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Malaria is the leading cause of death in Kenya highlands. Malaria is a
vector-borne disease and mosquito is the vector that transmits the
parasites from infected people to others. Controlling mosquito larval
habitats is important in eradicating malaria. Modeling the spatially
distributed mosquito larval habitats is challenging. This study explores
a mosquito habitat modeling approach, which integrates a Bayesian
modeling method with Ecological Niche Factor Analysis (ENFA).
ENFA transforms original environmental variables into niche factors.
These factors are extracted to maximize the variations between the
global space, which represents the general conditions of an area, and the
focal space, which represents habitats. The integrated method is
compared with the Bayesian method without ENFA. Both methods
accurately predicted the habitats approximately 70-80%. Although the
two methods have similar prediction accuracies, the integrated approach
produces more ecologically justified spatial distribution of larval
habitats. The map derived from this estimation has important
implications for malaria control and eradication.
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1. Introduction

Malaria induced by Plasmodium falciparum parasites is the largest cause of mortality in Kenya
highlands (Zhou et al., 2004). Malaria is a vector-borne disease and mosquito is the vector that
transmits the parasites from infected people to others. Anopheles gambiae is the primary mosquito
species for the transmission (Githeko and Ndegwa, 2001). The number of malaria cases is related to
the mosquito population, which is influenced by the availability of the mosquito habitats (Keating,
2003). The mosquito larvae are of relative low mobility compared with the flying adults. The
identification and control of the An. gambiae larval habitats is critical in reducing malaria cases.
Modelling the spatially distributed larval habitats is especially challenging, because of the
associated uncertainties (Gu and Novak, 2005).

Bayesian statistical inference is recognized as a suitable method to deal with uncertainties in
habitat modelling (Aspinall, 1992; Calcerrada and Luque, 2006). This method can be used to update
a prior probability of the presence of a species using environmental variables, in order to estimate a
posterior probability of the presence (Aspinall, 1992). This Bayesian approach has been used to
map spatial distribution of the habitats of a number of wildlife (Aspinall, 1991; 1993).

Conditional independence is a fundamental assumption of Bayes’ theorem. Violating of this
assumption will cause error in predicting the posterior probability. This assumption is problematic
for environmental variables, since many are often dependent to each other. Some studies simply
assumed or tested the independence between the environmental variables (Calcerrada and Luque,
2006). The common treatment for the conditional dependence is to disregard one variable or
transform the correlated variables (Calcerrada and Luque, 2006). This may result in losing useful
information. Few effective solutions for the dependence problem have been identified.

Based on Hutchinson’s ecological niche concept, Ecological Niche Factor Analysis (ENFA)
(Hirzel et al., 2002) transform the multiple correlated environmental variables into uncorrelated
niche factors. These uncorrelated factors satisfy the conditional independence assumption of Bayes’
theorem, offering a plausible mechanism to transform variables for the Bayesian modelling. Unlike
other transformation methods, such as principle component analysis, ENFA transformation aims at
the contrasting of favourable condition of habitats and general conditions of an area.

The objective of this study is to integrate the ENFA transformation with Bayesian habitat
modelling in order to improve the prediction of the spatial distribution of An. gambiae larval
habitats in the Kenya highlands. Results of this integration are compared with a Bayesian modelling
without the ENFA transformation, to evaluate the effectiveness of this integration.

2. Study Area and Data

This study focuses on a 4x4 km area, centered at 0°10' N and longitude 34°45' W (Fig. 1). This area
is located in Iguhu Village, Kakamega District of Kenya. Yala River drains this area into Lake
Victoria to the west (Zhou et al., 2004). The climate of the region is subtropical, characterized by an
annual precipitation of 40-70 inches and two rainy and two dry seasons (Kaplan et al., 1976). The first
rainy season beginning at late April is predominantly longer than the other. The mean annual daily
temperature is 20.3°C. The terrain is typical of Africa highlands, consisting of a mosaic of hills and
small basins, with elevation ranging from 1420-1540m. The land use is mostly farmlands
interleaved by patches of forests, pastures, shrubs, and swamps (Minakawa et al., 2002b).

Data for this study include the mosquito larval information and environmental variables. The larvae
data identify the locations where larvae were observed. A total of 373 locations were obtained from
mass field surveys conducted in the long rainy season (May) in 2004 and 385 locations in May



2005. Data for seven variables are used to represent the environmental conditions of a larval habitat.
These variables include elevation, wetness index, curvature, heat load index, land use, distance to
stream and Normalized Difference Vegetation Index (NDVI) (Table 1). A contour map of 1:50,000
scale and 20 meter contour interval is used to construct a digital elevation model (DEM). The DEM
1s used to calculate elevation, wetness index, curvature and heat load index. A one meter resolution
IKONOS image acquired in April 2002, is used to derive the land use types, streams and NDVI
data.
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Fig. 1. The 4 x 4 km study area in western Kenya (Bian et al., 2006).

Elevation and heat load index are used to represent climatic conditions. Elevation is in general
positively related to precipitation and negatively related to temperature, whereas heat load index is a
substitute for solar radiation (McCune and Keon, 2002). Since larvae occur only in water, their
dependence on aquatic environment is one of the dominant characteristics of their habitats. Wetness
index, curvature, and distance to streams are used to describe the aquatic environment. The wetness
index Ln(A/TanB) is widely used to represent soil moisture (Beven and Kirkby, 1979), where A is
the draining area and B is the slope of a location. Curvature is a measure of the convexity or
concavity of the land surface, an indicator of possible accumulation of ephemeral waters. Distance
to streams designates the water availability. Land use types are related to the impact of human
activities on the larval habitats. Five land use types were identified: forest, shrub, swamp, farm and
pasture. NDVI is used to represent the vegetation condition, which has been used in several malaria
related studies (Lindsay et al., 1998; Srivastava et al., 2005).



Table 1. Environmental variables, associated source data and code.

Data
Variables Source Code
Elevation DEM Elev
Heat load index DEM Heat
Wetness index DEM Wet
Curvature DEM Cur
Distance to IKONOS
streams Image Dist
IKONOS
Land use Image Land
NDVI(Normalized
Difference IKONOS

Vegetation Index)  Image NDVI

All seven environmental variables are prepared in raster maps, and the point data of larval
locations are also converted to the raster format. All eight variables are in UTM coordinates.

3. Method

Firstly we tested the conditional independence using contingence matrix between each pairs of
environmental variables. ENFA is conducted to transform the original environmental variables into
niche factors. Bayesian habitat modelling is used to update the prior probability of the presence by
these niche factors to produce a posterior probability. This posterior probability is mapped to predict
the spatial distribution of the suitable habitats. In addition, Bayesian habitat modelling is also
applied to the original environmental variables to derive a posterior probability map for comparison
purpose. Lastly, these two maps are validated by three sets of data. The difference in these two
maps is examined and discussed within the ecological context.

3. 1 Conditional independence test

Conditional independence between the environmental variables is tested by using a contingence
matrix between all pairs of variables (Bonham-Carter, 1989). Two variables are evaluated in the
matrix to detect the dependence between them conditioning on the presence of habitat. The rows of
the contingency matrix are values of one variable, and the columns of the matrix are values of the
other variable. Each cell of the matrix records the number of co-occurrence of value 1 of one
variable and value j of the other variable, in the presence of habitat. Chi-square test is then applied
to evaluate whether the co-occurrence of these values is significantly higher than chance. A
statistically significant high co-occurrence indicates a conditional dependence between the two
variables.

3.2 Ecological Niche Factor Analysis

Like Principal Component Analyses (PCA), ENFA transforms original variables into orthogonal
factors. Each factor is the linear combination of the original variables. Each component captures the



maximum variance remaining in the data, while in ENFA, in contrast, the first axis is chosen to
maximize the variation between a “global” space and a “focal” space. The global space represents
the collective condition of an entire area and is defined by the original variables. The focal space
represents the most favourable habitat condition, and is a part of the global space. The first factor,
thus, represents “marginality” of the niche. Each succeeding factor maximizes the ratio between the
variance of the global space and that of the focal space remaining in the data (Hirzel et al., 2002).
These factors represent “specialization” of the niche. In other words, how specialized the habitats
are.

Coefficients associated with original variables in the linear combination indicate the
contribution of these original variables to a factor. Those variables that contribute the most to the
first factor are the most important in distinguishing the optimal habitat conditions from the general
conditions in a study area. The ENFA method has been used in many habitat studies (Hirzel et al.,
2002; Hirzel and Arlettaz, 2003). In addition to the orthogonal transformation, the factors carry
distinct ecological meanings (Hirzel et al., 2004; Chefaoui et al., 2005).

For this study, the ENFA analysis is used to transform the seven environmental variables,
presented in raster maps, into several niche factors also presented in raster maps. The full ranges of
these variables define the global space. Their ranges associated with the presence of larval habitats
define the focal space. As aforementioned, the first niche factor is extracted based on the
marginality of the focal space, and the remaining factors are based on the specialization of the focal
space. For detailed treatments on statistical context of the method please see Hirzel et al. (2002). In
this study, the ENFA transformation procedure is implemented using a GIS package Biomapper
(Hirzel et al. 2002). Because categorical variables cannot be used in Biomapper, the land use
variable is converted into five Boolean maps, one for each category. Totally 11 maps (six original
variables and five Boolean variables) are processed by the ENFA procedure.

3. 3 Bayesian habitat modeling integrated with ENFA transformation (BE)

Bayesian modelling has been used to estimate probability of the presence of habitats. In this
process, a prior probability of the presence is updated according to environmental conditions,
represented by various variables (Aspinall, 1992). In this study, the priori habitat probability is set
as the percentage of observed habitat locations in the study area. The niche factors are used to
define the environmental conditions. The value of each niche factor is re-classified into several
classes according to the variation of factor values. The frequency of each factor class conditioned
on the presence of the habitats is used to update the prior probability and subsequently produce the
habitat probability, as shown in Equation 1.

P(H)*[ [ P(E, | H)
P(H/E)= =

[1PE)

where P(H) is the prior probability of habitats. P(E;) is the frequency of each factor class i. P(E;j|H)
is the frequency of each factor class conditioned on the presence of the habitats. This conditional
frequency is then used to update the P(H). The probability for the presence of habitats is estimated
for each pixel in the study area. A habitat suitability map is produced for An. gambiae larval based
on these probabilities. This procedure is implemented in a software package called Bayesian
modeling V1.0 (Aspinall, 1992).

(Equation 1, Aspinall, 1992)



3.4 Bayesian habitat modeling without the ENFA transformation (BA)

To evaluate the effect of the ENFA transformation, the Bayesian habitat modelling procedure is also
operated on the original environmental variables. This procedure also produced a habitat suitability
map. The major difference between Bayesian habitat modelling integrated with ENFA (BE) and
Bayesian habitat modelling without ENFA (BA) is the input variables. The habitat suitability map
produced by BE is compared with the map produced by BA. Both habitat suitability maps are
reclassified into two categories, presence and absence, with a cut off point 0.5. Those locations with
probability =0.5 are classified as presence of habitats, and probability <0.5 as absence.

3.5 Validation

For validation, the 373 habitat locations collected in May 2004 are divided into two parts. 80% of
these locations are used for the Bayesian model development and the remaining 20% are used for
validation. The 385 habitat locations gathered in May 2005 are also used to evaluate the temporal
robustness of the model.

4. Results and Discussion
4.1 Conditional independence test and Validation

The integrated Bayesian model (BE) predicted 28% of the study area as suitable habitats, and
Bayesian model without the ENFA transformation (BA) predicted 36% of the study area as suitable
habitats. The estimated suitability is compared against the data used for model development (80%
of the data). 75% and 76% are correctly estimated by BE and BA, respectively. Both models are
further validated using the 20% data that are not involved in the model development. The validation
accuracy is 81% and 80% for the BE and BA, respectively. The validation using the data collected
in May 2005 shows 70% accuracy for BE and 67% for BA. These three sets of validation show
similar prediction accuracy between BE and BA. These results are satisfactory, although the
significant improvement by using BE over BA is not observed.

The lack of improvement of BE could be caused by a relatively weak conditional dependence
between the original environmental variables. Table 2 displays the conditional dependence between
the seven environmental variables. The “*” sign indicates correlation at the significance level of
0.05. Half of the pairs are significantly independent to each other, while 11 pairs show conditional

Table 2. The probability table shows the conditional independence test.

Elev Heat Wet Cur Dist Land NDVI

Elev / 0.4648 * 0.9987 * * 0.6849
Heat 0.4648 / * * 0.9989 * *
Wet * * / * 0.9536 * 0.9985
Cur 0.9987 * * / 1 0.537 0.9873
Dist * 0.9989 0.9536 1 / * 0.9999
Land * * * 0.537 * / *
NDVI 0.6849 * 0.9985 0.9873 0.9999 * /

Note: * indicates a conditional dependence between the variables.



correlations. Five out of these 11 pairs involves land use. Removing this variable can significantly
reduce the amount of conditional dependence between variables. Therefore, BE cannot take the full
advantage of the orthogonal transformation offered by ENFA.

Although there is no obvious difference in prediction accuracy, BE and BA present different
spatial patterns of suitable habitats areas. Fig. 2(a) and 2(b) display the incorrectly predicted
locations by BA and BE, respectively.
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Fig. 2. Land use map of the study area showing locations of underestimated presence sites
(black dots) by the (a) Bayesian without ENFA transformation method and (b) Bayesian with
ENFA transforms.

Bayesian without ENFA transformation tends to incorrectly predict locations associated with
shrubs, where as few such locations are wrongly predicted by Bayesian with ENFA transformation.
Most of the shrubs in the study area are strips along streams, thus providing aquatic environments,
an ideal habitat, for the larvae. The shrubs occupy only 8% of the total area but contribute 29% of
the observed habitat locations. Most of the incorrectly predicted locations of BE are associated with
farmlands and forests. These two land use types have been found to be negatively correlated with
larval habitats (Bian et al., 2006). The larval habitats observed in farmlands and forests are most
likely transitional (Zhou et al., 2004). Although with similar accuracy, BE predictions are more
ecological meaningful in terms of corresponding to the actual habitats.

4.2 Ecological Niche Factor Analysis (ENFA)

Table 3 displays the marginality coefficient and specialization coefficients of the niche factors.
These coefficients indicate the contribution of the original variables to each of the factors. The



percentage of total variance explained by each factor is displayed for the first five factors that
accounted for 85% of the total variance in the data.

Table 3. The marginality and specialization coefficients for each variable.

Factor 1 Factor2 Factor3 Factor 4 Factor 5

(41%)# (20%)* (10%)* (8%)* (6%)*
Wet 0.59 0.04 -0.21 0.45 -0.05
Dist -0.53 0.48 -0.55 0.2 0.23
Farm -0.34 0.02 0.03 -0.13 -0.6
Shrub 0.31 0 -0.15 -0.02 -0.02
Elev -0.27 0.03 0.66 0.6 0
Heat -0.23 -0.8 -0.41 0.45 0.02
Cur -0.13 -0.36 0.18 -0.41 0.38
Pasture 0.12 0.03 -0.04 0.02 0.07
NDVI 0.07 0.05 0.04 0.1 0.14
Swamp 0.06 0 0.04 0.04 -0.02
Forest -0.01 0.05 -0.01 0 0.64

Note: # indicates a marginality factor and * indicates a specialization factor.

Factor 1 accounts for the highest variance and more importantly, this factor is the one that
distinguishes habitat conditions from the general conditions of the study area. The marginality
coefficients that associate the original variables with this factor are most important. The positive
marginality coefficients indicate a positive correlation between habitats and these variables.
Habitats are usually found at the area where the variable value is higher than its average value in the
area. The negative marginality coefficients indicate a negative correlation, and habitat is usually
found at the area where the variable value is below its average value. For the remaining factors, the
specialization coefficients define the niche breadth. Higher coefficient of the specialization for one
variable shows that the distribution of habitats is specially restricted by this variable.

Table 3 shows that two original variables, the wetness index and distance to streams,
contribute the most to the first factor. While the wetness index is positively related, the distance to
the streams is negatively related. This confirms the mosquito larvae’s dependence on the aquatic
environment. The next pair of the original variables that make notable contribution to the first factor
are farmlands and shrubs. Their negative and positive contributions, respectively, are explained
earlier.

The highest absolute value of specialization coefficient is 0.8, which associates the original
variable, heat load index, to factor 2. This indicates the importance of solar radiation. This confirms
the belief that An. gambiae larvae prefer sunlit water bodies (Minakawa et al., 1999, 2002a).

5. Conclusions

Although incorporating the ENFA does not improve the prediction accuracy, the integrated
approach produces more ecologically justified predictions. This method shows its potential in
estimating spatial distribution of An. gambiae habitats. The map derived from this estimation has
important implications for malaria control and eradication. The plans to control larval habitats can



be directed to the most critical areas revealed by this map. Methods used in this study can be easily
applied to large areas to facilitate malaria prevention effort.
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