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Abstract. The spread of dengue fever depends mainly on the availability of favourable breeding sites for its mosquito vectors
around human dwellings. To investigate if the various factors influencing breeding habitats can be mapped from space,
dengue indices, such as the container index, the house index and the Breteau index, were calculated from Ministry of Public
health data collected three times annually in Phitsanulok, Thailand between 2009 and 2011. The most influential factors
were found to be temperature, humidity, rainfall, population density, elevation and land cover. Models were worked out
using parameters mostly derived from freely available satellite images and fuzzy logic software with parameter synchronisa-
tion and a predication algorithm based on data mining and the Decision Tree method. The models developed were found to
be sufficiently flexible to accommodate additional parameters and sampling data that might improve prediction of
favourable breeding hotspots. The algorithm applied can not only be used for the prediction of near real-time scenarios with
respect to dengue, but can also be applied for monitoring other diseases influenced by environmental and climatic factors.
The multi-criteria model presented is a cost-effective way of identifying outbreak hotspots and early warning systems lend
themselves for development based on this strategy. The proposed approach demonstrates the successful utilisation of remote-
ly sensed images to map mosquito breeding habitats.

Keywords: dengue fever, fuzzy analytic hierarchy process, larval density, data mining, climatic factors, health, geographical
information system, Thailand.

Introduction

Dengue is a mosquito-borne, viral infection that can
cause dengue fever (DF), occasionally leading to
potentially lethal complications, such as dengue haem-
orrhagic fever (Simmons et al., 2012). This infection is
found in tropical and sub-tropical climates worldwide,
mostly in urban and semi-urban areas (Sarfraz et al.,
2013) and the global incidence has grown dramatical-
ly in recent decades, so that about half of the world’s
population is now at risk (WHO, 2012; Bhatt et al.,

2013). The dengue virus is a particular threat to
humans at times of increased abundance of its vectors
Aedes aegypti and Ae. albopictus. The transmission
risk depends on climatic factors, which govern the
expansion of mosquito habitats (Nakhapakorn and
Tripathi, 2005; Hassan et al., 2012; Morin et al.,
2013; Banu et al., 2014). There is no specific treatment
for DF, but early detection and access to proper med-
ical care can lower fatality rates to levels below 1%
(WHO, 2012). Without chemotherapy and vaccines,
dengue prevention depends solely on effective vector
control. Information and communication technologies
(ICT) have been recognised for enabling solutions to
health and healthcare that can help with regard to
these challenges. 

Climatic parameters, especially rainfall, temperature
and humidity along with land cover types have been
reported to influence the densities of the vector (Craig
et al., 1999; Ceccato et al., 2005; Machault et al.,
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2011; Dambach et al., 2012) in localities with many
open water containers that function as effective vector
breeding sites when filled during rainfall
(Arunachalam et al., 2010; Sarfraz et al., 2012). Thus,
rainfall patterns have a clear spatio-temporal effect on
breeding sites and can also improve larval survival by
creating a favourable humid microclimate for the
adult mosquito (Machault et al., 2011). Ae. aegypti is
an anthropophagic mosquito that thrives in and
around human dwellings, where a variety of sources of
standing water provides ideal habitat for its larvae.
Ae. albopictus also prefers rain-filled containers, in
partcular tires and naturally formed cavities, such as
tree holes (Vanwambeke et al., 2011). For this reason,
many researchers have examined the use of precipita-
tion data as a means for forecasting DF (Focks et al.,
1995; Buczak et al., 2012).

Low temperatures limit the life-cycle of the dengue
vectors (Beebe et al., 2009), while warmth enhances
mosquito population densities and disease incidence
(Reiter, 1996; Hsieh and Chen, 2009). Lambrechts et
al. (2011) investigated the effect of realistic tempera-
ture profiles with respect to day and night on the
capacity of mosquitoes to transmit the dengue virus. It
has been found that the range of temperature fluctua-
tions is inversely related to vector susceptibility and
survival with respect to the dengue virus, so that both
infection and survival rates decrease when the night-
day temperature range increases. The trend of increas-
ing temperatures in various regions of the world, pre-
dicted by global climate change models, points
towards a possible pandemic DF threat (Banu et al.,
2011).

Specific humidity, defined as the amount of vapour
pressure in the air, is high only when both rainfall and
temperatures are high. These are the very conditions
that are conducive for the breeding and survival of
vector populations and rapid virus replication (Focks
et al., 1993). Thus, humidity has a direct impact on
the occurrence and persistence of breeding sites and on
larval survival rates (Aziz et al., 2011).

The land cover allows for the colonisation of new
breeding habitats leading to a modified composition
of the vector populations (Patz and Norris, 2004).
Cultivation/agriculture is the largest driver for the
changing land use across the globe. Together, pas-
tures and croplands now cover more than 40% of
the world’s land surface and thus rival forests as the
largest terrestrial biome (Ramankutty and Foley,
1999; Asner et al., 2004). Khormi and Kumar
(2012) report that land use/land cover (LULC) pat-
terns as well as socio-cultural and economic prac-

tices all have a strong relation to the incidence of
vector-borne diseases including DF. Land cover and
its vegetation characteristics can thus amplify the
distribution of the dengue virus by modification of
its vector populations. Changing land use is a major
constituent of the global environmental alteration
that potentially affects human health in relation to
mosquito-borne diseases. Considering a dengue vec-
tor’s flight range during its life span (generally no
further than 1 km), buffering operations have been
carried out to find the relationship between mosqui-
to density-related indices and land cover classes
(Sarfraz et al., 2013).

Increased human population densitities result in
higher levels of disease morbidity and mortality
(Quintero et al., 2014). Indeed, growing anthro-
pogenic influence on the natural environment, such as
changes in land use and deterioration of ecosystems,
are accelerating the problem. Increased exposure to
infectious diseases has been identified as one of five
major emerging public health threats developing from
the above-mentioned changes of the natural environ-
ment (Myers and Patz, 2009).  Urbanisation, in partic-
ular, is a major driver for the emergence of epidemic
DF (Gubler, 2011). Technologies developed for the
collection of Earth-observational data can detect such
changes and help identifying potential risk zones for
spread of the disease.

Many researchers report a relationship between the
number of DF cases and climatic factors
(Nakhapakorn and Tripathi et al., 2005; Jeefoo et al.,
2010; Goto et al., 2013). Drawbacks associated with
the use of case data include the asymptomatic infec-
tions, which cannot be used to support a real-time
indication of future disease scenarios. Moreover, the
results of studies comparing remotely sensed data with
ground data interpolated from meteorological ground
stations often do not correspond well with the annual
mean climatic data due to limitations incurred by large
distances between the stations as there is usually a
fixed number of them per area (Machault et al., 2011).
Interpolation techniques are used to produce approxi-
mate parameter values for the areas situated between
two stations, which means that predictions directly
based on larval densities in these locations must be
more reliable (Sarfraz et al., 2012). However, the labo-
rious collection of climatic parameters from ground
stations and integration with health data are time con-
suming and cause intervention delays, while remote
sensing approaches can provide useful data for any
given region depending on the available resolution
specifics. During the past few decades, geospatial and
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remotely sensed data have been increasingly utilised in
this respect (Beck et al., 2000; Machault et al., 2011).
Adopting novel and freely available online data are
most useful and can aid in achieving timely awareness
of the status of various vector-borne diseases (Hay et
al., 2013).

Preventive measures based on near-real time predic-
tion of climatic and environmental fluctuation can
save human lives. The objectives of this study were to
create a simulation model, capable of predicting possi-
ble breeding habitats of the Aedes vectors by consider-
ing entomological information (dengue indices)
together with climatic and environmental data.

Materials and methods

Study Area

Phetchabun Province, located in the lower, northern
region of Thailand, (16.27 N, 101.09 E) about 350 km
north of Bangkok was selected as the study area due to
known variations in demography and climatic factors.
Recent topographic data obtained from the Land
Development Office in Thailand show Phetchabun as
comprising 11 districts subdivided into 1,261 villages,
the smallest public health unit in Thailand. The cur-
rent study was carried out in 131 of these villages cov-
ering all 11 districts (Fig. 1).

The central part of Phetchabun Province is situated
on the Pa Sak River basin with mountain ranges run-
ning along both the western and the eastern edges with
an altitude varying between 43 and 1,766 m above the
mean sea level (MSL). The province is agriculturally
productive, today also known for tourism. According
to National Statistical Office data for 2010, there are
about 1 million people in Phetchabun with the major-
ity between 15 to 59 years of age and a population
density of approximately 79 per km2. The climate is
mainly pleasant varying between a maximum mean of
34.8 °C and minimum mean of 23.3 °C. The humidity
varies between 94% and 39%, while the daily, maxi-
mum rainfall is 78.3 mm. 

Model parameters

Before developing the predictive algorithm for near
real-time dengue habitat modelling, we felt that it nec-
essary to provide a base by producing a model on the
basis of the ground truth data. The variables consid-
ered included dengue larval density and a set of
remotely sensed data. Due to limited resolution with
regard to rainfall and humidity data, interpolation
techniques were used. Among all the interpolations
methods tested, the inverse distance weighted (IDW)
(Sarfraz et al., 2012) approach resulted in the least

Fig. 1. Phetchabun Province with district boundaries and the
location of samples villages. The blue buffers indicate the 131
villages, which were sampled three times (in March, May and
July) during the period of 2009-2011. The inset shows the loca-
tion od the province within Thailand.

Source/information Temperature Rainfall Humidity Elevation

Satellite platform

Instrument

Image name

Spatial resolution

Availability

Version

AQUA

MODIS

MYD11C3

0.05 degree

Day/Night

Version 5

TRMM

Precipitation radar

3B43

0.25 degree

3-hourly

Version 6

AQUA

AIRS

RetQuant

13.5 km

5 days

Version 5

SRTM

Synthetic aperture radar

SRTM_57_09

90 m

11-day mission

Version 1

Table 1. Details of satellite resources used.
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root-mean-square error and was therefore adopted.
Details of remotely sensed data used are summarised
in Table 1.

Dengue entomological data

The entomological data were used as a primary vari-
able to develop this model. It consisted of the larval
density of Ae. aegypti and Ae. albopictus inside and
around residential homes. The specimens were collect-
ed according to the World Health Organization
(WHO) standards through the Office of Disease
Prevention and Control, Ministry of Public Health,
Thailand. Sampling was done three times a year
(March, May and July) during the peak time of dengue
breeding in the study region. Data samples, collected
from different districts within the province considering
lifestyles of the local population and the diversity of
the surrounding environment, were used to calculate
the house index (HI); the container index (CI); and the
Breteau index (BI). In the study villages, sampling
houses were randomly selected. If locked, they were
tested during the next visit and adjacent houses were
sampled instead. This was felt acceptable as neigh-
bouring houses would have an almost identical struc-
ture with the same surroundings

equation (1)

equation (2)

equation (3)

Temperature 

The monthly average temperature, the maximum
land surface day temperature (LSTday) and the mini-
mum night temperature (LSTnight) were extracted from
the moderate resolution imaging spectroradiometer
(MODIS) on-board the Aqua satellite in the form of a
hierarchical data format (HDF) file (LP DAAC, 2012)
re-projected for the study area using the conversion
utility (MCKT) toolkit (http://www.nsidc.org/
data/modis/tools.html) and an area mask. The temper-
atures were expressed as degrees Kelvin by applying a
factor for linear re-scaling (0.02) of the sensor data,

which are normally referred to as digital numbers
(DN) (http://www.icess.ucsb.edu/modis/LstUsrGuide/
usrguide_mod11.html#sds) and transformed into
centigrades by subtracting the 273.15 value. These
steps are summarised in equation 4. The average tem-
peratures in Fig. 2 were extracted using three-year
averages.

LSTcentigrade = LSTdata x scale factor - 273.15

equation (4)

After acquiring the re-scaled temperatures accord-
ing to Celsius returned by the equation 4, the next
step was to relate the effect of a certain temperature
on mosquito breeding. This was achieved by equation
5 below, which maps a given temperature in the con-
tinuous range of 0 (i.e. no influence on the dengue lar-
val density) to 1 (i.e. high impact). Different ranges of
temperature values and calculation of their corre-
sponding impact were determined by relating the
dengue larval density at a survey point to its measured
temperature using a fuzzy logic approach as discussed
in the section on dengue habitat modelling (see
below).

equation (5)

Population density

The gridded populations of the world (GPW), ver-
sion 3 raster data (CIESIN, 2012) provided by the
Socio Economic Data and Applications Center
(SEDAC) (http://www.ciesin.org/) was used for esti-
mating the local population density (Table 1). The
GPW data contains a near-global population dataset
based on night-time light imagery found in various
human settlements (Fig. 3). GPW data is the best pos-
sible solution for regions with unreliable population
data. The population parameter is modified according
to maximum pixel value of the raster image. A higher
accuracy may be possible by using population density
maps from local organisations. However, as no fre-
quent changes in the population density was expected
this parameter was kept fixed throughout the research
study.

House Index = x100Number of infested houses
Number of inspected houses

Container Index = x100Number of infested containers
Number of inspected containers

Breteau Index= x100Number of infested containers
Number of inspected containers

Temperature (x) =

x <20 or x >40

x ≥21 or x ≤29

x ≥30 or x ≤35

x >36 or x <40

0
x - 20

10
1
40 - x

5
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Rainfall

Accurate rainfall measurements are generally prob-
lematic, since it is impossible to place rain gauges
throughout large areas. The Tropical Rainfall
Measuring Mission (TRMM) (http://www.trmm.
gsfc.nasa.gov/) attempts to provide accurate measure-
ments of global precipitation (Kummerow et al.,
1998). The TRMM satellite was launched in
November 1997 and has collected data since the fol-
lowing month with a spatial resolution of 0.25 to 5.0
degrees. The radar rainfall product (3B42) provided
indirect rain gauge data along with the same data
based on a combination of datasets for the current
study (Table 1). Three-hourly, rainfall measurements
of variable quality were summed over one month, cre-
ating a monthly multi-satellite (MS) product. By sum-
ming the gauge and the MS product, a post-real-time,
monthly satellite-gauge combination (SG) was devel-
oped (Fig. 4). Reasoning along the same lines as for
done the temperature, Eq. 6 maps rainfall values in a
0 to 1 range were produced:

equation (6)

Fig. 2. Monthly average temperatures for 2010 in Phetchabun Province (MODIS data, rescaled and expressed in centigrades).

Fig. 3. Population density of Phetchabun Province. Data from
the Gridded Population of the World 2010.

Rainfall (x) =

x <10 or x ≥180

x ≥11 or x ≤40

x ≥41 or x ≤80

x >81 or x <180

0
x - 1
40

1
180 - x

100
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Relative humidity

Day and night humidity data were acquired
through Atmospheric Infrared Sounder (AIRS)
(https:// www.airs.jpl.nasa.gov/), a satellite-based,
continuously-operating, cross-track scanning
sounder with a telescope feeding an “echelle” spec-
trometer. The spatial footprint of the infrared chan-
nels has a 1.1 degree diameter, which corresponds to
about 15 x 15 km in the nadir. (Table 1). Humidity
increases at night compared to day time levels, so

both day and night humidity values (Fig. 5) were
used for the analysis. As with temperature and rain-
fall, the same range (0 to 1) was applied for calculat-
ing this parameter:

equation (7)

Fig. 4. Monthly average of rainfall in Phetchabun Province (TRMM 2010 data).

Humidity (x) =

x <50 or x >90

x ≥50 or x ≤68

x >68 or x ≤79

x ≥80 or x ≤90

0
x - 49

20
1
90 - x

11

Fig. 5. Monthly average humidity in Phetchabun Province (AIRS 2010 data).
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Digital elevation data

More DF cases occur at lower altitudes than in
high-land areas (Aziz et al., 2011). To evaluate
elevation affects on mosquito breeding habitats, val-
ues derived from the Digital Elevation Model
(DEM) (http://www2.jpl.nasa.gov/srtm/) with 90-m
resolution from the Shuttle Radar Topography
Mission (SRTM) were used (Table 1). Three arc sec-
ond (90 m) data of elevation are freely available
globally. Similar to the other parameters, our fuzzy
modelling approach, relating the given elevation
data to the dengue larval densities found, divided
the elevation data into three different linear ranges
and provided mappings for each range (again the
0-1 approach was used) intervals as shown in equa-
tion 8:

equation (8)

Land use/land cover

Landscape features, such as land use/land cover
(LULC) affect the availability of suitable mosquito
breeding habitats and hence provide an indication
of the abundance of vectors. LULC also determines
the location of people in relation to the vector habi-
tats and therefore affect human exposure. The
MODIS land cover product (MCD12) is freely
available (https://www.lpdaac.usgs. gov/) and there-
fore lends itself for this type of study. This product
contains multiple classification schemes, which
include 11 natural vegetation classes, three
non-vegetation ones and three developed land
class mosaics. To achieve high accuracy with
respect to the relationship between LULC and the
mosquito breeding potential, LULC data consisting
of more than 150 classes were obtained from the
Land Development Office of Thailand. Detailed
information on LULC methods are available in a
previous study conducted for the Phitsanulok
health division (Sarfraz et al., 2012). Study results
obtained by this previous study were merged with
the new data from the environmental parameters
mentioned above to see if the combined effect on
mosquito breeding habitats would gain additional,
useful information.

Preprocessing

Because different environmental, climatic and demo-
graphic data were collected at diverse spatio-temporal
scales, they had to be converted into a uniform scale.
The temporal scale was one month and the village was
considered the unit for spatial distribution. A buffer-
ing operation of 200, 500 and 1,000 m was performed
using geographical information systems (GIS) software
for the 131 villages as these buffers were considered to
cover the range from minimum to maximum mosquito
flight range during its life span. The percentage of each
buffer area was calculated for further statistical analy-
sis to see the affected land cover with respect to the
Breteau Index. All images were re-projected onto the
map projection UTM zone 47 N and datum WGS 84.

Habitat modelling and machine-learning

To examine factors affecting the dengue larval habi-
tat potential, a machine-learning workbench using the
Konstanz Information Miner (KNIME) was used for
the current study (Berthold et al., 2008). KNIME
allows the rapid exploration of a given dataset using a
variety of machine-learning schemes and data mining.
It is an open source, graphical user interface pro-
gramme, widely used for pharmaceutical research
(Holzinger et al., 2013). We utilised KNIME here for
habitat modelling to develop a methodology for cli-
matic factors contributing to favourable breeding sites.
Through experience with this tool, we learnt that suc-
cessful application of machine-learning involves much
more than merely executing a learning algorithm on
some data. The process model used for our machine-
learning applications is presented below (Fig.6).

Fig. 6. Flow diagram for the extraction of suitable ranges pro-
vided by the data mining software.

Elevation (x) =

x <44 or x ≥1501

x ≥44 or x ≤400

x ≥401 or x ≤1100

x >1101 or x <1500

0
x - 42
360

1
1500 - x

400
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Different mining algorithms (e.g. Bayesian, Cluster,
Neural Network and Decision Tree) were applied
using the KNIME. The Decision Tree algorithm pro-
vided a minimum re-substitution error rate and this
algorithm resulted in high accuracy for all parameters
investigated here. Using the “CONFIGURE” menu,
the dengue parameters.xls data file of dependent and
independent parameters (larval density, temperature,
population density, rainfall, relative humidity and ele-
vation) were imported with the “FILE READER”
component, while the “LEARNER” component was
used for the induction of the Decision Tree on the
whole dataset to find the suitable and the not suitable
ranges. The Decision Tree predictor with classifier was
used for the learning set. The confusion (error) matrix,
a table layout allowing visualisation of the perform-
ance of algorithms in general, was computed using the
“SCORER” component (Fig. 7).

Fuzzy analytic hierarchy process

A disease involves several levels of uncertainty and
imprecision. When the knowledge discovered is in the
form of association rules, the methodology is called
association rule mining (ARM), which describes a
relationship among different attributes (Agrawal et al.,
1993). For the development of a decision support sys-
tem for the mosquito habitat mapping on the basis of
the above datasets, fuzzy logic was applied. Decision
support systems can be helpful in introducing automa-
tion and intelligence for real-time modelling (Buczak
et al., 2012). Among the various habitat models and
automated outbreak prediction systems developed, the
vector-borne disease prediction model is considerably
complex since it requires evaluation and predication
under uncertainty based on social, climatic, environ-
mental and behavioural factors (Sarfraz et al., 2013).
The analytic hierarchy process (AHP) is a sound way
to address various problems as this method is qualita-
tive and easy to implement from the validation and

data requirement point of view. However, the AHP is
not useful in solving prediction problems based on
uncertainty such as dengue outbreaks. In order to
exclude this constraint, we developed the fuzzy-based
habitat suitability approach, a technique that elimi-
nates the requirement of extra aggregation as well as
ranking procedures.

Using the AHP approach, we accepted all locations
falling within the given criteria; if not (even if very
close to the set threshold), they were excluded from
analysis. Spatial features often lack clearly defined
boundaries and concepts like “favourable”, “moder-
ately favourable”, or “unfavourable” can be better
expressed as degrees of membership to a fuzzy dataset
than with a binary yes/no classification. Humans often
use uncertain or vague concepts as our thinking and
language are non-binary. In real life, we add much
more variation to our judgments and classifications
than what can be given by a simple positive or nega-
tive expression. Instead of classes with sharp bound-
aries (membership: yes or no), each feature is repre-
sented using fuzzy datasets with degrees of member-
ship. In this way, all locations can be considered; even
those with minor effects on mosquito breeding habi-
tats. For example, locations with a relatively low influ-
ence were included in the analysis but with a low
degree of membership. We assigned the degree of
membership to a class as a value between 0 (not suit-
able as habitat) and 1 (highly suitable). Values falling
between these endpoints were mapped as degrees of
membership (from lowly to highly favourable breed-
ing environments). For the dengue vector habitat risk
zone identification, the raster calculator (Spatial
Analyst) was used. All fuzzy datasets were computed
on the basis of equations obtained from machine-
learning methods by modifying the raster calculator
commands of each layer.

Results

The assessment of climatic and environmental fac-
tors using the confusion (error) matrix, computed
using the “SCORER” component of the flow process
of the Decision Tree learning method resulted in an
overall accuracy of 80% (Table 2). This score was
used in the development of near real-time monitoring
application for dengue vector habitats using the fuzzy-
based approach estimating the suitable range of fac-
tors suitable for habitats using the data mining
approach. The scores and rules of those found suitable
on the basis of the data mining algorithm were trans-
ferred to the equations used.

Fig. 7. Decision score flow process of Decision Tree learning
method.
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Using the GPW layer as source resulted in a maxi-
mum human population density of 46 persons, per
100 m2. Increasing numbers of containers led to more
mosquito habitats close to human dwellings and high-
er mosquito populations, thus intensifying the infec-
tion risk. The human population density showed a lin-
ear relationship with respect to its effect on the dengue
larval density as depicted in Fig. 8.

The elevation results showed that altitude plays an
important role in limiting the Ae. aegypti distribution.
The maximum effect of elevation on Aedes breeding
capacity was found to be between 400 and 1,100 m
above MSL (Fig. 9). The SRTM data gave the maxi-
mum elevation for Aedes mosquitoes as approximate-
ly 1,800 m above MSL. 

Humidity values in the range between 68 and 80%
influenced the role of the vector highly in the study
area (Fig. 10).

Results from the data mining approach showed that
a temperature range between 30-35 °C had a high
impact on dengue vector breeding (Fig. 11). The cur-
rent global forecast of a 2.0 °C to 4.5 °C average
worldwide warming by 2100 will certainly impact this
and other vector-borne diseases (Kyle and Harris,
2008).

The rainfall graph presents 40-81 mm/hr as a
favourable range for the dengue vectors in the study
area. Clearly, rainfall in this range had a positive
impact on breeding (Fig. 12). 

Taken together, the Aedes habitats were found to be
spatially clustered around places characterised by high
human population densities and large-surface water
bodies, such as marsh/swamps and rice paddies but also
in areas with poor housing conditions and at elevations
from 400 to 1,100 m above MSL, at humidity levels
between 68 and 79%, at temperatures of 30-35 °C and
where rainfall were between 41 and 80 mm/hr.

Fig. 13 shows the results of dengue habitat probabil-
ity due to factors considered in the model.  The period
of April-July was found to be a period of significant,

Confusion matrix

Low Medium High

Low

Medium

High

Correctly classified

Wrongly classified

8

3

1

105

26

12

91

6

Accuracy

Error

2

2

6

80.15 %

19.84%

Table 2. Accuracy assessment chart for climatic and environ-
mental factors.

Fig. 8. Fuzzy logic graph for population distribution. 
*Represents the degree of truth as an extension of assessment (pixel values
vary between 0 and 1).

Fig. 9. Fuzzy logic graph for altitude distribution.

Fig. 10. Fuzzy logic graph for humidity distribution.

Fig. 11. Fuzzy logic graph for temperature distribution.

Fig. 12. Fuzzy logic graph for rainfall distribution.
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high suitability, after which time the heavy rains begin
and the number of successful breeding habitats sud-
denly decreases. The proposed model can be adopted
to monitor dengue vector breeding throughout the
year allowing health administrators to monitor
favourable areas for mosquito breeding on a daily
basis and to institute immediate, precautionary meas-
ures. 

Discussion

Disease prediction is one of the more interesting and
challenging tasks, where a data mining tool can be
useful. Computers powered with automated applica-
tions and collected datasets can rapidly provide large
volumes of medical data. Knowledge discovery in
databases (KDD), which includes data mining tech-
niques, has become a popular research tool for med-
ical researchers to identify and exploit patterns and
relationships among large number of variables. This

has made it possible to predict the outcome of a dis-
ease using stored, historical cases (Fathima et al.,
2011). Data mining can thus discover inherent and
previously unknown information and it can also sup-
port interactive data investigation. Some of the specific
attributes include preprocessing attributes, evaluation
and comparison of results for different schemes as well
as designing of off-line comparative experiments.

In our fuzzy model, each parameter mentioned in
the previous paragraph represents a data layer. We cal-
culated fuzzy scores for these layers using ArcGIS
fuzzy tool (setting gamma at 0.9) and produced over-
lays where the analysis determined the risk due to the
breeding potential based on numerous sets, i.e. a
multi-criteria overlay investigation. In our case, fuzzy
overlay determined the phenomenon layers by com-
bining all possible layers influencing the mosquito
habitats by analysing the associations between the var-
ious degrees of membership of all considered parame-
ters. It is also possible to fine-tune the model by

Fig. 13. Dengue vector breeding habitat probability estimated.
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including expert opinions for changing the influence of
various parameter levels. Consequently, decision-mak-
ers can add/express constraints through the use of nat-
ural language interfaces providing a means to analysis
data and create maps without having an in-depth
knowledge of the tools involved in building the appli-
cation.

Most of the mosquito larval densities were found
together with higher human population densities.
Higher population accuracy is theoretically possible
by using population density maps from local organisa-
tions. However, as there was not much change in the
population density during the time of the study, this
variable was kept fixed throughout. 

Researchers in India report that the altitude range
most suitable of for Ae. aegypti is <500 m above MSL
and altitudes >1,200 m above MSL is the upper limit
for Aedes (Kalra et al., 1997). In other regions of
Southeast Asia, an altitude of >1,500 m above MSL
limits Ae. aegypti breeding, while elevations above
1,500 m have been found to be favourable in a few
regions (Patz et al., 1998). Dengue transmission typi-
cally occurs in periods of rainy days when tempera-
tures and humidity levels are favourable for the
increase of Aedes breeding in secondary habitats.
Humidity with suitable temperature also increases
mosquito survival (Rotela et al., 2007).

Besides biotic factors (i.e. virus, vector and host),
abiotic factors like temperature, humidity and rainfall
also play an important role for favourable breeding of
the dengue vector. In arid regions, where rainfall is
insufficient during the dry season, breeding mainly
occurs in man-made storage containers rather than
natural containers. The important role of the latter in
the rainy season was confirmed in this study. 

Limitations have to do with the dengue indices
assessing dengue transmission risk, such as CI, HI and
BI. However, these indices may constrain estimations,
e.g. by defining immature forms of the vector found in
the containers. In order to investigate the pragmatic
trend for expected dengue risk, pupal surveys (mature
forms of vectors) may aid in predicting dengue inci-
dence potentially. Improvements in elevation data
(SRTM-4), which have been processed to fill voids can
yield better results for such types of studies.
Furthermore, available satellite sensor data are limited
by resolution issues and it is sometimes difficult to get
cloud-free images, which restricts estimating factors
for specific time periods. Furthermore, the values of
locations in the fuzzy output map derived from data
mining software using fuzzy inference processes have
limitations due to the complexity of defining the habi-

tats of dengue mosquitos. In the future, adding infra-
structure and socio-economic layers for settlements
may further increase accuracy of the model around
populated areas. In addition, results extracted at the
local scale may not be used to extrapolate to the
regional scale because factors influencing dengue vec-
tor densities vary due to ecological and social factors.
Utilisation of geospatial methods in epidemiology will
only be fulfilled once remote sensing data providers
adapt to the needs of public health concerns.

Conclusions

This study emphasises the possibility of using free,
satellite-based climate data and integrating it with
geospatial data collected on the ground. The approach
reduces the dependency on time-consuming and stren-
uous field data collection of climatic parameters from
ground stations and integration with health data thus
reducing the delay in prediction. Geospatial and
remotely sensed data utilisation with proper statistical
methods, such as fuzzy-logic analysis, could effectively
predict the trend of vector-borne diseases.
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