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Hot Spot Analysis of Visceral Leishmaniasis Disease and Evaluation of
its Relation with Air Temperature in GIS

Abstarct

Visceral Leishmaniasis (VL) is a zoonotic vector born disease. Several geographical risk factors
affect VL incidence including air temperature, critical to the development of sand fly. Few and
scattered meteorological stations tend to record air temperature with field measurements which
costly and time consuming, albeit its evaluations for preventive activities are crucial for
epidemiologists. Temperature can be determined by continuous surfaces extracted via Geographic
Information System. Surfaces were produced by using geostatistical methods including Ordinary
Kriging/Cokriging, Universal Kriging/Cokriging in Kalaybar and Khoda-afarin districts of Iran.
| determined hot spot and spatial auto-correlation analysis of VL disease by Getis-Ord Gi*
statistic and global Moran's |, too. Given the z-score and p-value of 2.22 and 0.026, respectively,
showed less than 5 % likelihood that this VL clustered pattern could be the result of random
chance. Estimating MAE=1.9897, RMSE=2.714 and PE =13.72, was indicated the Ordinary
Cokriging method was the superior method in this study. VL incidence correlated closely with air
temperature as Pearson’s coefficient. Epidemiologists should expand their studies on other
villages similar to the involved disease-stricken villages in terms of air temperature. Albeit in
these villages, the probability of sand fly activities and VL incidence are higher than others, so
preventative activities seem necessary.

Keywords: Visceral Leishmaniasis; Hot spot and spatial auto-correlation analysis; Air
Temperature; Geostatistics; Geographical Information System (GIS).

1- Introduction

Visceral leishmaniasis (VL), also known as kala-azar, is a fatal tropical disease with an
estimated annual incidence of 500,000 cases (Zakeri et al., 2004; WHO, 2010) occurring
in 70 countries around the globe as a major public health problem (Scarpini et al., 2022).
VL is almost lethal if left untreated with an estimated death toll of 50 thousand people
annually (WHO, 2010). Every year, a significant sum of capital is spent on treating VL
patients and relevant controls around the world. According to the report of World Health
Organization, the Daly' / year rate (One DALY is equal to one year of healthy life that is
lost) for Leishmaniasis is 2.4 million in the world (WHO, 2004).

VL is a vector born parasitic disease in Iran, caused by L infantum, a zoonotic disease
with a life cycle that targets female sand flies (vector), dogs (reservoir) and children (host)
(Maruashvili and Bardzhade, 1966; Zakeri et al., 2004; Sabzevari et al., 2020). Zoonotic
Visceral Leishmaniasis occurs sporadicly all over Iran, except in Ahar and Kalaybar that

1 disability-adjusted life year (DALY)



VYY-V0e 8 NF-Y JL...; QL""“"’) J.»AS & 0)9.)“\ o)Lo..:) ‘lea.:.?m ﬁ5.1$ L GIS 9 ,9° )| U”M aﬁ)lS
Application of remote sensing and GIS in environmental sciences, VVol.3., No.9, Winter2023, pp. 132-150

are endemic zones (Mazloumi Gavgani et al., 2002). The epidemic in the north-west
began in the 1980s in the Kalaybar district and has since spread to Ahar. Since 1976, the
number of annually reported cases has increased considerably (MOH, 2018). Four sand
fly species, P. (Larroussius) kandelakii, P. (Larroussius) near major, P. (Larroussius)
perfiliewi and P. (Adlerius) near chinensis, are the likely vectors in the north-western part
of Iran, as determined by the relative abundance and isolation of Leishmania from related
species (Feliciangeli et al., 2023).

According to the triangle of epidemiology, factors that affect infection and incidence of
Leishmaniasis are host factors (for example, age, sex), infectious agents, and the
environment including air temperature, etc. (Dorak, 2009). Sand flies act as vectors for
leishmania parasite, and their biological metamorphosis duration, population and
development are influenced by environmental temprature. Temperatures below 5°c and
above 28°c will result in reductions of sand fly activitiy (Zaeem, 1997).

I have studied the influence of air temperature on incidences of Visceral Leishmaniasis
in Kalaybar and Khoda-afarin districts in northwest of Iran, as an endemic foci of VL. To
achieve this goal, it was necessary to know the exact temprature of each part of the area.
It is worth noting that certain parts of the region included no comprehensive
meteorological stations, with the only available ones only capable of indicating
temprature for specific sectors.

However, continuous temperature surface can be employed to obtain estimates of
temperature in any area of a given region. Continuous surface or raster is a surface that
contains rows and columns of cells, each of which store a single value; discrete values
for land use; continuous values, such as temperature, or a null value if no data is available
are recorded in each cell as additional values. To produce such surfaces, regression
method and spatial interpolation are often applied.

Regression analysis is broadly used for prediction and forecasting, as well as for
determining whether the independent variables are related to the dependent variable, and
to find the forms of these relationships. Interpolation methods, on the other hand, are
generally categorized as either deterministic or geostatistical methods. Inverse Distance
Weighting (IDW), Spline, and Trend are among methods that fall into the deterministic
category, while Kriging is classified as geostatistical. Geostatistical methods are more
common for interpolation in GIS. The Kriging method is implemented in several methods
such like simple, ordinary and universal. Geostatistical methods often account for
estimated data position, spatial structure and correlation between data, however, selecting
methods without any consideration for accuracy may result in erroneous outcomes. Given
the scattered distribution of meteorogical stations and high spatial variation of
temperature in mountainous regions, higher levels of accuracy is certainly required for
the application of these methods to estimate temperature. Herein, spatial interpolation
methods are commonly used for means of prediction, with higher precision of the
produced continuous surface entailing better results. Since meteorological stations in this
study were distributed sparsely and unevenly in the region, air temperature mapping was


file:///C:/Users/Alizadeh/Downloads/ref%2090/bulletin_1964_31(4)_573-576.pdf
http://en.wikipedia.org/wiki/Nullable_type
http://en.wikipedia.org/wiki/Prediction
http://en.wikipedia.org/wiki/Forecast

Hot Spot Analysis of Visceral Leishmaniasis
s ST agd!

necessary by combined method. To this aim, a combination of ordinary kriging and
correlation of altitude can be used as a sort of co-kriging approach. In most cases, the
combined method was superior to the other methods in terms of accuracy.

Cases of spatial interpolation used for estimating air temperature include (Ischia and
Kawashima, 1993; Li et al., 2005; Benavides et al., 2007; Irmak and Ranade, 2008;
Mahdian et al., 2009; Wang et al., 2017; Hsu et al., 2017; Puggioni et al., 2020; Matthew
et al., 2021; Zhou et al., 2021; Laciak et al., 2021; Njoku et al., 2023), which also
incorporated standard prediction error and mean absolute error for method evaluation. As
the results from these studies suggest, kriging methods are best for interpolation, with
better generalization, greater ability to produce observed variance, and higher consistency
between observed and predicted values. Carrera - Herna’ndez and Gaskin (2007) also
used kriging methods to estimate daily rainfall and minimum and maximum air
temperature. Their results showed that the interpolation of daily events is improved by
the use of elevation as a secondary variable even though these variables show a low
correlation. Jaber et al., (2013) examined relationships between cutaneous leishmaniasis
and spatial patterns of climate. They found major hotspots of relatively high incidence
rates by areal interpolation. Most researches evaluate the Kriging method for producing
spatial pattern of climate data in the study of correlations between disease and climate
data, however regions where meteorological stations are scattered require new methods
to overcome the potential challenges of this approach.

The study region includes kalaybar and Khoda-afarin districts which are the endemic
regions of Mediterranean VL (Mazloumi Gavgani et al., 2002) with various species of
sand flies. In this study, four interpolation methods were evaluated and compared to
estimate continuous surfaces of air temperature that affect VL incidence during
transmission months. Using evaluation metrics, more suitable methods for generating
continuous temperature surfaces were assessed. Finally, correlation of VL incidence with
temperature were calculated. We determined hot spot and spatial auto-correlation analysis
of VL disease by Getis-Ord Gi* statistic and global Moran's |, too. Therefore, the novelty
of this study was about using hot spot and spatial auto-correlation analysis in VL disease
as pointwise in villages instead of district/county. Furthermore, spatial interpolation was
used for producing air temperature continues surface in correlated with VL disease
instead of studying in several meteorological stations as pointwise. This air temperature
surface was predicted by using elevation as a secondry variable.

2- Materials and Methods

2-1- Study area and materials
The study area is Kalaybar and Khoda-afarin districts, situated in the northeast of East
Azarbaijan province, north-west Iran, between 46.35 to 47.30 E and 38.35 to 39.20 N
(Fig. 1). Data on climatic factors from 1998 to 2012 was gathered from the metrological
office of East Azarbaijan province and the National metrological organization of Iran.
Based on previous studies in the area, sandflies are active in late May (May 22th) until
early October (October 2th), from sunset to sunrise (MOH, 2018). Accordingly, air
temperature data from 15 to 03 in GMT time format was used, equivalent to 6:30 pm until
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6:30 am. In collaboration with the Infectious and Tropical Diseases Research Center of
the Ministry of Health (MOH), VL notification data was collected at the scale of villages,
either from central registers or from district centers, between 1998 and 2012.
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Fig. (1): Study area and position of stations in Iran
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2-2- Methods
2-2-1- Hot spot and auto correlation analysis

In this study, I identified statistically significant hot spots and cold spots of VL disease
using the Getis-Ord Gi* statistic (equation 1). The z-scores and p-values are measures of
statistical significance which tell us whether or not to reject the null hypothesis, feature
by feature. In effect, they indicate whether the observed spatial clustering of high or low
values is more pronounced than one would expect in a random distribution of those same
values. The Gi_Bin identifies statistically significant hot and cold spots. Features in the
+/-3 bins reflect statistical significance with a 99 percent confidence level; features in the
+/-2 bins reflect a 95 percent confidence level; features in the +/-1 bins reflect a 90 percent
confidence level; and the clustering for features in bin 0 is not statistically significant
(Ord and Getis, 1995).
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, Where X; is the attribute value for feature j, wij;j is the spatial weight between feature i and
j, n is equal to the total number of features, X; and S are the average and standard
deviation, respectively (Dai et al., 2023). The Gi* statistic returned for each feature in the
dataset is a z-score. For statistically significant positive z-scores, the larger the z-score is,
the more intense the clustering of high values (hot spot). For statistically significant
negative z-scores, the smaller the z-score is, the more intense the clustering of low values
(cold spot). We can measure spatial auto-correlation (Global Moran's I, equation 2) based
on feature locations and attribute values using the Global Moran's | statistic. It evaluates
whether the pattern expressed is clustered, dispersed, or random and both a z-score and
p-value are used to evaluate the significance of that Index (Mitchell, 2005).

n n
n Yiz1 Xj=1WijZiZj

Moran'S Index=
So Y, z?

)

, where z; is the deviation of an attribute for feature I from its mean (xi - X ). Wi; is the
spatial weight between feature i and j, n is equal to the total number of features, and S, is
the aggregate of all the spatial weights (Habib et al., 2023).

2-2-2- Producing continuous surface of air temperature
e Data preparation
The average air temperature was calculated for each year from 1998 to 2012 and

totally at the days and hours which VL transmission could occur. In order to model air
temperature, continuous surface has been produced via appropriate geostatistical analysis
methods such as Ordinary Kriging, Universal Kriging, Ordinary CoKriging and Universal
CoKiriging. For this purpose, the correlation between temperature and height was
obtained to determine the extent to which CoKriging method can be applied, as in certain
cases where a variable sampling is not enough for careful estimation. In such cases, one
can modify estimation by considering the spatial relationship between these variables and
other variables which have good sampling like elevation samples from stations (Madani,
1994).

e spatial interpolation

In this study, Kriging and Cokriging were used to simulate air temperature effects on

VL. The general equation for different interpolation methods used in this study are

found in equation 3. The difference between these methods is in the process of

estimating the weighting factor.

z* (xp) =Xk 2. z(xp) (3)

Where: z*(xij)= The estimated value of variable x; z(xi;)= Observed value of variable x;
Li= Weighting value of observed data; n= No. of data; I= Observation point

Another approach for incorporating secondary information is CoKriging; that is a
multivariate extension of kriging (Goovaerts, 1997). The co-located elevation y(u) tends
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to screen the influence of elevation data for remote regions. The CoKriging estimate can
then be calculated:

2" k(W) = 21, KWz (up) + Ack (W) [y(w)-my + my] (4)

Where mz and my are the global means of the temperature and elevation data. The crucial
part of geostatistical analysis involves the calculation of semi variance (Bohling, 2005),
which can be calculated as follows:

y(h) = 5o TP [2(xd) — 2(xi + h)]2 (5)

Where: y (h)= Semi variance; n (h)= No. of pairs that have h distance; z (xi)= Observation
value of the variable x; z(xi+h)= Observation value of x that has h distance from x.

The experimental semi-variograms of elevation and period of temperature, and their cross
semi-variogram is computed as (Goovaerts, 1999):

Y Wlz(u) — 2y + )] * [y () — (@ + h)] (6)

yZY(h) = 2N(h) &i=1

For purposes of investigating interpolation methods, initially, the histogram of air
temperature and the normal curve was drawn (Fig. 2). Thereupon, the normality
hypothesis is checked using Geostatistical analysis in GIS. Interpolation methods used to
generate a surface give the best results if the data is normally distributed (a bell-shaped
curve). Among common transformation functions such as None, Log and Box-Cox, the
function which normalizes data more than others, is the recommended choice (ESRI,
2023). Statistical parameters studied in stations are shown in table 1.
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Fig. (2): Histogram of air temperature and the normal curve
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Table (1): Statistical parameters in stations
me' J° ‘S)LOT OleMb| :(\) O)M Js-\’
Statistical parameters  value

station No. 10
Minimum 13.9
maximum 25
Mean 19.785
median 20.145
Std-Deviation 3.6746
Skewness -0.30457
Kurtosis 1.9084

By a mathematical formula, we can identify the existence of a trend in the data as a
deterministic component of a given surface. If the surface trend does not adequately
portray the surface for our particular need, it may be removed and analysis continued
accordingly, as in the case of the present study (ESRI, 2023).

e Semi-variogram/Covariance modeling

Semi-variograms representing the squared-difference of values between each pair of
points at different distances were examined. The goal of semi-variance/covariance
modeling is to determine the best fit for a model that will pass through the points in the
semi-variogram. The semi-variogram is a function that relates semi-variance (or
dissimilarity) of data points to the distance that separates them. Its graphic representation
can be used to provide a picture of the spatial correlation of data points with their
neighbors. The semi-variogram can be modelled by determining a suitable lag size for
grouping semi-variogram values and fitting a spherical semi-variogram model.
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Accordingly, several lag sizes and number of lags were tested for a better interpolation.
The final spherical model was improved by evaluating different models of semi-variance.

Evaluation metrices e

A sample size of 10 may be too small to develop a reasonably stable empirical variogram,
and ideally 50-100 sample points are needed (Burrough and McDonnell, 1998). But in
reality, one is constrained by limited data which hinders the process of extracting the
spatial correlation structure from the empirical data. In this case, there were only 10
stations in the region and the data could be obtained. After variogram analysis, Ordinary
Kriging, Universal Kriging, Ordinary CoKriging and Universal CoKriging were
evaluated using evaluation metrices. In addition to visualizing scattered points around
this 1:1 line, a number of statistical measures could be used to assess the model’s
performance. For a model that provides accurate predictions, the mean error should be
close to 0, the root-mean-square error and average standard error should be as small as
possible (this is useful when comparing models), and the root-mean-square standardized

error should be close to 1 (ESRI, 2023). In this research, by considering various models

of semi-variance, lag size, nugget and number of lags, mentioned error rates were tested
and the appropriate method was examined. All methods were assessed and created in
ArcMap environment.

2-2-3- Evaluating optimal method

In addition to mentioned researches and the selection of more appropriate models
for semi-variance, lag size, nugget and number of lags for each method, in this study,
MAE, RMSE and PE (%) were used as evaluation metric techniques in addition to
methods mentioned in the previous section. Mean Absolute Error (MAE) was calculated
using the following equation:

MAE =231z (x) — z(x)| )

Where: z* = The estimated value; z= The observed value; n = No. of data. MAE
indicates the precision of estimation. The closeness of the values shows the accuracy of
the estimated value to the observed value, should MAE reach zero (Mahdian et al., 2009).
The percent error or PE (%), is defined as:

PE(%) = 1’;’”’+EPF * 100(%) (8)

N/ “i=171

Where, RMSE:\/%ZL(PL- - P; "2 ©)
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, where RMSE (root mean square error) is the mean of the squared difference between
the observed value (Pi*) and the predicted value (Pi), and N is the number of observations
(Lu et al., 2008; Akbari, 2024).

2-2-4- Relation between temperature and VL disease

In this study, correlation of VL incidence with temperature of 123 study villages in
Kalaybar and Khoda-afarin districts was determined by Pearson correlation coefficient.

_E[X-pux)(Y-py)] _ Xxy
T'x’ y - ox oy " Noyoy (10)

, Where r vy, ox, oy, ux, uy, E, and N are Pearson correlation coefficient between x and y
variables, standard deviation of x and y, mean of x and y, the expectation, and number of
samples, respectively (Akbari et al., 2015).

3- Results
This study determined hot spot and spatial auto-correlation analysis of VL disease by
Getis-Ord Gi* statistic and global Moran's I. | found cluster of VL disease around

Abeshahmad and Khomarlo cities by hot spot with 99% confidence and around Kalaybar
city by hot spot with 95% confidence (Fig. 3). It returned by the Gi* statistic in the dataset
and evaluated by z-score. For statistically significant positive z-scores, the larger the z-
score is, the more intense the clustering of high values (hot spot). The z-score, p-value
and Moran's index indicated there is a less than 5% likelihood that the VL clustered
pattern could be the result of random chance. The pattern of VL disease in this county is
clustered significantly by 2.221723, 0.026302, and 0.062107 as the z-score, p-value, and
Moran's index, respectively (Fig. 4).
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Fig. (3): Hot spot analysis of VL disease
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Fig. (4): Spatial auto-correlation of VL disease
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Table 2 shows the error of interpolation methods. Based on the value of MAE, RMSE
and PE (%), Ordinary Cokriging is more accurate and the preferred interpolation method
for generating temperature surfaces compared to other methods (Fig. 5), with no
significant difference between Ordinary Cokriging and Ordinary Kriging methods. The
prediction standard error surface for determining the uncertainty for each location was
mapped to examine the quality of predictions in GIS (Fig. 6). A simple rule of thumb is
that 95 percent of the time, the true value of the surface will be within the interval formed
by the predicted value + 2 times the prediction standard deviation of error, provided that
the data is distributed normally. Also, in the prediction standard error surface, locations
near sample points generally have lower errors (ESRI, 2023).

Table (2): Errors of interpolation methods
L09s0 Sy 58 llas :(Y) oyleds Jguar

Method

Ordinary Universal Ordinary Universal

Error Kriging Kriging Cokriging Cokriging
MAE 1.9958 2.6869 1.9897 2.6959
RMSE 2.737 3.385 2.714 3.384
(%) PE 13.83 17.11 13.72 17.10

Legend
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Fig. (5): Continuous surface of air temperature, VL rates in villages and meteorological station of Kalaybar and
Khoda-afarin districts
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In Fig. 5, darker colors indicate higher temperature value. Temperature of each
pixel has been specified in this surface at 100 meters per pixel dimension. Meanwhile
there is only one meteorological station available in this region and as shown in Fig. 1,
there are only 10 meteorological stations around the region. Therefore, in endemic regions
for VL, it is sometimes necessary to know the temperature value for purposes of planning,
and, air temperature surface can follow it.

Fig. 5 shows the frequency of VL disease in villages during 1998 - 2012 along with
metrological data from the station of Kalaybar and Khoda-afarin districts. As show in Fig. 5, in
this region, air temperature was measured only by this station with no expanding to other
villages. After intersecting maps of temperature with VL incidence map, Pearson
coefficient was calculated for the correlation between VL incidence and air temperature in 123
villages (Table 3). The VL incidence in endemic villages appeared to be significantly and
positively correlated with the air temperature (P = 0.027) at the 95 % confidence interval.
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Table (3): Correlation of incidence of Visceral Leishmaniasis (VL) with Temperature of 123 study villages in
Kalaybar and Khoda-afarin districts

231195 5 el (Slecihy 0 (GOLTITY )3 19 (slod L VL (g)lows (ot (St 1(¥) ola Juir

Pearson’s
Standard coefficient
Environmental Mean deviation  Minimum Maximum of
. . . . . P value N
variable readings of readings readings correlation
readings with VL
incidence
Temperature  19.96279  0.330342 18.9 20.56 0.21* 0.027 123

*Significance level: 0.05

4- Discussion

The hot spot and spatial auto-correalation analysis of VL disease pattern was evaluated.
Furtheremore, this study was designed on grounds of the lack of meteorological stations,
requird knowledge of the effects of temperature on VL disease and achieving more
accurate predicted temperature values in endemic areas. Temperature measurement in
specific areas and also in the whole related region will be costly and time consuming.
Therefore, using different methods of spatial interpolation can provide proper estimates
of temperature values for specific locations. Accordingly, this research was addressed to
assess methods and determine more precise and suitable approaches for estimating
unknown temperature quantities and achieve the above objectives.

The hot spot and spatial auto-correlation analysis of VL disease determined by Getis-Ord
Gi* statistic and global Moran's I. | found VL disease cluster pattern with the more intense
the clustering of high values spatially, and also, the pattern of VL disease in this county
is clustered significantly by 2.221723, 0.026302, and 0.062107 as the z-score, p-value,
and Moran's index, respectively.

Considering the distribution of point samples (meteorological stations), spatial
interpolation was used to produce a continuous surface. Temperature degrees were also
determined everywhere in the produced continuous surface. Meanwhile, temperature
value was only determined in meteorological stations as point values, which allows for
estimating temperature values over the whole studied region by means of interpolation
methods. Prior studies suggested that Kriging methods on data with normal distribution
had better results (ESRI, 2023). Moreover, in recent researches, kriging methods in
producing a continuous surface of climatic factors such as temperature, precipitation and
humidity, were assessed to determine the appropriate method, even with the lack of strong
spatial correlation of data (e.g, Njoku et al., 2023). On the other hand, considering that
the study area was a mountainous region, accounting for the effects of elevation on
estimating temperature in the surface is favourable. Also, the normal distribution of data
in this study has shown that the kriging methods can achieve better results. Considering
the low number of sample points in the region, the cokriging method was also applied.
By evaluating errors obtained by the four methods, namely, Ordinary Kriging and
Ordinary Cokriging methods were evaluated as appropriate procedures; 1.9958 and
1.9897 in MAE, 2.737 and 2.714 in RMSE and 13.83 and 13.72 in PE (%), respectively.
As per the results, ordinary Cokriging with MAE=1.9897, RMSE=2.714 and



VYY-V0e 8 NF-Y JL...; QL""“"’) J.»AS & 0)9.)“\ o)Lo..:) ‘lea.:.?m ﬁ5.1$ L GIS 9 ,9° )| U”M aﬁ)lS
Application of remote sensing and GIS in environmental sciences, VVol.3., No.9, Winter2023, pp. 132-150

PE(%)=13.72 values was the more suitable option. The study indicates that in regions
with low number of data, cokriging provides better results as opposed to kriging. The
findings also indicate that for temperature interpolation, the results of kriging method
may provide less accurate prediction values than that of the cokriging method. This
research also concludes that in areas with low-sample points, despite the average amount
of correlation between temperature and the station elevation (0.63), cokriging method
produces relatively higher accuracies than other methods.

The findings allude to the fact that air temperature is the environmental variable
dependently associated with the distribution and incidence of VL in Kalaybar and Khoda-
afarin districts. The results of the present research are in line with the previous research
(such as Li and Zheng, 2019, Gutiérrez et al., 2024, Subramanian et al., 2024) and
confirm their results, so that the air temperature has a direct and positive role in the spread
of VL disease. Hence, using continuos surfaces can predict potential areas of disease
incidence, such that by knowing the effective temperature range on disease in each region
of the world and its comparing with the continuous surface, disease prone areas can be
predicted for prospective years. However, in preventing disease incidence, temperature
cannot be controlled for its natural nature, but the incidence of disease can be decreased
by preventive actions such as identifying and treatment of VL patients, controling vectors
and animal parasite reservoirs, enhancing health and environmental improvement through
health centers and institutions and in collaboration with other governmental institutions
and cooperation with NGOs and public participation, proper disposal of wastes from
residential area (Joafshany et al., 2005).

The relation between air temperature and VL incidence studied due to its critical
role to the development of sand fly. Of course, the role of other climatic and geographical
factors in VL disease should also be investigated in this study area. VL is a vector born
parasitic disease in Iran, a zoonotic disease with a life cycle that targets female sand flies
(vector), dogs (reservoir) and children (host) (Maruashvili and Bardzhade, 1966; Zakeri
et al., 2004; Sabzevari et al., 2020). Humans are the host in this disease and are not
vectors, but the density and age of the host, whether it is related to the distribution of VL
or not, can also be investigated.

5-Conclusion
Visceral leishmaniasis caused by leishmania donovani, is a significant parasitic disease
affecting large populations in the tropics (Zakeri et al., 2004). To decrease the overall
death toll from this disease requires knowledge of how this disease behaves. VL disease
is clustered significantly and hot spot patterns were found based on hot spot and auto-
correlation analysis in this study. VL is a vector-borne disease highly influenced by
environmental factors. One of the geographical factors affecting VL is air temperature.
Often times, meteorological stations in target regions are scattered (i.e., just one
meteorological station in kalaybar city). To know the rate of air temperature in endemic
areas, field measurements are too time-consuming and expensive. So, it is suitable to use



Hot Spot Analysis of Visceral Leishmaniasis
s ST agd!

geostatistical methods in GIS for producing a surface representation (raster maps) of air
temperature in all parts of a given region. Therefore, this study proceeded with the
comparison of certain methods for producing continuous surfaces of air temperature via
GIS and data from meteorological stations. This surface data can be used to estimate
correlations between VL disease and air temperature in GIS in order to decrease VL. In
the mentioned period of sandfly activity, in 30 out of 123 villages stricken by this disease
were confronted by 19.8 — 20.47 °c and 6-26 people as air temperature and VL number,
respectively. Also, it is interesting that VL incidence is correlated with air temperature as
Pearson’s coefficient of correlation and appeared positively significant.

Temperature can therefore be said to affect the disease vector in the metamorphosis period
as well as their abundance, with further effects on the abundance reservoir by impacting
vegetation and relative humidity. Accordingly, after predicting the air temperature in
endemic areas as a surface, epidemiologists should focus on other villages with similar
conditions to the involved disease-stricken villages in terms of air temperature. Of course,
in the case of these villages, the probability of sand fly activities and VL incidence are
higher than others, and so preventative activities seem to be necessary. VL incidence can
be decreased by reducing the chance of sand fly bites via activities including the use of
net curtains and mosquito nets installments in houses and wearing traditional covering
clothes for children.

Acknowledgement: | would like to express our great gratitude to Prof. Mazloumi Gavgani, A.S.
and Dr. Ahab Bazmani — the Infectious and Tropical Diseases Research Center, Iran, for providing
additional information about the VL disease. Thanks of the Infectious and Tropical Diseases
Research Center for providing the data for the VL disease.

Funding: This research received no external funding.

Conflicts of Interest: The author declares no conflict of interest.

References:

Akbari, E. (2024). Remote Sensing Data Assimilation by Forcing method in Simulation of Silage maize
Yield using AquaCrop Model. Iranian Journal of Remote Sensing & GIS, (), -. doi:
10.48308/gisj.2024.233912.1190. (In Persian).

Akbari, E., Fakheri, M., Pourgholamhasan, E., & Akbari, Z. (2015). Monthly Zoning of the Air Pollution
and Surveying its Relationship with Climatic Factors (Case Study: Mashhad City). Journal of Natural
Environment, 68(4), 533-547. doi: 10.22059/jne.2015.56927. (In Persian).

Benavides R., Montes F., Rubio A., Osoro K. (2007). Geostatistical modelling of air temperature in a
mountainous region of Northern Spain. Agricultural and forest meteorology. 146(3-4): 173-88.
https://doi.org/10.1016/j.agrformet.2007.05.014.

Bohling G. (2005). Introduction to geostatistics and variogram analysis. Kansas geological survey. Oct

17; 1(10):1-20. http://people.ku.edu/ gbohling/cpe940/Varigrams.pdf
Burrough P.A. and McDonnell R.A. (1998). Principles of Geographical Information Systems. Oxford
University Press, Oxford, 333pp.



https://doi.org/10.1016/j.agrformet.2007.05.014

VYY-V0e 8 NF-Y JL...; QL""“"’) J.»AS & 0)9.)“\ o)Lo..:J ‘lea.:.?u ﬁ5.1$ L GIS 9 ,9° )| U”M oﬁ)lS
Application of remote sensing and GIS in environmental sciences, VVol.3., No.9, Winter2023, pp. 132-150

Carrera- Herna’ndez J.J. and Gaskin S.J. (2007). Spatio-Temporal Analysis of Daily Precipitation and
Temperature in  the Basin of Mexico. J. Hydrol. 336 (3-4): 231-249.
https://doi.org/10.1016/j.jhydrol.2006.12.021.

Country’s Meteorological Organization. (1998-2012). Hourly meteorological data of Synoptic stations
of East Azarbaijan and Ardebil provinces.

Dai, Y., Du, S., & Min, H. (2023). Comparative Hotspot Analysis of Urban Living Environments and
Transit-Oriented Development (TOD) Strategies: A Case Study of Beijing and Xi’an. ISPRS
International Journal of Geo-Information, 12(11), 446.

Dorak MT. (2009). Epiemiology of Infectious Diseases. URL: http://www.dorak.info/epi/epiinf.ppt,
(accessed 7 May 2023).

ESRI. (2023). Arc GIS 10.3 Geostatistical Analyst Tutorial.

Feliciangeli M.D., Campbell Lendrum D., Martinez C., Gonzalez D. and Davies C.R. (2023). Chagas
disease in Venezuela, lessons for the Andean region and beyond. Trends Parasitol. 19: 44-49.
https://doi.org/10.1016/S1471-4922(02)00013-2.

Goovaerts P. (1997). Geostatistics for Natural Resources Evaluation. New York, NY: Oxford University
Press.

Goovaerts P. (1999). Performance Comparison of Geostatistical Algorithms for Incorporating Elevation
into the Mapping of Precipitation. The IV International Conference on GeoComputation
(Geocomputation 99). Fredericksburg, VA, USA. 25-28 July.

Gutiérrez, J. D., Altamiranda-Saavedra, M., Avila-Jiménez, J., Martins, 1. A., & Virginio, F. (2024).
Effect of environmental variables on the incidence of Visceral Leishmaniasis in Brazil and
Colombia. Acta Tropica, 252, 107131.

Habib, M. F., Bridgelall, R., Motuba, D., & Rahman, B. (2023). Exploring the robustness of alternative
cluster detection and the threshold distance method for crash hot spot analysis: a study on vulnerable
road users. Safety, 9(3), 57.

Hsu S., Mavrogianni A., & Hamilton I. (2017). Comparing spatial interpolation techniques of local urban
temperature for heat-related health risk estimation in a subtropical city. Procedia engineering. 198:
354-365. https://doi.org/10.1016/j.proeng.2017.07.091.

Irmak A. and Ranade P.K. (2008). GIS based Estimation of Spatial Distribution of Temperature and
Evapotranspiration in Nebraska. Published by the American Society of Agricultural and Biological
Engineers, St. Joseph, Michigan.

Ischia T. and Kawashima S. (1993). Use of cokriging to estimate surface air temperature from elevation.
Theoretical and Applied Climatology. 47 (3). 147-157. https://doi.org/10.1007/BF00867447.

Jaber S. M., Ibbini J. H., Hijjawi N. S., Amdar N. M., Huwail M. J., & Al-Aboud K. (2013). Exploring
recent spatial patterns of cutaneous leishmaniasis and their associations with climate in some countries
of the Middle East using geographical information systems. Geospatial health, 8(1): 143-158. DOI:
10.4081/gh.2013.62.

Joafshany M.A, Zoghi I., Cimanti S., Tabatabai Moghadam H., Mohebaly M., Mazkrany M., Mortazavi
Tabatabaei A., Manouchehr C. and Natgyan A.R. (2005). Important diseases shared between humans
and animals in Iran. data Published. Department of Health and Medical Education. Deputy Education
and Student Affairs. (In Persian).

Laciak M., Vizi L., Kacur J., Durdan M., Flegner P. (2021). Application of geostatistical methods in
spatio-temporal modelling of temperature changes of UCG experimental trial. Measurement. Feb 1;
171:108826. https://doi.org/10.1016/j.measurement.2020.108826.

Li X., Cheng G., and Lu L. (2005). Spatial analysis of air temperature in the Qinghai-Tibet Plateau.
Arctic, Antarctic, and Alpine Research. 37(2): 246-252.

Li, Y., & Zheng, C. (2019). Associations between meteorological factors and visceral leishmaniasis
outbreaks in Jiashi County, Xinjiang Uygur Autonomous Region, China, 2005-2015. International
journal of environmental research and public health, 16(10), 1775.



https://doi.org/10.1016/j.jhydrol.2006.12.021
http://www.dorak.info/
https://doi.org/10.1016/S1471-4922(02)00013-2
https://doi.org/10.1016/j.proeng.2017.07.091
http://www.springerlink.com/content/101580/?p=93bb46960d5447a59d9fea11c13d0e48&pi=0
https://doi.org/10.1007/BF00867447
https://doi.org/10.4081/gh.2013.62
https://doi.org/10.1016/j.measurement.2020.108826

Hot Spot Analysis of Visceral Leishmaniasis
s ST agd!

Lu George Y. and Wong David W. (2008). An adaptive inverse-distance weighting spatial interpolation
technique, Computers & Geosciences. 34: 1044— 1055. https://doi.org/10.1016/j.cage0.2007.07.010.
Madani H. (1994). Geostatistics Fundamentals. Amirkabir University of Technology - Tafresh. First

Edition. (In Persian).

Mahdian M.H., Rahimi Bandarabady S., Sokouti R. and Norouzi Banis Y. (2009). Appraisal of the
Geostatistical Methods to Estimate Monthly and Annual Temperature. Journal of Applied Sciences.
9(1): 128-134. DOI: 10.3923/jas.2009.128.134.

Maruashvili G.M. and Bardzhade B.G. (1966). On the natural focality of visceral leishmaniasis in the
Georgian SSR. Med Parazitol. 35: 462-463.

Matthew O.J., Eludoyin A.O., Oluwadiya K.S. (2021). Spatio-temporal variations in COVID-19 in
relation to the global climate distribution and fluctuations. Spatial and spatio-temporal epidemiology.
37:100417. https://doi.org/10.1016/j.sste.2021.100417.

Mazloumi Gavgani A.S., Mohite H., Edrissian G.H., Mohebali M. and Davies C.R. (2002). Domestic
dog ownership in Iran is a risk factor for human infection with Leishmania infantum. The American
Journal of Tropical Medicine and Hygiene. 67(5): 511-5.

Mitchell, A. (2005). The ESRI Guide to GIS Analysis, Volume 2. ESRI Press.

MOH. (2018). Records of the health and communicable diseases; (by permission of the Ministry of
Health).

Njoku E. A., Akpan P. E., Effiong A. E., & Babatunde I. O. (2023). The effects of station density in
geostatistical prediction of air temperatures in Sweden: A comparison of two interpolation
techniques. Resources, Environment and Sustainability, 11 100092.
https://doi.org/10.1016/j.resenv.2022.100092.

Ord, J.K. and A. Getis. (1995). Local spatial autocorrelation statistics: Distributional issuse and an
application. Geographical analysis. 27 (4).

Puggioni G., Couret J., Serman E., Akanda A.S., Ginsberg H.S. (2020). Spatiotemporal modeling of
dengue fever risk in Puerto Rico. Spatial and Spatio-temporal Epidemiology. 35:100375.
https://doi.org/10.1016/j.sste.2020.100375.

Sabzevari S., Mohebali M., & Hashemi A. (2020). Cutaneous and visceral leishmaniasis: parasites,
vectors and reservoir hosts in endemic foci of North Khorasan, Northeastern Iran-a Narrative
Review. Journal of Medical Microbiology and Infectious Diseases, 8(2): 40-44. DOI:
10.29252/JoMMID.8.2.40.

Scarpini S., Dondi A., Totaro C., Biagi C., Melchionda F., Zama D., Pierantoni L., Gennari M.,
Campagna C., Prete A. and Lanari M. (2022). Visceral leishmaniasis: epidemiology, diagnosis, and
treatment regimens in different geographical areas with a focus on pediatrics. Microorganisms, 10(10):
p.1887. DOI: 10.3390/microorganisms10101887.

Subramanian, S., Maheswari, R.U., Prabavathy, G., Khan, M.A., Brindha, B., Srividya, A., Kumar, A.,
Rahi, M., Nightingale, E.S., Medley, G.F. and Cameron, M.M. (2024). Modelling spatiotemporal
patterns of visceral leishmaniasis incidence in two endemic states in India using environment,
bioclimatic and demographic data, 2013-2022. PLoS neglected tropical diseases, 18(2), €0011946.

Wang M., He G., Zhang Z., Wang G., Zhang Z., Cao X., Wu Z. and Liu X. (2017). Comparison of spatial
interpolation and regression analysis models for an estimation of monthly near surface air temperature
in China. Remote Sensing, 9(12): p.1278. https://doi.org/10.3390/rs9121278.

World Health Organization. (2004). Focus: Leishmaniasis; URL:
http://www.who.int/tdrold/dw/leish2004.htm, (accessed 7 December 2012).

World Health Organization. (2010). First WHO report on neglected tropical diseases: working to
overcome the global impact of neglected tropical diseases. p 104 and 106.

Zaeem M. (1997). General medical entomology. Tehran University. (In Persian).

Zakeri S., Mamaghani S., Mehrizi A.A., Shahsavari Z., Raeisi A., Arshi S. and Dinparast-Djadid N.
(2004). Molecular Evidence of Mixed P. vivax and P. falciparum infections in Northern Islamic
Republic of IRAN. East Mediterr Health J. 10 (3): 336-42.
https://apps.who.int/iris/handle/10665/119418.


https://doi.org/10.1016/j.cageo.2007.07.010
https://doi.org/10.3923/jas.2009.128.134
https://doi.org/10.1016/j.sste.2021.100417
https://doi.org/10.1016/j.resenv.2022.100092
https://doi.org/10.1016/j.sste.2020.100375
http://dx.doi.org/10.29252/JoMMID.8.2.40
https://doi.org/10.3390/microorganisms10101887
https://doi.org/10.3390/rs9121278
http://www.who.int/tdrold/dw/leish2004.htm
file:///C:/Users/Alizadeh/Downloads/ref%2090/9789241564090_eng.pdf
https://apps.who.int/iris/handle/10665/119418

VYY-V0e 8 NF-Y JL...; QL""“"’) J.«:S & 0)9.)“\ o)Lo..:J ‘lea.:.?u ﬁ5.1$ L GIS 9 ,9° )| U”M oﬁ)lS
Application of remote sensing and GIS in environmental sciences, VVol.3., No.9, Winter2023, pp. 132-150

Zhou M., Li K., Pan M., Chen J,, Li C., & Chen L. (2021). An Improved Temperature Spatial
Interpolation Method for Spaceborne LIDAR Atmospheric Correction. ISPRS Annals of the
Photogrammetry, = Remote  Sensing and  Spatial Information  Sciences, 4:  83-88.
https://doi.org/10.5194/isprs-annals-V-4-2021-83-2021.


https://doi.org/10.5194/isprs-annals-V-4-2021-83-2021

{E |[!?;~‘% Application of remote sensing and GIS in environmental sciences, VVol.3., No.9, Winter2023, ?(x
i e N

. 132-150 P
W, PP %

GIS 188 lad by O L)) (pmuy 0 9 (ldin) jgpiladid (5 jlany S pad Bl Jula g 49 jas

3 )38 g0 3B VL 550 2 @ldliz Jhs ele cpaiz ol 3555 J36 s)los o (VL) ol jgiles)
oo el @ pladl 0asSTyy  cwlislen sloolKin! o8 olaw ol Sl (SB- ady anwgs slp a5 dga slos alex
lp il pSan lacudld ¢l lsa gl (Dbl 4z STl nolej g asan (Slase slaSojlail g S oo lga
bl S s 3k 3l 0 gl sy ol b olyiion |y Lo ol pten sl s lpnn
Sz S i Jyans Sim 595 [ S S Jold ) Ulome; slaghs, 5 oolitd b goho ool 05 e
Moran's 5 Getis-Ord Gi* |l ;i ooliiwl b .o ades oyl pl o 31as 5 odS sblic ;o (6 ol oo Sz S'ST
Z-SCOIE & 4> 45 b .ol 00y (ynd VL (6 )loss S50 (Sotad 5453 Judod g 4505 5 £lo b 55,05 blas ¢ Sle> |
s Wlgi oo (6 )lom Sladg 5ol cpl a5 8o il dopo O 5l jieS Lo Y8 YYY i 5 4 p-value
Sz S5 by, a5 ol olas PE=13.72 s RMSE=2.714 MAE=1.9897 s ,41,; .0l  bolws il
52035 Bl gy (Ko xS sk 5l e slos L VL 5oy el o0y dalllas ol ) 550 by, (Jgans
oo L 51 6 olew 4 die slaling, alive slabivg, plo 55, 2 |, 995 Slalllas Wb by cunyjlgmoas! cabls
plsl el coeslabing; plo 5l niey VIL 5 5 (S ady cold Jlazo labis, (al 5o ains (525 5

ey oo B (6590 Al iy Slaladl

s ylel e st sles  lSe (Kandg> 5 35 03 blai Lo 5 4y 3205 o glio] jemiloind (sadS LS
bl i Sl



