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Abstract

Melioidosis, dominant in Southeast Asia and northern Australia, is transmitted to humans
and animals upon contact with contaminated soil or water in endemic regions. This research
evaluated the correlation between environmental factors and melioidosis incidence in Thailand
using data from the National Notifiable Disease Surveillance System (Report 506), managed by
Thailand’s Ministry of Public Health. Satellite-derived environmental data from 2006 - 2020
was sourced from Google Earth Engine. When aggregated at the provincial level and analyzed
using bivariate Local Indicators of Spatial Association (LISA), all environmental factors
showed a significant relationship with melioidosis incidence (p < 0.05), predominantly in the
Northeast region. Both fixed- and random-effect regression models revealed similar findings:
nearly all satellite-derived environmental factors, except for precipitation in the fixed-effect
model (p = 0.096), had associations with melioidosis incidence at p < 0.001. Specifically, the
indicators of vegetation density, night-time land surface temperature, cropland, and precipitation
demonstrated positive regression coefficients, while indices representing drought, water bodies,
daytime land surface temperature, and urban areas exhibited negative ones. This suggests a
connection between optimal climate conditions, agriculture, and melioidosis occurrence. Such
satellite data holds potential for informing future prevention measures.
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1. Introduction

Melioidosis, often termed “soil fever,” is Melioidosis is epidemic worldwide
a disease resulting from the Gram-negative and endemic in some areas (Chowdhury
bacterium Burkholderia pseudomallei. et al., 2022). Its presence is noted in tropical
Transmission to humans and animals primarily ~ countries including Thailand, Singapore,
occurs through exposure to contaminated  Vietnam, China, Taiwan, Laos, Cambodia,
soil or water. Notably, this bacterium has an ~ Malaysia, Brunei, Northern Australia (White
impressive resilience to various conditions, et al., 2003), the southern part of America
including acidic environments. Within soil,  (Rolim et al., 2005), India (Mukhopadhyay
it’s predominantly found between depths of  etal, 2018),and Africa (Steinmetz et al., 2018).
30 - 60 cm, with its presence notably increasing ~ The transmission channels consist of exposure
during rainy seasons (Sujuritphong et al., to contaminated mediums and inhalation
2014; Wuthiekanun et al., 1995). Those of dust particles (Limmathurotsakul et al.,
frequently in contact with soil and water, such ~ 2013). Clinically, the disease manifestation
as farmers and fishermen, face a heightened  varies widely, from inconspicuous infections
risk, with incidence peaks in the rainy season  to severe or even fatal complications involving
due to increased exposure (Kaestli ez al., 2016;  respiratory and other systems (Iowa State
Currie et al., 2004; Currie et al., 2010). University, 2016).
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In Thailand, particularly the Northeast
region, melioidosis is endemic (Hinjoy
et al, 2018). The disease’s history dates
back to its first recorded case in 1955.
Official data from “Report 506 reveals
that between 2010 - 2019, there were
annually an average of 3,115 cases (Bureau
of Epidemiology, 2019). A model study
estimated that 2,800 patients died in
Thailand because of melioidosis (Hinjoy
et al,, 2018). The financial implications
are substantial, impacting both individual
households and the national economy.
Specific provinces in Thailand, such
as Sa Kaeo and Nakhon Phanom, have
documented significant economic burdens
due to melioidosis (Chierakul ef al., 2013).

With technological advancements,
remote-sensing data offers real-time
insights into various environmental metrics,
including normalized difference drought
Index (NDDI), normalized difference
vegetation index (NDVI), normalized
difference water index (NDWI) and land
surface temperature (LST). This availability
of open geospatial data, combined with the
surge in open-source geographic information
system software, provides a potent tool for
spatial epidemiological analysis (Chen ez al.,
2012; Oliver et al., 2005).

There has been no satellite-based
environmental factors’ study on melioidosis
which limited the application of research
results for appropriate measures to prevent
the disease. Therefore, this study has two
main objectives. First, it introduces the
new data sources, which are the timely
satellite-based indicators publicly accessible
through Google Earth Engine. Second, it has
applied the spatial statistical and regression
analyses to the data set combining the official
statistics and satellite data.

The main contribution of this study is
twofold. First, it empirically confirmed the
statistically significant associations between
geospatial and socioeconomic conditions and
the incidence rate of melioidosis. Second,
technological resources and analytical
frameworks introduced in this study offer
a methodology that could inspire parallel
investigations in other nations, potentially
influencing future policy decisions.

2. Methodology

2.1 Study Design and Location

Thailand is a country in Southeast
Asia spanning 513,120 km?. In 2020, its
population was 66,186,727 people (Bureau
of Epidemiology, 2019). The geographical
coordinates are latitudes 20°28’N and 5°36°S
and longitudes 105°38’E and 97°22°W. It
borders Myanmar and Laos in the North, Laos
and Cambodia in the East, Malaysia in the
South and the Andaman Sea and Myanmar in
the West. Thailand is a country with mountains,
hills, plains and coastlines stretching across the
Gulf of Thailand (1,875 km) and Andaman
Sea (740 km). The country has 4 regions: the
Central, North, Northeast, and South. The
geography of Central region consists of a large
plain, a natural self-contained basin, and the
clay-soil rice fields. The North is geographically
characterized by high mountain area and steep
river valleys. The Northeast, the largest region
of Thailand, comprises a vast tableland bounded
by mountain ranges and a substantial portion of
the sandy- soil agricultural land. The Southern
is mainly the peninsula with a combination
of tidal flats and mangrove forests. Thailand
has three seasons: rainy season between
mid-May to mid-October, winter season
between mid-October to mid-February and
summer between mid-February to mid—May.

2.2 Population, Source of Information, and
Study Variables

The study used secondary data
on melioidosis registered in the National
Notifiable Disease Surveillance System (Report
506), administrated by the Department of
Disease Control, Ministry of Public Health of
Thailand, from 2006 to 2020. These data were
made available online at the Website by the
Department of Disease Control, Ministry of
Public Health of Thailand. A total of 37,870
cases were included. The criterion of being
infected was the clinically diagnosed infection
of Gram-negative bacillus Burkholderia
pseudomallei. The diagnosis codes used for the
infection were A24.1 —24.4 of the International
Statistical Classification of Diseases and Related
Health Problem, 10" Revision (ICD - 10).
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The satellite-based environmental factors
included NDDI, NDVI, NDWI, daytime and
night-time LST, urban and built-up area,
cropland, and precipitation. All variables were
obtained from Google Earth Engine. Data on
NDDI, NDVI and NDWI were specifically
obtained from the Moderate Resolution
Imaging Spectroradiometer (MODIS) satellite
(MOD13Q1) with a spatial resolution of 250
metres, and those on the urban and built-up
area and cropland data were acquired from
MODIS satellite (MOD12Q1 and MOD12C1)
with a spatial resolution of 500 metres
(Sulla-Menashe et al., 2018).

Data on monthly precipitation averages
were obtained from the integration of the global
Cold Cloud Duration (CCD) rainfall estimate
and Multi-Satellite Precipitation Analysis
(TMPA 3B43) dataset collated by NASA
and Japan’s National Space Development
Agency. Monthly accumulated precipitation
data were available in spatial resolution of
0.25°, covering 0.50°N to 0.50°S from January
2003 to December 2019 (TRMM, 2022). The
monthly accumulated precipitation data from
January 2020 to December 2020 were provided
by the Global Precipitation Climatology Centre
(GPCC, 2022).

Data on daytime and night-time LST from
MODIS were used as a time series of ground-
level temperatures. Specifically, the time
series of daytime LST was obtained from the
MODI11A1 version 6, and that of night-time
LST was generated by the MOD11A2 version 6
(Wan, 2019).

All satellite-based indicators were
transformed to the monthly averages of
each province which are compatible with
the spatiotemporal resolution of melioidosis
incidence.

2.3 Data Analysis
2.3.1 Spatial association

Spatial statistical analysis (i.e., global
Moran’s [ and LISA (Local Indicator of
Spatial Association) was employed to identify
the spatial cluster of melioidosis incidence
using QGIS (version 3.10.4) and GeoDa
(version 1.14.0) (Anselin et al., 2006;
Steiniger et al., 2013).

Moran’s / is a statistical test for verifying
spatial autocorrelation. Specifically,
the obtained correlation coefficient
quantitatively shows the relationship
between the incidence of melioidosis and
its surrounding values. Moran’s [ value
ranges between —1 and 1. A value close
to [ indicates a highly positive spatial
autocorrelation, and a value close to —1
indicates an extremely negative one. The
zero value of Moran’s [ identifies no spatial
autocorrelation.

Moran’s [ statistics is mathematically
defined as:

] = [ZiZjWij(xi—f)(xj—i)]’ (1)
2iXjwij Ri(xi—xj)/N
where x; is the variable of interest (melioidosis
incidence, satellite-based indicators, etc.),
N is the number of provinces and wy is the
weight matrix.

In this study, Moran’s I was used to
examine the nationwide spatial autocorrelation.
Furthermore, LISA method was applied to
identify the clustering pattern’s location. LISA
is mathematically defined as:

_ N(xi—I)[iji}-(x}-—E)]
= e @

where i #J, I; is the LISA statistics of province i, and ] = Zi%.

The outcome generated by LISA includes
the cluster map showing four categories of
spatial correlations, high—high, low—low, low—
high and high—low (Anselin, 2003). The cases
of high—high and low—low indicate the spatial
cluster of positive correlation, and the areas
of low—high and high—low define the spatial
relationship of localized negative correlation.

2.3.2 Panel regression analysis

Multivariable analysis was applied to
the panel dataset of melioidosis incidence
and environmental factors for further
investigation. Specifically, fixed-effect model
(FEM) and random-effect model (REM)
were estimated using Stata programme. In
this study, the p-value less than 0.10 was
considered statistically significant (Krikwood
et al., 2003; Stabel, 2021).
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FEM is mathematically defined as:

Y = p,InNDDIy, + f,InNDVI;e + B,InNDWI;, + B, In daytimeLST;, +
By InnighttimeLST;, + fInUrban, + B, In Cropland;, +
B InPrecipitation;, + a; + £ (3)
where Y, is the incidence rate of melioidosis
in province i (76 provinces),
and t = time (from 2006 to 2020)
X, 1s the satellite-based indicators of
province i, and t = time
a; istheunknown intercept for each entity
B is the coefficient for each satellite-
based indicator
&, 1s the error term.

The empirical verification was
alternatively undertaken on the basis of
REM specification, which was mathematically
denoted as:

InY;e = B,InNDDI;; + B,InNDVI;; + B,InNDWI;; + f,In daytimeLST;: +
B InnighttimeLST;. + f¢InUrban;, + f,In Cropland;; +
By InPrecipitation;y + a + w; + & )
where u; is the individual residual which is the
random characteristic of province i
a is the common intercept term and the
others are identical to the specification of
FEM.

It is also noted that ; and ¢; are mutually
independent. To select between FEM and
REM, the Hausman test was applied. The
mathematical specification of Hausman
statistic is defined as:

H= (,BRE _ BFE)' [Var (ﬁRE) _Var (BFE)]’l (ERE _ EFE) (5)

~RE ~FE

where f and B are the vectors of
estimated coefficients obtained from REM and
FEM, respectively. Under the null hypothesis,
the value of H has the y2 (k) distribution.
The test is undertaken by comparing with the
critical value of y2 (with k degrees of freedom)
(Hausman, 1978).

3. Results and discussion

3.1 Distribution of melioidosis incidence from
2006 to 2020

An analysis of the region-level distribution
of melioidosis incidence in Thailand showed
that the region with the highest incidence rate
was the Northeast, followed by the North.
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The 15-year trend endemic of the disease
was similar. The provinces with the highest
incidence of melioidosis were in the Northeast,
which were Amnat Charoen, Mukdahan,
Sisaket, Roi Et and Ubon Ratchathani as
shown in Figure 1.

3.2 Local indicators of spatial association
analysis

In addition to univariate spatial
correlation, the spatial bivariate relationship
was statistically verified by bivariate LISA.
The correlation between satellite-based
environmental factors and melioidosis
incidence was analyzed, and the results are
exhibited in Table 1 and Figures 2.

3.3 Panel regression model

Table 2 shows the results obtained from
panel regression models for multivariable
investigation. REM indicated that NDDI,
NDVI, NDWI, daytime and night-time LST
of the day, urban and built-up area, cropland,
and precipitation were statistically associated
with melioidosis incidence (p-value <0.001).
Similarly, FEM identified that all the variables
were statistically associated with melioidosis
incidence (p-value < 0.001), except for
precipitation (p-value = 0.096). The estimated
REM and FEM explained approximately
17.43% and 14.96% of melioidosis incidence,
respectively. In addition, the Hausman test
was conducted, identifying that FEM was
preferred to REM.

Spatial analysis statistically quantified the
degree of melioidosis infection in Thailand.
The highest melioidosis incidence rate was
found in the Northeast region (Hantrakun
et al., 2018). B. pseudomallei had a patchy
spread in a rice crop (Wuthiekanun et al.,
2009). The outcomes of bivariate LISA using a
15-year dataset showed the localized positive
correlation between satellite-based indicators
(NDDI, NDVI, NDWI and cropland) and high
melioidosis incidence rate. Similar to the main
findings of Chakravorty et al. (2019), and
Hantrakun et al. (2019), the present work
indicated that the provinces with hotspot
clusters were primarily the Northeast region
because their physical conditions and climate
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are agricultural land and drought. In particular,
the melioidosis incidence is influenced by
environmental factors, such as the rainfall,
vegetation, soil type, humidity, temperature
and climatic variations, that favor the growth
of'the causative organism (Hempenstall e al.,
2019; Liu et al., 2015; Birnie et al., 2022). On
the contrary, with its sprawling urban areas
around Bangkok and expanding industrial
estates in many provinces, the central region
was the main location for most coldspot
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clusters, indicating its low incidence rate of
melioidosis induced by those factors (Hinjoy
et al., 2018). Most of the population at risk of
contracting melioidosis lives in rural areas,
particularly those who are exposed to soil and
water containing melioidosis from performing
occupation, ingestion, and inhalation, such as
plantation workers. In addition, social impacts
of lifestyle changes are reflected in seasonal
movement and increasing urbanization (Sia
et al., 2021; Limmathurotsakul ez al., 2013).
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Figure 1. Distribution of melioidosis incidence in 2006 — 2020
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Table 1. Bivariate Moran’s I statistics of melioidosis incidence and satellite-based environmental
factors (2006 — 2020)

Year LISA Moran’s [y (variable)
NDDI NDVI NDWI LST LST Urban Cropland Precipitation
day night

2006 0665 -0282 -0.569 0274  -0.179  0.136 0455 -0.162
2007 0603 -0346 -0550 0253 -0029 0041 0381 -0.192
2008 0588 -0356 -0.559 0223  -0.065 0.074 0.398 -0.184
2009 0656 -0337 -0576 0257 -0.105 0.084 0431 -0238
2010 0684 -0368 -0.606 0360 -0056 0083 0476 -0.347
2011 0682 -0330 -0.627 0277 -0248 0.067 0462 -0.152
2012 0673 -0285 -0593 0184 -0127 0024 0462 -0342
2013 0710 -0366 -0.609 0304 -0.162 0040 0487 -0.145
2014 0666 -0299 -0.534 0135  -0215 0.019 0496 -0.062
2015 0660 -0334 -0.538 0237  -0.143 0.009 0469 -0.129
2016 0524 -0.178 -0.389 0108 -0.181 -0.006 0419 -0.121
2017 0555 -0234 -0426 0147 -0089 -0023 0422 -0.093
2018 0882 -0282 -0.555 0288 -0.233 0.021 0451 -0.074
2019 0598 -0294  -0480 0.267 0036 0041 0466 0.095
2020 0541 -0251 -0424 0.206 0.065 0.051 0470 -0.173
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¢
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Figure 2. Cluster maps of LISA: Localized associations between NDDI, NDVI, NDWI,
daytime LST, night-time LST, urban and built-up area, cropland, precipitation, and
melioidosis incidence for 2006, 2013, 2020.
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Figure 2 (Cont.) Cluster maps of LISA: Localized associations between NDDI, NDVI,
NDWI, daytime LST, night-time LST, urban and built-up area, cropland, precipitation, and
melioidosis incidence for 2006, 2013, 2020.
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Figure 2 (Cont.) Cluster maps of LISA: Localized associations between NDDI, NDVI,
NDWI, daytime LST, night-time LST, urban and built-up area, cropland, precipitation, and
melioidosis incidence for 2006, 2013, 2020.
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Table 2. Estimated parameters obtained from panel regression (REM and FEM)

Independent variable

Panel regression

Panel regression

random effect) (fixed effect)
Constant 4.547 5.101
(p <0.001) (p <0.001)
In NDDI -1.108 -0.755
(p <0.001) (p <0.001)
In NDVI 1.400 1.083
(p <0.001) (p <0.001)
In NDWI -3.550 -3.382
(p <0.001) (p <0.001)
In DaytimeLL.ST -1.230 -1.300
(p <0.001) (p <0.001)
In Night-timeLST 0.216 0.188
(p <0.001) (p <0.001)
In Urban -0.081 -0.082
(p <0.001) (p <0.001)
In Cropland 0.044 0.034
(p <0.001) (p <0.001)
In Precipitation 0.034 0.008
(p <0.001) (p = 0.096)
F (8, 13492) 449.09
Prob >F 0.0000
R-squared 0.1743 0.1495
Wald chi?(8) 3,216.55
P > chi? 0.0000
No. of observations 13,680 13,680
Hausman Test:
Chi*(8) 347.18
Prob > chi? 0.0000

The results obtained from panel regression
analysis indicated that all satellite-based
environmental indicators were statistically
significant. Specifically, NDVI, night-time
LST and cropland had a statistically significant
positive association with melioidosis
incidence. Meanwhile, NDDI, NDWI,
daytime LST and urban and built-up area had
a statistically significant negative relationship
with melioidosis incidence.

As documented by Gu et al. (2007),
NDDI, NDVI and NDWTI are satellite-based
indices of climate conditions. Given that
environmental factors can influence the
presence of the pathogen B. pseudomallei,
variations of NDDI, NDVI and NDWI are
statistically associated with the incidence
of melioidosis. Specifically, the high value
of NDDI represents the great severity of
drought, and the rising magnitude of NDWI
indicates the expansion of the water body.

Both conditions are extreme environments
for pathogen B. pseudomallei (Ribolzi
et al., 2016; Gassiep et al., 2020). Thus, the
regression coefficients of NDDI and NDWI
were statistically negative.

NDVI and cropland are indicators
jointly representing agricultural activity.
Specifically, NDVI indicates crop density
(i.e. concentration of leaf or chlorophyll), and
cropland index implies the cultivation area. In
Thailand, farmers in rural areas usually work
barefoot in the farmland, especially in the rice
field (Hinjoy et al., 2018). Panel regression
analysis showed that NDVI and cropland had
a statistically significant positive association
with melioidosis incidence. These results are
analogous to previous literature stating that
the infection is related to exposure to soil
contaminated with B. pseudomallei (Kaestli
etal., 2016; Liu et al., 2015; Paksanont et al.,
2018). In Myanmar, Swe ef al. (2021) reported
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that the concentration of B. pseudomallei in
pastureland is 19.46 times higher than that
in residential areas. Some investigators have
noted that the influence of soil and vegetation
type on the growth of B. pseudomallei is less
well defined (Hempenstall ez al., 2019). Some
studies have found a higher proportion of silt
and clay particles, and an alkaline (Goodrick
et al., 2018), provide conditions preferred by
the bacteria, but other studies have found a
positive association with the proportion of
sand (Hantrakum et al., 2016).

Temperature is an important factor for
the growth and survival of B. pseudomallei
which only thrives at 37 °C - 42 °C (Kaestli
et al., 2016; Limmathurotsakul et al., 2013).
The obtained coefficients of daytime and
night-time LST were statistically negative
and positive, respectively. These results
correspond to the favourable temperature
range for B. pseudomallei. On the one hand,
the high daytime LST leads to an extreme
environment above the maximum of the
favourable range. On the other hand, the high
night-time LST increases the temperature to
a suitable degree for B. pseudomallei growth.

The regression coefficient of precipitation
(i.e. rainfall) was positive and statistically
significant for FEM and REM. This result
is parallel to previous studies stating that
rainfall in Darwin, Australia (Kaestli
etal., 2016; Currie et al., 2004; Currie et al.,
2010), and storms such as typhoons in
Taiwan (Chen et al., 2015) is associated with
melioidosis incidence, which is contacting
soil, ingesting, or inhaling aerosolization
of dry dust. On the contrary, other study
was a negative association between the
total annual rainfall and the number of
melioidosis cases in each year in Thailand
(Limmathurotsakul et al., 2010.According
to current literature, there is no correlation
between yearly rainfall and an increase in
the incidence of melioidosis. Understanding
of how rainfall affects melioidosis will be
improved by further research into the climate
of the disease.

As documented by Hinjoy et al. (2018),
Hantrakun et al. (2006) and Savelkoel et al.
(2022), the underreported number of infected
cases is a global concern, and melioidosis
is widely recognised as a neglected tropical

disease. The present study suggested the
development of a monitoring system using
satellite data to estimate the risk exposure
and predict the likelihood of infected
cases. This approach will provide timely
information with low budget burden and
can also be implemented in other developing
countries with high melioidosis incidence.

This study has some limitations.
Firstly, serious concerns have been raised
regarding the underreported statistics
of melioidosis incidence in Thailand.
Some studies stated that melioidosis
is often misdiagnosed due to the lack
of expertise and supportive facility.
Specifically, patients in rural provinces
do not have access to microbiology
laboratories. Furthermore, some cases
may be misdiagnosed because the clinical
symptoms are similar to other diseases, such
as dengue fever, leptospirosis, influenza
and tuberculosis. Hence, the obtained
regression coefficients might not precisely
present the actual relationship between
environmental factors and melioidosis
incidence. Secondly, additional variables
should be included to extend the scope of
the analysis, allowing a comprehensive
investigation of influencing factors and
risk exposures. Thirdly, new computational
techniques, such as machine learning,
should be applied. These new methods can
potentially enhance the predictive power,
enabling the precise forecast for future
prevention policy.

4. Conclusion

Bivariate LISA results showed the
statistically significant correlation between
each satellite-based indicator and melioidosis
incidence. Moreover, LISA geographically
identified that the statistically significant
clusters of localized associations were
mainly located in the Northeast region.
Panel regressions, FEM and REM, were
applied to alternatively explore the
multivariable relationships. The obtained
regression coefficients of all variables
were statistically significant, implying
that specific environmental conditions and
economic activity are related to melioidosis
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incidence. These key findings suggest the
potential application of satellite-based data
for the timely monitoring and prediction of
melioidosis incidence. Relevant agencies
and public health authorities could use the
map to identify environmental risk factors
of high-risk areas as well as develop more
efficient preventive and control measures
for melioidosis. In addition, they could
effectively communicate and advocate for
appropriate practices to people at risk to
reduce environmental exposure to reduce
their health risks.
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