area
are intervened (Hemming, Haines, Chilton, Girling, & Lilford, 2015). The order of intervention of the
clusters is random. There are in total 81 clusters that contain 50 to 51 households (Appendix figure:
C-1). These clusters were defined through a traveling salesman algorithm that uses the shortest
distance from one household to another (Hemming et al., 2015; Homan, Hiscox, et al., 2016). The 81
clusters are grouped into nine large areas which are called metaclusters. Within each metacluster,
the intervention of the clusters was in random order. When all clusters located in one metacluster
were intervened, the rollout continued randomly to another metacluster. Only when the complete
cluster was intervened it had the status intervened (Hiscox et al., 2016). This was determined per
week.
The SolarMal project aimed to eliminate malaria on the island. The malaria prevalence was
significantly lower in clusters where the SMoTS were installed than in the clusters without SMoTS
(Homan, Hiscox, et al., 2016). Besides installing the traps, all households on the island contributed to
health and demographic surveillance. The main objective of the rollout of these trapping systems
was to examine the effect on malaria incidences. Moreover, it was to research variables that are
related to malaria (Homan, Di Pasquale, et al., 2016).
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1.3 Problem definition
Characterizing and mapping the distribution of adult vector mosquitoes is crucial to efficiently
decrease the malaria prevalence and in the end to become a malaria-free country. The distribution of
mosquitoes and thus the malaria transmission is related to the location (Carter, Mendis, & Roberts,
2000). Vector breeding sites influence the malaria prevalence as the disease is positively related to
mosquito breeding sites. Malaria is generally transmitted by adult mosquitoes between a few
hundred meters and a kilometer from breeding sites. Mosquitoes do not often exceed 2 to 3
kilometers (Carter et al., 2000). Thus, people living near breeding sites have a higher malaria risk.
However, other factors also influence the spatial distribution of malaria and its vector mosquitoes.
According to Zhou et al. (2007), the location and conditions of houses, altitude and land cover
influence the distribution of adult mosquitoes. Also, some found that vegetation indices and
precipitation can influence mosquito abundance (Ibañez-Justicia & Cianci, 2015). Another study
(Nmor et al., 2013) found a correlation between vector breeding habitats and environmental factors
like slope, aspect and wetness index. Nmor et al. (2013) created derivatives of the Digital Elevation
Model (DEM) and studied the relationship between breeding habitats. In previous studies also the
temperature was used as a determinant as this influences the duration of the process from larvae to
adult mosquito (Gosoniu et al., 2006). This process is shorter with high temperatures than low
temperatures. The mortality is higher when the temperature is low since the larval development
stops below a temperature of 16 degrees Celsius (Afrane, Githeko, & Yan, 2012).
Although a lot is already known on this topic, there is still a need for a new study on this. Previous
studies mainly looked at the effect of the environment on the distribution of mosquitoes. This thesis
will study the relationship between the spatial distribution of adult (vector) mosquitoes and the
intervention rollout of the SMoTS of the SolarMal project. It will investigate whether the SMoTS
affected the distribution of mosquitoes. Other determinants will be used to identify the relationship
between the intervention rollout of the SMoTS and the spatial and temporal distribution of
mosquitoes. These determinants are not only environmental factors but also demographic and socioeconomic factors.

1.4 Research objective and questions
The objective of this study is to assess the effect of the intervention rollout of the SMoTS and the
relationship of environmental, demographical and socio-economic variables on the spatial and
temporal distribution of adult (malaria vector) mosquitoes. The focus will be not only on the vector
species for malaria but on all mosquito types that occur on Rusinga Island.
The following research questions are formulated to reach the objective of this study.
1.
2.
3.

Which environmental, demographical and socio-economic variables are potentially
related to the spatial distribution of mosquitoes and can be retrieved for Rusinga Island?
How are the (vector) mosquitoes and their potential determinants distributed in space
and time on Rusinga Island?
Which variables – including SMoTS – are related to the spatial and temporal distribution
of mosquitoes on Rusinga Island?
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1.5 Reading guide
Chapter 2 presents a theoretical background where the concepts of the spatial, temporal and spatialtemporal variability, the Moran’s I spatial autocorrelation, random forest, the variable importance of
random forest and Pearson’s correlation are explained. Chapter 3 starts with a description of the
study area and the used SolarMal data. Furthermore, this chapter presents the methods which are
linked to the research objective and the three research questions. The results of this study are
presented in chapter 4 where firstly the selection of the potential determinants based on the
literature study is given. This first paragraph covers the first research question. The second research
question is answered in the second paragraph of chapter 4 and describes the main findings of the
data exploration. The third paragraph of chapter 4 is related to the third research question and
describes which variables are related to the mosquito occurrence on the island. The discussion and
recommendations of this study can be found in chapter 5 whereas the conclusions are described in
chapter 6.
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2. Theoretical background
This chapter presents theories that will be used in this study. Firstly, the concept of spatial, temporal
and spatial-temporal variability will be explained. Secondly, Moran’s I is explained which expresses
the degree of spatial autocorrelation. Thirdly, the theory behind the machine learning technique,
Random Forest, is covered. The theory of the variable importance of Random Forest is also
explained. Lastly, the Pearson correlation coefficient is described.

2.1 Spatial, temporal and spatial-temporal variability
Mosquito species are limited by resources or natural enemies (Amarasekare, 2003). The species
diversity is affected by environmental variation (e.g. climate). The environment can vary in space and
time. According to Amarasekare (2003), the mosquito occurrence varies in space in case the
environment is spatially heterogeneous because of spatial variation in the biotic (natural enemies)
and abiotic (e.g. temperature or relative humidity) environment. The biotic and abiotic factors
influence the way the species utilize space. In case the environment is spatially homogeneous, the
mosquito species differ in the way they utilize resources that are not dependent on the abiotic or
biotic environment of the species (Amarasekare, 2003).
Figure 3 explains the concepts of spatial,
temporal and spatial-temporal environmental
variation. The grey cells represent different
values of for example the vegetation index or
population density. Figure a shows the spatial
variation which stays constant over a period.
Some places are more suitable for species than
others (Chesson, 1985). Figure b shows the
temporal variation where the cells only vary
over a period. The environment changes in the
same way for all spatial locations (Chesson,
1985). Figure c shows the spatial and temporal
variation together where the values change
from one time to another but stay constant Figure 3: Spatial, temporal and spatialacross space. Figure d shows the spatial-temporal temporal environmental variation (White et al.,
2010)
variation where the values change in both space
and time (White, Morgan Ernest, Adler, Hurlbert, & Kathleen Lyons, 2010).

2.2 Moran’s I
The degree of spatial autocorrelation between neighboring locations can be expressed in the socalled Moran’s I which is a correlation coefficient that measures the spatial autocorrelation of a
dataset. It is defined in 1950 by Patrick Alfred Pierce Moran (Moran, 1950) and is often used in
exploratory analyses as potential patterns in datasets can be distinguished (Li, Calder, & Cressie,
2007). The Moran’s I is a value between -1 to +1 with the following meaning:
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Table 1: Explanation of Moran’s I values (Statistics How To, n.d.)

Moran’s I Meaning
correlation
-1
Dissimilar values are perfectly clustered

0

No spatial autocorrelation which means
perfect randomness

+1

Similar values are perfectly clustered

Example image

The theoretical mean (or expected Moran’s I) of Moran’s I for spatial points is -1/N-1 where N
represents the sample size (Anselin, 1992). This expected value is negative since it depends on the
sample size. However, the observed Moran’s I differ most of the time from the expected value. There
is a positive spatial autocorrelation if the observed value is larger than its expected value. And vice
versa, a negative correlation in case the observed value is less than the expected value (Anselin,
1992).

2.3 Random Forest
Random Forest (RF) is a machine learning technique that is used for classification and regression
problems. An RF consists of many decision trees that are generated parallel to each other (Breiman
L., 2001). The trees can be displayed graphically which makes it easier to interpret tree-based
methods (James, Witten, Hastie, & Tibishirani, 2013). An RF uses predictor variables (i.e. feature
variables) to estimate a target variable. Moreover, it uses the bagging technique, abbreviation for
bootstrap aggregating, which means that each decision tree is trained on a different data sample
where sampling is done with replacement. Some observations are sampled several times for one
model while others are not be sampled at all. Bagging combines multiple decision trees instead of
only using individual decision trees to estimate the final output. The final prediction for regression RF
is the average of the aggregated predictions. Hence, bagging stabilizes the estimation more. For each
model, approximately 63% of the training observations are sampled. The other 37% are the so-called
Out-Of-Bag (OOB) instances (James, Gareth; Witten, Daniela; Hastie, Trevor; Tibshirani, 2013). These
OOB instances are not seen by the model during the training and can, therefore, estimate the
performance of the model which is similar to cross-validation. This is called OOB evaluation (Breiman
L., 2001).
The advantage of RF is that it can work with different kinds of data like binary, categorical and
numerical features. Data rescaling is not required for RF. Breiman (2001) proved that RF is not
sensitive to overfitting. Another advantage is that trees are very easy to interpret, even easier than
e.g. linear regression (James et al., 2013). One disadvantage of RF is the increasing instability of the
variable importance of highly correlated feature variables (Genuer et al., 2010).

2.4 Variable Importance
RF is often used for the variable importance where the variables are ranked by their importance
based on the evaluation of the OOB samples (Behnamian et al., 2017; Genuer et al., 2010). Poggi et
al. (2006) developed a method that ranks the variables in an ascending way based on the importance
while Guyon et al. (2002) used a descending order. Later, Ben Ishak et al. (2008) used the variable
importance based on Support Vector Machines (SVM) to rank the most important variables. The set
14

of variables that result in the smallest error rate of the model is chosen as most important (Ben Ishak
& Ghattas, 2008).
Based on the procedure of Ben Ishak et al (2008), Genuer et al. (2010) developed a very similar
procedure for variable selection where they distinguished two objectives for variable selection. On
the one hand, the objective can be finding important variables that are strongly related to the target
variable (mosquitoes) for interpretation purposes. On the other hand, the objective might be to find
the most important variables which can accurately predict the target variable. According to Genuer
et al. (2010), the variable importance of RF is not always stable. The variable importance ranking will
be more stable when the model runs multiple times and where the important values are averaged.
The model is running 50 or 25 times based on which part of the procedure is carried out. All data is
used for this procedure, no train and test data is required. The methodology of the two steps are the
following:
Step 1: Preliminary elimination and ranking
Firstly, the variables are ranked based on variable importance, starting with the most important and
ending with the minor variables. The variable importance is averaged over 50 runs. The standard
deviations of variable importance are used to rank the variables and estimate the threshold value for
variable importance. Variables of which the average variable importance is higher than this threshold
are kept. Hence, all unimportant variables are excluded. The plots which are generated show this
threshold with a red line.
Step 2: Variable selection for interpretation purposes
Secondly, the OOB error rates of the models which are averaged over 25 runs are computed. Starting
with the model that only contains the most important variable and ending with a model that
contains all variables which are kept in step one. The most important variables for interpretation
purposes are the set of variables that score the smallest OOB error rate. The procedure for prediction
purposes is not included here but is similar to this.

2.5 Pearson correlation
The degree of correlation of independent variables, also called intercorrelation, is an important
consideration when using RF. This can be measured with the Pearson correlation which is a
correlation coefficient that describes how well two variables are related to each other. It is a number
between -1 and +1. If one variable is increasing while the other variable also increases it means that
there is a positive correlation. There is a negative correlation in case one variable is decreasing while
the other variable is increasing. There is no correlation between variables when the coefficient is
nearly zero (Ott et al., n.d.). The correlation coefficients can be translated into descriptors e.g. ‘weak’
and ‘strong’ relationships. However, the cutoff points are variable, thus it should be used carefully
(Schober & Schwarte, 2018). Hence, the correlation coefficients are not translated into descriptors
but are interpreted as a measure of how well variables are related to each other in the context of the
study.
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3. Materials & Methods
3.1 Study area
The study area is Rusinga Island which is
located in the eastern part of Lake Victoria in
Kenya (Figure 4). The island is linked to Mbita
Point on the mainland by a causeway. The size
of the island is 44 km2 with an altitude that
varies between 1100m and 1400m above sea
level. The average temperature ranges from 16
to 35 degrees Celsius. The dry season is in June,
October and late December and February.
There is one long season with rain (March until
May) and one short (October to early
December) (Homan, Di Pasquale, et al., 2016).
Rusinga Island is located in the endemic zone
(Figure 2) as it is an island in Lake Victoria. The
life cycle of vector mosquitoes in endemic
zones is usually short. The survival rates of
vector mosquitoes are high due to the suitable
climate (Ministry of Public Health and
Sanitation, 2016).
Inhabitants (approximately 25.000) of Rusinga
Island mainly live from fishery and small-scale
farming. They live close to the water because of
the freshwater of Lake Victoria. Lake Victoria is Figure 4: Continents with Kenya as highlighted area in the
approximate 68.800 km2 and regarded as upper figure; left figure highlights Rusinga Island
Africa’s largest tropical lake. The lake is important for a lot of people as it the main source of water
for Rusinga Island (“Rusinga Island,” 2019).

3.2 SolarMal data
Mosquito data
The SolarMal project lasted for 170 weeks where the first 38 weeks are the baseline period. The
baseline period (from 11 September 2012 to 2 June 2013) is the period before the rollout of the
SMoTS. Between 3 June 2013 and 16 May 2015 (132 weeks), 4358 households were provided with
SMoTS during the intervention rollout. The caught mosquitoes are counted and distinguished in five
species (An. gambiae, An. funestus, Aedes, Mansonia, Culex). The species An. gamiae and An.
funestus are malaria mosquitoes, the rest of the species are non-malaria mosquitoes. Not only the
malaria vector mosquitoes are analyzed in this thesis, but also the other species. The following
information, amongst others, is stored in the mosquito dataset:







The date on which the mosquito monitoring took place
Latitude and longitude: location of the house where the trap is installed
Project week: the number of the week of the project
Cluster: the number of the cluster where the house is located in
Number of mosquitoes in monitoring trap per species
Intervened status: whether the cluster was intervened or not
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The traps are developed to attract female mosquitoes but in some cases, male mosquitoes are
caught by accident. Therefore, the mosquito dataset only contains the number of caught female
mosquitoes for the Anopheles species. A distinction is made between male and female mosquitoes
for the non-malaria vectors but only the female mosquitoes are analyzed to avoid misrepresented
data. The male mosquitoes are excluded in the analysis.
Missing values in the intervention status are all in the period after the intervention rollout, assuming
that all households are intervened and are therefore replaced with the status “intervened”. Besides,
two points of the mosquito dataset are excluded from the dataset since these are located outside the
study area.
Meteorological data
The dataset contains the temperature, precipitation and humidity on a daily level for July 2012 to the
end of 2015. Even though the dataset contains data of a period where no mosquito data is available,
all data is used in the analysis as the weather might have a lag period on the abundance of
mosquitoes. The weather station only provides temporal data since the location is not varying in
space. The dataset contains only one number for each of the three variables. The first assumption
that is made is that precipitation is the sum per day. The second assumption is that the values of the
temperature and the relative humidity is the mean value of the day. The dataset is preprocessed
(unreliable temperature measurements and nill or trace measurements for precipitation) and missing
values (March 2013) are replaced by the mean value of the same week and month of the other three
years. These values are only replaced when carrying out research question 3.
Demographical data & households
Various demographical and socio-economical data are collected with a Health and Demographic
Surveillance System (HDSS). The households on Rusinga Island are surveyed three times a year. Each
household has a unique code with a latitude/longitude location. The database contains information
on the buildings of the households as about the individuals living in the house. Unfortunately, the
available dataset is incomplete. Missing values are replaced by the mode but are only replaced when
carrying out research question 3.
Clusters and metaclusters
The study area is divided into clusters and metaclusters. In total there are 81 clusters (Appendix
figure: C-1) and 9 metaclusters. This data are in shapefile format.

3.2.1 Overview SolarMal data
Table 2: Overview of the used SolarMal data

Description
Contains the locations of the mosquito traps and, amongst others,
the number of trapped mosquitoes for each species
Meteorological Contains the temperature, precipitation and relative humidity per
data
day for the complete research period
Demographical Contains information on the individuals, living and house conditions
data
on the island
Households
Contains the locations of all households on the island
Clusters
and The island is divided into clusters and meta clusters
Metaclusters
Mosquito data

Format
CSV
Excel
Excel
Shapefile
Shapefile
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3.3 Software
This thesis is conducted in R, which is a programming language and software environment for
statistical calculations and graphs (The R Foundation, n.d.). The advantage of using a scripting
language is that the study is reproducible. R is freely available and is used for data manipulation and
analysis and developing graphs. ArcMap is mainly used for visual assessment of the variables.

3.4 Research approach
The research approach can roughly be divided into four parts where the first part and the last two
parts are related to the research questions. The first part focuses on the literature study and the
selection of potential determinants which includes research question 1. Data acquisition is required
for carrying out research question 2 and is based on the selection of research question 1. The third
part is related to the second research question and describes the methods for data exploration. The
last part focuses on the third research question and explains the procedure of the variable selection
and relationships.

3.4.1 Potential determinants
A bunch of literature can be found on malaria or related topics, also in combination with GIS and
remote sensing analysis. The review paper of Weiss et al. (2011) is used as a starting point in this
literature research. This review paper analyzed 113 literature studies on this topic and found 15 main
potential determinants that are also split up into sub-determinants. For example, the temperature is
split up into temperature, Land Surface Temperature and Land Suitability Index. Even though some
reviewed papers looked at different kinds of malaria mosquito species, the covariates they found
might be relevant for this thesis. Of all the reviewed literature studies, the relevant papers were used
to gain more information on potential determinants. The references of these reviewed papers were
checked for more useful papers. Additionally, more recent literature was taken into account to
examine whether new determinants were recently found. In this way, the more elementary papers
could be found which were used for the selection of the potential determinants.
Environmental, demographical and socio-economical are the most extensively described categories
in literature. Therefore, these three categories are used to classify the various potential
determinants. The potential determinants that are found in the literature study are listed in a table
to create a clear overview. Important information as the type of correlation, mosquito species, used
datasets, spatial and temporal resolution are noted for each determinant. A summary of this table
contains the category and the source where it is previously researched is included in Appendix A.
The potential determinants that are used in this study are selected based on the findings and
suggestions of existing literature.

3.4.2 Data acquisition
Data acquisition is an important aspect of this research as the available data partly determined the
potential determinants that could be examined. The required datasets are searched and acquired
based on the results of the literature study of the potential determinants. The datasets that are
collected are all open data that are free of charge. As a starting point, the NASA Earth Data Search
Portal is used to acquire satellite products. Also, the website of U.S. Geological Survey (USGS) is
visited but no datasets are acquired from this portal. Afterward, regional, national and continental
portals are used to search for the remaining products. These portals contain various datasets on
different spatial scales. All acquired datasets are shortly described with their source and (if so)
preprocessing steps. A table that gives an overview of the potential determinants including the type
of dataset with its spatial and temporal resolution is given at the end of this section.
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Rusinga Island
The shoreline of Lake Victoria is downloaded from Harvard Dataverse in a shapefile format
(https://dataverse.harvard.edu/). The data represents the shoreline including the islands which are
used to trace the shape of Rusinga Island in ArcMap.
Land Surface Temperature
Thermal infrared (IR) sensors on satellite systems can estimate Land Surface Temperature (LST). Daytime LST data are derived from the terra MODIS satellite and is acquired from the Earth Data Search
portal of NASA (https://search.earthdata.nasa.gov/search). The pixel size of the dataset is 1 km and
the temporal resolution is 8-days. The dataset contains 162 files from 25 June 2012 to 27 December
2015. The format of the downloaded files is HDF and is converted to a tiff format. The raster layers
are cropped and masked to Rusinga Island with the shapefile of the island. Missing values in this
dataset are replaced with interpolation across layers in the stack.
Normalized Difference Vegetation Index
The Normalized Difference Vegetation Index (NDVI) is derived from the red and near-infrared (NIR)
reflectance ratios and is calculated as follows:
𝑁𝐷𝑉𝐼 =

(𝑁𝐼𝑅 − 𝑅𝑒𝑑)
(𝑁𝐼𝑅 + 𝑅𝑒𝑑)

NDVI values close to +1 are likely to be green vegetation whereas values between 0.2 and 0.4
represent shrub and grassland. Negative values and values close to zero correspond with water or
infrastructure and barren areas respectively (Sentinel Hub, n.d.).
The NDVI is a MODIS dataset and is acquired from the Earth Data Search portal of NASA
(https://search.earthdata.nasa.gov/search). It has a spatial resolution of 250 meters and the
temporal resolution is 16-days. The dataset contains 81 files from 25 June 2012 to 19 December
2015. The raster layers are preprocessed in the same way as the LST.
Land cover type
Land cover types can be mapped based on satellite images. MODIS has a data product of the land
cover with a high temporal resolution (each year) but with a low spatial resolution (500m). Since the
study area is only 44 km2, the spatial resolution of this data product is too low. The used dataset is a
Sentinel-2 land cover map of 2016 with a spatial resolution of 20 meters. It makes a distinction
between 10 classes that appropriately describe the land surface. An assumption is made that the
land cover types did not change much as the acquire date of this dataset does not fall into the study
period. The dataset is acquired from the Open data portal of the Regional Centre for Mapping of
Resources for Development (RCMRD) (http://geoportal.rcmrd.org). This raster layer is cropped and
masked to Rusinga Island in the same way as LST and NDVI.
Digital Elevation Model and its derivatives
The Digital Elevation Model (DEM) of the Shuttle Radar Topography Mission (SRTM) is acquired from
the Open data portal of RCMRD (http://geoportal.rcmrd.org). The SRTM is a radar system which
acquires high-resolution digital topographic data. The dataset is from 2015 and has a spatial
resolution of 30 meters. Assumed is that the geomorphology does not change over this brief period
and therefore only one DEM is acquired.
Slope and aspect are first derivatives of the DEM whereas Topographic Wetness Index (TWI) is a
second derivative. The slope of a surface is expressed in degrees where 0 means a flat surface and 90
a vertical slope. The aspect of a slope is the orientation of the surface of the earth. The aspect is
measured clockwise in degrees from 0 to 360 starting from and ending at the north. The TWI is
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derived from the slope and the flow accumulation and can be calculated as follows (Sørensen, Zinko,
& Seibert, 2006):
𝑇𝑊𝐼 = ln(𝐴/ tan 𝛽)
Where A is the flow accumulation and 𝛽 is the slope. A more flat area and a large watershed result in
a wet area, thus high TWI values, which is attractive for mosquitoes.
Distance to water
The study area is a very dry area that does not have a lot of open water bodies. The only big open
water body is the surrounding Lake Victoria. The distance to this lake is calculated based on the
shoreline of the island. The polygon of the study area is converted to a grid after which the distance
from each cell to the shoreline is calculated. The created raster has a spatial resolution of 30 meters.
Population density
The population count dataset of WorldPop with a 100-meter spatial resolution is used
(https://data.humdata.org/). Datasets of the years 2012 up to and including 2015 are acquired. The
producers of these maps cropped and masked the raster datasets so that the surfaces covered with
water present no data. However, the raster files are cropped and masked too small by the producer
which results in cells with missing values around the shoreline of the island. These missing values are
not replaced.
Intervened households
The number of intervened households within a radius of
1km is calculated for each household as mosquitoes can
transmit malaria to about approximately 1 kilometer from
breeding sites (Carter et al., 2000). Buffers of 1km around
each household are created (Figure 5 is an example). All
households which are located within this buffer are joined
to the specific household (black point). The total number
of intervened households is calculated in case the joined Figure 5: Household (black) with 5
households are intervened before the measured date of surrounded households within 1km.
Only the green point is counted as
the specific household (black point).
intervened.

Overview of acquired datasets
Table 3: Overview of the acquired datasets

Dataset

Spatial
Resolution
NDVI
Terra MODIS, product MOD13Q1
250m
Land cover type
Sentinel-2
20m
LST
Terra MODIS, product MOD11A2
1km
Elevation
Digital Elevation Model (DEM) Shuttle Radar 30m
Topography Mission (SRTM)
Slope
DEM derivative
30m
Aspect
DEM derivative
30m
TWI
DEM derivative
30m
Distance to water
The shoreline of the study area
30m
Population density WorldPop
100m
Number of inter- SolarMal Mosquito data
vened households

Temporal
Resolution
16 days
8-days
Yearly
-
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3.4.3 Data exploration
The purpose of the data exploration is to explore the available data to find patterns, trends,
relationships or unusual conditions (Andrienko & Gennady, 2006). It is a qualitative approach that
gains insight into the representation of all datasets which results in a better understanding of the
variables using in the study. The spatial, temporal and spatial-temporal variability of each potential
determinant is assessed as the environment can vary in space and time which might affect the
distribution, survival rate and population size of mosquitoes on the island (Reid, Haque, Roy, Islam, &
Clements, 2012). High environmental variability means that the environment is heterogeneous
whereas low variability represents a homogeneous environment. Assumed is that variables with low
variability are not related to the distribution of mosquitoes. General statistics, either numerically or
graphically, correlation coefficients and visual assessments are used to describe the degree of
variability of the variables.
Descriptive statistics
The purpose of descriptive statistics is to create summary measures of a large dataset (Burt, J.;
Barber, G.; Rigby, 2009). The minimum and maximum (i.e. the range), the mean and the standard
deviation are used. These measurements reflect the amount of variation in the dataset. The
descriptive statistics are applied on datasets with an interval or ratio scale, not on data with nominal
scales such as the socio-economic variables. High standard deviations and a wide range mean a high
variability and vice versa.
Spatial correlation coefficient
The Moran’s I is used to investigate the degree of spatial autocorrelation of the mosquitoes and the
environment (all spatial potential determinants). It is a value between -1 to +1 where -1 means that
dissimilar values are clustered, 0 indicates that the values are perfectly random and +1 declares that
similar values are perfectly clustered (Statistics How To, n.d.). The Moran’s I is computed in R with
the packages spdep for spatial points (Bivand et al., 2018) and raster for raster datasets (Robert J.
Hijmans et al., 2020).
Visual assessments
Visual assessments are conducted to assess the spatial, temporal and spatial-temporal variability by
eye to for example identify differences between regions. The visual assessments are done in ArcMap
which makes it easy to evaluate multiple datasets at the same time. The following criteria are used:
Table 4: Criteria for the visual assessments on the spatial, temporal and spatial-temporal variability

Spatial

Temporal

Spatialtemporal

Weak
Homogeneous area; values
of the variant are (almost)
not changing on a short
distance
The values of the variant
are (almost) not changing
over time
The values of the variant
are (almost) not changing
through time and on a
short distance

Moderate
Between homogeneous and
heterogeneous area; some
values of the variant are
changing on a short distance
Some values of the variant
are changing over time while
some stay constant
Some values of the variant
are changing through time
and on a short distance

Strong
Heterogeneous
area;
values of the variant are
changing on a short
distance
The values of the variant
are changing through time
Values of the variant are
changing through time and
on a short distance
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3.4.4 Variable Importance
Random Forest (RF) was used in diverse studies which proves that it is an appropriate technique to
model the spatial distribution of mosquitoes (Cianci, Hartemink, & Ibáñez-Justicia, 2015; Früh et al.,
2018; Ibañez-Justicia & Cianci, 2015). RF has the advantage over e.g. standard regression techniques
that it can handle non-linear and complex relationships between feature and target variables (James
et al., 2013). As such, it is more suited to mosquito data than e.g. linear regression, since the
behavior of mosquitoes can be complex.
A regression RF is used for selecting important variables and assessing the relationships between
each feature and the target variable. The input is the complete mosquito dataset where spatial
environmental datasets are spatially joined and temporal datasets are joined based on the date of
the mosquito observation. Spatial-temporal datasets are joined based on the date and location.
Developing the RF model is done with the R package randomForest. For this study, the aim is not to
predict the mosquito occurrence. Training and testing data is out of the scope of this study. The
default settings are used which are (Liaw, 2018):
 Number of trees to grow (ntree) = 500
 Number of variables randomly sampled as candidates at each split (mtry) = number of
variables / 3
 Minimum size of terminal nodes (nodesize) = 5
 Importance = True
 Proximity = True
The model performance is assessed by using the Out-Of-Bag (OOB) evaluation. Tuning the
hyperparameters (e.g. mtry, nodesize, maxnodes) did not have a significant effect on the
performance of the model nor the results of the variable selection and the relationships. The
procedure of Genuer et al. (2010) for variable selection is followed to investigate the meaningful
variables for mosquito occurrence. The RF is not used for prediction in this study but only to find the
most important variables for interpretation purposes. This procedure is implemented in R using the
VSURF package which is based on the random forest of Breiman and Culter (Breiman L., 2001;
Genuer et al., 2015). The VSURF package uses standard parameters (ntree and mtry) of
randomForest and is also set to the default as noted above. Since RF permutation variable
importance is sensitive to highly correlated variables, the variable selection procedure is conducted
in two steps. The linear correlations between continuous variables (intercorrelations) are evaluated
with the Pearson correlation coefficient.
Six fixed lags up to 30 days with a time step of 5 days were created for the three meteorological
variables to consider the possible lag time between the climate and the mosquito occurrence. To
determine the lags that best estimated the mosquito occurrence, the meteorological variables,
including lags (in total 21 variables) are assessed following the procedure of Genuer et al. (2010). The
variable with the highest importance of each of the three meteorological variables is selected for the
variable selection of all variables. Afterward, the three meteorological and 16
environmental/demographical/socio-economic variables were used as input for the variable
selection procedure.
The alternative was to assess all variables at the same time without preselecting the meteorological
lag variables. When assessing 38 variables, including 21 meteorological (lagged) variables, the
variable selection for interpretation purposes is slightly different than with only 3 meteorological
variables.
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Relationships
Relationships between each potential determinant and the mosquito occurrence are determined
with partial dependence plots (PDP). These plots show the type of relationship between the feature
and target variables (e.g. linear, monotonic or more complex) (Molnar, 2019). The partialPlot
function of the randomForest package is used to generate the PDPs for both continuous as
categorical variables. The partialPlot produces PDP plots that show how the estimated number of
mosquitoes changes when the independent (feature variable) changes (Molnar, 2019).
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4. Results
4.1 Potential determinants
In the following section, the selected potential determinants are described which cover the first
research question. All potential determinants that are found in the literature study are listed in a
table which is included in Appendix A.
Climate
Precipitation, relative humidity and temperature are meteorological variables that often have been
found to affect the abundance of vector mosquitoes and malaria risk (Weiss et al., 2011). The
amount of precipitation affects mosquito habitats and breeding patterns (Cleckner, Allen, & Scott
Bellows, 2011). Moreover, precipitation can cause standing water which is attractive to mosquito
larvae. The amount of precipitation is important since it creates a microclimate which is very suitable
for adult mosquitoes. This microclimate can improve adult survival (Machault et al., 2011).
Precipitation is in general positively correlated with malaria risk.
The relative humidity is also an important key factor in malaria transmission and the adult mosquito
survival rate. Humidity is related to elevation and air temperature (Machault et al., 2011). However,
relative humidity is not often used as a variable in previous studies.
The temperature influences the survival rate, distribution and abundance of vector mosquitoes.
Temperature affects the duration of the process from larvae to adult mosquito (Dambach et al.,
2012). It is the most commonly used determinant in malaria mapping (Weiss et al., 2011).
Vegetation
Vegetation is essential for the development of vector larval and adult mosquito survival. Vegetation
can be used by mosquitoes as resting sites (Machault et al., 2011). Some species prefer breeding in
places with high organic material content (Cianci et al., 2015). Vegetation indices as the Normalized
Difference Vegetation Index (NDVI) and the Enhanced Vegetation Index (EVI) are regularly used in
various studies. The NDVI is the most commonly used index for vegetation. Various studies show a
positive correlation with the abundance of vector mosquitoes and malaria risk and NDVI value. The
higher the value of NDVI which indicates the presence of green vegetation, the higher the malaria
risk. The NDVI was not a significant variable in studies where the NDVI values were rather
homogeneous over the area.
EVI is comparable to NDVI but corrects for some atmospheric conditions and canopy background
(USGS, n.d.). The EVI has a higher sensitivity in high biomass areas compared to the NDVI (Fornace,
2018). However, no large areas with high canopy structures are present in the study area. Therefore,
the NDVI is used in this study. The NDVI takes climatic variables, altitude and land use into account
(Machault et al., 2011).
Land cover/land use
Land cover and land use are often mapped together. Land cover is the land type (e.g. forest or water)
whereas land use indicates human activities on the land. Both have strong effects on the
development and survivorship of larvae. Land cover types affect the spatial distribution of
mosquitoes as vector mosquito species prefer certain land use e.g. forest (Weiss et al., 2011).
Elevation and derivatives
In general, the elevation is negatively associated with mosquito occurrence. The malaria risk is lower
at higher altitudes (Weiss et al., 2011). Digital Elevation Models (DEMs) can be used to generate
surface derivatives that represent the geometric properties of the surface of the earth. There are
first and second derivatives where primary topographic attributes (e.g. slope, aspect and surface
curvature) are the first derivatives and topographic attributes (e.g. topographic wetness index) are
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second derivatives (Oksanen & Sarjakoski, 2005). Derivatives that are used are slope, aspect and
topographical wetness index. The derivatives quantify the relative moisture. The TWI is used as a
variable to define the wetness of an area. It is correlated with soil pH, groundwater level, soil
moisture, vascular plant species richness and a constructed wetness degree (Sørensen et al., 2006).
Mosquitoes prefer soils with high moisture content (Cleckner et al., 2011).
Distance to water
The distance to water may affect the availability of breeding sites as water bodies are often used for
this purpose (Amek et al., 2012). A higher abundance of vector mosquitoes is often observed close to
river networks or water bodies. The flow distance to stream is often used to estimate the aquatic
habitats (e.g. footprints, pools, stream edges) and vector larval habitats (Mushinzimana et al., 2006).
Also, the distance to the nearest water body is commonly used and is generally calculated based on
permanent rivers and water bodies (Gosoniu et al., 2006). The distance to Lake Victoria is used in this
study.
Socio-economic
The relationship between socio-economic variables and malaria risk has not been extensively
researched. Population density is included since higher population densities have in general a lower
malaria risk (Weiss et al., 2011). Other demographic and socio-economic related variables such as the
housing and living conditions could also be factors for malaria risk. According to Thomas et al. (2018),
the presence of malaria is related to the house structures (e.g. wall and roof type) and the number of
people in households. Oesterholt et al. (2006) found no significant relationship between malaria risk
and roof type, wall type and the presence of eaves. Variables as education level or awareness of the
transmission and prevention of malaria are also used in some studies. Yadav et al. (2014) found a
positive association with malaria occurrence and knowledge and awareness about malaria. Assumed
is that this might be related to the education level. The location of the kitchen, wall type, roof type
and highest education level of the heads of the households are included for exploratory purposes.
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4.2 Data exploration
This paragraph starts with answering how the mosquitoes and their potential determinants are
distributed in space and time on Rusinga Island which covers the second research question. This is
summarized in Table 5 which contains the variability of each potential determinant. The
underpinning of this summary table is given in the following sections while more detailed
information per variable can be found in Appendix B where each dimension (if possible) is analyzed.
Summarizing table of variability
All variables are assessed in the spatial dimension except for the three meteorological variables. The
mosquitoes show a low spatial variation but a medium temporal and spatial-temporal variation. The
NDVI has high variability in all dimensions. The precipitation and relative humidity show the highest
variation of the three meteorological variables. The population density shows high variability in the
spatial dimension but does not significantly change over time. The spatial variation in the number of
intervened households is high.
Table 5: Summary of the variability of each potential determinant

Mosquitoes
Precipitation
Temperature
Relative humidity
NDVI
Land Cover
Elevation
Slope
Aspect
LST
TWI
Distance to water
Population density
Construction of the house
Education
Number of intervened
households

Spatial
variability

Temporal
variability

Low
High
Medium
Low
Medium
Medium
Medium
Medium
Medium
High
Low
Low
High

Medium
High
Medium
High
High
High
Low
-

Mosquito occurrence
During the baseline period which is 38 weeks, in
total 3006 mosquitoes were caught at 412 unique
locations (Table 6). The intervention period was in
total 132 weeks where 5622 mosquitoes were
caught at 1459 unique locations. The proportion
caught malaria vector mosquitoes were in both
periods much lower than the non-malaria
mosquitoes. The species Culex is the most caught
mosquito over the complete period. The caught
mosquitoes are not distributed homogeneously
over the study area. Moreover, the distribution of

Spatialtemporal
variability
Medium
High
High
Low
-

Figure 6: Distribution of caught mosquitoes
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the mosquito dataset is highly skewed as can be distinguished in Figure 6.
Table 6: The number of caught mosquitoes in the baseline and intervention period

Total An. gambiae
Number of mosquitoes trapped 3006 74
during the baseline period
% of total
100% 2.5%

An. funestus
348

Aedes
39

Mansonia Culex
318
1873

11.6%

1.3%

11.0%

73.7%

Number of mosquitoes trapped 5622 405
during the intervention period
% of total
100% 8.9%

398

46

234

3460

8.8%

1.0%

5.2%

76.2%

Environmental determinants
Temperature is an important determinant in the development and production of adult mosquitoes.
According to Bayoh and Lindsay (2003), the most favorable temperatures for adult development is
from 28 °C to 32 °C and for adult production from 22 °C to 26 °C. The lower and upper limits are 15 °C
to 35 °C for mosquito development and 18 °C and 34 °C for adult emergence. The study area is very
suitable for both the development of mosquitoes as the mean temperatures range from 22 °C to 27
°C (Figure 7). On some days no adult mosquitoes emerged in the study area since the temperature
was too low. There were two remarkably extremely warm periods in the beginning and the middle of
2015. These periods are completely upended and do not follow the normal seasonal cycle which
indicates that something unusual happened. The mean temperatures were more than 2 °C higher
than in the same months of the previous years but were still very suitable for adult mosquitoes.
Besides that the temperature was upended, also the NDVI values were remarkably low in this period
as this is negatively correlated with the temperature (Figure 8).

Figure 8: Timeseries of the NDVI values

Figure 7: Timeseries of the mean temperature per month

The climate is strongly related to the variation in NDVI values. According to Wang, Rich and Price
(2003), there is a lag period of two months between precipitation and NDVI in Africa. The peaks of
NDVI values of the study area occur one or two months after a period with high peaks of
precipitation which indicates that there is a lag period of one to two months. The vegetation will
grow during and after periods with precipitation which can also contribute to breeding sites. This is
because healthy vegetation is essential for the development and survival rate of mosquitoes to
create resting sites (Machault et al., 2011). As Rusinga Island is located around the equator, there is
no summer or winter period but dry and rainy periods which influences the growth curve of a plant.
There is more healthy vegetation and thus higher NDVI values during and after rainy periods which
might cause a higher mosquito abundance as there are more resting sites for mosquitoes.
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The amount of precipitation in the remarkable period of 2015 was relatively high which is not
unusual since this is the period where the long rainy season takes place (Figure 9). However, the rain
events in this period are much more intense than normal. One day had even 132 mm of rain which is
extremely high. The amount of precipitation influences the accumulation of stagnant water which
makes the environment suitable for mosquito breeding sites. Especially buckets, old tires or
containers filled with water are suitable for breeding sites and can increase the mosquito occurrence
(Kurup, Deonarine, Adil Ansari, & Rajini Kurup, 2017). Precipitation increases the humidity in the air
due to evaporation and thus are these two positively correlated. The precipitation and relative
humidity are relatively low in the period between the two remarkable periods in 2015.
The striking periods in 2015 might be caused by an El Niño which has an impact on weather patterns
for an extended period around the world. The El Niño started in March 2015 and had its peak in
November (Stockdale, Balmaseda, & Ferranti, 2017; Wachira & Cumiskey, 2016). However, even
though the beginning and the middle of 2015 are remarkable periods with unusual weather patterns,
the peak in November is not recognizable in the meteorological data. On the other hand, the mean
Land Surface Temperature in November is 5 °C higher than the mean temperature of the complete
period (Figure 10). Thus, it is an assumption that these remarkable periods in 2015 are caused by El
Niño.

Figure 10: Timeseries of the mean LST values

Figure 9: Timeseries of the total precipitation in
mm per month

The study island is surrounded by Lake Victoria which might be an extra suitable place for
mosquitoes as mosquitoes can form breeding sites in the banks of the lake (Stefani et al., 2013).
Thus, assumed is that there are a lot of potential breeding sites around the study area. Agricultural
areas and grassland can also be a suitable place for mosquitoes. These two land cover types cover
75% of the complete study area. Hence, the mosquitoes have a large area where they can potentially
form breeding sites. The type of land cover can influence the suitability of larval habitats through its
effect on (water) temperature, food conditions and nutrients (Munga et al., 2009).
Land cover types are related to the geomorphology of the area. The elevation of the area is thus also
related to the land cover types. The study area has one mountain in the center which is too steep for
other vegetation than shrubs. The altitude varies from 1130 meters to 1457 meters above sea level.
Unfortunately, no traps were installed on the mountain as this area is uninhabited. Hence, the
population density is not homogeneously distributed over the area due to this mountain. The
population density is higher around the shoreline of the island, especially in the west and north of
the area, and in the south where the island is linked with the mainland.
Looking at the living and housing conditions of the inhabitants per cluster, it can be concluded that
the majority of the clusters have the kitchen outside of the house. The majority of the heads of the
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households finished primary school while some finished secondary school or had even a higher
education level. Most houses are made of wood and mud with iron sheet roofs.
Descriptive statistics of the potential determinants
Precipitation, relative humidity and the number of intervened households show the highest
variability, identified with the range, mean and standard deviation (Table 7). The Moran’s I statistics
were able to identify clustering in 5 variables (elevation, slope, distance to water, population density,
land cover). It also determines that the mosquitoes are randomly distributed which means that there
is no spatial autocorrelation. Besides, the variability in the mosquito dataset is not high.
Table 7: Descriptive statistics of the potential determinants

Mosquitoes
Precipitation
Temperature
Relative Humidity
NDVI
Elevation
Slope
Aspect
LST
TWI
Distance to water
Population density
Land Cover
Number of intervened
households

Min

Mean

Max

0
0
17.7
35
-0.2
1130
0
0
18.3
-7.9
0
0.3

1.7
3.3
24.1
67.6
0.5
1174.9
6.00
180.9
27.3
-4.1
0.7
5.2

65
132.1
31.5
97
1.0
1457
38.5
360
44.0
5.8
2.1
52.4

Standard
deviation
3.9
9.7
1.7
11.1
0.1
43.8
5.6
102.5
2.8
1.9
0.5
4.6

0

33.1

409

64.2

Moran’s I
0.05

0.50
0.99
0.91
0.67
0.64
0.43
0.98
0.83
0.81
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4.3 Variable Importance
This chapter discusses which variables are related to the spatial and temporal distribution of
mosquitoes on Rusinga Island and covers the third research question. Firstly, the lags that best
estimate the mosquito occurrence is determined. Secondly, the intercorrelations between the
independent variables are assessed. Thirdly, the results of the variable selection procedure are
presented. Fourthly, the relationships are described based on partial dependence plots. Lastly, the
correlations between the mosquito occurrence and each potential determinant are visualized with
scatterplots.

4.3.1 Meteorological lag variables
The descending order of the meteorological (lag) variables is included in Appendix E which is the
result of the first step of the variable selection procedure. The lowest OOB error rate (13.7%) is
obtained by using only five variables. The descending order of these selected variables are the
following:
1.
2.
3.
4.
5.

Precipitation with 25 lag days
Precipitation with 30 lag days
Relative humidity with 10 lag days
Precipitation with 10 lag days
Temperature with 5 lag days

The lags that best estimate the mosquito occurrence is with precipitation with 25 lag days, relative
humidity with 10 lag days and temperature with 5 lag days.

4.3.2 Intercorrelation
Figure 11 shows the correlations
between the independent numerical
variables. Note that the three
meteorological variables represent the
selected lags. None of the variables
achieve a high correlation coefficient.
Some are even negligible as these are
around zero. It is assumed that the
performance of the variable selection
method is not influenced due to the low
intercorrelation.

4.3.3 Variable selection procedure

Figure 11: Correlations between independent
continuous variables

The results of the variable selection procedure
are plotted in Figure 12 where the left plot shows the variable ranking, the middle shows the
thresholding step, and right shows the variable selection for interpretation purposes. The averaged
variable importance of the location of the kitchen and the education level does not exceed the
threshold value which means that the thresholding step only keeps 17 variables. The procedure
selects 8 variables for interpretation purposes with a mean OOB error rate of 13.1%. The descending
order of the thresholding step and variable selection procedure for interpretation purposes can be
found in Table 8.
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The time in terms of month and year are important variables for the occurrence of mosquitoes.
Temperature is the only meteorological variable that is selected as important. It was expected that
the precipitation also came out as important. The variability of the variables selected for
interpretation purposes is almost for all variables high (see paragraph 4.2).

Figure 12: Result of the variable selection procedure (left: variable ranking, middle: thresholding step,
right: variable selection)

Carrying out the alternative variable selection procedure, using 21 meteorological variables instead
of 3, gave a slightly different output. It selected the same 8 variables as the used procedure plus
three extra variables which are slope, TWI and precipitation with 30 lag days. Besides, the OOB error
rate was slightly (0.2%) higher. This difference might be caused by the correlated meteorological lag
variables. The preselection of the meteorological variables might, therefore, be an appropriate
method to decrease the number of correlated variables that affect the stability of the variable
importance.
Table 8: Results of the variable selection procedure

Thresholding
Month
1
NDVI
2
Temperature 5 lag days
3
Number of intervened households 4
within a radius of 1km
LST
5
Year
6
Intervention status
7
Distance to lake
8
Slope
9
Elevation
10
Population density
11
TWI
12
Precipitation 25 lag days
13
Relative humidity 10 lag days
14
Aspect
15
Land cover
16
Wall structure
17
Where kitchen
Highest education level

Interpretation
1
2
3
4
5
6
7
8
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4.3.4 Relationships
The relationship between each of the eight most important variables and the occurrence of
mosquitoes is investigated in this section. These are
described regarding the partial dependence plots. The
additional PDPs are added in Appendix F.
Month
The occurrence of mosquitoes is the highest in January, May
and June and lowest in August. This is not completely in line
with the actual numbers of caught mosquitoes as these are
763, 1343, 779 and 229 respectively. The actual number of
caught mosquitoes in November is higher than January and
June, namely 866. According to the PDP, this month is also
relatively high but not as high as the other three mentioned
months.
Figure 13: PDP on month

NDVI
In case the NDVI is low, the mosquito occurrence is also
stable and low. The mosquito occurrence is increasing when
the NDVI value is increasing which is from approximately an
NDVI value of 0.4. This is in a like manner as the literature
says. The more healthy vegetation and thus a higher NDVI
value, the higher the chance of mosquito abundance as there
are more resting sites for mosquitoes (Machault et al., 2011).
As previously mentioned is healthy vegetation essential for
the development and survival rate of mosquitoes. Therefore,
it is clear that the PDP shows this curve since the higher the
NDVI values, the more possible resting sites are available for
mosquitoes and thus a higher chance of mosquito Figure 14: PDP on NDVI
occurrence.
Temperature
The relationship between temperature and mosquito
occurrence is rather complex. The occurrence is quite high
when the temperature is relatively low. It is decreasing when
the temperature is between 20 °C and 24 °C. Subsequently, it
is increasing to a higher level which is even higher than for
the relatively low temperatures. As previously stated, the
most favorable temperatures for adult development is from
28 °C to 32 °C and for adult production from 22 °C to 26 °C
(Bayoh & Lindsay, 2003). The temperature influences the
duration of the process from larvae to adult mosquitoes. The
larval development is longer at low temperatures and
shorter when the temperature increases. Therefore the Figure 15: PDP on temperature
mosquito occurrence is possibly higher at higher
temperatures as the PDP shows.
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Intervened locations
The relation between the number of intervened locations
within a radius of 1km and the mosquitoes occurrence is
more or less linear. The actual observations show that the
average number is higher when none of the households are
intervened (2.2) within a radius of 1km than when one or
more households are intervened (1.3). It also demonstrates
that the average number of caught mosquitoes per category
is fluctuating (Figure 17). The actual numbers can be found in
Appendix D. The relationship shown by the PDP is in some Figure 16: PDP on intervened
way related to the actual observations which means that the locations
more households are intervened, the higher the mosquito
occurrence up till some point where nearly all households 3,5
are intervened (category 301-400).
3

Since these results are not in line with the SolarMal results, it
is relevant to extend the analysis of the intervened
households. According to the researchers of the SolarMal
project is the occurrence of mosquitoes lower in intervened
clusters than in clusters without SMoTS (Homan, Hiscox, et
al., 2016). Important to note is that SolarMal investigated
the average number of caught mosquitoes within clusters
while here a radius is used. They also only examined the
Anopheles Gambiae and Funestus whereas here all caught
mosquito species are investigated.

2,5
2
1,5
1
0,5
0

Number of intervened houses

The average number of caught mosquitoes is examined Figure 17: Average number of
within a radius of 100m up to 2km, with steps of 100m, since caught mosquitoes within 1km radius
mosquitoes barely exceed more than 2 to 3 kilometers from per category of the number of
intervened houses
breeding sites (Carter et al., 2000). The first thing to mention
is that generally, the average number of caught mosquitoes is increasing in case more locations are
intervened (Figure 18 and Appendix D). Another point to mention is that the number is decreasing
when 501 or more households are intervened. This suggests that nearly all households are
intervened and therefore the number is decreasing.
4,0

Number of
intervened
houses

3,5

1-50

3,0

51-100

2,5

101-150

2,0

151-200
1,5

201-250

1,0

251-300

0,5

301-400

0,0

401-500

Radius in meters

501 or
more

Figure 18: Average number of caught mosquitoes within x radius per category of the
number of intervened houses
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LST
The PDP of the LST shows a similar complex pattern as the
normal temperature does but has a different range on the xaxis. The LST is in general higher than the temperature. The
mosquito occurrence is relatively high and stable when the
LST is relatively low. It is decreasing to a point where the LST
is approximately 28 °C. Subsequently, the occurrence is
increasing until the LST is reaching 38 °C, from this point is
the occurrence stable. In general the higher the LST, the
higher the occurrence of mosquitoes.
Figure 19: PDP on LST
Year
The PDP shows that the occurrence is decreasing from 2012
to 2014 and subsequently increasing in 2015. One should
keep in mind that the SolarMal project started counting
mosquitoes from 11 September 2012. The number of
measurements in the year 2012 is therefore much lower
than the other three years. All households were provided
with SMoTS mid-2015 as the intervention rollout was
completed. Looking at the average number of caught
mosquitoes one can conclude that the PDP shows a similar
pattern as the average number of caught mosquitoes per
year (Table 9).
Table 9: Average number of caught mosquitoes per year

Year
2012
2013
2014
2015

Number of
locations
394
1252
1355
1146

Number of caught
mosquitoes
1039
2725
1567
1805

Figure 20: PDP on year

Average number of
caught mosquitoes
2.64
2.18
1.16
1.58

Intervention status
Equivalent to the results of the SolarMal project is the
occurrence according to the PDP lower in areas which are
intervened (with SMoTS) than non-intervened areas (without
SMoTS) (Homan, Hiscox, et al., 2016). There are fewer
household locations where mosquitoes are counted with the
status intervened than with the status not yet intervened
when looking at the actual observations. However, the
number of caught mosquitoes are also fewer in intervened
areas.

Figure 21: PDP on intervention
status
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Distance to lake
The relationship with the occurrence and the distance to the
lake is complex. The expectation was that the closer to the
lake, the higher the occurrence as breeding sites can be
formed at the banks of the lake. The PDP shows that areas
very close to the lake have a high occurrence. The
occurrence is decreasing a bit further away from the lake and
around 0.5 km it is again increasing to a very high
occurrence.
Figure 22: PDP on distance to the
lake

4.3.5 Correlations
The correlation between the mosquito occurrence and each used potential determinant is important
to understand which observations are used to estimate the PDPs. This can be best visualized with
scatterplots. The scatterplots of the number of intervened locations and the distance to the lake are
given as examples. The remaining scatterplots can be found in Appendix G. The scatterplots (Figure
23) show that the majority of observations are clustered in a specific region. This is the case for all
continuous variables. Another important point to mention is that none of the continuous variables
show a clear relation (e.g. linear) with the mosquito occurrence.

Figure 23: Scatterplots of the mosquitoes and intervened locations (left) and
distance to the lake (right)
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5. Discussion and recommendations
The variable selection procedure was able to determine eight important variables which are month,
NDVI, temperature with 5 lag days, number of intervened locations within a radius of 1km, LST, year,
intervention status and distance to the lake. These results are in line with the review paper of Weiss
et al. (2011). Climatic variables and variables that characterize the landscape (e.g. land cover,
vegetation indices and surface moisture) are commonly used for estimating the mosquito
abundance. The assessment of the intervention rollout of the SMoTS is exceptional comparing to
other studies. Time in terms of month and year are not often used as predictor variables but the
results of this study proved that it is important to take this into account. The other important
variables as NDVI, LST and distance to the lake characterize the landscape properties. The
precipitation with 25 lag days proved to be the lag with the highest importance of the meteorological
variables. However, the variable selection procedure did not select precipitation as an important
variable. The procedure did select the temperature with 5 lag days while this ended at the fifth place
when carrying out the preselection. Moreover, the variability of precipitation is higher than the
temperature. A plausible explanation for this is that vegetation indices are a useful indicator of
precipitation (Weiss et al., 2011). Vegetation will be green during and after a period of precipitation
and thus the precipitation is indirectly an important variable.
As expected before the start of this research, the intervention rollout of the SMoTS is related to the
distribution of mosquitoes. However, the generated partial dependence plots (PDPs) of the number
of intervened locations within a radius of 1km suggests that more intervened locations result in a
higher mosquito occurrence. The actual observations also show this but the results of the SolarMal
project identified a lower occurrence when more locations are intervened (Homan, Hiscox, et al.,
2016). Important to note is that all the PDPs of the continuous variables follow a similar pattern
which has to do with the distribution of the actual observations as can be distinguished in the
scatterplots. Random forest models assume that the used dataset contains representative samples
but this is not the case with the mosquito dataset. This dataset does not have a normal distribution
(2534 records with absence versus 1615 records with presence (more than 0)). Hence, the model is
more likely to predict based on the overrepresented data samples. Generating the PDPs with nonrepresentative data samples is difficult for the model as it frequently has to estimate the relationship
based on a few observations. These mentioned reasons are plausible explanations for the similar
patterns of the PDPs of the continuous variables which makes the reliability of the relationships
questionable.
Despite the questionable reliability, one can conclude that none of the relationships of the
continuous variables are linear. Many relationships are more complex and it is therefore not correct
to assess the relation between mosquito occurrence and the environment by a correlation
coefficient. Using a random forest is a convenient way to determine the relationship of mosquito
occurrence, the intervention rollout of the SMoTS and the environment. However, the results of this
thesis are impacted by the size of the study area and thus directly to the size of the dataset. Using
only approximately 4000 observations, including lots of absence (61% of the data) data, is too little
for finding the most important variables and assess the type of relationship. An extended dataset will
increase the reliability of the results. A larger study area will enlarge the variation in environment,
demography and socio-economy which might show a stronger relationship with the distribution of
mosquitoes. The dataset should also contain collected data in uninhabited regions as the model
might find a more clear relationship, in particular, with the demographical and socio-economic
determinants.
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RF model performance
The performance of the RF model is crucial to investigate and can be done by different statistical
numbers. One output that the RF model gives is the Mean of squared residuals which is the same as
the Mean Squared Error (MSE) over the complete dataset. The MSE has the same units of
measurements as the square of the quantity being estimated which is, in this case, the mosquito
occurrence and is equal to 13.24. It is easier to interpret the MSE when it is transformed to the same
unit as the estimated quantity which can be done with the Root Mean Squared Error (RMSE). The
RMSE is 3.64 while the mean of the caught mosquitoes is 1.72.
The percentage variance explained by the model is used to measure how well out-of-bag (OOB)
estimations explain the mosquito occurrence variance. This number is equivalent to the pseudo-Rsquared which is a measure of how well variables of a model explain a certain phenomenon.
Unfortunately, this percentage is extremely low (11.9%) which concludes that estimating the
mosquito occurrence is remarkably challenging. The unexplained variance would be due to true
random behavior or lack of fit. As mentioned above, this might be caused by non-representative data
samples.
Adjusting the aggregation level of the dataset might be an improvement for the model. In this study,
the mosquito occurrence is assessed at point level. However, this could also be on a cluster level or
another level. The area is larger and probably the dataset contains fewer zeros which make it easier
to estimate the occurrence. The other variables of the environment also have to be aggregated to
another level to e.g. take the mean or mode over this specific area.
Regression vs classification RF
Regression RF is not very different from classification RF. The difference is that the regression RF
produces a continuous prediction, while classification RF produces a discrete prediction. The
prediction of the target variable for each tree in the forest is averaged in regression RF. For
classification RF, the majority is chosen. It could have been more effective to treat the mosquito
occurrence as a classification problem instead of regression. The mosquito occurrence could, for
example, be categorized into “absence”, “low”, “moderate”, “high” and “very high”. The model
might predict this more accurately. Nevertheless, the mosquito dataset is still skewed and therefore
probably also has some difficulties to approximate the class.
Environmental data
Due to a lack of high-resolution spatial datasets, it was not possible to take small scale breeding sites
like footprints of animals or tracks of cars take into account. Identifying these breeding sites is
expensive and time-consuming. Satellite images and DEMs are often used to identify these small
scale breeding sites (Nmor et al., 2013). However, the DEM with a 30m resolution used in this study
is not able to detect breeding sites. A high-resolution satellite image, acquired with for example an
unmanned aerial vehicle (UAV) on multiple days could have an enormous added value in this study.
Multiple high-resolution satellite images will cover possible spatial and temporal patterns. Moreover,
the temporal variability is important as the small breeding sites can develop and disappear very
easily within a short time. Besides, the TWI could be calculated more accurately in case highresolution satellite images could be used.
According to Dambach et al. (2012), Night LST shows a stronger correlation with mosquito
occurrence due to the lower effect of solar radiation. This probably results in a better representation
of the average water temperature where breeding sites are located. Thus, it is recommended that
future studies look into the difference between the Day LST and Night LST on mosquito occurrence.
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Socio-economic variables
The demographical variables are used as exploratory variables. Unfortunately, the dataset was
incomplete which resulted in a higher aggregation level. Therefore it could have been expected that
these variables are not important for the occurrence of mosquitoes as the variation was limited due
to replacing the missing values with the mode. It is therefore recommended to use a complete set of
socio-economic variables in another study to assess whether these are related to the distribution of
mosquitoes. Moreover, the assessment would potentially more valuable when using a dataset that
also contains mosquito occurrence of uninhabited areas as mentioned above.
Partial dependence plots
There are some disadvantages related to the partial dependence plots (PDPs). PDPs do not show the
distribution which means that regions in the plot with actually no or almost no data are represented
as a straight line in the plot. This can result in incorrect interpretations. Moreover, PDPs assume that
the variables are not correlated with each other (Goldstein, Kapelner, Bleich, & Pitkin, 2015). When
the correlation between the variables is strong, the PDP can be misleading. Another disadvantage of
PDPs is that heterogeneous effects might be hidden. For example, half of the points of a variable
have a positive correlation with the mosquitoes and the other half of the data points have a negative
correlation. A PDP only shows average information that can obscure relevant information.
Individual Conditional Expectation (ICE) plots could be used (Goldstein et al., 2015) which aim to
address the above-mentioned issues. ICE plots display the relationship between the feature and
target variable for individual observations while PDPs only show the average of all individual
relationships. These ICE plots could be produced with the R package ICEbox. This package makes it
also possible to unveil the variation in effects between the individual curves in the ICE plots.
Sometimes it is difficult to discover the starting point of the individual ICE curves. A solution is to use
the so-called centered ICE plots or c-ICE where all the curves are centered at one certain point and
only the variation in the prediction to this point is shown (Molnar, 2019). Figure 24 shows an
example of three ICE and c-ICE plots created by Molnar (2019).

Figure 24: Examples of ICE (left) and c-ICE (right) plots on temperature, humidity and
windspeed (Molnar, 2019)

Unfortunately, the disadvantages of PDPs and the advantages of ICE were not known when
producing these. For this study, it was aimed to understand the relationship between feature and
target. PDPs make is possible to generate the average relationship but it is highly recommended to
use ICE in future studies since these show individual observations. The ICE curves have also some
disadvantages as overcrowded plots due to the individual curves. Moreover, it might suffer from the
same problem as the PDPs when the variables are correlated with each other. Lastly, it might not be
difficult to distinguish the average relationship (Molnar, 2019). A solution for this is to plot the PDP
with the ICE together.
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Spatial component
Within the scope of this project, only individual locations of households are used. The spatial
component is only taken into account by using the number of intervened households within a radius
of 1km. It may be important to develop additional variables to take the spatial component more into
account. For example, the distance to the nearest household which was already intervened could be
calculated. Moreover, it can be an added value to not only look at the number of intervened
households within a radius of 1km, but also the percentage of intervened households relative to the
total number of households in the same radius. The number of caught mosquitoes might be lower in
a high densely populated area with lots of intervened households than in an area with nonintervened households.
Lastly, in 2019 Stefanos Georganos et al. developed a Geographical Random Forest (GRF) which is a
spatial analysis method based on the local RF algorithm. The GRF can model non-stationary and nonlinear data. It is developed to connect machine learning with geographical models to model
geographical relationships. The GRF assumes that dependent and independent variables are spatially
related. The R package SpatialML could be used to implement a GRF. According to Georganos et al.
(2019), the predictions will improve when using a GRF over a traditional RF. Another advantage of
GRF is that maps can be developed which show the spatial interaction between variables (Georganos
et al., 2019). Unfortunately, at the time that this thesis was carried out, detailed documentation on
GRF was missing. Therefore, it is highly recommended for future studies to assess the effectiveness
of GRF since this method might be more appropriate for spatial analysis.
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6. Conclusion
This research aimed to identify whether the intervention rollout of the SMoTS and the environment
had any effect on the distribution of mosquitoes. The expectations that the intervention rollout of
the SMoTS did influence the occurrence of mosquitoes are fulfilled. Both the intervention status and
the number of intervened households within a radius of 1km of each household are selected by the
random forest (RF) models as important. However, the number of intervened households within a
radius of 1km presents an unexpected relationship with the mosquito occurrence. This relationship
suggests that the more surrounded intervened households, the higher the mosquito occurrence is.
On the other hand, the relationship of the intervention status shows the expected results which are
in line with the findings of the SolarMal project (Homan, Hiscox, et al., 2016). The most plausible
explanation that the results of the number of intervened households within a radius of 1km differ
from the SolarMal results is that the RF model has difficulties to estimate the relationship based on a
few observations. This is caused by the non-representative samples in the mosquito dataset. One can
conclude that estimating the mosquito occurrence on Rusinga Island is challenging with such a small
dataset and study area. This can be concluded from the extremely low performance of the RF model.
Even though the variable selection procedure selected eight variables as most important, it is still
doubtful how important these variables are in other (larger) areas because of the low performance.
Although multiple studies carried out similar research, this thesis gives some first insights into the
effect of the intervention rollout of the SMoTS. Besides, the temporal component (year and month)
which is not often used in other studies is according to the results important for estimating the
spatial distribution. In total 15 variables of the environmental, demographical and socio-economic
categories are assessed but only four environmental variables were selected as important. These
were the Normalized Difference Vegetation Index, Temperature with 5 lag days, Land Surface
Temperature and Distance to the lake. Neither the demographic nor the socio-economic variables
are selected as important variables. This is due to the data incompleteness of the socio-economic
variables.
Further research is required to better determine the relationships between the intervention rollout
of the SMoTS, the environment and the distribution of mosquitoes. It is recommended to extend the
size of the study area and the mosquito dataset so that the latter contains representative samples
and thus a (more) normal distribution. The environmental variability would probably be higher in a
larger study area which might cause a stronger relationship between some determinants and the
mosquito occurrence. Offering each household a trapping system in a larger study area can also
result in a more clear effect of the SMoTS. Moreover, the RF model could presumably better
estimate the relationships between each of the determinants and the mosquito occurrence when the
dataset and study area is larger. The relationships can then be estimated based on more
observations.
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Appendices
Appendix A. Summary of the potential determinants
Appendix table A-1

Age

Name of determinant Category
Demographic

Aridity Index
Aspect
Breeding habitats
Building year of the house
Curvature
Day-time land
temperature

Environment
Environment
Environment
Socioeconomic
Environment
surface Environment

Distance to health center
Distance to houses
Distance to roads
Distance to water bodies

Education
Elevation

Enhanced
Vegetation
Index
Evapotranspiration
Flow accumulation
Flow distance to stream
Gender
House structure (e.g. wall
type, roof type, window
type, location of kitchen,
presence of eaves)
Household size
Household wealth
Humidity
Land cover / land use

Socioeconomic
Environment
Environment
Environment

Socioeconomic
Environment

Environment
Environment
Environment
Environment
Demographic
Socioeconomic

Demographic
Socioeconomic
Environment
Environment

Night-time land surface Environment
temperature

Source
(Thomas et al., 2018), (Gosoniu, Msengwa, Lengeler, &
Vounatsou, 2012), (Oesterholt et al., 2006)
(Weiss et al., 2011)
(Fornace, 2018), (Mushinzimana et al., 2006)
(Thomas et al., 2018)
(Zhou et al., 2007)
(Mushinzimana et al., 2006)
(Ibañez-Justicia & Cianci, 2015), (Weiss et al., 2011), (Dambach
et al., 2012), (Machault et al., 2011), (Amek et al., 2012),
(Gosoniu et al., 2012), (Riedel et al., 2010), (Wiebe et al.,
2017)
(Homan, Maire, et al., 2016), (Yadav et al., 2014)
(Fornace, 2018)
(Fornace, 2018)
(Homan, Maire, et al., 2016), (Zhou et al., 2007), (Amek et al.,
2012), (Gosoniu et al., 2006), (Gosoniu et al., 2012),
(Oesterholt et al., 2006), (Riedel et al., 2010)
(Yadav et al., 2014)
(Fornace, 2018), (Homan, Maire, et al., 2016), (Zhou et al.,
2007), (Ibañez-Justicia & Cianci, 2015), (Mushinzimana et al.,
2006), (Ernst et al., 2009), (Weiss et al., 2011), (Machault et
al., 2011), (Amek et al., 2012), (Gosoniu et al., 2012),
(Kazembe, 2007), (Riedel et al., 2010), (Wiebe et al., 2017)
(Fornace, 2018), (Ibañez-Justicia & Cianci, 2015), (Weiss et al.,
2011), (Alegana et al., 2013), (Wiebe et al., 2017)
(Weiss et al., 2011), (Kazembe, 2007)
(Weiss et al., 2011)
(Mushinzimana et al., 2006)
(Yadav et al., 2014), (Thomas et al., 2018)
(Zhou et al., 2007), (Ernst et al., 2009), (Yadav et al., 2014),
(Thomas et al., 2018), (Oesterholt et al., 2006)

(Thomas et al., 2018)
(Ernst et al., 2009), (Yadav et al., 2014), (Gosoniu et al., 2012)
(Machault et al., 2011)
(Fornace, 2018), (Zhou et al., 2007), (Ibañez-Justicia & Cianci,
2015), (Ernst et al., 2009), (Weiss et al., 2011), (Machault et
al., 2011), (Riedel et al., 2010), (Wiebe et al., 2017)
(Ibañez-Justicia & Cianci, 2015), (Weiss et al., 2011), (Dambach
et al., 2012), (Machault et al., 2011), (Amek et al., 2012),
(Gosoniu et al., 2012), (Riedel et al., 2010), (Wiebe et al.,
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Normalized
difference Environment
pond index
Normalized
difference Environment
vegetation index
Population density

Demographic

Precipitation

Environment

Slope
Soil moisture

Environment
Environment

Tasseled cap brightness
Tasseled cap wetness
Temperature

Environment
Environment
Environment

Topographic
index
Use of bed nets

wetness Environment
Socioeconomic

2017)
(Dambach et al., 2012)
(Homan, Maire, et al., 2016), (Ibañez-Justicia & Cianci, 2015),
(Machault et al., 2011), (Amek et al., 2012), (Gosoniu et al.,
2006), (Gosoniu et al., 2012), (Riedel et al., 2010)
(Fornace, 2018), (Homan, Maire, et al., 2016), (Ibañez-Justicia
& Cianci, 2015), (Weiss et al., 2011), (Alegana et al., 2013),
(Riedel et al., 2010), (Wiebe et al., 2017)
(Cleckner et al., 2011), (Zhou et al., 2007), (Ibañez-Justicia &
Cianci, 2015), (Weiss et al., 2011), (Dambach et al., 2012),
(Machault et al., 2011), (Alegana et al., 2013), (Amek et al.,
2012), (Gosoniu et al., 2012), (Kazembe, 2007), (Riedel et al.,
2010)
(Fornace, 2018), (Weiss et al., 2011)
(Cleckner et al., 2011), (Machault et al., 2011), (Kazembe,
2007)
(Weiss et al., 2011), (Wiebe et al., 2017)
(Weiss et al., 2011), (Wiebe et al., 2017)
(Cleckner et al., 2011), (Fornace, 2018), (Weiss et al., 2011),
(Alegana et al., 2013), (Gosoniu et al., 2006), (Kazembe, 2007)
(Fornace, 2018), (Homan, Maire, et al., 2016), (Mushinzimana
et al., 2006), (Weiss et al., 2011)
(Gosoniu et al., 2012), (Yadav et al., 2014)
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Appendix B. Data exploration
This appendix provides detailed information on the spatial, temporal and/or spatial-temporal
dimensions per variable. First, the mosquito abundance dataset is analyzed on all three dimensions.
After that, the collected data of the environment is explored which provides information on the
study area.
I.

Mosquito abundance data

The mosquito dataset is analyzed in the spatial, temporal and spatial-temporal dimensions to
examine the distribution of mosquitoes over the study area. Firstly, some general statistics are
generated on the whole mosquito dataset which gives the first impression on the number of caught
mosquitoes per species. Secondly, the spatial distribution is described which is followed by a chapter
on the temporal distribution. Lastly, the spatial-temporal dimension is described. A distinction is
made between non-malaria mosquitoes and malaria mosquitoes in the following sections.
During the baseline period which is 38 weeks, in total 3006 mosquitoes were caught in 868 traps on
412 unique locations. Culex is the species that occurred the most in the baseline period. Only 14% of
all the mosquitoes were malaria vectors in this period. The intervention period was in total 132
weeks where 5622 mosquitoes were caught on 1459 unique locations. Similarly, as the baseline
period, the Culex species had the highest proportion of caught mosquitoes. The proportion of the An.
gambiae mosquitoes were in this period higher than in the baseline period. The following table
contains the numbers of caught mosquitoes for each species, split in the baseline and intervention
period.
Appendix table B-1

Total An. gambiae
Number of mosquitoes trapped 3006 74
during baseline period
% of total
100% 2.5%

An. funestus
348

Aedes
39

Mansonia Culex
318
1873

11.6%

1.3%

11.0%

73.7%

Number of mosquitoes trapped 5622 405
during intervention period
% of total
100% 8.9%

398
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234

3460

8.8%

1.0%

5.2%

76.2%

1.1 Spatial distribution
The locations of the caught mosquitoes are interpolated using the Inverse Distance Weighting (IDW)
technique. IDW assumes that closer things are more related than things further apart. IDW uses the
values of neighboring points to predict unmeasured locations. Values close to the prediction location
affect the predicted value more than values further away. No statistical models are required for IDW
interpolation which makes it different from e.g. Kriging. The unknown areas are determined based
on the distance weight and the known values. The IDW method is chosen since the results are easily
interpretable.
A distinction is made between all mosquitoes and only the malaria vector mosquitoes. The
mosquitoes are quite randomly distributed over the study area (Appendix figure: C-2, and Appendix
figure: C-3). The Anopheles mosquitoes do not occur as often as the Culex which result in an almost
homogeneous interpolated map when only looking at the distribution of these species. The
Anopheles mosquitoes are mostly caught in the southwest of the area. On the northwest side is also
a spot where a high malaria mosquito occurrence is found. On the west side of the island are not a
lot of mosquitoes caught and have, therefore, no high predicted values.
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1.2 Temporal distribution
The temporal distribution of the caught mosquitoes is not equal over the years (Appendix figure:
C-4). Firstly, the caught mosquitoes in 2012 are lower than the other years which is obvious as the
data of this year is not of a complete year. The number of caught mosquitoes of the species Culex,
Aedes and Mansonia were the highest in 2013. The Culex is the most caught mosquito in each year.
Since the female malaria mosquitoes are hunting for blood and thus are dangerous for the
inhabitants of the study area, a closer look at the temporal distribution of these species is necessary
(Appendix figure: C-5). The highest number of the An. funestus species was in 2012 which was a bit
higher than in 2014. The number of An. gambiae increased the first three years and 2015 was similar
to the previous year.
1.3 Spatial-temporal distribution
The majority of the clusters had a higher number of caught mosquitoes in 2013 compared to the
other three years (Appendix figure: C-6, Appendix figure: C-7, Appendix figure: C-8, Appendix figure:
C-9). In the years 2013, 2014 and 2015, repeatedly one cluster close to where the island is linked with
the mainland has a high value. The region in the southwest of the area had in 2013 and 2014 high
values. None of the clusters have continuously high or low values. The mosquitoes are randomly
distributed which means that no clear spatial-temporal pattern can be distinguished.
II.

Meteorological data

The meteorological dataset contains the daily precipitation in millimeters, the temperature in Celsius
degree and the relative humidity for the period of the 1st of July to the end of 2015. Only the
temporal variability is described for these three variables as there is no spatial variability.
2.1 Precipitation
The study area is a dry area that has a dry season in June, October and late December and February.
There are a lot of dry days in the complete period (Jun-Dec 2012 = 119, 2013 = 245, 2014 = 247, 2015
= 244). In general, there are two rainy seasons in one year (Appendix figure: C-10). One long season is
from March until May and one short season is from October to early December. There was no year
significantly dryer than others. All the years had around 1100 mm of rain in total. 2012 which
represents half a year had 740 mm of rain. The wettest month was December 2012 with a total
precipitation of 316 mm. The driest month was June 2013 with 5 mm of rain. A remarkable period in
2015 is the months of June until September which was dry while, in general, the months July, August
and September not belong to the dry season.
2.2 Temperature
The mean temperatures per month vary from 22 °C to 27 °C (Appendix figure: C-11, Appendix figure:
C-12, Appendix figure: C-13). The coldest day reached a temperature of 17.7 °C and the warmest day
31.5 °C. The trend in the mean temperature per week follows a pattern and a seasonal cycle can be
distinguished. The temperature is lower around August and increases around November for each
year. The year 2015 had an extremely warm period where one week of the month March reached a
mean temperature of 29.5 °C. The observed temperature in the study area in 2015 is completely
upended and does not follow the normal seasonal cycle. The monthly mean temperatures are much
higher this year than in the other three years. This might be the effect of an El Niño which has an
impact on weather patterns for an extended period around the world. The water in the Pacific Ocean
is unusually warm during an El Niño. The El Niño started in March 2015 and had its peak in
November. However, this peak cannot be discovered in the temperature data.
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2.3 Relative humidity
The relative humidity is normally distributed and fluctuates between 35% and 97% (Appendix figure:
C-14 and Appendix figure: C-15). This variable does not fluctuate over time as much as precipitation
and temperature. The median of the relative humidity is for each year similarly. On the days where
the relative humidity was low, there was also not a lot of precipitation and vice versa. This can be
explained by the fact that precipitation increases the humidity of the air due to evaporation. The
temporal variability is quite high over the period as the minimum and maximum values are far apart
from each other.
III.

Normalized Difference Vegetation Index

The NDVI dataset consists of 81 files that change over space and time. Therefore, the spatial,
temporal and spatial-temporal distribution are described in the following section.
3.1 Spatial distribution
The spatial distribution of the NDVI values is not homogeneous over the area. The mountain in the
middle of the island has consistently high NDVI values compared to the rest of the study area, even
though in dry periods. The NDVI values are higher in the southern part of the area and the northern
part of the ‘neck’ of the island (northeast part of the island). The northern part of the area has in
general lower NDVI values except for the hill in the middle of the island.
3.2 Temporal distribution
The NDVI values range between the minimum value of -0.19 and the maximum value of 0.99. The
months April, May and June have high NDVI values for all the years (Appendix figure: C-16). The NDVI
values in the period between July/August until October and the month March are in general lower.
Almost all months with low NDVI values were months with less than 150 mm of rainfall. The
beginning of 2015 had really low NDVI values which can be related to the high temperatures. The
climate is strongly related to the variation in NDVI values. According to Wang, Rich and Price (2003),
there is a lag period of two months between precipitation and NDVI in Africa. Temperature affects
plant growth which also influences the NDVI values (Wang et al., 2003). However, this is only at
specific times of the growing season. As Rusinga Island is located around the equator, there is no
summer or winter period but dry and rainy periods which influences the growth curve of a plant.
From March until May, a long rainy season occurs in this area which results in more healthy
vegetation and thus higher NDVI values.
3.3 Spatial-temporal distribution
A pixel time series gives insight into the spatial-temporal NDVI variation (Appendix figure: C-17). The
minimum and maximum values are fluctuating very much over time and are far apart from each
other. This means that the NDVI values are not homogeneously distributed over the area.
Remarkable is that the minimum values are fluctuating more than the maximum values. Although the
cell values are changing over time, still a pattern can be distinguished which is related to the seasonal
cycle as mentioned before. Hence, it can be concluded that the variability is very high over space and
time.
IV.

Land Cover

As the dataset of one year is used, only the spatial variability could be analysed. The major land cover
type is cropland which is followed by grassland (Appendix figure: C-18). These two land cover types
cover together 75% of the complete study area so the island is quite homogeneous. The built-up
areas only cover 2.4% of the island and are mainly around the coast and mountain. The biggest builtup area is located where the island is linked with the mainland. The mountain in the middle of the
island is covered with trees, cropland and grassland and surrounded by shrubs. Remarkable is that
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mainly grassland covers the ‘neck’ of the study area. The following table shows the proportion per
land cover type.
Appendix table B-2

Land cover Type
Open water
Built-up areas
Bare areas
Lichen and mosses / sparse vegetation
Vegetation aquatic or regularly
flooded
Cropland
Grassland
Shrubs cover areas
Trees cover areas
V.

Number of pixels
9842
2656
1099
4
1038

% of the total
8.8%
2.4%
1.0%
0.0%
0.9%

46030
37430
11751
1379

41.4%
33.7%
10.6%
1.2%

Elevation and derivatives

As the elevation is not changing much over the temporal scale of this study period, only one dataset
is acquired. The spatial variability of the elevation is not very high looking at the area where the
mosquitoes are caught. The mountain in the middle of the island is uninhabited. The minimum height
of the island is 1130m while the maximum is 1457m above sea level (Appendix figure: C-19). The
highest point corresponds to the mountain which is around 300 meters high. In the north, east and
west are also some hills located but these are not as high as the mountain. The mean elevation of the
island is 1174m. The probability distribution of the DEM shows that the data is positively skewed
where relatively a bigger area has elevations around 1150m (Appendix figure: C-20).
The slope is higher around the mountain and hills (Appendix figure: C-21). The highest slope is 40
degrees which is very steep (83.8 percent). Most slope directions are to the east and west as the
ridgelines of the mountain and hills are mostly from north to south (Appendix figure: C-22). Based on
the Topographic Wetness Index it can be concluded that the study area is a dry area with some
waterways that explains the water trend accumulation (Appendix figure: C-23). Obviously, all the
waterways are coming from the mountain or hills and are following the lowest elevation route to the
lake.
VI.

Land Surface Temperature

The LST dataset consists of 162 files that change over space and time. Therefore, the spatial,
temporal and spatial-temporal distribution are described in the following section.
6.1 Spatial distribution
The LST values are not homogeneously distributed over the study area. The ‘neck’ of the island and
the cells around the coast have always lower LST values. This might be caused by the fact that the LST
is averaging the values in each grid. The spatial resolution is low (1km) and therefore it is likely that
water is contributing to the average LST of some grid cell close to the coast of the island. The pixels in
the middle of the island have generally higher LST values. At some point in time, these pixels have
higher values. There is a medium spatial variability of LST values over the study area.
6.2 Temporal distribution
The LST values are ranging from the minimum value of 19.1 °C to the maximum value of 44.0 °C.
Generally, the months September, October and the period from half January until March have
relatively high LST values (Appendix figure: C-24). The months May and June have in general low LST
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values. The differences in LST values per month might be related to weather conditions. Some sort of
a seasonal cycle can be distinguished when looking at the time series.
6.3 Spatial-temporal distribution
A pixel time series gives insight into the spatial-temporal LST variation (Appendix figure: C-25). The
minimum and maximum values are fluctuating over time. The same pattern can be distinguished in
the pixel time series as in the time series with mean values. There is spatial-temporal variability
which means that it is useful to include both spatial and temporal components in the analysis.
VII.

Population density

7.1 Spatial distribution
The island is not completely inhabited as the mountain in the middle of the island is uninhabitable
due to the steep slope (Appendix figure: C-26, Appendix figure: C-27, Appendix figure: C-28,
Appendix figure: C-29). The highest population density is in the southeast of the island where the
area is linked with the mainland. The population density is also higher around the shoreline of the
island, especially in the west and north of the area. Lastly, the southern region of the ‘neck’ of the
island is also more populated. The high population densities around the shoreline can be explained
by the fishing beaches.
7.2 Temporal distribution
Looking at the temporal distribution, it can be concluded that the number of inhabitants slightly
increased (Appendix figure: C-30). The mean population density increased from 5.0 in 2012 to 5.4 in
2015. Also, the maximum population density per year increased from 32.7 in 2012 to 52.4 in 2015.
Remarkable is the minimum population density which is not increasing but fluctuating. The minimum
value is decreasing from 2012 to 2013 and increasing afterward.
7.3 Spatial-temporal distribution
Looking at the spatial-temporal distribution it can be concluded that the variability is not very high
(Appendix figure: C-31). The majority of cells have a value of 20 or lower and continue to have
approximately the same density over time. Especially the cells with a value of 15 or lower continue
stable. Higher values on the other hand, are fluctuating more and generally increase, specifically the
cells with values of 25 or higher. The areas which already had a high population density, like the
village in the southeast where the island is linked with the mainland, is increasing. This is also the
case for the areas around the shoreline of the island and the southern region of the ‘neck’ of the
island. It can be concluded that the spatial-temporal variability is not very high as the majority of the
cells remain stable.
VIII.

Socio-economic

The variation in the socio-economic variables is not high (Appendix figure: C-32, Appendix figure:
C-33, Appendix figure: C-34, Appendix figure: C-35). Almost 60% of the heads of the households
finished primary school. Approximately 30% finished secondary school while a very small number
finished a higher education level. The percentage of households with a kitchen outside the house is
the highest (35.3%). Besides, quite some number of households have their kitchen in a separate
building. Some have it in another house or in the main living area. Almost all households (98.8%)
have iron sheets as roof types. It is, therefore, unnecessary to include this in the analysis. More than
two-thirds of the households built the walls of their houses with wood and mud. Some (17.6%) used
bricks and or blocks.
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Appendix C. Plots data exploration
Appendix figure: C-1

Appendix figure: C-2
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Appendix figure: C-3

Appendix figure: C-4
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Appendix figure: C-5

Appendix figure: C-6
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Appendix figure: C-7

Appendix figure: C-8
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Appendix figure: C-9

Appendix figure: C-10
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Appendix figure: C-11

Appendix figure: C-12
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Appendix figure: C-13

Appendix figure: C-14
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Appendix figure: C-15

Appendix figure: C-16
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Appendix figure: C-17

Appendix figure: C-18
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Appendix figure: C-19

Appendix figure: C-20
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Appendix figure: C-21

Appendix figure: C-22
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Appendix figure: C-23

Appendix figure: C-24
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Appendix figure: C-25

Appendix figure: C-26
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Appendix figure: C-27

Appendix figure: C-28
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Appendix figure: C-29

Appendix figure: C-30
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Appendix figure: C-31

Appendix figure: C-32
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Appendix figure: C-33

Appendix figure: C-34
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Appendix figure: C-35
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Appendix D. Average number of caught mosquitoes
These tables show the average number of caught mosquitoes within an x radius per category of the
number of intervened households.
Appendix table D-1

Number of 100m 200m
intervened
locations
1-50
1.129 1.106
51-100
1.200 1.512
101-150
1.167
151-200
201-250
251-300
301-400
401-500
501 or more
Number of
intervened
locations
1-50
51-100
101-150
151-200
201-250
251-300
301-400
401-500
501
or
more

300m

400m

500m

600m

700m

800m

900m

1000m

1.117
1.118
1.500
1.650

1.103
1.219
1.762
1.000
2.143

1.113
1.667
2.100
1.024
0.962
2.000

1.135
1.547
1.359
2.080
1.281
1.545

1.103
1.740
1.628
2.019
2.147
1.333
0.929

1.147
1.253
2.093
1.933
2.659
1.176
1.607

1.194
1.007
2.224
1.328
2.717
2.833
1.119

1.299
0.801
2.354
0.770
2.304
2.977
1.897

1100
m

1200m 1300m 1400m 1500m 1600m 1700m 1800m 1900m 2000m

1.328
0.837
1.521
1.988
1.258
3.900
1.364
3.417

1.343
0.824
1.254
2.357
0.940
2.684
2.270
3.188

1.392
0.911
1.105
1.818
1.690
1.523
2.279
3.083

1.419
0.940
0.864
1.347
1.822
2.250
2.629
2.609

1.470
0.934
0.844
0.957
2.060
2.030
2.417
2.420
3.750

1.407
1.123
0.841
1.016
1.344
2.652
2.329
2.063
2.800

1.382
1.121
0.922
1.110
0.795
1.814
2.933
1.843
3.143

1.354
1.276
0.822
1.057
1.121
1.500
2.225
2.611
2.176

1.300
1.413
0.802
1.081
1.021
1.463
2.142
2.512
2.000

1.253
1.444
0.891
0.902
1.340
1.418
1.968
2.643
1.661
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Appendix E. Results variable selection procedure of meteorological variables
This table shows the results of the variable selection procedure for the meteorological variables.

Appendix table E-1

Variable
Precipitation
Relative humidity
Temperature

Lags in days
0
0
0

Threshold
20
11
6

Interpretation

Precipitation
Relative humidity
Temperature

5
5
5

21
18
5

Precipitation
Relative humidity
Temperature

10
10
10

4
3
13

Precipitation
Relative humidity
Temperature

15
15
15

12
19
15

Precipitation
Relative humidity
Temperature

20
20
20

16
17
8

Precipitation
Relative humidity
Temperature

25
25
25

1
10
9

1

Precipitation
Relative humidity
Temperature

30
30
30

2
14
7

2

5
4
3
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Appendix F. Additional PDPs

Appendix figure: F-1

Appendix figure: F-2

Appendix figure: F-3

Appendix figure: F-4
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Appendix figure: F-5

Appendix figure: F-6

Appendix figure: F-7

Appendix figure: F-8
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Appendix figure: F-9

Appendix figure: F-10

Appendix figure: F-11
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Appendix G. Additional scatterplots

Appendix figure: G-1

Appendix figure: G-2

Appendix figure: G-3

Appendix figure: G-4
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Appendix figure: G-5

Appendix figure: G-6

Appendix figure: G-7

Appendix figure: G-8
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Appendix figure: G-9

Appendix figure: G-10

Appendix figure: G-11

Appendix figure: G-12
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Appendix figure: G-13

Appendix figure: G-14

Appendix figure: G-15

Appendix figure: G-16
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Appendix figure: G-17

81

