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ABSTRACT

The health sector in Mozambique is piled with data, holding records of ma-
jor public health diseases, such as malaria, cholera, etc. The process of
scrutinizing such a mass of health data for useful information is challenging
but essential for the health authorities and professionals. Statistical learning
and inferential approaches can be used to provide health decision makers
with appropriate tools for disease diagnosis and assessment, where the anal-
ysis is performed using Bayesian predictive techniques and data mining.
The purpose of this thesis is to investigate how predictive data mining and
Bayesian regression methods can be used effectively, so as to extract useful
knowledge from reported malaria health data to support decision making
and management.
In summary, effective Bayesian predictive methods based on spatial and
space-time reported cases of malaria have been derived, allowing the ex-
traction of the main risk factors for malaria. Predictive models that com-
bine consecutive temporal connections within the analysis of the space-time
variations of the disease have been found to be relevant when the explicit
modeling of seasonality is not required or is even unfeasible.
Investigation of the most effective ways to derive numerical predictive mod-
els was performed using several regression predictive methods. The conclu-
sions are that effective numerical prediction of new cases of the disease can
be achieved by training support vector machines using a time-window ap-
proach for the choice of different training sets based on a number of years
and reducing the time towards the test set. The best performance is obtained
for a smaller time-window. Another contribution of this thesis is the de-
termining of the importance of predictors in the prediction of the incidence
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of malaria, performed by adopting the permutation accuracy strategy (from
the random forests method) using the test set. Also, an additional contribu-
tion relates to a significant reduction in the predictive error, which has been
obtained by the employment of a sample correction bias strategy, while test-
ing the predictive models in different regions, other than where they were
initially developed.



SAMMANFATTNING

Hälso- och sjukvårdssektorn i Mozambique har samlat stora mängder data
kring folksjukdomar, såsom malaria och kolera. Processen att analysera så-
dana mängder data för att utvinna värdefull information är utmanande men
också av yttersta vikt för hälsovårdsmyndigheter och vårdpersonal. Stati-
tistisk inlärning och inferens kan användas för att tillhandahålla beslutsfat-
tare inom hälso- och sjukvården verktyg att ställa diagnoser och göra ut-
värderingar genom analys baserad på Bayesianska prediktiva metoder och
dataanalys. Syftet med denna avhandling är att undersöka hur prediktiv da-
taanalys och Bayesianska regressionsmetoder på ett ändamålsenligt sätt kan
användas för att extrahera användbar kunskap från rapporterade malariafall
till stöd för beslutsfattande. Bayesianska prediktiva metoder har tillämpats
för analys av insamlad data med spridning både i tiden och rummet för att
extrahera viktiga riskfaktorer för malaria. Prediktiva modeller som kombi-
nerar länkade temporala data med variationer i rum-tiden har visat sig vara
användbara då explicit modellering av förändringar i samband med årstider
inte behövs eller är möjlig. Vidare har metoder för att generera prediktiva
regressionsmodeller undersökts. En slutsats är att träffsäker prediktion av
antalet nya sjukdomsfall kan uppnås genom inlärning av stödvektormaski-
ner (support vector machines) från data som motsvarar olika långa tidsföns-
ter, där det bästa resultatet erhålls från korta tidsfönster. Ett annat av avhand-
lingens bidrag är en metod för att bestämma vilka faktorer som är viktiga
vid prediktion av malaria, vilket görs genom att anamma en permuterings-
metod för testmängden, vilken tidigare har använts för s k random forests.
Ytterligare ett bidrag i avhandlingen är att visa att en signifikant reducering
av prediktionsfelet kan erhållas genom tillämpning av strategi för att kor-
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rigera det fel i urvalet som uppstår då modellen tillämpas för geografiska
områden som den ursprungligen inte var utvecklad för.
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CHAPTER 1

INTRODUCTION

This thesis investigates the application of statistical learning and inference
in the health sector of Mozambique. We use data mining and Bayesian
methods to design predictive models from health data comprising reported
cases of malaria. The first chapter presents the background, the problem
area, and the research question. In addition, a brief description of related
and included publications is given, followed by a summary of the research
contribution. The chapter concludes with the presentation of the thesis struc-
ture.

1.1 RESEARCH BACKGROUND

The Mozambican national health system (NHS) provides and ensures pub-
lic primary health-care services to all citizens. The amount of disease and
disease-related data generated by the NHS is enormous. It is introduced
into the health information system (HIS) and arranged primarily as weekly
epidemiological data (through the Weekly Epidemiological Bulletin 1), col-
lated from all provinces in the country [1]. The number of reported cases
(episodes) of a particular disease are summed and basic statistics are pro-
duced. They are provided as time series showing the geographic variation of

1Boletim Epidemiológico Semanal
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notified cases (as for instance the malaria incidence2 cases), which are pub-
lished in quarterly and annual reports. The HIS was entirely paper-based
until the end of 1992, when the government introduced a computer-based
database and reporting system at the provincial and national levels [3]. It
covers some health programs, such as, family planning, malaria, mother
and child, etc. Due to this limitation, several computer-based information
systems have been implemented within the NHS. Some originated within
the corresponding health program whereas others are supported by interna-
tional partners, leading to a situation referred to as “spaghetti” [4]. On the
other hand, under the Lubombo Spatial Development Initiative3 there is a
computerized malaria information system storing malaria case data, includ-
ing also a spatial component through a geographical information system [5].
The information is collected during the spraying campaigns4 and introduced
into their malaria information system. It plays a key role in the monitoring
and planning of new spray activities. Unfortunately, in Mozambique, the
project is operational only in Maputo province and a small number of dis-
tricts in the Gaza province.

Following the definition of the World Health Organization (WHO), malaria
is considered a life-threatening disease caused by a parasite [7]. The dis-
ease is mostly encountered in tropical and subtropical countries of Africa,
Asia, Central and South America [6; 8]. It is transmitted to other human be-
ings by the bite of an infected female Anopheles mosquito [6], thus called
the disease vector. Every year it affects around 500 million individuals and
has a very high death rate [6; 9]. In Mozambique, malaria has remained
at the top of the country’s disease list for many years now, showing high
levels of mortality, particularly for children [9]. Official records from the

2Incidence is a disease measure defined as the number of new cases per popu-
lation at risk in a given time [2].

3LSDI is a project that brings together three countries, South Africa, Mozam-
bique and Swaziland, and operates in provinces where the countries share common
borders.

4Primary vector control intervention through indoor-residual spray (IRS), as
recommended by the WHO [6]. Dichloro-Diphenyl-Trichloroethane (known as
DDT) is an insecticide used in the spraying of inside dwellings to kill the malaria
vector (mosquitoes).
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Ministry of Health (MoH) report that about a million children are suffering
from malaria in the country. The level of incidence becomes more troubling
for far remote locations away from the major cities and provincial capitals,
in rural areas, where patients tend to travel kilometers to reach the nearest
health facility. In Figures 1.1 and 1.2 the distribution of malaria raw data in
the years with the highest and lowest rates of reported cases in the rural dis-
tricts of Maputo province is shown, for each corresponding month. It should
be noted that the administrative area of Matola is considered as a district at
the level of collection and analysis of data from the MoH, notwithstanding
that it possesses the status of a municipality. It should be noted that the inci-
dence of malaria dropped significantly between 2000 and 2012, this mainly
due to the change in the therapy used (introduction of artemisinin) and mass
utilization of mosquito nets. However, these factors are not captured and
systematized in the health information system.

Figure 1.1: Year with highest raw malaria cases.
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Figure 1.2: Year with lowest raw malaria cases.

The amount and level of information flowing into the health sector repre-
sents a major challenge for the health system managers, employees, and ser-
vice providers at various levels, especially regarding the making of timely
decisions about, for example, the distribution of anti-malarial drugs or other
necessary resources. However, such a large volume of data can be analyzed
in order to generate useful information (knowledge) [10]. It is crucial that
an analytical approach based on reported malaria cases take into account the
intrinsic way that some important features may be reflected in the available
data. Such features (patterns, relationships) are related to the geographical
region (the location where the disease occurs), time (the time interval con-
taining the observation), and affected populations. These dimensions form
a triad: space, time, and personal relationship.

The extraction of such information and knowledge can be an important con-
tribution to explaining the transmission and variation of malaria. To achieve
this goal, some methods and techniques that can contribute to the analysis
of data and knowledge extraction can be applied [11–13]. Among these



INTRODUCTION 5

approaches are predictive data mining and Bayesian regression-based infer-
ence. They allow the extraction of useful and interesting knowledge and
regularities from data. Through the use of data mining (DM), it is possible
to discover patterns5 in the data. The process of extracting previously un-
known information may be automatic or semi-automatic. This information
should be valid and able to generate useful actions. Also, the discovered
patterns should have a significant advantage for strategic decision making
[12; 13]. DM is a step in a larger process known as Knowledge Discov-
ery in Database (KDD) [12]. As such, it relates to the use of algorithms
through which the patterns may be extracted. KDD is a process of non-
trivial extraction of implicit unknown and potentially useful information by
automatically scanning the databases [10]. Additionally, multiple regres-
sion hierarchical models of reported malaria cases, considering independent
variables assumed to explain the disease outcome, can be set up within the
Bayesian statistical framework [14–16]. In this setting, the prior knowledge
regarding the hypothesis being tested together with the information from the
analyzed dataset are integrated. Consequently, estimates of posterior distri-
bution of the Bayesian inference for any parameter of the model are obtained
through simulation, using computational techniques such as Markov Chain
Monte Carlo (MCMC). They represent the updated information of the pri-
ors considering the information from the observed dataset [15; 17]. Also,
the Bayesian analysis allows determining the uncertainty associated to the
estimated parameters. This uncertainty is relevant as it will be used in the as-
sessment of the model’s performance. More discussion of these approaches
will be presented in Chapter 2.

Furthermore, this useful knowledge and information can be integrated into
the health information system to, for instance, reduce the time needed for
decision making and increase the objectivity of the decisions. In fact, health
information systems have been developed to optimize the flow of relevant
information, triggering a process of knowledge and decision-making, plan-
ning and intervention activities [18; 19]. However, malaria incidence risk6 is

5A pattern is any physical or symbolic entity that describes a subset of the data
or a model applicable to the subset [10].

6Defined as the probability of a malaria disease event occurring during a speci-
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largely dependent on the interactions between the host (human), the mosquito
vector, and the environment [20]. This relationship is known as the epidemi-
ological triad of the disease [20]. For example, malaria-related interventions
like treatment therapy, the use of ITNs, and case-control management, are
not captured by the HIS. Consequently, critical and valuable information is
lost, which may render worthless all efforts to reduce and perhaps eliminate
the disease. Actually, the incorporation of these non-climatic factors and
others, such as land usage and irrigation, population movement, drug resis-
tance, availability of health services, etc., may provide better estimations of
local variations of malaria incidence [21–23]. Still, integrating all possible
factors that may influence malaria incidence variation is costly and perhaps
unfeasible. Also, this could be impractical if considering the situation of
scarcity in the Mozambique health sector, with an insufficient number of
health professionals, training needs, weak integration with other sectors,
etc.

The work of this thesis overlaps three distinct areas: data mining, Bayesian
statistics, and public health. From the data mining perspective, a comparison
of different supervised machine learning methods to predict the number of
new disease cases is proposed. Since malaria affects the vast majority of the
Mozambican population, it is considered to be a public health problem with
a clear identification of the at-risk communities and populations [1]. The
Bayesian approach suggests the employment of probabilistic models that
may allow making inferences using a malaria response variable and various
factors assumed to influence it [15; 17]. These factors are then assessed and
classified according to their relative importance, i.e., significance. Subse-
quently, the three focus areas and the solutions proposed later in this thesis,
are linked to the scientific area of public health and informatics (PHI). The
definition given in [24; 25] emphasizes this link by relating PHI to the sys-
tematic application of information and computer science technologies in the
investigation of public health problems and learning. Hence, the contribu-
tions of this thesis are considered to be in the field of public health and
informatics.

fied period of time [2].
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1.2 THE PROBLEM

Statistical learning techniques employed to extract knowledge about the
health of the population using related factors are quite attractive approaches,
as they can allow establishing practical and relevant dependencies. Data
mining methods have been successfully applied in several areas of the health
sector, from the detection of health fraud and abuse to predictive modeling
and disease diagnosis. In medicine, the methods of artificial neural net-
works have been employed in studies of osteoporosis [26; 27], pneumology
[28], paediatric surgery [29], kidney failure [30], heart diseases [31], cancer
risk detection [32; 33], and diabetes [34] to predict the corresponding class
labels. These applications are used as decision support tools for the daily
activities of clinicians. Methods of artificial neural networks, nonlinear re-
gression, and least squares support vector machines have been used to inves-
tigate models for the prediction of future outbreaks of dengue hemorrhagic
fever (DHF) in [35–37], which take climatic factors such as temperature
(minimal, mean and maximum), relative humidity, and rainfall as the input
variables. In contrast, [36; 37] only use rainfall as an input factor, which is
a major disadvantage if one considers the link of the disease vector and the
remain climatic variables. Besides that, these forecasting studies have great
potential for application to malaria data knowledge extraction, as they not
only employ similar factors, but are also transmitted by the same disease
vector.

However, knowledge extraction from malaria datasets performed using pre-
dictive data mining are not only scarce, but they are mostly applied to the
analysis of the biological systems of this disease. Investigations for gene
malaria selection [38], mining of the genome database [39] and malaria
transcriptome [40] are some examples of reported studies. Studies predict-
ing malaria infection outcomes are reported in [41; 42] using hypercube and
artificial neural networks methods. Also using the hypercube method, [43]
identifies the association of the explanatory variables to increased malaria
risk cases. Recently, a study that applies the approach for group method of
data handling (GMDH) polynomial neural network 7 to predict malaria out-

7This is a group of inductive self-organizing methods to solve more complex
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breaks has been reported in [45]. It allows the use of a polynomial reference
function, where simple polynomials are initially created to approximate the
studied systems. This approach is similar to artificial neural networks where
the neurons are activated by a polynomial function. Consequently, a GMDH
polynomial network may also follow into similar artificial neural networks
traps of either local minima or to overfitting. Additionally, these studies do
not predict continuous values. Alternative methods to predict continuous
values using malaria datasets have been developed. The developed numeri-
cal malaria predictive (forecasting) models employ approaches such as au-
toregressive integrated moving average (ARIMA) [46–48] and Poisson re-
gression with polynomial finite distributed lag [21; 49]. These applications
include as input variables temperature and rainfall. But, [46] also includes
the normalized difference vegetation index (NDVI).

Within the Bayesian framework, multiple regression prediction models us-
ing count data usually assume a negative Binomial or Poisson likelihood,
depending on whether the data has a fixed over-dispersion constant or an
unknown magnitude, respectively. The Poisson likelihood is the most com-
mon choice. The Bayesian approach enables hierarchical data modeling
in which it is possible to incorporate spatio-temporal structures. In fact, the
use of methods for predictive modeling that employ space-time data sets has
been investigated for a long time [14; 50; 51]. When the spatial sample size
is not large enough for a regression, the combination of spatial and temporal
dimensions can help increase the regression samples used for the analysis.
Several variants of space-time modeling are possible, where either space-
time interactions and (or) temporal effects are introduced. A linear time
trend has been used in [52–54], with the [53] proposing an inter-annual dis-
ease variation. Studies [55; 56] use an autoregressive random process AR(1)
to model space and time interactions, where the the temporal correlation be-
tween consecutive time lags at the spatial level is defined as either monthly
or annual.

The predictive models established by some of the research here reviewed
can also be applied to other diseases, in particular to the study of malaria.
However, several shortcomings can be identified. Models derived using data

problems of handling observed data samples [44].
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mining methods mostly employ a classification as their data analysis task to
find prediction levels of future disease outbreak risks and diagnosis. This
does not provide a numerical prediction, though some of the methods can
be used to perform continuous values prediction. In addition, the numerical
predictive modeling of new episodes of diseases from the perspective of data
mining is apparently unavailable. ARIMA based models are weak in out-
lier detection, with the possibility for parameter re-estimation and changes
in the order of the ARIMA model [45; 48]. For the models obtained using
a polynomial distributed lag, the selection of parameters for maximum lag
length and degree of the polynomial are the main constraints [57]. Another
limitation of the methods used for numerical prediction of disease forecast
relates to the lack of endorsement of the time-window (frame) approach into
their predictive modeling framework. In this setting, the training set can be
sub-divided and structured into different time lags, yielding a number of
new training datasets. This is important if bearing in mind that the Tobler
law of geography [58] relating spatial dependencies between near objects
can also be applied to the time dimension. Thus, we propose numerical
predictive models that are enhanced using such a time-window strategy for
an effective choice of the required historical data from which to develop the
models. Although the existing Bayesian-based models are derived under the
conjugate space and time domains, the possibility of using several varying
indexes in the temporal dimension is also lacking. In fact, explicitly allow-
ing the dependency between the response and independent variables to vary
within years and months of the same and the following year is crucial. This
can allow capturing temporal correlation effects linking climatic seasons.
Therefore, we extend the space-time interactions described in the predic-
tion models of [55; 56] to simultaneously accommodate monthly and an-
nual variation while finding significant predictive relationships. Moreover,
investigations of sub-regional predictive modeling to validate and reproduce
previous findings on malaria transmission and variation, interactions, and
predictive relationships, are fundamental [59].

Hence, in this dissertation, we devise predictive models based on methods
and techniques from the fields of statistical learning and inference, aiming
at reducing the knowledge gap identified above. The models will be used
to extract invaluable knowledge from health datasets employing the malaria
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data of routinely reported cases from administrative districts of Mozam-
bique. In the Bayesian framework, the models attempt to extend their pre-
dictive performance from the spatial to include a temporal dimension while
accounting for previous temporal random effects. Within predictive data
mining, the challenge for the effective learning of the number of new dis-
ease episodes is considered in each region and time. With the evidence-
based results obtained by both methods of learning, we hope to contribute
to a more informed decision making and management process on the part of
health decision-makers. A further discussion of Bayesian and data mining
approaches can be found in Chapter 2.

1.3 RESEARCH QUESTION

Based on the problem description, the following research question is formu-
lated,

How can one effectively extract useful knowledge from malaria health data
to support decision-making and management, using predictive data mining
and Bayesian regression methods?

The posed research question is answered in seven developed empirical stud-
ies, using historical malaria and climatic datasets. They are summarized
in Figure 1.3 below. The figure outlines the categorization on predictive
Bayesian regression and data mining approaches and interdependencies (in-
cluding the used datasets) between the conducted studies. Also, the figure
establishes the connections between the research question, the process lead-
ing to the extraction of knowledge, and the corresponding studies. Although
in both groups of studies we model continuous-valued functions through re-
gression where the predictive models analyze the data looking for specific
patterns or trends, in the Bayesian studies, the associations between the tar-
get variable (malaria incidence cases) and predictors are investigated. But in
the predictive data mining studies, the forecasting of (unknown) new disease
episodes using similar predictors including the analysis of possible most im-
portant factors is sought.



INTRODUCTION 11

Figure 1.3: Framework connecting the research question and process, and the
interrelationships between studies.
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1.4 LIST OF INCLUDED PUBLICATIONS

This thesis consists of a list of scientific contributions, detailed below. An
extensive summary of the included papers is provided in Chapter 4 and their
full versions in Part II of the thesis.

PAPER I: Mapping malaria incidence distribution that accounts for
environmental factors in Maputo province - Mozambique
Orlando P. Zacarias and Mikael Andersson, Malaria Journal,
9:79, 2010.
DOI: 10.1186/1475-2875-9-79

PAPER II: Spatial and temporal patterns of malaria incidence in Mozam-
bique
Orlando P. Zacarias and Mikael Andersson, Malaria Journal,
10:189, 2011.
DOI: 10.1186/1475-2875-10-189

PAPER III: Comparison of infant malaria incidence in districts of
Maputo province, Mozambique
Orlando P. Zacarias and Peter Majlender, Malaria Journal,
10:93, 2011.
DOI: 10.1186/1475-2875-10-93

PAPER IV: Predicting the Incidence of Malaria Cases in Mozambique
Using Regression Trees and Forests
Orlando P. Zacarias and Henrik Boström, International Jour-
nal of Computer Science and Electronics Engineering
(IJCSEE), Volume 1, Issue 1, pages: 50–54, 2013.
ISSN: 2320-4028

PAPER V: Strengthening the Health Information System in Mozam-
bique through Malaria Incidence Prediction
Orlando P. Zacarias and Henrik Boström, IST-Africa 2013
Conference Proceedings, International Information
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Management Corporation (IIMC), 29–31 May, 2013.
ISBN: 978-1-905824-38-0

PAPER VI: Comparing Support Vector Regression and Random Forests
Modeling for Predicting Malaria Incidence in Mozambique
Orlando P. Zacarias and Henrik Boström, International
Conference on Advances in ICT for Emerging Regions
(ICTer): 217–221, 2013 IEEE. ISBN: 978-1-4799-1276-6

PAPER VII: Generalization of Malaria Incidence Prediction Models
by Correcting Sample Selection Bias
Orlando P. Zacarias and Henrik Boström,
ADMA 2013 Conference Proceedings,
M. Yao et al. (Eds.): ADMA 2013, Part II, LNAI 8347,
pp. 189–200, 2013. Springer-Verlag. Berlin, 2013.

1.5 RESEARCH CONTRIBUTIONS

What follows is a brief presentation of each empirical study and paper, in-
cluding its contribution to answering the posed research question.

Paper I: This very first study was designed to identify and establish the
spatial distribution of malaria incidence, where we explore a Bayesian hi-
erarchical regression approach to making inferences using two risk factors.
The contribution of this paper relates to finding predictive methods for the
extraction of spatial and seasonal malaria risk factors and estimating its in-
cidence. The methods set a way to establish predictive relationships and es-
timates of seasonal malaria variations in the districts of Mozambique. These
results may be useful for planning control activities and intervention taking
into consideration that the predictors, temperature and rainfall change, in-
fluence not only the incidence of disease, but also the variation of the spatial
patterns of its distribution. Therefore, it could be concluded that the em-
ployed methods with seasonal grouping of malaria incidence cases provide
an effective framework for the analysis of this type of data. The limitation
of the predictive models developed is their inability to explicitly capture
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temporal predictive relationships and variations in disease transmission.

In Paper II, a combination of geographical and time-trend approaches of
Bayesian inference learning considering the data of reported cases of malaria,
sampled from the entire population, was adopted. It employs a similar
method to that of paper I, where the extension relates to the inclusion of
time variation in the analysis. Investigation of a combined usage of condi-
tional autoregressive (CAR) process and temporal dimension structures was
performed, with an adjustment of unobserved spatio-temporal interactions.
Effective predictive methods based on space-time reported cases varying for
months of the same and the following year in each spatial unit was the main
contribution in this study. The methods allowed the spatial dependency to be
given by a conditional auto-regressive (CAR) process with a weighting ma-
trix using a binary structure (1 for neighbors and 0 otherwise) or the length
of the border between the neighboring districts. Also, the approach used
for modeling the time variation allowed avoiding direct grouping of months
into the seasons of the year. This was beneficial, as, for example, the sum-
mer season extends from the last few months of each year to the first months
of the next year. These results can benefit the decision-making process on
the management of malaria control activities, highlighting the need to take
into special consideration variations of the independent variables, maximum
temperature and humidity in the region. The lack of additional malaria risk
factors and data at a smaller scale are the main limitations of this study.

Paper III: The combination of the space-time perspective of the previous
study hinted at the need to use a similar technique, however for a different
demographic population group: infants (children less than five years old).
A prediction model built using Bayesian regression methods with no spatial
dependency of the malaria data was more effective. Therefore, it could be
concluded that a very low spatial variation of reported cases was observed.
This can be relevant for the design of disease management strategies and
policy implementation, focused on this population group. The small sample
size of the malaria data was a major drawback to this study.

The need to have models capable of detecting patterns to anticipate situa-
tions of disease outbreak and capable of routinely forecasting new disease
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events based on historical data, led to the design of the studies reported in
Papers IV-VII. They attempt to answer the research question by providing
predictive models for the number of new episodes of malaria. These ac-
curate estimates of new disease cases may allow health decision makers to
identify areas with high exposure to epidemics in a timely manner, leading
to directing resources to the most affected regions. It is expected that the
adoption of the obtained tools may lead to reducing the malaria burden.
In Paper IV, regression trees and random forests methods are adopted and
compared while forecasting the number of new malaria incidence cases in
the space and time domains. A sample of reported cases of malaria from all
age groups (the entire population) is used. Nine different models following
a time window approach were generated. Based on the adoption of a strat-
egy for the choice of different training sets based on the number of years,
and reducing the time towards the test set, the developed models performed
better than with a larger time window. The findings show that a more accu-
rate predictive model was obtained using the random forests method based
on a two-year time window strategy. The permutation accuracy within the
random forests approach was studied to investigate the relative importance
of the predictors included. The contribution of this investigation to answer-
ing the posed research question lies in the capabilities of the random forests
approach in providing effective and accurate estimates of the number of new
malaria episodes, and finding the input variables with the most significant
predictive relationships regarding malaria incidence forecasting. A limita-
tion of this study relates to the monthly aggregation of the data, given that
in real life, weather forecasts are provided on a daily and weekly basis.

The investigation performed in Paper V is based on the support vector
machines approach, where we derive patterns of new malaria cases using
samples from the infant population (children under five years of age). The
results show that after optimizing the required parameters, the predictive
model based on a radial basis kernel acquired the best predictive perfor-
mance. To derive the knowledge of the relative importance of the predic-
tors, the adoption of a random forests strategy was performed with the pre-
dictors being randomly permuted using the test dataset. Therefore, it could
be concluded that support vector machine methods using a radial basis ker-
nel are more effective than those employing other kernels for malaria infant
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data. Also, the use of the random forests approach within the support vector
machines environment allowed the analysis of each predictor’s contribution
(importance) to malaria forecasting estimation. As in Paper III, this inves-
tigation had the limitation of the reduced size of the datasets used in the
analysis.

The goal of Paper VI is to design and access predictive models for the num-
ber of new malaria incidence cases using a dataset sampled from the entire
population (all age groups) and methods for numerical predictions. It is an
extension of Paper IV, but we introduce a more robust method for the ex-
perimental comparison, i.e., random forests and support vector machines
approaches are compared. The decision trees predictive technique was used
as the baseline since our goal was to find the best overall predictive mod-
eling method. The results show that the SVMs model using a radial basis
kernel and based on a two-year time window strategy obtained the most
effective predictive accuracy. Investigation of the most important predic-
tors was conducted following the adoption of the random forests strategy
of variable importance within the SVMs model and performing a random
permutation of the predictors using the test set. In both (RFs and SVMs)
predictive methods, indoor-residual spray vector control interventions were
ranked as the most valuable predictor towards malaria incidence forecast-
ing. In addition, the reduction of the time-window for the historical data
improved the predictive performance, as in Paper IV. The study has the
limitation of using a higher level of aggregate data (monthly) rather than a
finer aggregation (e.g., weekly), considering the availability of forecasts of
climatic data.

Paper VII evaluates the most effective predictive models derived in Papers
V and VI. The goal is to determine their ability to generalize to datasets from
other regions and different (new) times other than those where the models
were originally developed. The predicted errors were significantly reduced
following the application of a sample correction bias strategy compared to
the use of original models. It could be concluded that the obtained predictive
performance can effectively be increased by using the method of sample
selection bias. Therefore, if the test data can be expected to be drawn from
a different distribution than that of the training data set, the adoption of a
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sample correction bias technique is relevant. This is useful, as it extends the
capabilities of predictive models derived previously, by trying to cover the
whole national malaria program in the country.

1.6 THESIS OUTLINE

In Chapter 2, we give a description of the theoretical background of the
Bayesian inference and data mining approaches, which are the basis of the
research presented in this dissertation. As to the Bayesian perspective, the
chapter focus on its application to spatial statistics and epidemiology. Then
it presents a description of machine learning techniques used within the data
mining approach of the thesis.

Chapter 3 presents the methodological approach pursued in the thesis. It
specifies the research settings and philosophical assumptions, the criteria
for site selection, and the methods of data collection. The chapter closes
with a discussion of the design used in the performed studies included in the
thesis.

Chapter 4 summarizes and discusses the main findings of this research de-
rived from the undertaken studies. It closes with a discussion of the limita-
tions of this research.

The main conclusions and recommendations for future work are given in
Chapter 5.





CHAPTER 2

THEORETICAL BACKGROUND

Every day we make decisions that in one way or another affect our environ-
ment: at the social level, where we live, work, in relation to our families,
etc. These decisions are usually based on inferences and relationships em-
bodied in quantities normally observable that contribute to the formation of
models of the phenomenon under study. The models thus obtained are used
to capture trends in the observed data that can then be used to predict new
events.
This chapter starts by first presenting an overview of spatial epidemiology.
It then follows the outline of Bayesian inference including its terminology
and links related to this research. The third section covers machine learn-
ing, followed by the data mining methods and techniques employed in this
thesis, given in Sections four and five. Section 6 discusses some application
issues. Lastly, a presentation of the criteria used in this thesis to evaluate the
predictive models is given in Section seven.

2.1 SPATIAL EPIDEMIOLOGY

The investigation of the spatial variation in disease risk has been made possi-
ble thanks to advances in areas such as computer science, geographic infor-
mation systems, statistical applications, and the ready access to geograph-
ically indexed health and population data [60]. Spatial epidemiology thus
concerns the analysis of variations in disease incidence at the geographical
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level. According to the definition given by [61], spatial epidemiology is part
of the field of ecological studies that, through the explanation of the distri-
bution of diseases in different locations, provides a better understanding of
the causes and origins of diseases. An analysis of the incidence of diseases
and their geographic distribution in order to determine their relationship to
potential factors is crucial, especially in public health and other related areas
of epidemiological application. Hence, in epidemiology, an essential step in
a disease study is the precise description of its incidence in a population
[60–62]. This description may be categorized in various domains, such as:

• Temporal.

• Spatial.

• Distribution according to personal attributes.

The main goal of this categorization is to identify the general incidence
patterns and the relative groups at risk. Depending on the purpose and type
of spatial analysis, four groups of studies can be listed [62]:

1. Disease mapping: Performs the presentation in a map of the spatial
and spatio-temporal patterns of disease risk.

2. Geographical correlation studies: Measures health outcomes by ex-
ploring the spatial variations in exposure to environmental variables
(e.g., air pollution) and lifestyle factors (such as diet, alcohol con-
sumption, etc.). Geographical correlation studies and disease map-
ping use similar statistical models, but have distinct aims. Disease
mapping is descriptive in nature and geographical correlation studies
are concentrated on aetiology questions.

3. Risk assessment related to a point or line source: This type of
study is more adapted to situations when the risk is close to its source
or when the source is considered a potential environmental hazard.
The risk may be a linear source (powerline, road, etc.) or point source
(dam, nuclear power plant, etc.).

4. Cluster detection and disease clustering: This category of studies
is conducted to provide early detection of increased incidence when
the specific disease aetiology is not available.



THEORETICAL BACKGROUND 21

The above division into groups is superficial. For example, the mapping of
diseases depends on the scale, and can provide information about disease
clustering or, with more details, about individual clusters of diseases. As
stressed above, geographic correlation studies have much in common with
disease mapping studies, and the statistical models they use are often simi-
lar. A point source of exposure may lead to an excessive number of localized
cases of a disease that can be detected on a normal disease map. However,
disease dynamics are driven by many factors, which in the case of malaria
include, among others, the spatial distribution of the vector (mosquitoes),
the type of therapy used and the vector’s resistance to some medicines, en-
vironmental and climatic variables, etc. Figure 2.1 presents some of the
actors, factors, and their hierarchical relationships. The diagram depicts the
malaria process abstraction with an indication of three related layers:

• Environmental and climatic;

• Spatial and population;

• Populations, from which to extract the disease affected population
sample.

Climatic and other factors affect the vector density and the local popu-
lation within the eleven administrative provinces comprising the country.
However, the process is driven mainly by heavy rainfalls that brings more
mosquitoes, and this can often lead to an increase in the population of in-
fected mosquitoes. Consequently, more people become infected, leading to
more hospital visits. In Figure 2.1, we concentrate our study on the Maputo
province and its at-risk population, considering the malaria vector popu-
lation that survives local conditions and takes blood meals and multiplies.
Some of the mosquitoes (vector population) die naturally. Persons in the
study region may or may not acquire malaria, as a function of several factors,
such as their relative immunity. The diseased persons can be successfully
treated and thus recover; while others die. From the spatial epidemiology
perspective, this thesis performs a disease risk mapping and thus deals with
explicit spatial or geographical data [63]. Maps of malaria incidence risk
[54; 56; 64; 65] present a retrospective analysis of the spatio-temporal dy-
namic spread rate, thus being useful for targeting malaria prevention and
treatment in a given geographical area and time period.
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Figure 2.1: Snapshot for Hierarchical Abstraction Object Structure of Disease
(malaria) Process for Maputo province
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2.2 THE BAYESIAN PARADIGM

For most of the last century, non-Bayesian approaches to inference domi-
nated statistical theory and practice. However, the last decades have wit-
nessed the reappearance of the Bayesian inference approach. This process
was mainly driven by advances in computing power and techniques, and the
improvement of estimation methods using iterative sampling [17; 66]. Its
numerous applications cover areas such as economics, the social and phys-
ical sciences, etc. Bayesian data analysis is a practical method for mak-
ing inferences from data by using probability models through an inductive
learning process via Bayes’ rule [17; 67].

2.2.1 BAYESIAN INFERENCE

The philosophy of classical statistics (also known as frequentist statistics),
is built on the fact that all the statistical information about a random phe-
nomenon that one wants to infer is based only on what is observed, i.e., on
the data. As such, the classical statistician usually assumes that the param-
eters of the model hereafter referred to as θ , are fixed quantities.

However, in the Bayesian approach, the parameters of interest are regarded
as random quantities. As a result, a Bayesian does not distinguish be-
tween quantities that have been observed and the parameters of the model.
Therefore, while constructing a Bayesian model, probability distributions
for the parameters must be supplied. They represent uncertainty about the
parameters θ and are modeled by a probability distribution π. Moreover,
the Bayesian statistician, unlike the classical one, considers not only the in-
formation coming from the data but also the information that the researcher
has about the phenomenon under study. This information is combined into
a prior knowledge and is represented by the prior distribution with den-
sity π(θ). The prior π(θ) does not depend on the data and holds all the
information the researcher may have about the parameters before the data is
available or known. Two types of priors may be defined [17]:

1. informative: when the researcher has some knowledge about the pa-
rameter distribution;
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2. non-informative: when the researcher has no knowledge about the
distribution of the parameters before the sampling process.1

The process of choosing the parameter θ from π(θ) is implicitly connected
to the data generation mechanism in such a way that this mechanism gener-
ates the dataset Y from some unknown function f (y,θ), usually written as a
conditional density f (y|θ) [68]. The goal is then to learn about the parame-
ter value θ based on the data Y; i.e., Bayesian statistical inference is about
learning from data. Bayesian inference is based on Bayes’ rule [15; 17].
Therefore, considering the random nature of θ and using the joint distribu-
tion of θ and Y, the Bayesian approach determines the conditional density
of θ given the data Y [15; 17; 68] as

π(θ |Y = y) =
π(θ) f (y|θ)

g(y)
(2.1)

Equation 2.1 is called the posterior density of θ and will be the basis of
any inference about θ that is deemed to be interesting. The density in the
denominator g(y) =

∫
π(θ) f (y|θ)dθ in case of continuous θ (while in the

discrete case, g(y) = ∑θ π(θ) f (y|θ)) is called the data marginal density.
If omitting the factor g(y) in Equation (2.1) for a fixed y, and in fact it
does not depend on θ , then one obtains the unnormalized posterior density
[15; 17; 68]:

π(θ |Y = y) ∝ π(θ) f (y|θ) (2.2)

The expressions 2.1 and 2.2 are the main core of Bayesian inference, where
the primary task of any application is first to develop the model f (y,θ) re-
sponsible for data generation (the likelihood density). Then, the required
calculations for the summarization of the posterior density π(θ |y) are car-
ried out. Within the Bayesian inference framework, the posterior distribu-
tion describes the probability of the information available for a parameter
of interest [69]. When the density function of this distribution has an un-
known form or is too complex, intensive computational methods for its ap-
proximation can be used. Through statistical simulations, we estimate the

1This leads to natural differences in researchers’ perceptions of the uncertainty
levels in relation to θ , which will in turn result in different model specifications.
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characteristics of probabilistic models that cannot be computed analytically
[70]. When dealing with highly complex problems, due to the high number
of parameters involved, in general, Markov Chain Monte Carlo (MCMC)
methods are used. The basic idea of MCMC methods is to build a Markov
chain whose equilibrium distribution equals the distribution of interest. Af-
ter a finite number of simulations of this chain, it is expected to reach the
equilibrium distribution, and from this point give rise to a sample distri-
bution of interest. There are several ways to construct Markov chains. The
most widely used approach is the Gibbs sampler proposed by Geman (1984)
[71] and popularized by Gelfand and Smith (1990) [72]. Another similar
technique is the Metropolis–Hastings method, proposed by Metropolis et
al. (1953) [73] and Hastings (1970) [74].

The inferential process used in this thesis regarding the methods for Bayesian
regression to derive predictive models of malaria incidence (papers I–III),
was implemented in WinBUGS2 software version 1.4.1. The inferences are
provided as the estimated value of the central tendency (mean) with a confi-
dence level. WinBUGS is a statistical package running under the Windows
environment and based on the Bayesian inference Using Gibbs Sampling
(also known as BUGS) project [75]. It is used for the Bayesian analysis of
complex statistical models and the parameters are estimated via the MCMC.

2.2.2 BAYESIAN HIERARCHICAL MODELING

Bayesian models typically hold a structure suitable for hierarchical catego-
rization of their processes [15; 76]. The hierarchical structure is introduced
into the modeling by considering the prior distribution h(θ |φ) of the model
θ with prior parameters φ as one level of the hierarchy and the likelihood as
the final stage. In practice, one starts by defining the distribution thought to
explain the process that generates the data. Using the Bayes theorem, this
results in the posterior distribution given as h(θ |y)∝ h(y|θ)h(θ ;φ). In order
to capture some complex structure of the data, the prior is usually subdivided
into a number of conditional distributions called hierarchical stages of the
prior distribution [15]. The Bayesian hierarchical model is entirely defined
when the prior parameters φ associated with the likelihood parameters θ are

2Available at: http://www.mrc-bsu.cam.ac.uk/bugs/welcome.shtml
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assigned a prior distribution. The posterior is obtained as [15],

h(θ |y) ∝ h(y|θ)h(θ ;φ)h(φ ;γ)

∝ h(y|θ)h(θ |φ)h(φ |γ). (2.3)

Two levels of hierarchy of the prior distribution can be distinguished in the
model formulation of 2.3:

• At the first level h(θ |φ)

• h(φ |γ) in the second level. These prior distributions are called hyper-
priors and the corresponding parameters γ are called hyper-parameters.

Extensions to the structure can be incorporated by adding more levels of
hierarchy. Many different types of Bayesian hierarchical models exist, de-
pending on the specific form of the model and the estimation strategy used
[15; 17]. The most popular are models such as the random effects, the vari-
ance components, the mixed and the generalized linear mixed models [77].
A multiple regression Poisson approach with several hierarchies is applied
within the Bayesian framework to evaluate the climatic predictors of malaria
incidence patterns in papers I–III of this thesis. The Poisson assumption for
the likelihood of the counted reported malaria cases, instead of the nega-
tive Binomial, is due to the unavailability of the magnitude of the observed
count cases, as required by the latter method. Figure 2.2 shows a Bayesian
model with three hierarchies developed in one of the studies presented in
this thesis. The model is in fact a sub-model of a far more complex global
malaria abstraction model presented above in Figure 2.1. In this graphical
model, the observed malaria data O[i] is a stochastic node with mean mu[i],
following a Poisson distribution. The node mu[i] is a logical node (equiv-
alent to instantiation in most programming languages) with the right-hand
side shown in the Figure 2.2, under the category value. Loops in the graph
are represented by a “plate,” as illustrated in Figure 2.2 for the range (i in
1:m). The quantities Al pha, Beta[1], Beta[2] are parameters, while Tau.u
and Tau.v are hyper-parameters of the model.
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Figure 2.2: Example of a hierarchical model used in paper I
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2.3 MACHINE LEARNING

Being a branch of artificial intelligence, machine learning applies increasing
levels of automation to the knowledge engineering process [78]. Through
this, it is possible to replace time-consuming human activities with auto-
matic techniques that may improve their accuracy or efficiency by finding
and exploiting regularities in the training data. Learning problems can be
broadly divided into three categories [79]:

• Supervised learning (the outcome variable is provided to guide the
learning process)

• Reinforcement learning (the learner acts on the environment to find
actions that yield the most reward)

• Unsupervised learning (features are provided and no outcome variable
is given)

Machine learning algorithms are the basis of the data mining process. Data
mining can be defined as a semi-automatic process for discovering patterns
in data [13]. The results obtained should be of such importance to the ap-
plied field or business as to bring additional value and advantages. Most
of the research fields found in data mining are based on machine learning.
However, major differences exist between the approaches used in artificial
intelligence and those in database disciplines [12]. This may explain why a
large part of the research in machine learning has been focused on learning
instead of on creating useful information for the user. Moreover, machine
learning studies the development of learning methods that can mimic hu-
man behavior, whereas data mining does not attempt to replace humans. It
is driven by the goal of discovering relevant information that can be used
to provide knowledge to humans [12; 13]. Data mining falls, conceptually,
under the umbrella of Knowledge Discovery in Database (KDD). As such,
it is part of an extensive process of knowledge discovery. It involves data
cleaning, data integration, data mining, and, lastly, the presentation of use-
ful knowledge to the user. From the point of view of its functionality, data
mining can be categorized into:

• descriptive (e.g., concept description, association);
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• predictive (e.g., classification, prediction).

Data mining is also assumed to be an academic area at the intersection of
machine learning and statistics [80], where our main objective in this thesis
is to deliver predictive models by exploiting several data mining (machine
learning 3) learning algorithms.

2.3.1 LEARNING ALGORITHMS

I - Decision Trees and Ensemble of Trees

Decision trees (DT) are classifiers based on a simple divide-and-conquer
algorithm. They predict the class labels for data items [12; 13; 81]. The
process of decision tree learning follows an inductive learning approach,
i.e., the tree is induced from a set of data instances. Its creation begins by
first assigning to the root node, all the examples in the training set. If the
examples belong to the same class, no decision is taken for their further
partition: the solution has been found. In case they belong to one or more
classes, a test is performed at this node that results in a split. This process
is recursively repeated for each new intermediate node until each branch
reaches a leaf node. The nodes are split according to a criterion considering
their degree of impurity and using entropy or the Gini index [13; 81; 82].
When using the DT, it is important to limit the complexity of the learned
trees so that they do not overfit the training examples. Thus, while or after
building the trees, two strategies are used for pruning, so as to minimize the
true misclassification error estimate [13; 81]:

• post-pruning (also known as backward pruning) - performed after the
tree is completely built.

• pre-pruning (called also forward pruning) - decision for stopping the
development of subtrees is made while on the process of tree-building.

The post-pruning strategy is chosen by most implementations of DT. It is
based on two distinct approaches: subtree replacement and subtree raising.
Although the error estimation is based on a weak statistical reasoning [13],
there is a general recognition that works well enough in practice.

3In this thesis we use both terms synonymously
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Albeit single decision trees are considered to be relatively good classifiers
(predictors), often, accuracy may be increased by combining the results of
a collection of decision trees [83–85]. In fact, this simulates a way of com-
bining opinions from different experts to come to a decision, rather than just
considering only that of a solitary adviser. Strategies for combining decision
trees include [13]:

• Bagging (Bootstrap aggregation)

• Boosting

• Stacking (Stacked generalization)

Bagging and boosting combine the means of different decision models of
the same type, integrating their outputs into a single prediction. In case
of a classification problem, this is accomplished through a weighted vote;
whereas for numerical prediction, a weighted average is used [13; 85]. In
boosting, the weights are used to provide higher significance to more suc-
cessful models, while in bagging, equal weights are given to the models.
Random forests (RFs) uses a bagging strategy where the decision trees are
grown by a randomized tree-building algorithm [83]. A sampling with re-
placement procedure is employed on the training set examples to produce
a modified training set of the same size as the original, where some train-
ing instances are incorporated more than once. At each node, a number of
features are randomly selected and the best split on them is used for split-
ting the node. Thus, in each run a slightly different tree may be produced.
The predictions obtained by the process of ensemble of decision trees are
combined by taking the most common forecasting or by determining their
average.

The integration of multiple models can also be achieved through stacking
[13]. This strategy is less used than its rivals boosting and bagging, due to
the recognized difficulties around the theoretical analysis and existence of
many different variations of its applications [13]. Stacking normally uses a
combination of different models, i.e., the models are built by different learn-
ing algorithms. Other approaches for learning ensemble classifiers are the
random subspace method [86] - which is similar to the RF strategy, however,
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with no bagging; and the rotation forests method introduced by [87]. The
random subspace is mostly applied to learn the ensembles of the nearest-
neighbor algorithm [88].

II - Support Vector Machines (SVMs)

SVMs are a set of algorithms, comprising techniques of mathematical pro-
gramming developed by [89]. They are increasingly used due to their attrac-
tive features (e.g., the ability to hold large feature spaces and avoid over-
fitting) and promising empirical performance. They employ the principle
of structural risk minimization, where the classifier is created based on the
concept of decision planes to define decision boundaries [90]. The decision
plane separates a set of objects into different class memberships.

In a simple binary (two classes) classification problem, the goal would be to
separate the observed data in two groups. The hyperplane is then positioned
in a way that separates the examples of both classes to fall into each of its
side. An example of a fictitious data set separable by linear hyperplanes is
given in Figure 2.3, where there exist many linear hyperplanes separating
the data, but only one maximizing the margin (such that it maximizes the
distance between the hyperplane and the nearest point to each class, i.e., the
maximum-margin hyperplane). In this case, we obtain a linear hyperplane,
i.e., a linear model [13], with a set of N observations xi = (xi1, . . . ,xiN) and
two classes yi ∈ [−1,1]. Three hyperplanes are determined as shown in Fig-
ure 2.4, where the classes are represented by open and filled circles. Hence,
the obtained maximum-margin hyperplane H0 gives the largest separation
between the two classes. The points defining the hyperplanes H1 and H2 are
called support vectors (examples that are closest to the decision boundary
H0), and their linear combination represents a solution to the support vec-
tor problem [91]. That is to say that given the support vectors, it is easy to
construct the maximum-margin hyperplane and the remaining examples are
irrelevant.

When a linear boundary is inappropriate (i.e., the data cannot be separated
in the original feature space), SVMs can use a separating hyperplane in a
transformed feature space [91; 92]. This is achieved by mapping the in-
put vector x into a high dimensional feature space z. The most commonly
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Figure 2.3: Hyperplanes able to linearly separate the data.4

Figure 2.4: Maximum-margin hyperplane.4



THEORETICAL BACKGROUND 33

used kernel functions to perform this mapping are polynomial, radial basis
function (RBF) and certain sigmoid [93]. Figure 2.5 illustrates an example
of a linear non-separable support vector problem to which feature transfor-
mation can be applied. SVMs can also be applied to regression problems

Figure 2.5: Linear non-separable hyperplane.4.

simply by introducing an alternative loss function [94]. There are four avail-
able loss functions: Quadratic, Laplace, Huber and ε-insensitive. The most
commonly used is the ε-insensitive band [94], where ε is a user defined pa-
rameter. An extensive discussion of support vector machines can be found
in [89].

2.3.2 ALTERNATIVE LEARNING METHODS

Within the Bayesian statistical framework, it is possible to predict new ob-
servations by using a prior predictive density (based on unknown observed)

4Adapted from Andrew Moore tutorials. Http://www.cs.cmu.edu/˜awm
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[15; 17; 68]. Although this path was followed initially, it was eventually
abandoned in favor of predictive data mining approaches; considering the
integration of developed predictive models into the current health informa-
tion system.

Several algorithms for a learning linear classifier, such as, least-squares lin-
ear regression, linear regression, and logistic regression, can be upgraded to
learn nonlinear decision boundaries [13], and perhaps be potential learners
of new disease patterns. This can be achieved by applying the kernel trick
(replace the dot product by a kernel function) to the corresponding linear
learner. However, none of the obtained nonlinear classifiers outperforms
the SVMs. In fact, ridge regression may be applied when few data points
are available, in which case noise in the observations may induce a high
variance. But, kernel ridge regression lacks sparseness in the vector of coef-
ficients [13; 95] compared to SVMs, and only has an advantage when there
are few training instances and a larger number of attributes. Also, it requires
much memory and uses more computational time than SVMs due to the lack
of reduction of the learning data (i.e., irrelevant learning samples are not dis-
carded) [95]. Similarly, a drawback in the sparseness of a solution is found
in advanced linear and kernel logistic regression methods [13; 95]. Another
approach that may be used to introduce a nonlinear classifier is through a
multilayer perceptron. Still, the performance of this method is poor, as it
can lead to a local minimum.

2.4 CRITERIA FOR MODEL EVALUATION

The evaluation has been conducted using statistical measures of perfor-
mance applied to the Bayesian and data mining predictive modeling frame-
works. In the Bayesian format, a model information criteria measurement
was applied. In the data mining predictive modeling, performance estimates
have been summarized using the mean squared errors measurement.

2.4.1 BAYESIAN METRICS

The Bayes information criteria introduced [96], and the Akaike information
criteria (AIC) [97], are the two most used criteria for model selection in the
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Bayesian framework. Spiegelhalter et al. [98] introduced the deviance in-
formation criteria (DIC), which is an extension of AIC and used for compar-
isons and adequacy while fitting Bayesian predictive models in this thesis.
DIC provides a measure of the relative goodness of fit of a model. If defin-
ing hierarchical models (as used in the studies of this scientific work), DIC
is more efficient, as it employs the number of effective parameters, while
AIC uses the actual number of parameters. The DIC of a model m is defined
as [98],

DIC(m) = 2D(θm,m)−D(θm,m) = D(θm,m)+2pm (2.4)

where D(θm,m) is the deviance measure, defined as the negative of twice
the log-likelihood,

D(θm,m) =−2log( f (y|θm,m)) (2.5)

and D(θm,m) is the posterior mean. The quantity pm is the effective number
of model parameters given by

pm =D(θm,m)−D(θm,m) (2.6)

and θm is the posterior mean of the parameters used in model m. Smaller
DIC values indicate the model that better fits the data. The WinBugs tool
used in the Bayesian studies included in the thesis employs the DIC as its
metric for model adequacy and comparison.

2.4.2 DATA MINING PERFORMANCE EVALUATION

The prediction performance of a machine learning scheme can be evaluated
by using an independent test set, a cross-validation technique, or both. As
the test set consists of different examples from those used to build the clas-
sifier, it is only used for evaluation purposes, i.e., not for training. When the
data is insufficient, it is reasonable to use cross-validation to avoid wasting
the data, which could be valuable as a way to obtain more reliable perfor-
mance estimates by increasing the number of test instances. Thus, all data
are used to train the classifier so as to test its performance. However, the
application of internal validation techniques such as cross-validation is not



36 CHAPTER 2

often sufficient [99]. As a matter of fact, when applied to new samples, the
performance of predictive models is generally lower than what is observed
when making predictions using the original sample, even when excluding
training examples [100]. The predictive problems investigated in this thesis
concern the application of regression techniques, such as, regression trees,
random forests and support vector regression. Several error measures are
commonly used as model evaluation statistics [13]: mean-absolute error,
mean-squared error, root-mean-squared error, etc. These measurements are
invaluable since they indicate error in the units (or squared units) of the tar-
get (response) variable, in this way amplifying the error in the positive direc-
tion independently of the sign present in the initial error score and avoiding
the issue of errors canceling each other. In the predictive studies performed
in this thesis, the mean-squared error (MSE) is the adopted metric. It is
given by

MSE =
N

∑
i=1

(Pi−Ai)

N
(2.7)

with P1 · · ·PN being the predicted values on the test instances and A1 · · ·AN

the actual observed values. Moreover, the choice of the MSE estimator is
guided by comparative purposes of the developed predictive models, aiming
at selecting the models that better explain the observed cases of this disease
and accounting for unbiasedness and minimal variance. Considering the
data transformation of the response and predictor attributes to a common
scale in the pre-processing phase, the obtained mean squared errors corre-
spond to normalized errors.



CHAPTER 3

RESEARCH APPROACH

This chapter discusses the choice of methods and strategies for addressing
the research question. To start with, a discussion of the adopted method-
ology and the proposed framework is given. Subsequently, a detailed de-
scription and justification for the choice of study site is provided. Then the
process for setting up each empirical study as well as the data collection and
analysis is presented. The chapter closes by describing the limitations of the
studies and by summarizing the ethical issues in relation to the empirical
studies included in the thesis.

3.1 RESEARCH METHODOLOGY AND PHILOSOPHIES

According to [101], research is defined as the description of a careful “inves-
tigation into and study of materials and sources in order to establish facts and
reach new conclusions.” Methodology is the theory of how research should
be conducted, including the theoretical and philosophical assumptions upon
which research is based and the implications for the adopted methods [102].
Thus, the role of methodology is to show how to walk along the stepping
stones of scientific research, helping to reflect and encourage a new look
at the world. Within the philosophy of science, different paradigms may
be used to guide methodologies for scientific research. They include posi-
tivist vs. interpretive, empiricist vs. rationalist, qualitative vs. quantitative,
etc. [103]. Another well known paradigm is behavioral vs. design science,
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which was introduced by [104] and addresses information systems research
problems.

As stated in [105], philosophical paradigms can be broken down along three
main dimensions. Ontology specifies the form and nature of reality; Epis-
temology refers to what is considered acceptable knowledge (i.e., what is
the nature of knowledge and what can be known); Methodology pertains to
the process of studying the phenomena (i.e., how to go about obtaining the
knowledge).

In this thesis, our interest lies in the approaches of data mining and Bayesian
regression for effectively extracting useful knowledge from the predictive
models built from malaria health data in order to support decision-making
and management. This implies comparing several predictive Bayesian re-
gression and data mining methods. In this process, relationships are formed
between the concepts, through the testing of theories and hypotheses. This
setting certainly has a predominance of positivist elements. In fact, the logic
basis of the hypothetico-deduction of predictive models tends towards a pos-
itivist paradigm [106]. Positivist research assumes that reality is objectively
given, involves testing theories, and is described by measurable properties
that are independent of the researcher [107; 108]. Its knowledge generation
process is supported by quantitative methods, which are adopted in this re-
search. In contrast, the interpretative paradigm assumes that the knowledge
and meaning are driven by interpretation, where the employed methods are
mainly qualitative [108]. A common distinction is also made between in-
ductive and deductive research approaches [102]. Inductive research in-
volves obtaining generalized conclusions from observations, progressing
from empirical studies to the induction of new theories. In deductive re-
search, the researcher deduces, using well-established theories, one or more
hypotheses that are subjected to empirical analysis. The Epistemological
assumptions of objectivism guide the positivist approach [109]. Objectivists
try to identify independent causes that can lead to effects, predict events,
where testing theories and hypotheses are either verified or refuted by the
observed effects [107]. The subjectivist epistemology category from the in-
terpretive approach focuses on the meaning of phenomena, rather than their
measurement: i.e., the object of study does not contribute to the generation
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of this meaning [110]. We adopt a combination of deductive and objec-
tivist approaches within the quantitative methods of knowledge generation
to guide the research conducted in this thesis.

3.2 RESEARCH PROCESS AND METHODS

The research focus of this thesis involves three distinct but overlapping
areas: data mining, Bayesian statistics, and public health. In Chapter 1,
we identified a gap in existing methods for extracting useful knowledge
from malaria health data to support decision-making and management. This
knowledge can be obtained by constructing effective predictive models built
from reported malaria cases and other complementary data. Therefore, sev-
eral predictive models and methods are compared. They attempt to discover
significant malaria predictors, their predictive relationships to malaria in-
cidence and forecast the number of new malaria episodes. Based on the
analysis provided in the previous section, the deductive research process
appears to be aligned with the research question posed in this research.

Following the identification of our research approach, the next step is to
find appropriate research methods and strategies that could be applied in
the thesis. The research in this thesis follows a quantitative research ap-
proach, justified by studying a realistic and objective problem embodied in
the positivist paradigm. From the point of view of Bayesian regression, the
use of this method tries to explain concepts (through inference) rather than
just describing them. As for the perspective of predictive data mining, the
numerical prediction of new malaria episodes is sought. However, quantita-
tive methods may fail under various circumstances, among which are: when
there is a need for in-depth exploration of the problem at hand; if the prob-
lem is too complex, then an in-depth qualitative study (e.g., a case study)
is more appropriate and when there is a need to develop hypotheses and
theories. When the research problem requires both determining causality
and the meaning of concepts, one could resort to a mixed-methods design,
where a combination of quantitative and qualitative methods is employed
[102; 111].

In order to ensure better results in this investigation when applying the se-
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lected method, causal [102; 112] and correlational [112] approaches of re-
search design have been used. We have sought to find an empirical asso-
ciation between the independent and dependent variables. Predictive rela-
tionships are found from models of multiple Bayesian regression, regres-
sion trees, and forests, and support vector regression based techniques. The
choice of causal approach is justified by the fact that we seek to establish
cause–effect relationships. The correlational approach aims to determine
the existence of predictive relationships. The selection of both the causal
and correlational approaches does not allow the researcher to take control
of or manipulate the independent variables, as opposed to the experimen-
tal approach[112]. Also, we employ an archival research research strat-
egy [102]. The adoption of this strategy can be explained by the fact that
in this investigation we use historical administrative malaria and climatic
datasets. The data limitations and the applied design strategies of each em-
pirical study are described in Chapter 3.4.2. The criteria and metrics for
the performance evaluation of the predictive models is discussed in Chapter
2.4. The connections between these research studies, research methods and
strategies, and the research question is given in Table 3.1.
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The process of deductive research may be further enhanced by allowing for
the generalization of the resulted artifacts [102]. These artifacts are mostly
related to the design science paradigm [113]. Many stages are involved in
their design and development. This thesis employs only the development
and (theoretical) evaluation phases. As such, the artifacts are represented
by the predictive models developed from historical cases that arose from
different population samples: children (aged 0–4 years) and all age groups
(the entire population, which also includes children). They have been tested
for their ability to generalize to further regions of the country.

3.3 STUDY SITE

Mozambique is a tropical country located in Southern Africa. The country
is mainly divided into eleven administrative provinces. The study was con-
ducted in Maputo province, the south-most province. A map of the study
area is given in Figure 3.1. The province is divided into eight administrative
districts. Its boundaries are South Africa to the south, Gaza province to the
north, the Indian Ocean to the east, and Swaziland to the west. The study
area was selected following the criteria of the availability of malaria case
data as well as coverage by an acceptable weather network in the region
when the study was launched.

3.4 PROCEDURE OF DATA COLLECTION AND ANAL-
YSIS

3.4.1 LITERATURE REVIEW

As a first step, preceding the process of collecting the data, a review of the
literature on previous studies of malaria incidence patterns was conducted.
This aimed at acquiring a thorough and systematic view of the malaria prob-
lem in the affected regions and Mozambique in particular. Therefore, vari-
ous bibliographic sources were consulted, such as:

• Reports and publications on malaria from the Mozambique Ministry
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Figure 3.1: Study area - Maputo province.
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of Health1.

• Publications on population and health demographic issues from INE
including access to its web page2 [114].

• Articles from malaria on-line journals3 employing Bayesian and other
spatial statistical techniques in relation to climatic and other factors4.

• Articles from the Journal of Statistics in Medicine5

• Articles from the International Journal of Tropical Medicine related
to malaria and environmental factors6

Webster and Watson in [115] have discussed the matter of literature review,
pointing out the need and its importance for being complete, covering rel-
evant issues on the topic and also not being limited to a particular research
methodology, a set of journals, or even a geographic region. This approach
to a literature review was adopted in this thesis, with the reviewed literature
covering very wide tropical geographical regions. Consequently, a better
understanding of the research area and a subsequent clarification of the pur-
pose and objectives of this investigation was achieved. Along with that,
it was possible to achieve a clear view of the required data, which helped
define the steps needed for their acquisition.

3.4.2 DATASETS AND ANALYSIS ISSUES

Data can primarily be collected by means of observation and (or) mea-
surement methods. When the observations involve non-numerical data, we
are dealing with qualitative data and consequently a qualitative research
approach is used, whereas, in the presence of numerical information, we
then refer to it as quantitative data and apply quantitative research methods
[102; 116]. But, it is possible in some cases to use qualitative data collection

1http://www.misau.gov.mz
2http://www.ine.gov.mz/
3http://www.malariajournal.com/
4http://www.oxfordjournals.org/our_journals/aje/about.html
5http://onlinelibrary.wiley.com/journal/10.1002/%28ISSN%291097-0258
6http://www.hindawi.com/journals/jtm/
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procedures while gathering quantitative data. Likewise, data collection tech-
niques such as questionnaires and interviews can also be applied. However,
it is impractical to pursue such techniques, especially due to the wider time
range of data collected for this thesis and the financial constraints related
to studies. Thus, this thesis gets its original quantitative data from source
institutions, namely MoH, INAM and INE. This data was already collected
for other purposes in relation to the needs and goals of each institution and
is usually termed secondary data [102].

Although the strategy of archival research is usually associated with the
analysis of secondary data [102], in the present research this was not the
case. Actually, the administrative records of malaria data were initially col-
lected with the purpose of analyzing and presenting the averages of malaria
incidence mortality determined by the Standardized Mortality Ratio (SMR)
[117]. SMR is defined as θ̂ = Yi/Ei, where Yi is the counted number of
deaths due to malaria and Ei is the expected count of malaria deaths based
on population size, both in the region i [117; 118]. They can be used to
map estimates of disease related death risk in a given geographical region.
Because SMRs are based on ratio estimators, they have the weakness of
yielding large changes in estimates when a relatively small expected value
is given. Additionally, no variation in the expected counts is observed for
zero valued of the SMRs. Moreover, SMR is considered a saturated estimate
of the relative death risk, being thus non-parsimonious [117].

The population sample of this study consists of persons treated for malaria
in each district of Maputo province. These malaria records are composed of
random disease events that occurred in a given geographical administrative
district for each week. The weekly counting of disease episodes consti-
tutes an aggregation of everyday registered cases. They were acquired from
the MoH—the provincial health statistics departments. These departments
bring together the records of positive malaria tests and also unconfirmed
cases with symptoms similar to malaria diagnosed by health-trained person-
nel (the so-called clinical malaria cases [1]). The counted data are initially
assembled in various district health departments. Weekly malaria cases were
aggregated monthly in order to agree with a monthly aggregation of climatic
variables performed at the data source provider institution. Health interven-
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tion IRS and the climatic environmental factors (air temperature, precipita-
tion, and humidity) were chosen as the independent variables. The climatic
variables were provided by INAM and were collected at weather monitor
stations located in the administrative districts of Maputo province. The pop-
ulation data were provided by INE and based on the national censuses 1997
and 2007. All studies conducted in this thesis employ secondary data from
the three institutions above indicated. Some use malaria cases of the chil-
dren demographic group (0–4 years), while others use cases collected from
the general population (i.e., the former is a subset of the later dataset). Mod-
els for children were developed using two years of data (2007–2008), where
in 2007 the lowest raw malaria cases recorded in the general population is
shown in Figure 1.2. The models for all ages (general population) were de-
rived based on ten years of malaria records, 1999–2008. Although 33% of
all malaria cases recorded in 2007 are from the children’s group, only 31%
of the cases recorded in 2008 were observed in the children’s group. What
follows is a description of the data analysis process and research approaches
applied to each study in the research process of this thesis, and is divided
into predictive Bayesian regression and predictive data mining studies.

Predictive Bayesian Regression Studies

Paper I
This study investigates the role of weather (temperature and rainfall) vari-
ables in being predictors for the variation of malaria incidence transmission
in Maputo province, in the spatial (geographical) domain. To analyze their
relationship, a predictive Bayesian hierarchical model was derived. The
model is based on a Poisson multiple regression of two years of malaria
counts aggregated at the district level. The malaria and climatic datasets
passed the test for consistency coding errors check, and both showed no
missing values. The disease counts were annually aggregated for each dis-
trict. The environmental factors were aggregated monthly for the whole
province. This induced a stratification of the disease cases following the
seasonal breakdown of months according to the winter (dry) season April to
September and the summer (wet) season from October to March [119]. The
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Bayesian model was extended by including the environmental explanatory
covariates (independent variables) of temperature and rainfall.

Two spatial independent random effects, correlated and uncorrelated effects,
were introduced. The spatial component of uncorrelated heterogeneity (non-
structurally dependent) was modeled through a set of exchangeable priors
with zero mean and variance τ2

ν , given by νi ∼ N(0,τ2
ν). The correlated het-

erogeneity, reflecting the local spatial and structural influence of neighbor-
ing geographic administrative areas (districts), was modeled using a Condi-
tional Autoregressive (CAR) approach [120], with contiguity matrix Wi j = 1
for adjacent districts i and j (i.e., neighbors) and Wi j = 0 otherwise.
Four predictive models were compared in the analysis with random effects
included:

• with covariates;

• without covariates (simplest model);

• with either one of the covariates.

The parameter estimation and inference was performed using MCMC simu-
lation techniques based on Poisson variation to draw posterior samples. The
model comparison was performed employing the DIC. The models were fit-
ted in WinBugs, and GeoBugs was used for mapping the resulting posterior
distribution of estimated malaria relative risk.

Paper II
The main objective of study II was to investigate spatial and temporal pat-
terns of malaria incidence risk in their relation to climatic predictors, such
as temperature, humidity, and rainfall. The raw provincial malaria data was
provided as weekly counts of disease episodes for ten-year periods and were
subjected to the following operations:

1. Checking of data consistency by looking at possible illegitimate dis-
ease codes (e.g., alphanumeric case numbers).

2. Extraction of district week malaria counts and subsequent combina-
tion into monthly time aggregation.
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3. Tabulation to summarize and display data for each district and year.

This process was performed using the MS-Excel package. Table 1 shows
the means of the raw malaria cases data per year in each district of Maputo
province, where a decline of reported malaria cases can be observed in most
of the districts specially from year 2003. This situation may be due to the
implementation of special measures such as distribution of mosquitoes net
to the affected population.

Year Boane Magude Manhiça Moamba Marr Matola Matut Nam
1999 58 696 47209 60811 50070 25076 135108 20640 14341
2000 67672 53553 70720 51188 24551 165678 22398 21382
2001 55586 37788 85399 47876 23198 176662 14004 17919
2002 41968 36506 90475 47124 25049 158340 14194 22218
2003 47396 38628 94631 30207 22052 138079 12661 21729
2004 42704 35357 86281 42429 19198 121008 5774 10662
2005 9861 11693 97516 10344 9026 160487 968 3871
2006 8277 9626 68296 10141 10569 80745 1295 5167
2007 4062 4026 33054 2403 3166 43334 738 2431
2008 4536 2864 35933 2329 3662 46111 419 995

Table 3.2: Mean of raw malaria events in each district per year.

Data of the climatic factors containing monthly temperature (minimum, av-
erage, and maximum), humidity, and rainfall, are initially collected on a
daily basis and subsequently compiled at the hosting institution, INAM,
through monthly aggregation for the corresponding weather station. Upon
collection, they were checked for missing values and yielded 16.7% of miss-
ing observations. Three reasons for missing data records were identified:
break-down of measurement instruments, maintenance interventions, and
invalid readings due to equipment malfunctions. Therefore, missing at ran-
dom mechanism [121] was assumed in the analysis of the environmental
datasets. To overcome this problem, a multiple imputation procedure pro-
ducing the complete dataset including the imputed values was employed.
Five such datasets were obtained, i.e., m = 5, such scores for every miss-
ing value, reflecting the uncertainty related to the missing observation. The
higher the number m of imputed values, the more unbiased estimates are
obtained for the parameters of interest and their variances [122]. A single
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imputed estimate was then obtained by averaging the scores of each missing
climatic factor instance.

A preliminary bi-variate analysis of malaria case data and climatic covari-
ates (temperature: minimal, mean and maximal, rainfall and humidity) was
performed using the statistical package R [123]. All the variables showed
a significant relationship to malaria incidence, with p-values smaller than
0.001. However, malaria data cases are available at the district (areal) level,
while the environmental data is provided as points, i.e., at the meteorolog-
ical stations. This analytical mismatch situation is known as the misalign-
ment problem [124–126]. To deal with the misalignment problem, the whole
province was interpolated through a Gaussian process [65], by overlaying a
90-point grid over the study region map using Arc-view geographical infor-
mation systems. The interpolation is then performed by applying Bayesian
kriging.
Projections of population data from the 1997 and 2007 general censuses
provided by the INE were used as the expected malaria cases in each admin-
istrative district, and require no further analysis. All datasets were combined
to yield a ten-year time-series. Figures 3.2–3.4 illustrate the time trend of
the raw malaria cases and the two climatic factors maximal temperature and
rainfall in three different districts (Matola, Manhiça and Matutuine).
Malaria observed counts are modeled assuming to follow a Poisson distri-
bution with mean µrit . Random effects were introduced into the model as
follows:

• θi - spatial effect

• ϕrt - year and monthly temporal random effect

• δrit - space and time interaction term

The spatial dependence was defined by a conditional autoregressive process
and implemented using two different specifications of the weighting matrix
W :

1. Binary structure with wi j = 1 for neighboring districts i and j, and
wi j = 0 otherwise.
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Figure 3.2: Time trend of malaria cases (first highest yearly district mean),
temperature and rainfall.

Figure 3.3: Time trend of malaria cases (second highest yearly district mean),
temperature and rainfall.
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Figure 3.4: Time trend of malaria cases (lowest yearly district mean), temper-
ature and rainfall.

2. Weighted by the length of the boundary of each district pair (i, j)
given in kilometers (km), and wi j = 0 when the districts i and j had
no shared boundary.

A first order random walk prior allowing year independence was given to
the temporal trends ϕrt relating year and month. It is represented by a one-
dimensional version of a CAR normal prior distribution, i.e.,

ϕrt ∼CARNormal(Q,σ2
ϕ) and parameterized by σ

2
ϕ . (3.1)

This allows the definition of the temporal neighbors of month t as being
t−1 and t+1 for t = 2, ...,11; with the first and last months having singular
neighbors.

The space-time interaction terms δrit capture departures from space and time
main effects which may highlight space-time clusters of malaria incidence.
In this study they are assumed to be independent for every year and month
with a constant variance over time. An auto-regressive AR(1) prior process
is chosen to represent this random effect which is parameterized by tem-
poral variance allowing for correlation between consecutive months within
the same district, i.e., assuming that malaria cases in month t are influenced
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by cases from the previous month t − 1. This relationship holds not only
for a month of the same year but also connecting December–January of
consecutive years, except for January of the first and December of the last
years. In this, it attempts to also reflect a possible year to year trend. Due
its high correlation with the maximum and minimum temperature, the mean
temperature was replaced as a covariate by the temperature variation (dif-
ference between maximum and minimum temperature). Also, this was im-
portant to avert the use of the average temperature, since this quantity is in
most cases considered to hold less information than the temperature varia-
tion for the development of malaria vectors and their survival [127]. The
humidity, minimal, and maximal temperatures have non-linear relationships
to log(Orit), the natural logarithm of the number of observed malaria cases.
They were then converted to categorical variables. To isolate outliers and
allow the observation of linear relationships between the variables of the
model, the plotting of the log-transformed climatic covariates against the ra-
tio of malaria prevalence and the population was performed. This resulted in
the creation of cut-off points and ten coefficients for different threshold in-
tervals. Seven different models were initially considered, and a comparison
of their suitability was performed. As a result, three models for subsequent
analysis were chosen, with a full model using a weight structure based on
binary adjacency being the best-fitting model.

Paper III
This investigation relates to the analysis of pediatric malaria data arising
from districts of Maputo province in two consecutive years: 2007–2008.
Malaria data in the initial pre-processing phase comprised case records of
weekly counts of disease episodes from 1999 to 2008. After data consis-
tency error checking and cleaning, only the data for 2007–2008 contained
complete malaria case episodes for the population group of interest. There-
fore, only the malaria data from these two years were aggregated to monthly
averages for further analysis. The data in the remaining years was mixed
with the entire population malaria reported cases. Figures 3.5 and 3.6
show the variations in the raw cases of malaria in the districts involved in
the study for both years. Environmental factors including rainfall, tem-
perature (minimal, mean, and maximal), and humidity were provided as a
monthly average by the source and required no further analysis. Statistical
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Figure 3.5: Contribution of each district to monthly malaria trends, year 2007.

Figure 3.6: Contribution of each district to monthly malaria trends, in the year
2008.
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population data of the region taken from the official 1997 and 2007 na-
tional censuses was employed to determine inter-census population growth
at the district level for each month. The combination of all datasets resulted
in a time-series with 24 datapoints. Space–time predictive Bayesian mod-
els based on Poisson multiple regression were designed and fitted with the
inclusion of spatial and temporal correlations. The expected cases were de-
termined as the product of the number of children in each district per month
and a fixed rate of malaria incidence per 10,000 children population year.
The model at the log-level is given by

log(µit) = log(Eit)+α +β
T Xit +θi +ϕt +δit (3.2)

The main parameters are ϕt , representing the temporal monthly effect mod-
eled as a first order random walk process (RW(1)) and θi, capturing spatial
variability. This spatial component is introduced through a conditional au-
toregressive process with a binary weighted matrix wi j = 1 for neighboring
districts and wi j = 0 otherwise. The space-time component δit highlights
spatio-temporal clusters of disease risk and is modeled by an exchangeable
hierarchical structure δit ∼ N(0,τ2

δ
) with a constant variance. Four differ-

ent models were fitted and compared to determine the model with the best
performance (smallest DIC value). The model with no spatial effects was
found to fit the data best.

Predictive Data Mining Studies

In this set of studies, we investigated predictive models for forecasting the
number of new malaria cases considered in the research question discussed
in Chapter 1.3. The datasets used in most of the studies are similar, with
studies II, IV and VI employing all ages (entire population) malaria data;
while studies III and V use malaria case records from the population of chil-
dren. Therefore, we avoid repeating their analysis here, except in relation
to the health vector intervention control strategy represented by the variable
IRS, which was not included in the previous studies. IRS is given in per-
centage, representing the number of houses sprayed for the malaria vector
(i.e., the anopheles mosquito) control in each administrative district. Every
house can undergo up to two rounds of spraying per year [1; 6], depending
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on the available resources. In Mozambique, these vector control activities
are carried out in the period before the rainy season and towards the mid-
dle of the dry season. The IRS data was considered clean after consistency
checking for coding errors, and integrated with the malaria and climate data
sets for further investigation. What follows is a presentation of the methods
applied in each predictive data mining study.

Paper IV
Data preprocessing using Weka 3-7-5 data mining tool was performed in
three steps:

• Replacement of around 16.7% of missing predictor variables by the
mean value of each attribute.

• Conversion of nominal data into binary performed by employing Weka
filters. This was useful for a better investigation of each particular cat-
egorical variable.

• Data reduction to a similar scale through normalization of all numeri-
cal variables to fall into the interval [−1.0,1.0]. This was achieved by
adopting the min-max linear transformation on data attributes.

The tuning of the random forests parameters, the number of best possible
splits on the attributes (m), and the number of trees (ntrees) was performed
employing two strategies:

1. Based on multiples of m =
√

p, where p− number of features;

2. Using the default ( m =
√

p), half (m/2)and twice (2m) the default.

The best combination of the number of trees and the splitting attributes was
then chosen. The dataset was divided into a training set, comprising nine
years (1999–2007) and a test set of one year (2008). A time-window strategy
was adopted with the training set sub-divided into nine subsets for training
to investigate the accuracy of each derived predictive model based on this
grouping of the historical data. The predictive performance of the models
was assessed by analyzing their normalized mean squared errors. Permuta-
tion accuracy from random forests was used to measure the contribution of
each predictor to improving the predictive performance of the best model.
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Paper V
The data was collected from the eight administrative districts of Maputo
province and monthly averaged. There were two categorical variables rep-
resenting the district names and the month of the year, the others were nu-
merical. The temperature variable included the minimum and maximum
measurements. Temperature variation was defined as the difference between
the maximum and minimum temperatures, and was introduced to replace
the average temperature. A data transformation was then performed for use
within the SVMs as follows:

(a) Numeric variables were normalized to be in the interval [0.0,1.0]. This
was performed by applying the min-max linear transformation on the
attributes of the original dataset.

(b) Non-numeric multi-valued variables were converted to binary, with the
application of Weka filters.

The dataset was then sub-divided into a training set based on two years
of observations (2007–2008) and a testing set comprising the observations
from the subsequent year (2009). A grid optimization technique was em-
ployed for parameter tuning, which resulted in selecting the radial basis
function (RBF) kernel and the remaining relevant support vector machine
parameters. A strategy for assessing the importance of each variable, from
the random forests approach, was adopted to measure the predictors’ signif-
icance.

Paper VI
The data was preprocessed to meet the SVMs’ requirements in three stages:

• Replacement of missing values in training set (amounted to 16.7% of
all predictors’ measurements).

• Transformation of each numerical variable by scaling to the interval
[−1.0,1.0], performed using min-max linear normalization on data
attributes.

• Transformation of two nominal variables (administrative districts and
month of the year) into binary, by employing Weka filters.
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The problem of missing values is addressed in two ways:

1. Replacing the missing values by the mean of each attribute.

2. In the second approach, the the multiple imputation techniques ap-
plied in [65] were used.

The selection of the parameters and the required kernel was performed using
the two training sets after replacing the missing values and employing a grid-
search procedure. This resulted in choosing the radial basis kernel for both
datasets with corresponding cost and gamma values for further analysis.
Breiman [83] introduced and implemented the concept of the importance
permutation accuracy level to estimate the influence of predictor variables
in the random forests learning method. However, the SVMs do not include
the determination of importance factors in their modeling prediction pro-
cess [91]. To accommodate this, we proposed a modification of the random
forests approach [83] for estimating the importance of each variable. This
is achieved by randomly permuting the values of one feature at a time and
measuring the effect on the predictive performance using the test set.

Paper VII
The aim of this study was to evaluate the ability of the predictive models de-
veloped in studies four and six, to generalize to new datasets. Actually, we
tested the hypothesis of the usefulness and reliability of the derived monthly
predictive models of the number of malaria incidence episodes forecasting
on new datasets. Hence, we seek to determine the applicability of the devel-
oped predictive models to other regions of Mozambique. That is, to regions
different from where the initial models were derived, and at different (fu-
ture) time periods (years).

Two datasets of reported malaria cases, with one containing records of sam-
ples from children less than five years old and the other from all age groups
of the population, were collected. The data collection process was per-
formed in two distinct provinces from the central and northern regions of the
country, and also included datasets of intervention control activities (indoor-
residual spray) and climatic factors. The dataset of malaria cases held a
weekly aggregation of everyday disease episodes. Following a check for
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their consistency and for possible coding errors, they were extracted and
further aggregated, yielding monthly district malaria cases. Environmental
climatic factors data were originally aggregated by month at the data source
institution. Microsoft Excel was first used for preliminary data analysis and
preparation. However, 2.35% of the values of the climatic factors were miss-
ing and were replaced by the mean of each attribute. The indoor-residual
spraying needed no further checking. All datasets were then combined into
a single data file and prepared for additional investigation within the derived
models.

Since the datasets used for the process of testing the models on unseen
datasets were not chosen at random, this raised the issue of sample selection
bias [128], also known as the covariate shift problem [129]. As a matter of
fact, the fundamental principle of most machine learning schemes was vio-
lated since the training and testing samples were not drawn from the same
independently identical distribution (iid). Unbiased estimates of testing er-
rors can be determined by employing importance weighting [130], where
examples of the training set are weighted using an estimate of the ratio be-
tween the testing and training sets through feature densities. A Gaussian
kernel was used to estimate the training and testing distributions through a
kernel density estimation, where a data-driven bandwidth selection process
was firstly performed.

3.5 RESEARCH LIMITATIONS

One of the limitations of this research relates to the quality of the provided
malaria cases data, being presented as a mix (cocktail) of clinically defined
cases and parasite detection rates. This has the potential of introducing a
confounding factor, as clinical cases are based on patients’ febrile condi-
tions 7, which was not addressed in this thesis. Secondly, the climatic data
available for this study was aggregated on a monthly basis while the his-
torical malaria cases were aggregated on a weekly basis. This hindered our
ability to analyze the data at a more refined scale. Besides the weather data
used in this investigation, there are other potential sources (such as early

7See [1] for definition and explanation.



RESEARCH APPROACH 59

disease diagnosis, timely and appropriate treatment, drug resistance, socio-
demographic information, vegetation index, etc.) that can explain the vari-
ation in malaria transmission, but were not measured and consequently not
used. The inclusion of these into the modeling could perhaps have enriched
and improved the analysis, and possibly have led to reducing the uncertainty
of the estimates.
In our research, the learning methods for building the regression models
were chosen from among: decision trees, random forests [83], and support
vector machines [89]. The choice of the last two learning algorithms was
based on their ability to build predictive models with higher accuracy, while
the first was used as a benchmark. The use of a Bayesian inference pro-
cedure was motivated by its flexibility, capacity to handle highly complex
predictive models, and its incorporation of prior information [15; 17].

3.6 ETHICAL CONSIDERATIONS

In the research process, we are usually confronted with the question of
ethics. Ethics refers to our behavior in relation to the rights of those who
become the subject of our research or are in any way affected by it [102].
Therefore, research ethics include issues such as the formulation and clari-
fication of our research questions and topic, the collecting, processing and
storage of the data, the analyses of the data, and the presentation of our
findings in a responsible and respectfull manner [102; 116].

In view of using the archival research strategy in this research and the method
applied for collecting secondary data described in the previous section, eth-
ical concerns were considered in the following manner. As the provided
health data are aggregates of counted malaria cases, it was not possible
to distinguish individual patients suffering from the disease and thus ac-
cess to individual health records was not possible. The climatic data were
not affected by ethical considerations at the individual level. However,
the datasets may pose ethical issues in relation to the appropriateness of
their use and correct acknowledgment. Therefore, letters from the main re-
searcher (the author of this thesis) were sent to the Mozambican Ministry
of Health and the National Institute of Meteorology ensuring the adequate
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use of the released malaria and climatic data from all involved researchers.
It was also stressed that the provided data would be used only within the
current project.



CHAPTER 4

SUMMARY OF RESULTS AND

FINDINGS

This chapter is divided into two main parts: the predictive Bayesian re-
gression and the predictive data mining. Each contains a presentation of the
findings of the empirical studies performed. In all the studies, I was the main
author of the papers and contributed in research activities such as: study set-
ting and design, programming, data analysis, drafting of articles and also in
improving the papers, based on peer-reviewers comments.

4.1 PREDICTIVE BAYESIAN REGRESSION

In this section, the Bayesian application is sub-divided into three studies
based on a hierarchical Poisson regression approach. These empirical stud-
ies allowed finding methods for knowledge extraction presented as predic-
tive relationships of significant malaria incidence predictors, estimates of re-
gional trends of malaria incidence risk, and their mapping in space and time.
This extraction process is carried out after comparing the predictive perfor-
mance of several prediction models developed using Bayesian spatial meth-
ods. Hence, only prediction models showing lower error levels, i.e., models
with best predictive performance are used in this process. The studies do not
include the time-lag perspective in their modeling to find significant links to
different predictors. However, the prediction models were able to detect
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and describe malaria transmission dependencies on the variations of some
of the independent variables used (possible risk factors). Additionally, they
employ the so-called single lag of zero months combined with non-linear
modeling of fixed effects (input variables) such as temperature and humid-
ity [131]. The presentation of the maps of the malaria relative risk aids in
illustrating areas of high risk, where further interventions may be required.
This is especially important considering that for an effective application of
control measures and a timely targeting of interventions, an accurate assess-
ment and identification of the areas and months of risk is required to evaluate
monthly and seasonal malaria transmission at the district level. Following
similar studies [54; 132; 133] of country-specific malaria transmission maps
and its iteration to environmental factors, the results obtained in this thesis
were somehow expected, with some refinement on temperature variability,
introduced by the temperature variation predictor in study II. Further spe-
cific results are given under each study in the corresponding paper.

4.1.1 PAPER I

The study reported in Paper I is titled: Mapping malaria incidence distribu-
tion that accounts for environmental factors in Maputo province - Mozam-
bique. It is authored by Orlando P. Zacarias and Mikael Andersson.

This study served as the starting point to explore possible correlations of two
basic weather parameters and malaria spatial incidence variation, outlining
disease risk at the district level in Mozambique. In order to extract valuable
information relating the weather and malaria datasets, Bayesian Poisson re-
gression models were fitted by the MCMC procedure. The climatic predic-
tors used were the maximum temperature and rainfall in Maputo province.
The study covers two years, 2001–2002, and combined the eight admin-
istrative districts of the province. The main outcome of this study is the
development of methods for the extraction of spatial malaria risk factors
using a seasonal approach: the summer (wet, rainy) and winter (dry, cold)
seasons.

Likewise, significant relationships of malaria health data to the predictors
used were effectively extracted after comparing the performance of sev-
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eral predictive models developed using the obtained Bayesian spatial meth-
ods. The study also indicates that useful knowledge revealed as seasonal
estimates of malaria predictors and incidence risk can be extracted from a
simple model of spatial prediction. These estimates disclose some rather
intuitive geographical association between malaria incidence variation and
climatic predictors in the region. Thus, the conclusion was drawn that the
employed methods with seasonal grouping of malaria incidence cases pro-
vide an effective framework for the analysis of this type of data at the spatial
level.

Compared to similar studies, these results show that seasonal climate vari-
ation influences the transmission of malaria in Mozambique, although not
significantly altering the spatial patterns of the disease, unlike [134], that
indicates no pattern modification over the seasons of the year. Further, the
quantification of the regional unstructured random effects term was essen-
tial to capturing some of the remaining over-dispersion not explained by
climatic factors; contrary to previous research [56], where these estimates
were not measured. Evidence from a similar study in Africa [135] found
rainfall to be associated to malaria in the summer season, whilst this inves-
tigation established no such indication.

4.1.2 PAPER II

Paper II reports the second performed study and is titled: Spatial and tem-
poral patterns of malaria incidence in Mozambique. With a list of authors,
Orlando P. Zacarias and Mikael Andersson.

The aim of this study was to find effective predictive methods based on spa-
tial and temporal trends of malaria incidence and determine the influence
that climatic predictors, such as temperature, rainfall, and humidity, have on
malaria variation in Maputo province, Mozambique. The developed space-
time Bayesian predictive models use datasets of the ten years 1999–2008
aggregated for each month. The full model with binary spatial structure
was found to be the most effective prediction model, with relative perfor-
mance 10711.8 compared to 10714.8 of the border length prediction model.
Knowledge of predictive relationships was extracted by analyzing the sig-
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nificance of the malaria predictors. The maximum temperature and relative
humidity were the most influential predictors. The outcome of the analyses
also show that rainfall, minimal temperature below 16.4oC and maximum
temperature in the range 24.5− 27oC, marginally contributed significantly
for malaria escalation and consequent variation of the disease incidence risk.
These findings are consistent with the [127] in relation to the predictor mini-
mal temperature in the indicated range. However, the malaria risk incidence
may have been triggered by a combination of the minimum temperature
variable’s being within 17− 21.1oC (although not significant), the maxi-
mum temperature’s being within 28−35oC, and the relative humidity’s be-
ing within 52.4−83%. Moreover, an increase of 1oC in the maximum tem-
perature has the potential to lead to a higher increase of malaria incidence,
whereas an increase of 1% in the humidity generates a variation from lower
to higher malaria incidence. Although with marginally significant effect, the
predictor monthly temperature variation also influenced the transmission of
disease in the studied period. This result is in fact in line with that of [127]
on the way temperature variation drives malaria transmission. The trends of
incidence in the districts of Matutuine and Namaacha are generally lower
than in other districts, except for August, when this trend increases in the
Namaacha district. The methods used lead us to conclude that the effec-
tive model derived allows not only learning the variation of the incidence of
malaria considering all months of the same and the following year, but also
extracting predictive relationships based on significant predictors.

The approach used in this study to quantify the space-time seasonal malaria
variation between months and connecting to the following year differs from
that of previous research. The investigations [55; 56] specify only between
months or years connections respectively, whereas [136–138] follow a monthly
classification as being either suitable or not for malaria transmission. More-
over, our approach naturally enables visualizing the distribution of the ex-
tracted malaria seasonal incidence without explicitly modeling the seasons.
This is beneficial, as, for instance, the summer season is extended from the
last few months of each year to the first months of the next year.

The research conducted in this Paper II combining space and time perspec-
tives in the analysis of the data shows the usefulness of the extracted knowl-
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edge, underlying the relationships between the variation in the incidence of
malaria and the independent climate variables used. Presenting this previ-
ously unknown knowledge to health policy makers in an accessible way can
subsequently lead to making more informed decisions.

4.1.3 PAPER III

The third investigation is reported in paper III with the title: Comparison
of infants malaria incidence in districts of Maputo province, Mozambique.
The authors are Orlando P. Zacarias and Peter Maijlender.

This study proposes space and time Bayesian predictive models based on
Poisson regression, using malaria data from the most vulnerable population
group in Mozambique. The model is built out of the Maputo province pe-
diatric data (children less than five years of age), covering 2007–2008. It
includes environmental factors, such as temperature, humidity, and rainfall,
as the main malaria predictors.

The results determined as the most effective the prediction model with no
spatial dependence of malaria incidence within the districts studied. The
major conclusion that was drawn was that very low spatial variation was
present in the reported malaria cases. Using the derived predictive mod-
els, it was possible to determine that the independent variables rainfall and
humidity were the most significant predictors of malaria variation in the
region. Thus, both possess a positive predictive relationship to malaria inci-
dence. The temperature covariate was found to be a less important malaria
risk factor for the children’s demographic group in the region. Moreover,
every additional 1% humidity level and 1 mm rain could lead to an increase
of 5% and 1% in the malaria incidence risk, respectively. Therefore, relative
humidity appear to play a substantial role in disease variation and transmis-
sion. Space and time interactions are allowed to vary monthly and con-
necting two consecutive months. This avoids directly modeling the seasons.
Coincidentally, the malaria incidence is high from October to March, which
happens to be the wet season.

The Bayesian space-time inference problem of this study is intended to find
useful knowledge of risk factors and disease estimates that influence malaria
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incidence in the population of children. The availability of these estimates
can be of support to health decision making by providing explicit infor-
mation on the relationships between climatic input variables and malaria
transmission and variation. A further supportive tool is given by the maps
of monthly space-time disease risk estimates. They highlight a particular
insight for health decision makers, by suggesting the need for special mea-
sures and programs to be in place for children in the rainy period and dis-
tricts.

Contrasting with [53; 55; 56], the study III found no regional spatial cor-
relation in the studied period. A high incidence risk was found in the wet
season, as in [54; 55; 133]. The specified time effect quantified the estimated
risk by allowing for the connection of every consecutive month except the
first and last, while in [53], a linear dependence structure of some months is
employed. However, both studies were able to establish spatially smoothed
temporal trends of high incidence risk clusters in some regions.

4.2 PREDICTIVE DATA MINING

This part of the research findings is sub-divided into four studies investi-
gating methods to derive predictive models for forecasting the number of
new malaria incidence cases. As such, it is the first study in Mozambique
(perhaps in Southern Africa) performing numerical predictive estimates of
malaria incidence cases from the data mining perspective. Before present-
ing the findings of each predictive data mining study, here we summarize
the most general results. The studies present several methodological con-
tributions in the application of data mining and computer science to health
and variation of malaria transmission. Thus, in this part of our research, we
propose methods that are computationally more effective in predicting the
new incidence cases of malaria, which includes:

• Adoption of the time-window strategy in selecting the appropriate
malaria datasets for training the learner.

• Adoption of the random forests strategy of evaluation of the impor-
tance of each variable: ranking the malaria predictors using the sup-
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port vector machine approach for regression problems.

• Adoption of an importance weighting strategy to overcome the sam-
ple selection bias problem while generalizing the derived predictive
models to new malaria episodes. This is relevant if we expect that
test data can be drawn from a different distribution than that of the
training set.

Data analysis methods used in previous research such as [41–43; 45] per-
form a class label prediction. Thus, they lack numerical forecasting, i.e.,
there is no prediction of continuous values. The obtained predictive models
can be seen as a supportive tool for health decision makers, where valuable
information about relationships between malaria independent variables and
forecasting of new disease episodes is given in a very explicit way. What
follows is a description of the results obtained in each of the predictive data
mining studies.

4.2.1 PAPER IV

Paper IV summarizes the results obtained in this study. It is titled: Predict-
ing the Incidence of Malaria Cases in Mozambique Using Regression Trees
and Forests. The authors are, Orlando P. Zacarias and Henrik Boström.

The study investigates predictive models for the number of new malaria
cases in districts of Maputo province employing regression trees and random
forests methods. The used data includes administrative districts, the number
of reported cases of malaria, indoor-residual spray activities performed, and
the climatic variables temperature, rainfall, and humidity.

Nine models employing decision trees and random forests techniques gener-
ated from different time windows predicted monthly malaria cases episodes
in the studied region. More effective predictions were derived by the predic-
tive model based on a two-year time window. Therefore, building models
based on methods where a reduction of the time window as to what histori-
cal data to take into account, may substantially increase their predictive per-
formance. A comparison of the predicted results showed 70% correlation to
the actual malaria cases from the testing set. After conducting a paired t-test
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comparison of the decision trees and Random Forests best predictive mod-
els, the results show a statistically significant difference. Permutation accu-
racy importance was chosen to determine the importance of the variables of
the malaria predictors. The scores of the predictors’ relative importance for
the two-year random forests model ranked the indoor-residual campaign as
the most important predictor. Thus, these campaigns have a greater contri-
bution towards malaria incidence reduction in the province. In the group of
environmental variables, minimal temperature and rainfall are the most im-
portant predictors. From a regional (administrative district) perspective, the
districts subjected to high levels of malaria incidence are Manhiça, Matola
and Marracuene. The results of temporal (month) variability show that in
January the number of cases reached their peak. This was followed by the
months of July, June, September, August and October.

The findings of this study show the usefulness of the knowledge extraction
performed by the random forests approach in providing accurate estimates
of future numbers of malaria episodes. This is extended by including the
results regarding the significant predictive relationships of the independent
variables and malaria incidence forecasting.

4.2.2 PAPER V

This study is reported in paper V which is titled: Strengthening the Health
Information System in Mozambique through Malaria Incidence Prediction,
by Orlando P. Zacarias and Henrik Boström.

The study aims at developing a predictive model to estimate the number of
malaria cases for children up to four years old in Maputo province, Mozam-
bique. The model is based on support vector machines, employing support
vector regression with the ε-insensitive loss function. It makes use of his-
torical data of reported malaria cases, climatic factors (temperature, humid-
ity and rainfall) and the vector control strategy of indoor-residual spraying,
covering three years: 2007–2009.

After optimizing the required parameters, the results show that the predic-
tive model based on a radial basis kernel was the most effective. There-
fore, the conclusion can be drawn that support vector machines methods
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using radial basis kernels are more effective than employing other kernels
for malaria pediatric data, and this model is used to accomplish forecasting
of new pediatric malaria cases. The support vector machines method does
not provide a way to perform a ranking of the relative importance of the
predictors. Consequently, the random forests permutation accuracy strat-
egy was adopted with predictors being randomly permuted using the test
dataset. This allowed extracting information regarding the relative impor-
tance of the independent variables used. The predictor temperature variation
scored the topmost importance value, thus providing the highest predictive
power. From the spatial perspective, the districts of Matutuine, Namaacha,
Moamba and Marracuene were ranked highly. These districts are most
prone to reporting an increased number of new malaria incidence cases.
As for the time variable, the months April, February, September and Au-
gust were ranked first, whereas March, June and October were ranked with
relatively less importance in their impact on malaria incidence escalation.
The predictive performance of the infants model on the test set is good with
normalized mean squared error of 0.007102731. This is illustrated in Figure
4.1, where the strength of the prediction model is assessed by contrasting
the observed test set data of 2009 and the predicted estimates of this testing
procedure. The x-axis represents the space–time (district–month) relation,
while in the y-axis, we have the number of malaria episodes (original and
predicted malaria cases).

This investigation relates to the research question by providing knowledge
about estimates of new malaria episodes using support vector machines
technique and also information on the relative importance of the included
input variables in the prediction of these estimates.

4.2.3 PAPER VI

The study VI is disclosed in paper VI and titled: Comparing Support Vector
Machines and Random Forests Modeling for Predicting Malaria Incidence
in Mozambique. Authors are Orlando P. Zacarias and Henrik Boström.

The focus of this study is to derive and compare malaria predictive models
developed on the basis of support vector machines and random forests tech-
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Figure 4.1: Original versus Predicted using test set 2009.
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niques, using historical datasets from Maputo province. The SVM method
employed is realized through one of its sub-class, the support vector re-
gression, and was used with the ε-insensitive loss function. A dataset with
records of malaria cases covering 1999–2008 was used to evaluate the pre-
dictive models on the last year when developing models from one up to nine
years of historical data.

The DT method was used for a baseline comparison. Missing climatic input
values were replaced using two strategies: multiple imputation and attribute
mean replacement. The two-year time window predictive models generated
by the SVMs using both strategies to handle missing values accomplished
the best predictive performance compared to the random forests model. The
lowest obtained mean squared error 0.0032699 was far better than the RFs’
relative performance of around 0.0171. However, the model based on the
dataset with missing values replaced by the mean of each attribute derived
using SVMs approach obtained the most effective performance. This could
be explained by the low variance level of the corresponding missing at-
tributes, so that replacement with the “most common value” was more than
enough. In fact, predictive models using SVMs were more effective than
both random forests and decision tree derived models, thus showing their
suitability in application such as mining malaria data. The accuracy of the
predictive models using random forests is higher than the baseline results
(decision tree) for the first seven cases (i.e., from nine- to three-year time
frame models). Moreover, the best predictive model show a statistical sig-
nificance difference in relation to the random forests derived model, with
very low p-value.

As in Paper V, there was a need to overcome the weakness of SVMs in
relation to the evaluation of the relative importance of the predictors. The
random forests permutation accuracy strategy was adopted with the predic-
tors being randomly permuted using the test dataset. The knowledge ex-
tracted from this variable importance analysis gave the first rank to the pre-
dictor indoor-residual spray in both the support vector machines and random
forests approaches. They also ranked high the importance of the adminis-
trative districts of Manhiça and Matola from the spatial perspective, and the
month of January from the temporal perspective. The derived SVMs predic-
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tive model was able to determine that the months of February, March, May
and June are influential in raising the number of new malaria episodes. Also,
climatic factors such as humidity, minimal temperature, and temperature
variation (the difference between the maximum and the minimum temper-
atures) are of the greatest influence regarding malaria case increases. Less
influential temporal malaria predictors are the months from July to Decem-
ber, and April as well.

One of the methods used in this paper is similar to the one in Paper IV,
but with a larger dataset. The paper contributes to the research question by
comparing the two most used numerical predictive methods: support vector
machines and random forests. Useful and unexpected information extracted
from this investigation was that some variables were equally highly ranked
by both methods. The use of the time frame approach for model devel-
opment is apparently of significant importance since not all historical data
seem to contribute for obtaining an effective model. Additionally, the use
of sophisticated techniques of data replacement like multiple imputation did
not lead to greater improvements of model predictive performance com-
pared to using a simple attribute mean replacement strategy. Afterwards,
the predictive model derived using the support vector machine regression
approach was able to relate its results to the effect of seasonality. This can
be seen by the relative importance ranking of the months January–March,
where the environmental conditions are adequate for triggering most malaria
cases in Mozambique, as this coincides with the wet season (summer or the
rainy season).

4.2.4 PAPER VII

This investigation is reported in paper VII and is titled: Generalization of
Malaria Incidence Prediction Models by Correcting Sample Selection Bias.
The paper is authored by Orlando P. Zacarias and Henrik Boström.

The study evaluates the generalization ability of two predictive models based
on support vector machines to forecast the number of malaria incidence
episodes, developed taking datasets from the Maputo province districts and
certain time periods in Mozambique. The research is extended by including



SUMMARY OF RESULTS AND FINDINGS 73

the investigation of the sample selection bias problem. The models were de-
rived in papers V and VI, where the application of support vector machines
in the model construction was based on the support vector regression tech-
nique. The predictive performance was evaluated using two-holdout sets,
one for children up to four years old and the other considering malaria data
from all age groups (the entire population).

This investigation was motivated by the need to evaluate the learner per-
formance ability on the data from novel regions and different time peri-
ods. That is, on previously unseen data sets, we perform a generalization
test, after the models have experienced learning from their corresponding
datasets and before their practical application. Therefore, the malaria pre-
dictive models are tested for generalization using data from two different
provinces (regions) and time periods, other than those where the models
were originally developed. This scenario led to the violation of the tradi-
tional machine learning assumption where training and test data are inde-
pendently and identically drawn from the same distribution, consequently
raising the problem of bias on the sample selection. The correction of sam-
ple selection bias is accomplished by employing the importance weighting
strategy, where a Gaussian kernel density estimation technique was applied
to automatically generate a corrected distribution of training features ad-
justed to the distribution of the testing set.

The results of the generalization test using the children model show that the
model prediction performance increased after applying the sample selec-
tion bias correction strategy, unlike the direct use of the original developed
model. Literally, using the model derived from the children dataset, signifi-
cant reductions of the mean squared error rates were achieved in the districts
of Zambézia province, while in the generalization test of the model for all
age groups following the bias correction, a reduction of 25.0% in MSE is ob-
served in some districts of Zambézia and 8.0% for Cabo Delgado provinces.
However, a slight increase (less than 4.0%) in MSE is found in the remain-
ing districts of the same provinces. Although some fluctuation is observed
in these results, this empirical study demonstrates that the application of the
sample selection bias approach can substantially improve the performance
of malaria incidence predictive models in the presence of nonrandom data
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sampling relating training and test sets.

The study attempts to answer the research question by firstly recognizing
the usefulness of the previously derived predictive models. This recogni-
tion is given by attempts to use the models in other regions of the country,
which triggers the sample selection bias problem. The solution to this prob-
lem brings us knowledge that leads to improving the effectiveness of the
developed predictive models.



CHAPTER 5

CONCLUDING REMARKS

The focus of this thesis has been on the investigation of effective predictive
models to extract useful knowledge from malaria reported case data, using
Bayesian regression and predictive data mining methods. Several empirical
studies were conducted, each of which contributes its share to answering the
research question.

5.1 CONCLUSIONS

In this thesis, we developed predictive models of malaria disease that are
correlated with a set of predictors, using two frameworks to find the most
effective predictive methods. The predictive methods use the estimated
and assessed predictors of malaria incidence risk and the number of new
malaria episodes in spatial and temporal dimension. However, the influence
of climatic factors on the variation of malaria has long been established.
Several investigations [21; 46; 139–142] using similar climatic independent
variables have identified different predictive relationships and predictors of
malaria transmission. This brings up the issue of the complexity involved in
the iteration of these input variables with the disease vector. Furthermore,
these results indicate the need for local evaluation of all possible iterations
using appropriate correlation forms in most of the tropical regions affected
by this disease [59]. Therefore, the use of the statistical learning approach to
investigate the extraction of knowledge from malaria datasets, including the
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provision of forecasts for the number of new malaria episodes in Mozam-
bique, was an open issue. A strategy to allow the variation of the temporal
dimension in two connecting indexes delay was effectively adopted during
the development of predictive models based on Bayesian regression. Hence,
this work does not use explicit lagging when designing predictive models.
However, while forecasting the number of new malaria cases, the monthly
predictions cover the required time lag for disease onset as reported in [21].
Seven publications that describe the most effective methods have been ad-
dressed to answering the research question,
How can one effectively extract useful knowledge from malaria health data
to support decision-making and management, using predictive data mining
and Bayesian regression methods?

In our approach to tackle the research question from the Bayesian regression
perspective, several spatial and temporal predictive models based on Pois-
son multiple regression methods were developed and evaluated to yield the
best fitting model according to their deviance information criteria measures.
The full model (including all random effects and covariates) using malaria
data from all age groups (i.e., the entire population) with CAR binary spa-
tial correlation was chosen. Its results allowed us to establish predictive
relationships relating the relative humidity and maximum temperature over
27.0oC as being the most significant predictors affecting the incidence pat-
terns of malaria risk in Maputo province. Although a minimal temperature
in the range [17.0,21.1] degrees Celsius, and temperature variation, showed
a predictive relationship to malaria incidence risk pattern, their impact was
not significant. Hence, their contribution can be neglected. Our improved
approach of quantifying space-time malaria correlations between months
and years instead of only between months [55] or years [56] was potentially
relevant and extends the work of these authors. Its usefulness can also be
seen in its ability to easily visualize the seasonal malaria incidence distri-
bution, as the correlation dependencies for every following month within
the study period except for the first and last (month and year respectively)
are established. Moreover, this modeling approach can be of great benefit
when explicitly modeling the seasonality (i.e., grouping by months) is either
unfeasible or not required.
However, in the study using the Bayesian regression approach to find pre-
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dictors for malaria incidence patterns from a distinct population group—
children less the five years of age—the predictive model with no spatially
correlated heterogeneity between districts was the best fitting model. This
resulted in learning that humidity and rainfall were the main predictors af-
fecting malaria variation in this population group. Although apparently con-
tradictory to the exclusion of temperature in the current study, while rainfall
was excluded in the previous, the results may be explained by the size of the
pediatric malaria data used for the analysis. Furthermore, a very low spatial
variation of reported cases was observed in study III. The patterns of malaria
incidence show a significant variation in space and time in some districts
(time is given by month and year combination for study II and month only
in study III) compared to standard mortality rates. Regarding the minimum
temperature and the artificially created input variable temperature variation
in study II, this thesis confirms the weak iteration [127] of these predictors
in the process of malaria transmission and variation. Relative risk estimates
of malaria incidence were extracted from the developed Bayesian predic-
tive models and used for mapping the regional risk of the disease at the
corresponding time. This may be useful to improve the decision making
and planning of malaria intervention activities for each district, taking into
consideration an increase in regional malaria outbreaks.

Within predictive data mining, the group method of data handling poly-
nomial neural network is a useful technique employed to predict malaria
outbreaks [45]. Its drawback however relates to the possibility of falling
into the similar traps of local minima or over-fitting as the artificial neural
network approach. Hence, in order to accomplish the objective of find-
ing useful knowledge from malaria data in the form of predictive patterns
of new malaria incidence cases, several predictive models from different
approaches were compared. Their modeling development was based on
support vector machines and random forests methods, comprising historical
data of malaria cases, climatic variables, and vector control activities real-
ized as indoor-residual spraying. They included the ability to establish the
most valuable (important) malaria predictors. The model design following a
time-window approach from nine to one years of malaria historical data for
all ages, while evaluating predictive performance on the last year, proved
to be practical for determining the best dataset from which to develop pre-
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dictive models that extract useful knowledge from malaria data. Moreover,
the performance of the RFs method is not substantially different from that
obtained by the SVMs algorithm in this investigation, although methods us-
ing SVMs are generally considered more efficient. This may be due to the
space-dimension where the number of features used in this investigation is
small - less than fifty.

Adoption of the random forests strategy to overcome the problem of variable
importance estimations of model predictors within support vector machines,
was useful and allowed comparing the most valuable predictors obtained
from both approaches. Models for all ages based on both strategies deter-
mined indoor-residual spraying as the variable providing the highest predic-
tive power. Also, the districts of Manhiça and Matola, the climatic variables
humidity and minimal temperature, and the month of January were found
to hold the highest predictive relationships in the prediction of the number
of malaria episodes for both support vector machines and random forests
approaches. In spite of that, while predicting new malaria cases, the model
based on support vector machines approach was more effective. The in-
vestigation of predictive malaria transmission assuming climatic and IRS
factors for the children’s population, i.e., children under five years of age,
enabled estimating possible fresh expected numbers of malaria cases in this
high-risk and susceptible population. Designing this study was appropriate
considering the lack of immunity to the disease within this population group.
The developed predictive models extend the work of [45] by first perform-
ing numerical prediction and employing different techniques to forecast new
malaria episodes.

The process for testing the predictive capabilities of the derived models to
generalize to unseen sets was also investigated. Because the default as-
sumption in machine learning, where the training and test sets are drawn
from independently and identically distributed variables, did not hold, we
faced the sample selection bias problem. This problem was overcome by
employing a weighting importance strategy to approximate the distributions
of the unseen testing set to the training sets used for deriving the predictive
models. This solution is apparently a useful alternative in the modeling and
estimation of the number of new malaria episodes. When the type of bias
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is either feature or class based, adjusting for sample bias is considered in
most cases effective [143]. However, in cases where the type of bias is said
to be a complete bias, no further reduction is possible [143]. Numerical
prediction results obtained after correcting for sample selection bias in both
the children’s model and the all ages model show a substantial performance
improvement. The predictive performance of the children’s model got an
overall improvement of 24% in its error reduction rate, while the all ages
predictive model got an error reduction rate improvement of around 12% in
Zambézia province and 2.5% in Cabo Delgado province.

To sum up, a contribution to the extraction of useful knowledge from malaria
health data from the Bayesian perspective may be achieved by combining
space-time interactions and allowing for a continuous correlation connect-
ing every month and year instead of a direct seasonal division. This allowed
also the extraction of predictive relationships based on the significance of
the predictors. Under predictive data mining, the adoption of a time-window
strategy and the random forests approach to obtain variable importance es-
timation scores both employed within SVMs, are contributions of the thesis
to the extraction of useful knowledge from malaria health data.

The outcomes of this thesis lead us to conclude that variations of meteoro-
logical conditions which impact malaria parasite development and vector,
as well as vector control activities, have substantial predictive relationships
with malaria transmission in Mozambique. The assessment of these links
enhanced our understanding of the strength of the malaria predictors, as
many potential factors affecting malaria transmission are hard to separable.
This situation turns out to be the biggest challenge in modeling the incidence
patterns of malaria in space and time. On the other hand, the identification of
the principal predictors and the design of predictive models for the number
of new malaria cases may provide support to the decision making process
from planning to the design of control interventions. The predictive models
may also contribute to reduce the subjectivity and time for decision making.
Moreover, it is impractical to develop a model based on most of districts of
Mozambique, and then use the remaining set of districts for testing, mainly
due to the lack of the required data. Having said that, the sample selection
bias problem will eventually be present in most of the cases. Therefore,
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the approach pursued in this thesis seems to be practical and appropriate
to tackle this problem. To the best knowledge of the author, this research
represents one of the first studies to develop regional predictive models to
estimate the relative risk of malaria transmission, its mapping, the identi-
fication of potential predictor variables, and predictions of new number of
malaria cases in Mozambique, thus casting light on a fresh and recurring
theme of public health and informatics, the importance of which is increas-
ingly growing in the country.

5.2 FUTURE WORK

This dissertation encompasses the application of methods for learning from
Bayesian regression, decision trees, random forests, and support vector ma-
chines based on health and climatic datasets. For that purpose, predictive
modeling finding estimates of predictors for malaria transmission and fore-
casting of new numbers of disease episodes were derived. The knowledge
extracted by these models can provide directions for improving the man-
agement and decision-making process in the health sector. However, further
refinement of the developed predictive models is possible as more relevant
data become available. Also, the possibility of applying similar modeling
approaches to the study of other tropical diseases or related areas is ex-
tremely important and valid. Thus, many other paths may be pursued to
continue with issues that remained opened in this dissertation:

1. Refine the time scale by reducing it to weekly datapoint observations.

2. Investigate the application of other strategies for correcting sample
bias.

3. Consider the design of a malaria early warning health decision sys-
tem so as to contribute to the management of all activities within the
malaria program unit at the Ministry of Health.

4. Use the predictive variable importance approach from random forests
to generate hypotheses based on selected predictors that could be
more rigorously analyzed in the Bayesian framework.
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5. Perform studies to determine the usefulness of the different models
developed in this research from the public health standpoint.

6. Investigate the possibility of applying similar approaches to predict-
ing new episodes of other diseases, such as dengue, cholera, menin-
gitis, etc.
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