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Abstract: It is of little debate that Leptospirosis is verified as the most important zoonosis disease in
tropical and humid regions. In North of Iran, maximum reports have been dedicated to Gilan province
and it is considered as an endemic problem there. Therefore, modeling or researching about different
aspects of it seems indispensable. Hence, this paper investigated various models of Geographically
Weighted Regression (GWR) approach and impacts of seven environmental variables on modelling
leptospirosis in Gilan. Accordingly, counts of patients were considered as dependent variable during
2009–2011 at village level and environmental variables were utilized as independent variables in the
modelling. In addition, performance of two Kernels (Fixed and Adaptive), two Weighting Functions
(Bisquare and Gaussian) and three Bandwidth Selection Criteria (AIC (Akaike Information Criterion),
CV (Cross Validation) and BIC (Bayesian information criterion)) were compared and assessed in GWR
models. Results illustrated: (1) Leptospirosis and effective variables vary locally across the study
area (positive and negative); (2) Adaptive kernel in comparison to Fixed kernel, Bisquare weighting
function to Gaussian, and also AIC to CV and BIC (due to R2 and Mean Square Error (MSE) validation
criteria); (3) Temperature and humidity were founded as impressive factors (include higher values of
coefficients); Finally, contain more reliable results consecutively. However, the provided distribution
maps asserted that central villages of Gilan not only are more predisposed to leptospirosis prevalence,
but also prevention programs should focus on these regions more than others.
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1. Introduction

Leptospirosis is a common zoonotic disease mostly in tropical and humid climate regions [1–4].
Statistics about this disease have been underestimated and that is why WHO knows leptospirosis
as a neglected tropical disease worldwide. In other words, more research should be performed to
investigate its epidemiological characteristics and disadvantages on public health [5]. Moreover, it is
known as a multi-faceted disease globally and lack of diagnosis or on-time treatment would lead to
fatality [4,6]. Major cause of leptospirosis occurrence, a kind of bacteria (leptospira), dwells in bodies
of different domestic and wild animals (such good examples of reservoirs are rats and dogs), and thus
would be transmitted into the environment by their urine. Anyway, it can be transferred to human
body via skin wounds or contact with polluted soil, water and animals [6,7]. In summary, contact
with contaminated animal, water and soil would lead to infection. Although activities like agriculture,
livestock, slaughter, water activities, poverty, travelling to tropical regions boost the vulnerability to
leptospirosis occurrence, it is more widespread among rice farmers and anglers [3,8]. Considering
what is mentioned above, “Environment” plays a major role in leptospirosis propagation across urban
and rural areas [9].
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North of Iran, in particular the Caspian Sea coastline, is an appropriate bed for leptospirosis
prevalence due to humid climate, vast plain grounds, using surface waters or rivers (as water resources
of farms) and livestock activities [10]. Regarding the volume of rice production, Gilan leads second
(after Mazandaran) in this area and a large number of villages and workers contribute to this stage.
Moreover, it burdens annually the maximum precipitation among provinces of Iran (especially the
City of Rasht). However, inability to work (exactly at planting and harvesting time), high medical
costs and casualties are disadvantages that introduce leptospirosis as a serious problem in this region
(especially to rural inhabitants).

A large number of papers have been published on communicable [11,12], non-communicable [13,14]
and zoonotic diseases [15–18] using GIS tools. They can be classified into three groups including
zoning [19–22], prediction [23–25] and modelling [26].

Authors of [17] analyzed impacts of parameters such as proximity to rivers, waste disposal sites
and slum locations on leptospirosis prevalence in Sao Paolo, Brazil, using GIS. Results showed that
proximity to rivers adversely affected the disease prevalence.

Authors of [27].studied animal type of leptospirosis using GIS in Trinidad. They proved that cows
were more prone to disease in comparison to rats and dogs. Furthermore, they demonstrated higher
rate of transmission to humans.

However, investigations verified that the preceding studies about leptospirosis often used to
investigate medical perspectives of leptospirosis [28–30] and animal type aspects [20,21]. Thus,
rarely has research been done about human type of leptospirosis using spatial analysis and GIS
tools [31–33]. Thus, several were explained as follows:

Authors of [28] examined human leptospirosis correlation with social, geographical and
environmental variables using statistical methods during 2004–2012 in Malaysia. Results showed that
patients aged 30–39 years, especially men, were more at risk compared to others.

Authors of [31] provided human leptospirosis maps in Colombia with limitations as no detailed,
municipality-level and epidemiological maps existed at the Coffee-triangle region. In addition,
ethical considerations were taken into account and the fact that the data used did not include patients’
names or something to that effect. Innovations of this paper was an occupational issue and that it
developed five thematic maps using Linear Regression approach during 2007 and 2011. As a result,
33.3% were investigated as agriculture workers in harvested areas, and the agriculture variable denoted
significant relation with leptospirosis incidence (R2 = 0.48).

Authors of [34] verified that outbreaks of human leptospirosis were statistically related to nine
environmental and ecological variables in China. They predicted potential risk area of leptospirosis
distribution using Logistic Regression and Maxent approaches. Temperature and precipitation were
concluded as the most effective variables and seven provinces included 403 (Logistic regression) and
464 (Maxent) counties introduced respectively as potential areas.

Authors of [35] evaluated relevant environmental and socioeconomic variables at different
geographical scales in Brazil. Utilizing Data Analysis in GIS, they concluded that the strongest
correlations existed at local scale, though there were no significant correlations at municipal levels.

Authors of [33] used Modifiable Areal Unit Problem to select correct spatial unit and detected
spatial pattern of leptospirosis in Mazandaran province during 2011–2013. Sari, Qaemshahr and Amol
were recognized as risky areas significantly (p < 0.05) and men as common targets of this disease.

GIS development in recent years has led to the invention of beneficial and efficient methods [36–38]
such as GWR to identify spatial patterns and modelling of communicable and non-communicable
diseases [11]. GWR performance is based on spatial variation of relationships between dependent and
independent variables (in spite of ordinary regressions). Two kernels (fixed and adaptive) include
different structures (bandwidth or number of neighbors) that play a role in implementing GWR and
investigating effect of neighbors spatially. Although bandwidth is a constant distance in fixed kernel,
it varies in an adaptive one regarding density distribution of neighbors (larger in high density areas
and smaller in dense regions) [39].
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To the best of our knowledge, studies about leptospirosis often have assumed a spatially
constant relationship of the disease and environmental variables across the study area. As a result,
local variations would be ignored in this way and may conclude unreliable results. Therefore,
the role of approaches such as GWR becomes highlighted, which capability has been confirmed
in comparison to various methods [40,41]. Moreover, it is the first study on leptospirosis performed in
Gilan province that uses GIS approaches, and especially GWR. To wrap it all up and because of the
aforementioned reasons, this study was conducted to evaluate spatial heterogeneity of leptospirosis
and local relationships across the study area. Although related surveys evaluated GWR results
with different approaches, we investigated the capabilities of GWR internally regarding its various
bandwidths, selection criteria, etc.

This paper has been done in three stages to compare effectiveness of fixed and adaptive kernels in
modeling human leptospirosis using GWR. First, patients’ statistics were collected from the National
Ministry of Health and Treatment of Iran (NMHT) and checked to exclude cases without address.
At the second step, data of seven environmental variables and satellite images were obtained and
processed to input modelling. At the end, efficiency of Fixed and Adaptive kernel, two weighting
functions Gaussian and Bisquare, and three bandwidth selection criteria AIC, CV and BIC were
compared and assessed in modelling.

2. Materials and Methods

2.1. Study Area

Having analyzed previous studies and used the contribution of experts in the selection of
the study area, we chose Gilan province for investigating leptospirosis distribution and effects of
seven environmental variables. One promising reason is that it burdens annually a large number
of leptospirosis patients (preceding Mazandaran and Golestan provinces consecutively) since the
beginning of the Leptospirosis Gathering System (LGS) in 2009. In addition, it is known as the 2nd
province according to rice cultivation and production volumes, which play a crucial role in distribution
of this disease. Likewise, the Statistical Center of Iran (SCI) counted it among provinces that include
vast rural areas (40% rural and 60% urban), which is an important factor as leptospirosis is prevalent
in rural areas rather than urban ones. Besides, the high rate of environmental variables such as
humidity and precipitation due to adjacency to the Caspian Sea afforded appropriate circumstances for
leptospirosis prevalence in this area. Figure 1 presented the Boundary of study area and rural districts
of the province.

2.2. Data and Preprocessing

Data were originally gathered and prepared in order to input the model as follows:
Disease’s counts: characteristics of daily reported patients (Name, Sex, Address, etc.) were

collected from the Management Center of Zoonotic diseases in NMHT, which were confirmed by
positive values of ELISA (A medical test for investigating human leptospirosis assigns) tests during
2009–2011. Then, any deficiencies in patients’ addresses were eliminated completely, to not contribute
to the model, and analysis became more and more accurate. At the end, incidence rates of leptospirosis
were calculated for every village using demographics (Figure 2).

Meteorological inputs: twelve synoptic stations throughout Gilan provided daily average
temperature (◦C), precipitation (mm), humidity (%) and vapor pressure (mm) values. Then,
IDW (Inverse Distance Weighting) interpolation technique was used to create continuous surfaces of
variables as it is easy to use and popular in disease modelling.

Elevation and Slope: extracting DEM (Digital Elevation Model) raster from SRTM (Shuttle Radar
Topography Mission) data include 30 m spatial resolution; it was used for investigating the effect of
topography and calculating the altitude of villages. In addition, slope of villages were calculated using
slope analysis toolbox in ArcGIS 10.5 (Environmental Systems Research Institute, Redlands, CA, USA).
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Vegetation: satellite images of MODIS (Moderate Resolution Imaging Spectroradiometer,
Adecco Group North America, Jacksonville, FL, USA) for every 16 days and 250 m spatial resolution
during 2009–2011 were provided. For completely covering the study area, two rasters were acquired
and mosaicked using the ability of ENVI (Environment for Visualizing Images) 4.8 Software (Exelis
Visual Information Solutions, Boulder, CO, USA). Therefore, NDVI (Normalized Difference Vegetation
Index) values were calculated for each village.

As the data are in different formats and the village level is considered for the investigations,
we used the toolbox of ArcGIS software to extract values of variables and assign them to each village for
further analysis. That is, the centroid of the rural polygon was attributed to the base for analysis. Then,
these prepared values were aggregated as inputs for the GWR model and thus outputs were concluded.
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2.3. Structure of Study

To achieve the objectives of this paper, a GWR model was implemented and briefly outlined
(Figure 3). First of all, patients’ counts and values of dependent variables were prepared to input the
GWR model. Then, different scenarios of the model including different kernels, weighting functions
and bandwidth selection criteria were run and tested. Hence, estimation values of leptospirosis
incidence rates were dedicated to each village. Finally, estimations and observed values of leptospirosis
incidence rates were evaluated by R2 and MSE (Mean Square Error).
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2.4. GWR

One of the most significant steps in regression approaches with several independent variables
is estimating dependent variable as much as possible by selecting the most beneficial combination
of independent variables. Indeed, we should examine different models and scenarios for estimating
the independent variable in order to achieve the best results. Traditional regressions such as OLS
(Ordinary Least Squares) consider mere stationary relationship between dependent and independent
variables, which may lead to turning a blind eye to spatial autocorrelation and heterogeneity. In order
to mask this bias, novel approaches like GWR were developed to solve non-stationary as follows:

yi = β0(ui, vi) + ∑ kβ j(ui, vi)xij + ε (1)

where (ui, vi) is the location of the village and β j(ui, vi) coefficients estimated by weighting function
for any village. Due to the key role of weighting functions in modelling, Bisquare and Gaussian were
developed as below [42]:

wij = exp[−1/2
(
dij/b

)2
] (2)

wij = (1−
(
dij/b

)2
)

2
i f dij < b

elsewhere = 0
(3)

where b is bandwidth value which limits kernels to be only affected by nearby observations and dij is
distance between villages i and j. In other words, great bandwidth value introduces GWR as a global
regression [43]. However, so important is selection of appropriate bandwidth that Akaike Information
Criterion (AIC) [44], Cross Validation (CV) [45] and Bayesian Information Criterion (BIC) [42] were
proposed:

CV =
n

∑
i=1

[
yi − ŷ 6=i (b)

]2 (4)

AIC = 2 log (L) + 2k (5)

BIC = ln(n)k + 2ln(n) (6)

where ŷ is estimated value of y (observation value which is excluded from regression model), k is
number of independent variables plus intercept and L is maximum likelihood. According to the
concepts of these three criteria, minimum values of each equation must be considered as the best
bandwidth [45].

In order to assess and compare the results, we tested five criteria:

1. R2, which illustrates goodness of fit in model, were calculated for all models.
2. MSE were calculated for evaluating the differences between observed and estimated values.

p-values of coefficients were considered as significance levels more than 5 percent.
3. Variance Inflation Factor (VIF) was considered less than 7.5 to ignore multicollinearity among

independent variables.
4. Jarque–Bera statistic greater than 0.1 was chosen to verify normality of residuals.
5. Spatial autocorrelation more than 0.1 was selected to reject null hypothesis in residuals of Moran’s

Index (positive Moran’s I = clustering trend, negative = random pattern).

3. Results and Discussion

Table 1 presents values of bandwidths and selection criteria for fixed and adaptive kernels.
As mentioned before, one can compare the results of models using their values of bandwidth criteria.
Considering this issue and having a look at the results shown in Table 1, we can safely conclude that
AIC, CV and BIC presented respectively lower values of bandwidth criteria. In addition, investigating
the results of three criteria accurately, we found that AIC and CV performed almost the same due
to analogous values. Notwithstanding, BIC values were higher. Moving on to the results of kernels,
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except in two cases, adaptive kernel often concluded lower values of bandwidth criteria while fixed
kernel did a little higher. This shed light on the perspective that results of adaptive kernel in modelling
leptospirosis distribution across the study area were more reliable. Aside, results of different models
that utilized adaptive kernel pointed out almost 56 neighbors as the reputable number for selecting
adjacent villages to model the distribution of leptospirosis for each village. Another point worth
perusing is the results of weighting functions. Although Bisquare and Gaussian weighting functions
concluded approximately the same number of neighbors, using adaptive kernel, they reacted to
the presence of fixed kernel distinctly. This is inasmuch as Gaussian versus Bisquare not only did
propose very little bandwidth (about 20 km), but also resulted, relatively, in the same values of
bandwidths criteria (104~125). Yet, as the bandwidth criteria is a yardstick for assessment of various
scenarios, Bisquare results were considered more dependable in this study rather than Gaussian.
In sum, Adaptive kernel, AIC bandwidth criterion and Gaussian weighting function represented more
trustworthy results in comparison to others during the analysis of models.

According to the coefficients that were concluded by running all models and scenarios,
temperature, precipitation, humidity and vapor had positive relation with disease while elevation and
vegetation showed negative correlation. Totally, humidity and temperature included the most effect,
variation range and standard deviation among other variables.

Table 1. GWR results using fixed and adaptive kernels during 2009–2011.

Weighting
Function

Bandwidth
Criteria

Fixed Kernel Adaptive

Bandwidth * Bandwidth
Criteria Bandwidth ** Bandwidth

Criteria

Bisquare
AIC 42,296 111 56 91
BIC 58,884 141 64 171
CV 41,947 111 56 114

Gaussian
AIC 20,973 114 56 104
BIC 28,375 190 68 177
CV 20,973 130 56 125

* Values are in meters. ** Values are based on number of neighbors.

Figure 4 demonstrates separately R2 and MSE values as the evaluation criteria of models.
Considering R2, it can be understood that models that used adaptive kernel were successful to
reach higher values (max = 0.85), while those that utilized fixed kernel concluded often lower ones
(max = 0.75). We guess that this superiority would be originated from the fact that adaptive kernel
structurally considers flexible and appropriate bandwidths for modelling based on the density of
villages in Gilan boundary. Nevertheless, fixed kernel applies constant bandwidths that do not vary
throughout the study area. Regardless of utilizing fixed or adaptive kernel, values of R2 using AIC
(max = 0.76 and 0.85) and CV (max = 0.75 and 0.85) hold the view that their performance in modelling
leptospirosis seems similar. However, when it comes to comparison of BIC values (max = 0.72 and
0.76) with AIC and CV, we would like to mention that they are less reliable. Another imperative point
deserving some mention here is that Bisquare results displayed higher values of R2 (max = 0.85) rather
than Gaussian (max = 0.80). This would be answered supposedly due to the exponential form of the
Bisquare equation and its higher values. That is why we bring up Bisquare as a preferable criterion to
Gaussian. However, the above scenarios repeated in the pattern of MSE criteria which were addressed
in Figure 4. As the last point, MSE values which are closer to zero conclude dependable results, though
as we all know, in all models there are always some sources of deficiency which deviate the estimation
from observations.

As there were a lot of models to be displayed, only the results of AIC criteria were shown (Figure 5)
due to its more reliability among criteria. As can be seen, results of both kernels were analogous with
little differences. In other words, both kernels were successful in modeling leptospirosis distribution
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across the study area. As the scatterplots compare the estimated and observed values pairwise, it can
be noticed that, apart from some villages and the selected kernels, outcomes of models nearly match
with the reality and follow the same trend.
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Figure 6, illustrates local R2 which explains the capability of GWR predictions across the study
area. Bigger red spots in the center of the province showed that predictions in central villages of Gilan
were significantly reliable in comparison to other areas, and thus the results were consistent with the
real distribution of leptospirosis.
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4. Conclusions

For modelling leptospirosis, different variables were used such as temperature, precipitation,
humidity, vapor, elevation, slope and vegetation. In addition, different scenarios of GWR were
examined, and thus R2 and MSE emphasized high capability of GWR approach as evaluation criteria.
Results of different weighting functions and bandwidth selection criteria used in this study indicated
that adaptive kernel performed superior to a fixed one due to high values extracted from evaluation
criteria; 56–68 neighbors and 20,973–58,884 m were selected as the most appropriate bandwidth values
for modelling leptospirosis in Gilan. In addition, Bisquare was selected as weighting function that
concludes more reliable results in comparison to Gaussian. Likewise, AIC, CV and BIC showed
consecutively dependable results as bandwidth selection criteria. To summarize the whole, we intend
to compare GWR with other linear regressions or nonlinear algorithms such as artificial neural network
in the future work.

As the last point, all papers have several limitations or deficiency and our paper is not an exception
of all. This paper confronted two kinds of limitations: data and model. First off, so important is quality
of data that we must consider it as the foundation of the analysis in order to establish more reliable
survey. Quality of data in this paper is based on the records of patients and environmental factors
gathered by related organizations. Acquisition of leptospirosis data is based on patients’ information
who were referred to the hospitals and health centers, and thus may consist of wrong addresses (due
to mistakes employees of health centers and NMHT might have made when registering in computers
or specific forms). Another point is that, as no model is complete and contains fault in the structure,
GWR suffers from a statistical inference and framework which means that confidence intervals of
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coefficients should be investigated for reliability. Thus, such issues would target the reliability of
results and should be declined as much as possible.
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