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tions between remotely sensed environmental factors and the incidence of leptospirosis. Particularly, LISA’s results showed that the
border provinces in the northeast, the northern and the southern
regions displayed clusters of high leptospirosis incidence. All
obtained outcomes thus show that remotely sensed environmental
factors can be applied to panel regression models for incidence
prediction, and these indicators can also identify the spatial concentration of leptospirosis in Thailand.
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Leptospirosis, which has been a major public health problem in
Thailand for decades, is caused by spirochete bacteria of the genus
Leptospira (WHO, 2003), that can be transmitted to humans from
many mammal carriers, such as livestock, dogs and rodents.
Thailand is considered a tropical country as the yearly temperatures
range from 23°C to 33°C. This condition is conducive for the propagation of Leptospira in many mammals and therefore increases vector density, e.g., of rats, which facilitates the rapid spread of leptospirosis. However, leptospirosis is common in most tropical countries. Dhewantara et al. (2019) report that the occurrence of leptospirosis in China is positively associated with rainfall. In
Indonesia, excessive rainfalls have led to flooding and affected puddle formation, depending on the type of soil in the area (e.g. clay
soils) and the presence of water inundation (Sunaryo and Widiastuti,
2012). In South Pacific Island, moisture can gradually accumulate in
the soil, which promotes leptospirosis growth (Lau et al., 2012).
Thus, people in tropical areas are exposed to leptospirosis during
their agricultural activities. In addition, rainfall is associated with
epidemics in humans and animals through the water contaminated
with the urine of infected animals.
In the case of Thailand, a total of 7,495 leptospirosis cases were
reported from 2013 to 2015. The annual average number of infections was 4.83, 3.47 and 3.30 for 2013, 2014 and 2015, respectively
(MoPH, 2006). Although the number of reported cases has
decreased, epidemics remain a serious concern (Gonwong et al.,
2017; Hinjoy, 2014). Leptospirosis outbreaks most likely occur in
the northeast, northern and southern regions. The disease is markedly
seasonal and has a varied intensity of transmission because of environmental factors. The risk of leptospirosis epidemics is the highest
during June–December, and the peak outbreak occurs in October
(Luenam and Puttanapong, 2019).
Leptospirosis epidemics are influenced by several conditions,
such as certain occupations, flooding and vigour of the rodent population (Diaz, 2015). Moreover, transmission is affected by many climatic and environmental factors (Haake and Levett, 2015). Scholars
have focused on predicting leptospirosis epidemics by using satel-
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This study statistically identified the association of remotely
sensed environmental factors, such as Land Surface Temperature
(LST), Night Time Light (NTL), rainfall, the Normalised
Difference Vegetation Index (NDVI) and elevation with the incidence of leptospirosis in Thailand based on the nationwide 7,495
confirmed cases reported during 2013–2015. This work also
established prediction models based on empirical findings. Panel
regression models with random-effect and fixed-effect specifications were used to investigate the association between the remotely sensed environmental factors and the leptospirosis incidence.
The Local Indicators of Spatial Association (LISA) statistics were
also applied to detect the spatial patterns of leptospirosis and similar results were found (the R2 values of the random-effect and
fixed-effect models were 0.3686 and 0.3684, respectively). The
outcome thus indicates that remotely sensed environmental factors
possess statistically significant contribution in predicting this disease. The highest association in 3 years was observed in LST (random-effect coefficient = -9.787, p<0.001; fixed-effect coefficient
= -10.340, p = 0.005) followed by rainfall (random-effect coefficient = 1.353, p <0.001; fixed-effect coefficient = 1.347, p <0.001)
and NTL density (random-effect coefficient = -0.569, p = 0.004;
fixed-effect coefficient = -0.564, p = 0.001). All results obtained
from the bivariate LISA statistics indicated the localised associa-
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The country has 77 provinces, 878 districts (amphoes), 7,225 subdistricts (tambons) and 74,965 villages (moobans). There are three
seasons: winter from November to February, summer from March
to May and a rainy season from June to October.

Data sources
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This longitudinal study used the incidence of leptospirosis per
100,000 people from 2013 to 2015 as reported by the Centre of
Epidemiological Information, Bureau of Epidemiology, Ministry
of Public Health. The data included the number of cases for all 77
provinces in the country with a total of 7,495 cases distributed over
the study period. The data are publicly available at the National
Disease Surveillance’s website (MoPH, 2006). Officially, the criterion of being infected by this type of bacteria is defined as having
had leptospirosis clinically diagnosed previously by a physician.
The diagnostic codes used for the infection are A27.0–A27.9 of the
International Statistical Classification of Diseases and Related
Health Problem, 10th Revision (ICD-10). The satellite-based environmental factors included NTL, LST, rainfall, elevation and
NDVI. All variables were aggregated at the provincial level to
match the spatial resolution of leptospirosis incidence.
The NTL data of Thailand from 2013 to 2015 were acquired
from the Visible Infrared Imaging Radiometer Suite’s Day–Night
Band global stable light imagery at a spatial resolution of 375
m2/pixel. All NTL light data are publicly available (NOAA, 2019).
Elevation data were derived from the National Aeronautics and
Space Administration (NASA)’s Shuttle Radar Topographic
Mission 90-metre Digital Elevation Data, which provides global
elevation data and is publicly available (NASA, 2019). The monthly rainfall statistics (January 2013–December 2015) were obtained
from the Topical Rainfall Measuring Mission (TRMM)-3B43
dataset produced by NASA’s Goddard Earth Sciences Data and
Information Services Centre. Monthly accumulated precipitation
data were generated from the Rainfall Estimate L3 1-month
TRMM (TMPA/3B43) at a spatial resolution of 0.25° × 0.25°
(TRMM, 2011). The monthly LST statistics from the moderate resolution imaging spectroradiometer (MODIS) satellite (MOD11C3)
with a 1 km spatial resolution (Wan, 2007) were used as a proxy
for temperature. The NDVI data from MODIS satellite
(MOD13Q1) with a 250-m spatial resolution were also used in this
analysis. These satellite-based environmental indicators were
aggregated to compute for the annual mean at the provincial level
to match the spatial resolution of leptospirosis incidence.
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lite-based environmental indicators at various spatial and temporal
scales because remote-sensing technology provides a broad range
of useful physical environmental data (Herbreteau et al., 2007).
Rainfall is an environmental factor that affects this infection
among humans and animals (Triampo et al., 2007; Chadsuthi et al.,
2012). It is also associated with the slope and movement of surface
water (Lau et al., 2012; Gracie et al., 2014). Night Time Light
(NTL) has commonly been used as a proxy of urban density and
applied in epidemiological studies (Henderson et al., 2012; Li et
al., 2016a; Gao et al., 2015; Li et al., 2016b). In Thailand, the NTL
index has been utilised as a proxy of population density, and the
NTL concentration is highly correlated with the incidence of
chronic respiratory diseases (Laohasiriwong et al., 2018).
Empirically, epidemiological studies have demonstrated that
leptospirosis arises in different geographic areas (Luenam and
Puttanapong, 2019). Musa et al. (2013) used Geographic
Information Systems (GISs) and other tools for geographic pattern
analysis. Furthermore, Anselin (1995) introduced a then new computational technique and emphasised the advantage of Local
Indicators of Spatial Association (LISA) in epidemiological studies. In Thailand, Luenam and Puttanapong (2019) conducted the
spatial and statistical analyses of leptospirosis during 2013–2015
using LISA to analyse its spatial distribution. Similarly,
Laohasiriwong et al. (2018) used this approach to perform spatial
autocorrelation and hotspot analyses of chronic respiratory disease
epidemics.
The lack of adequate, ground-based environmental data is a
great constraint for developing a supporting system for the epidemiological control of leptospirosis and the development of a prediction model. Alternatively, GIS-based data gathering methods
and satellite-based environmental data offer substantial advantages, such as the large-area coverage and continuous spatio-temporal representation of the Earth’s surface (Adeola et al., 2019).
The previously conducted leptospirosis studies in Thailand used
conventional environmental data rather than satellite-based environmental indicators despite the considerable potential of the latter.
In addition, the spatial cluster analysis of diseases, particularly at
the national level, has rarely been applied to investigate the geographical characteristics of leptospirosis.
This study aimed at using satellite-based environmental data to
identify spatial association and develop a prediction model by integrating satellite data and spatial cluster analysis. Specifically,
satellite-based environmental factors (i.e. NTL, Land Surface
Temperature (LST), rainfall, elevation and the Normalised
Difference Vegetation Index (NDVI) were combined with the
statistics of leptospirosis incidence from the nationwide geospatial
dataset. LISA statistics was used to detect the spatial correlation
patterns of leptospirosis in terms of bivariate between leptospirosis
and satellite-based environmental factors in Thailand during 2013–
2015 to quantitatively examine the associations. In addition, both
specifications of panel regression techniques, namely, fixed-effect
and random-effect estimations, were utilised to develop prediction
models.

Materials and Methods
Study area and seasons

This study focused on Thailand, which has an area of 514,000
km2 that comprises 511,770 km2 of land and 2,230 km2 of water.
[page 218]

Data analysis

Panel regression

As stated by Hsiao (2007), panel regression has the advantages
of yielding a more accurate inference of model parameters, as well
as capturing the embedded individual characteristics. Therefore,
this study used the panel regression to estimate the relationship
between the environmental factors and leptospirosis incidence
whilst simultaneously capturing the magnitudes of province-specific effects.
The yearly incidence of leptospirosis in the 77 provinces was
modelled with statistical ‘panel regression’ in Stata, version 10.0
by using random-effect and fixed-effect specifications. A natural
log transformation was used to linearize variations in all variables.
The multivariate models were fitted with log-transformed leptospirosis cases in association with satellite-based environmental
data. All variables with a p-value of less than 0.25 were included
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in the multivariate modelling. Backward elimination was used for
variable selection to obtain the final model. A p-value <0.05 was
considered statistically significant. All statistical tests were twosided. Equations 1 and 2 express the panel regression models with
fixed-effect and random-effect specifications, respectively (TorresReyna, 2007).
Yit = β1 lnLSTit + β2 lnRainfallit + β3 lnNTLit + β4 lnNDVIit + β5
lnElevationit + αi + uit
(Eq.1)

where Yit = the dependent variable (leptospirosis incidence); i =
entity (77 provinces); t = time (2013–2015); β1, β2, β3, β4, β5 = the
coefficients for satellite-based environmental indicators; αi = the
intercept for each entity (the i entity-specific intercepts); and uit =
the error term.
Yit = β1 lnLSTit + β2 lnRainfallit + β3 lnNTLit + β4 lnNDVIit + β5
lnElevationit + α + uit + εit
(Eq.2)
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Leptospirosis patterns were detected on the basis of the
localised detection of prevalent spatial patterns. For exploratory
spatial data analysis, QGIS, version 3.8.3 (Steiniger and Hunter,
2013) and GeoDa, version 1.12.1.161 were applied to determine
the measure of spatial autocorrelation analysis (Anselin et al.,
2006). QGIS was used to integrate all data before transferring to
GeoDa for LISA analysis.
The spatial autocorrelation statistic (Moran’s I) is one of the
main techniques for quantifying the degree of spatial correlation
(Moran, 1950). The following equation represents the computational formula of Moran’s I test:
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LISA analysis
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where Yit = the dependent variable (leptospirosis incidence); i =
entity (77 provinces); t = time (2013–2015); β1, β2, β3, β4, β5 = the
coefficients for satellite-based environmental indicators; α = the
intercept term; uit = the between-entity error; and εit = the withinentity error.

The selection of the spatial weight matrix is one of the key factors contributing to the outcome of LISA computation; thus, its
specification has been carefully formulated in this study. Given
that Thailand comprises one island province together with 23
coastal provinces and 32 border ones, the spatial weight matrix of
3 k-nearest neighbour was used to optimise the sufficient number
of neighbouring provinces and maintain the localised characteristic. The results of LISA generated a Moran’s I index along with the
cluster map and the p-value one. The cluster map indicates fivecolour schemes, with high–high delegated as dark red (hotspots),
low–low as dark blue (coldspots), low–high as light blue, high–
low as pink and the random pattern as white (Anselin, 2003).
Statistically, the cases of high–high, low–low, low–high and high–
low are statistically significant areas of spatial correlations, and the
white area represent the case of no spatial correlation. Particularly,
the hotspots (high–high areas) indicate the statistically high incidence of leptospirosis, whereas the coldspots (low–low areas)
imply a statistically low incidence. The cases of high–low and
low–high ones identify the negative correlation between particular
provinces and their neighbours.
As shown by Anselin (1995), the LISA analysis is capable of
conducting univariate and bivariate tests of spatial correlation. In
bivariate LISA, the analysis is extended to examine the localised
association between two variables. With this extension, the outcome of bivariate LISA indicates the correlation between a variable at a specific location and the corresponding spatial lag (i.e. the
average computed over the surrounding areas) of the other variable. In this study, bivariate tests were conducted to verify the spatial correlation between each satellite-based environmental indicator and the incidence of leptospirosis.

Moran’s I = (N Σi ΣjWij (Ai -Ā) (Aj -Ā))/(ΣiΣjWij Σi (Ai -Ā)2)
(Eq. 3)

N

where Ai = the variable of interest; N = the number of spatial units
indexed by i and j; Wij = the spatial weight matrix; Ai -Ā = the deviation of from Ai its mean; and Aj -Ā = the deviation of Aj from its
mean. The computed value indicates the correlation between A
located in area i and its neighbours geographically defined by the
spatial weight matrix (Wij).
Moran’s I has a limitation in identifying the location of correlation. Hence, the local Moran I or LISA, has been developed by
extending the mathematical fundamental of Moran’s I. Its mathematical representation is shown as follows:
Local Moran Ii = (Ai -Ā) ΣjWij (Aj -Ā) / si2

(Eq.4)

where si2 = Σj (Aj -Ā)2/(N-1) ; Wij = the spatial weight matrix; and
N = the number of spatial units.
The obtained output is the indicator of Moran’s I at each location i, which indicates the correlation between the value of A in
area i and that of its neighbours. Based on the fundament of the statistical correlation test, this value can identify positive and negative associations.

Results

Table 1 shows the comparison of the predicted leptospirosis
cases with the random-effect and fixed-effect models. The
obtained outcomes indicate that NTL, LST and rainfall were associated with the incidence of leptospirosis (p<0.05). Specifically,
LST showed the highest association in all 3 years (coefficient = 9.787, p<0.001 & -10.340, p=0.005) with respect to random-effect
and fixed-effect, respectively, followed by rainfall (coefficients =
1.353, p<0.001 & 1.347, p<0.001) and NTL (coefficients = -0.569,
p=0.004 & -0.564, p=0.001). The estimated random-effect and
fixed-effect models explained approximately 36.9% and 36.8% of
the variation in leptospirosis, respectively (Table 1). These outcomes identified that LST and NTL were negatively associated
with the incidence of leptospirosis. The higher magnitudes of LST
and NTL implied a high concentration of buildings and concrete
surfaces, which attenuate the probability of leptospirosis outbreaks. By contrast, rainfall was positively correlated with the incidence of leptospirosis. This empirical relationship indicated that an
increase in rainfall induces a suitable environmental for a leptospirosis epidemic.
The outcomes of the bivariate LISA identified the statistically
substantial positive correlation of rainfall, elevation and NDVI
with the leptospirosis hotspots, whereas NTL and LST had a negative spatial correlation with a potential leptospirosis incidence.
All Moran’s I values for 2013, 2014 and 2015 were significant at
p<0.05 (Table 2 and Figures 1–5).
The results of the bivariate LISA tests for the cluster maps of
all 3 years show that each pair of satellite-based environmental fac-
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association of such factors with the incidence of leptospirosis.
Satellite-based environmental factors were selected based on a pvalue <0.05, which represent the correlations of leptospirosis incidence with rainfall, NTL and LST during 2013–2015. Skouloudis
and Rickerby (2015) supported a similar finding and revealed that
the global occurrence of leptospirosis is negatively associated with
NTL and LST.
The satellite-based environmental data are essential determinants of leptospirosis epidemics, and the findings obtained in this
study are consistent with previous studies of temperature and rainfall. The LST, i.e., affects the potential spread of leptospirosis by
shortening the extrinsic incubation period of Leptospira within the
vector carrier and increases its rate of survival in temperatures
ranging from 4°C to 40°C (Parker and Walker, 2011), while the
correlation between researchers (Triampo et al., 2007; Chadsuthi
et al., 2012; Ledien et al., 2017). One paper (Skouloudis and
Rickerby, 2015) indicates that torrential rainfall increases the size
of epidemics through indirect transmission from contaminated
water after flooding in tropical countries.
Similar to other satellite-based environmental indicators, the
NTL plays a crucial role in identifying the spatial cluster of leptospirosis. Globally, the NTL density has been used as a proxy of
growth in provinces as a representation of population density, economic growth and urban expansion (Henderson et al., 2012; Li,
2016a). The areas with high leptospirosis morbidity rates experience a low growth in NTL; thus, the high concentration of NTL
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Conventionally, the assessment of adverse health effects related to satellite-based environmental factors often involves an analysis of different geographical and temporal scales to project the
actual risk accurately. In this study, we utilised panel regression
models obtained from all regions in Thailand to investigate the
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tors (rainfall, elevation, NDVI, NTL and LST) and leptospirosis
incidence indicated similar clusters of hotspots and coldspots.
These outcomes, based on the types of remote sensing data utilized
(Figures 1–5), affirm the consistent spatial patterns in many areas
of Thailand. Particularly, the hotspots imply the localised positive
association between the enabling environmental factors and the
higher incidence of leptospirosis. The coldspots identify the
localised negative correlation between the satellite-based indicators and the incidence of leptospirosis. The provinces with hotspot
clusters were mostly located in the southern part of the country,
particularly in the coastal region, because of their proximities to
the equator and the higher frequency of rainfall. In addition, there
were hotspot clusters for elevation located in the northern part,
while those for NDVI were mostly located in the southern and
northern regions. On the contrary, the coldspot clusters for NTL
and LST were mostly located in the central areas, where urbanisation has been expanding.

er

Table 1. Estimated parameters obtained from panel regression (fixed & random effect) for predicting leptospirosis incidence during
2013-2015.
Panel regression (random effect)

Panel regression (fixed effect)

9.849
(p<0.000)
-9.787
(p<0.000)
1.353
(p<0.000)
-0.569
(p=0.004)
-0.554
(p=0.119)
-0.016
(p=0.523)
0.3686

10.656
(p=0.005)
-10.340
(p=0.005)
1.347
(p<0.000)
-0.564
(p=0.001)
-0.576
(p=0.199)
-0.026
(p=0.796)
0.3684

m

Independent variable
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Constant
LST
Rainfall

NDVI

N

NTL

Elevation
R-Squared

p-value = 0.05 as threshold level of statistical significance. Dependent variable: provincial incidence of leptospirosis.

Table 2. The bivariate Moran’s I of incidence of leptospirosis during 2013-2015.
Remotely sensed variables
LST
Rainfall
NTL
NDVI
Elevation

2013

LISA (Moran’s I) (years)
2014

2015

-0.456
0.254
-0.459
0.338
0.435

-0.258
0.406
-0.313
0.261
0.285

-0.334
0.213
-0.337
0.361
0.309

p-value = 0.05 as threshold level of statistical significance.
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degree of brightness in lighted areas. Although the panel regressions’ results reported here do not indicate that elevation is associated with the incidence of leptospirosis, the outcome obtained from
LISA confirms the localised correlation of both variables. As studied in China and Indonesia, the main causes of this association
were the direct contact of abraded skin with contaminated water or
soil and the limited availability of health services at highlands
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density implies a lowered incidence of leptospirosis. In Thailand,
the rural agricultural areas include some provinces in the north,
north-eastern and southern regions, where the main occupation is
rice farming (Triampo et al., 2007). In addition, Thai agricultural
workers are highly exposed to biological contaminants in the environment (Chadsuthi et al., 2012). Therefore, the NTL index can
indicate the spatial density of agricultural sectors through the low
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Figure 1. LISA cluster maps of bivariate analyses: rainfall and incidence of leptospirosis during 2013-2015.

Figure 2. LISA cluster maps of bivariate analyses: elevation and incidence of leptospirosis during 2013-2015.

Figure 3. LISA cluster maps of bivariate analyses: NDVI and incidence of leptospirosis during 2013-2015.
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generated by LISA identify such relationships. This difference is
caused by the difference in technical foundations. The panel
regressions examined the association between environmental factors and leptospirosis incidence in a particular province (i.e. intraprovincial relationship). On the contrary, LISA investigated the
correlation between the leptospirosis incidence in a particular
province and the average of environmental indicators in surrounding areas (i.e. the inter-provincial influence). Hence, the interpretation of results should be carefully undertaken along with the
awareness of the advantages and limitations of each methodology.
This study has some limitations. Firstly, the models developed
for incidence prediction were limited to other environmental risk
factors, such as land use, humidity and soil type, which were not
explored but may be required to characterise the infection risk of
leptospirosis. Secondly, social factors, such as population migration, were not included because of data limitations. These factors
could influence the identification of high-risk areas and help
improve our model. Hence, further studies should be conducted to
expand the inclusion of additional social and environmental risk
factors.
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(Basnyat et al., 2001; Sunaryo and Widiastuti, 2012; Dhewantara
et al., 2020). Similar to the case of elevation, the panel regressions
rejected the association between NDVI and leptospirosis incidence. However, the LISA’s outcome statistically identified the
positive correlation between NDVI and leptospirosis hotspots.
Similar to the findings of Herbreteau et al. (2006), the value of
NDVI is positively associated with the incidence of leptospirosis.
NDVI represents the density of chlorophyll (e.g. areas of forests
and cultivation activities). Therefore, the high NDVI index also
indicates an increasing chance of leptospirosis exposure.
LISA is a spatial statistical tool used for investigating the local
clusters of diseases and assessing their statistical impact (Anselin,
2004). LISA is proven effective in spatial pattern analysis because
it can accurately classify high-rate and low-rate leptospirosis
regions. In this study, LISA was employed to explore the correlation between satellite-based environmental factors and the incidence of leptospirosis. Hotspot areas can dynamically fluctuate
because of variations in environmental factors; thus, the satellitebased indicators can potentially serve as alternative data sources
for the timely detection of leptospirosis hotspot clusters.
The results obtained from both panel regression methods do
not indicate the statistically significant influence of elevation and
NDVI on the incidence of leptospirosis, although the outcomes

Figure 4. LISA cluster maps of bivariate analyses: NTL and incidence of leptospirosis during 2013-2015.

Figure 5. LISA cluster maps of bivariate analyses: LST and incidence of leptospirosis during 2013-2015.

[page 222]

[Geospatial Health 2020; 15:856]

gh-2020_2 .qxp_Hrev_master 26/11/20 11:57 Pagina 223

Article
Conclusions

The results obtained from LISA indicate that the outcome from
a consistent dataset of LST, NTL, rainfall, NDVI and elevation for
2013–2015 is statistically associated with leptospirosis incidence,
whereas the panel data regressions show that the subsets of LST,
NTL and rainfall are remarkably correlated with leptospirosis incidence and can serve as the main indicators for determining leptospirosis hotspots. The results obtained from panel regressions
indicate that satellite-based environmental factors could be used
for assessing the temporal dependence of leptospirosis incidence.
These findings can be applied as a prototype for furthering the
development of an early warning model based on timely satellitebased environmental factors. These outcomes also provide a basis
for planning public health prevention programmes for leptospirosis
with relevance to the environmental context.
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