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Article 
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Abstract: Infection of liver flukes (Opisthorchis viverrini) is partly due to their suitability for habitats 
in sub-basin areas, which causes the intermediate host to remain in the watershed system in all 
seasons. Spatial monitoring of fluke infection at the small basin analysis scale is important because 
this can enable analysis at the level of the spatial factors involved and influencing infections. The 
spatial mathematical model was weighted by the nine spatial factors by dividing the analysis into 
two levels. 1) sub-basin boundary level analyzed with ordinary least square (OLS) model used to 
analyze spatial factors of liver fluke aimed at analyzing spatial factors related to human liver fluke 
infection according to sub-basin boundaries, and 2) infection risk positional analysis level with 
machine learning-based forest classification and regression (FCR) and displaying predictive results 
of infection risk locations along stream lines. The analysis results show 4 prototype models that 
import different independent variable factors. The results show that Model-1 and Model-2 give the 
most AUC = 0.964 and the variables that influence infection risk the most were distance to stream 
lines, and distance to water bodies, NDMI and NDVI factors rarely affect accuracy. This FCR 
machine learning application approach can be applied to the analysis of infection risk areas at the 
sub-basin level, but independent variables must be screened with a preliminary mathematical 
model weighted to the spatial units in order to obtain the most accurate predictions. 

Keywords: Opisthorchis viverrini; forest-based classification and regression; machine learning; 
ordinary least square 

 

1. Introduction 

Severe liver fluke infections have been detected in Ponna Kaeo district, Sakon Nakhon province, 
Thailand [1]. The liver fluke, scientifically named Opisthorchis viverrini, causes cholangiocarcinoma 
(CCA) [2–4]. The prevalence of liver flukes and bile duct cancer cases have been reported to be the 
highest in Thailand, according to causes of liver fluke infection [5]. It is caused by eating raw fish 
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contaminated with contagious larvae, as well as the popular consumption of raw or semi-cooked and 
semi-raw fish. Fluke infections from fish products such as fermented fish have also been reported [6]. 
Every year, more than 1,000 new cases of CCA are identified in Sakon Nakhon Hospital. This 
incidence has not decreased over the past decade despite the fact that the major risk factors for O. 

viverrini infection are known [7,8]. Another study reported that the incidence of CCA in four major 
regions of Thailand (Sakon Nakhon, Phrae, Roi-Et, and Nong Bua Lamphu) has not been identified 
[8–11]. Those with high severity of O. viverrini infection (>6000 eggs/g. feces) were 14.1 times more 
likely (odds) to develop CCA than people who were not infected [12]. The proportion of humans who 
have been infected with O. viverrini that has developed into CCA is about 10%, causing serious health 
emergencies throughout the region [13,14]. The O. viverrini infection can produce bile duct, liver, and 
connective tissue inflammation, resulting in the development of CCA [4,15]. The five-year survival 
rate of intrahepatic, distal extrahepatic, and hilar CCA patients undergoing surgery was 22–44%, 27–
37%, and 11–41%, respectively [15]. 

Due to the geographical features of the area, there is a subdistrict boundary with the largest 
natural water contact zone in the northeast, namely Nong Han. The physical nature of the swamp is 
a large natural water source, full of water throughout the year, as it is a waterfront source from several 
streams, making it an important food source for the community. The livelihood of people living in 
the watershed derives from finding fish, which is an important source of protein, and there is a 
consumption culture that is familiar with the taste of raw fish [1,4], fascinated by the sweet taste of 
fresh, sour, spicy, hot fish with herbs cooked in meals. Fish is therefore a regular food for every meal 
of villagers who live near the river basin. According to preliminary screening results from 2019 to 
2021 [2], a small number of people contracted liver fluke. In addition, studies conducted on the 
prevalence of liver fluke infection in fish (contagious larvae) showed that Sakon Nakhon province 
had an infection area of 33.33% [13], and a 2016–2017 study of the density of contact larvae in fish 
showed a density of 10–20 metacircaria per kilogram of fish [12]. As a result, liver fluke outbreaks are 
still present in Sakon Nakhon province, where the liver fluke's eggs are transfused with feces, 
potentially contaminating soil, water bodies, and causing recurrent infections and an endless cycle of 
infection. 

The application of geographic information system (GIS) knowledge as an analytical tool is 
particularly useful because of the spatial analysis of liver fluke infections with remote sensing 
information systems. Remote sensing (RS) obtained from satellite imagery can provide in-depth 
analysis of the likelihood of liver flukes and their distribution [14], such as the standardized 
vegetation index, soil moisture index, soil cover index [16], and other indices that may be associated 
with the habitation of liver fluke intermediates. Many studies have applied spatial statistics to 
analyze spatial correlation factors to liver fluke infection [17], such as studies [18,19] that analyzed a 
large area, resulting in discrepancies and incoherence in raster data. Based on the findings of [20–22], 
GWR (geographic weighted regression) models were constructed in small area unit systems in 
hydrological factor analysis, resulting in high R2 values in all other models. However, in this study, 
the OLS (ordinary least square) model was applied, which is a global operation model, which is 
sufficient to create a model to analyze areas with a small number of spatial units. Because GWR 
models require large enough units of space to be weighted by coefficients, OLS models are a 
satisfying alternative for small-space solutions. 

However, since there are many indices that are to be constructed as independent variables, in 
order to accurately analyze them, the principles of geo-statistics [23], the OLS modeling method of 
local operations in particular, requires the creation of sub-spatial units [20], such as sub-basins, 
defined from the flow boundary of the sub-basin to the modeling control boundary. This makes OLS 
models effective in predicting and analyzing spatial relationships well [24]. To build spatial models 
for analyzing relationships in small areas such as sub-basin levels [25], there is a need to use 
appropriate models and design sub-area units to suit the distribution of data and dependent and 
independent variables. The application of only OLS models in independent multivariate analysis 
often provides satisfy accuracy, since there are many independent factors that create a lot of 
variability for the model. However, in this study, OLS modeling was used to analyze the relationship 
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between a set of independent variables and the percentage of infections before OV. Past research on 
spatial modeling has not used the application of OLS models and sub-spatial unit boundaries in small 
watershed systems to track liver fluke infections. This is performed to screen for independent 
variables that are involved in spatial infections, and then OLS modeling is carried out, which can be 
accurately modeled using a small set of independent variables that are related to actual variables. To 
predict areas at risk of fluke infection spatially, it is necessary to develop models with the accuracy 
of predictive prototypes. Using forecasts from spatial statistical models, risk analysis can only be done 
at the sub-basin level, which requires sufficient independent variable data to create appropriate 
trendlines. Machine learning (ML) is therefore necessary and is used to predict the risk of water 
source location with potential infection by learning from spatial factors.  

Modern research has applied ML to spatial risk assessment tasks such as [26].In recent years, 
advances in ML algorithms, computing power, and geospatial innovations including software have 
made it easier to create spatial maps [27]. The precision of spatial maps can be improved using 
machine learning algorithms. Knowledge-based methods [28], multivariate logistic regression 
methods [29–31] and multivariate binary logistic regression [32] have all been presented in recent 
papers. General linear model [33,34], quadratic discriminant analysis [33,35], boosted regression tree 
[34,36], random forest classification (RFC) [37–40], multivariate adaptive regression splines [41,42], 
classification and regression tree [34,43], support vector machine [44–46], naïve Bayes [47,48], 
generalized additive model [33,43], neuro-fuzzy and adaptive neuro-fuzzy inference [49–51], fuzzy 
logic [52], artificial neural networks [53–58], maximum entropy [59,60] and decision tree [31,61,62]. 
ML applications was also widely used to create landslide maps (LSM). Merghadi et al. [63] assessed 
the performance and competency of various ML techniques in the literature and discovered that tree-
based ensemble optimization algorithms outcompete other ML algorithms. In a comparison analysis, 
Sahin [64] found that CatBoost had the best precision (85%), followed by XGBoost (83.36%) since the 
proportion of samples of the model was determined by Catboost was more precisely anticipated than 
other models. The primary advantages of ML and probabilistic processes are their objective statistical 
foundation, repeatability, capacity to quantitatively analyze the effect of variables on spatial 
prediction, and capacity to update them regularly.  

Several studies in ML applications have shown that the random forest classificationmethod 
always has a higher receiver operating characteristic (ROC) and area under the ROC curve (AUC) 
effect than other models, but it also depends on the factors that bring the machine to learning, 
including the number of learning and testing points. Machine learning models can be built using a 
variety of spatial conditioning factors (land use, slope, aspect, elevation, road network, water body, 
factors from proximity etc.). Several studies on flood prone, landslide susceptibility, land use change 
evaluation have been undertaken using remote sensing and GIS techniques [65–67]. 

In this research, the Forest-based Classification and Regression (FCR) approaches were applied 
to predict the percentage of infection risk with spatial factors at both the watershed level and the 
location of learning points that are the locations of water bodies with infected fish. Therefore, if it can 
be demonstrated that the spatial characteristics in the distribution of each parasite are important to 
any subspace unit at the sub-basin level, then the sub-basin level can be properly managed for 
protection [68]. For example, breaking the cycle of intermediary hosts such as mollusks can prevent 
future illnesses and result in healthy communities. The community is strengthened, and the burden 
of medical care can be reduced. 

2. Materials and Methods 

2.1. The Study Area 

Phon Na Kaeo is a district in Sakon Nakhon province; in the north, it borders Kusumal district; 
in the east, it borders Pla Pak district (Nakhon Phanom province); in the south, it borders Wangyang 
district (Nakhon Phanom province), Khok Si Suphan district, and Mueang Sakon Nakhon district; 
and in the west, it borders Mueang Sakon Nakhon district. Its geographical coordinates are 
17o13’18’’N, 104o17’24’’E, as shown in Figure 1.  
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Figure 1. The boundaries of the study area show the proximity of freshwater bodies that are fish 
habitats to the Mekong River. 

There are 5 subdistricts: Ban Phon, Na Kaeo, Nadong Wattana, Ban Khae, and Chiang Shi. The 
Phon Na Kaeo district’s area of Sakon Nakhon province is located in the east of the Songkram 
watershed, adjacent to Nakhon Phanom province and adjacent to Nong Harn marsh, which is a large 
natural water source. There is an exchange of Mekong fish and fish habitat in the area at a distance 
of about 40 kilometers from the Mekong River, resulting in the travel of many Mekong/tributary fish 
in the Phon Na Kaeo district, and the potential for fish to increase the number of liver fluke infections.  

2.2. Datasets and Analyses 

Liver fluke and cholangiocarcinoma have long been a public health problem in Thailand, and at 
present, at least 20,000 people in the northeast die from cholangiocarcinoma each year [69,70]. 
Currently, there are 6–8 million people infected with liver fluke, so screening people for liver fluke 
infection to eradicate the parasites is very important to reduce the risk of cholangiocarcinoma [71]. 

The data on people infected with liver fluke in this research were obtained from the Sakon 
Nakhon Provincial Public Health Office (SKKO) [72] 
https://skko.moph.go.th/dward/web/index.php?module=skko. Stool examination is a standard 
screening method that has been in practice for a long time. For example, intensive examination of 
parasite eggs in feces using the modified Kato–Katz technique, which has been an effective method 
in the past when there were prevalent parasite outbreaks. Moreover, stool examination is a standard 
method that has been in practice for a long time. Stool specimens were examined for O. viverrini eggs 
within hours of collection using the modified Kato–Katz technique [73]. The result of infection 
showed that most people were infected in Phon Na Kaeo district, Sakon Nakhon province. In the 
range of 18–80 years, the prevalence of infection tends to increase. Other testing methods include the 
FECT (formalin-ethyl acetate concentration technique) and the enzyme-linked immunosorbent assay 
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(ELISA) [74], which are more effective than stool testing. It also provides quantitative results that 
correlate with the density of the parasite and can be used for post-drug assessment to determine the 
rate of reinfection or new infection [68,73,74]. However, in this study, such methods were not used, 
since they require a high budget. However, the secondary data obtained from SKKO of the number 
of people infected with liver fluke measured using the modified Kato–Katz method is reliable because 
it is an appropriate method for measuring many people. 

The data on modified Kato–Katz fluke infection showed that most people were infected in Phon 
Na Kaeo district, Sakon Nakhon province. In the range of 30–40 years, the prevalence of infection 
tended to increase. As for the density of infection in patients, it was found to be similar to the 
prevalence, i.e., the density of liver fluke infection was highest among those infected in the province. 
Sakon Nakhon has a range of 20–30 years old, as shown in Table 1. 

Table 1. Comparison of number of people with cholangiocarcinoma in 2019/2020. [72]. 

Provinces Number of people with  Number of people with  

  cholangiocarcinoma in 2019  cholangiocarcinoma in 2020 

Nongkhai 22 37 
Buengkarn 8 7 

Loei 54 84 
Nakhon Phanom 7 10 

Udon Thani 50 88 
Nongbualumphu 19 12 

Sakon Nakhon 161 130 
 

In 2019–2021, 12,063 cases were detected at the national level of stool testing and fell to the 8th 
Health District Office (Region, (R8)) [75] https://r8way.moph.go.th/r8way/index. Of the 2,832 cases, 
599 were found in Sakon Nakhon province, with the highest number of liver fluke infections in 
neighboring provinces in the interconnected river basin system Nakhon Phanom and Bueng Kan [76]. 
The summary of reported cases detected as a percentage is shown in Figure 2. Sakon Nakhon 
province has the largest freshwater supply in the northeast and is a water source that breeds animals 
during the rainy season [2]. Phon Na Kaeo has the highest average infection rate in Sakon Nakhon 
province, which is why the provincial health authorities must keep an eye on the situation. In this 
study, data on the number of people infected with liver fluke in Phon Na Kaeo district were used. 
The distribution of the percentage of infected persons to the population density is shown in Figure 
3(a) and shows the percentage of infected persons according to the sub-basin boundary, where the 
percentage index of infections in 2019–2021 is 0.510–9.180 percent, which is developed as a dependent 
variable in the OLS model and linked to other independent data layers by means of geographic 
information system, namely the spatial join method, as shown in Figure 3(b).  

 

 

Figure 2. Percentage of people infected with liver fluke during 2019–2021 of the 8th Regional Health 
Province (R8) near the Mekong River (adapted from R8, [75]). 
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(a)                             (b) 

Figure 3. (a) A number of infected populations of each village with population density 
(persons/sq.km.). (b) Infected percentage of each village and percentage average of infectious in each 
sub-basin. 

The acquisition of Sentinel-2 satellite imagery data can be downloaded from Google Earth 
Engine (GEE) by coding the following settings: 1) Define the boundaries of Thailand with an area of 
interest, AOI 2) To set the download time period to '2019-12-01', '2021-01-31'. 3) Filtering removes 
only images with a cloud cover percentage of less than 10 percent 4) To combine the wavelength of 
Sentinel-2 image for visualization 5) Download the resulting image and calculate the remote sensing 
index. Details of coding are shown as follows: 

//1) AOI for download Sentinel 2 
var c = ee.FeatureCollection('USDOS/LSIB_SIMPLE/2017') 
.filter(ee.Filter.eq('country_na', 'Thailand')); 
//2) Load Sentinel 2 data  
var image = ee.ImageCollection('COPERNICUS/S2_SR') 
.filterDate('2019-12-01', '2021-01-31') 
//3) Filter to 10 percent cloud cover 
.filter(ee.Filter.lt('CLOUDY_PIXEL_PERCENTAGE', 10))  
.filterBounds(c) 
.median(); 
// 4) Band composite   
var visParamsTrue = {bands: ['B2', 'B3', 'B4'], min: 0, max: 2500, gamma: 2}; 
Map.addLayer(image.clip(c), visParamsTrue, "Sentinel-2 Jan 2022"); 
// Applies scaling factors. 
function applyScaleFactors(image) { 
  var opticalBands = image.select('SR_B.').multiply(0.0000275).add(-0.2); 
  var thermalBands = image.select('ST_*.*').multiply(0.00341802).add(149.0); 
  return image.addBands(opticalBands, null, true) 
  .addBands(thermalBands, null, true); 
} 
var dataset = applyScaleFactors(c); 
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var visualization = { 
  bands: ['SR_B4', 'SR_B3', 'SR_B2'], 
  min: 0.0, 
  max: 0.25, 
}; 
 

2.3. Independent variable modeling 

The independent variable set consists of 9 factors, namely X1(index of land use types), X2(index 
of soil drainage properties), X3(the distance index from the road network , X4(distance index from 
surface water sources), X5(distance index from the flow) accumulation lines), X6(index of average 
surface temperature), X7(average surface moisture index), X8(average normalize difference vegetation 
index), and X9(average soil-adjusted vegetation index). Each factor is calculated to determine the 
average division per sub-basin area, and in addition, factors 6 to 9 calculated from the remote sensing 
index using raster calculator function are the average of the Sentinel-2 image range from January to 
April of 2019–2021, which is a picture of the dry season, allowing for analysis of the area where the 
host medium survives whilst waiting for the rainy season to arrive. Mathematical models have 
evolved from fundamental factors based on a variety of research related to variables influencing liver 
fluke infection in watershed level areas. as shown in the mathematical model for calculating each 
factor as Equations (1) to (12) as follows:  

 𝑋𝑋1 =
WL𝑗𝑗L𝑗𝑗A𝑘𝑘           (1) 

where 𝑋𝑋1 is index of land use types suitable for intermediary host housing. WL𝑗𝑗= any type i land use 
weight value where i = (1 = built-up), (2 = forest), (3 = miscellaneous), (4 = paddy field), (5 = rice 
paddies in irrigated areas and water body). L𝑗𝑗= area of land use category j unit (sq.m.). A𝐾𝐾 = size of 
sub-basin area at any k unit (sq.m.). Adapted from the research of [12]. 

 𝑋𝑋2 =
W𝑗𝑗S𝑗𝑗A𝑘𝑘           (2) 

where 𝑋𝑋2 is the index of soil drainage properties suitable for the habitation of the intermediate host. 
S𝑗𝑗 = area size of drainage properties of any type j soil. W𝑗𝑗 = weight value of drainage of any type j 
soil. Adapted from the research of [7]. 

 𝑋𝑋3 =
∑ ∑ 𝐷𝐷𝐷𝐷𝑖𝑖𝑚𝑚𝑗𝑗=1 𝐵𝐵𝑗𝑗𝑛𝑛𝑖𝑖=1 𝐴𝐴𝑘𝑘           (3) 

where 𝑋𝑋3  is the distance index from the road network used to analyze the suitability of the 
intermediary host from water trapped by the road network. 𝐷𝐷𝐷𝐷𝑖𝑖 is the distance from the road line 
out to any distance K (meters), where k starts from 500 m, 1,000 m, 1,500 m, 2,000 m, and more. 𝐵𝐵𝑗𝑗  is 

the buffer distance at any k distance where K starts from 500 m, 1,000 m, 1,500 m, 2,000 m, and over. 

Adapted from the research of [16]. 

 𝑋𝑋4 =
∑ ∑ 𝐷𝐷𝐷𝐷𝑖𝑖𝑚𝑚𝑗𝑗=1 𝐵𝐵𝑗𝑗𝑛𝑛𝑖𝑖=1 𝐴𝐴𝑘𝑘           (4) 

where 𝑋𝑋4  is the distance index from surface water sources used to analyze the suitability of the 
medium host from embedding to the soil surface when moisture still accumulates in the dry season. 𝐷𝐷𝐷𝐷𝑖𝑖  is the distance from any surface water source i that goes out at any distance k, where k starts 
from 500 m, 1,000 m, 1,500 m, 2,000 m, and over. Adapted from the research of [6]. 

 𝑋𝑋5 =
∑ ∑ 𝐷𝐷𝑆𝑆𝑖𝑖𝑚𝑚𝑗𝑗=1 𝐵𝐵𝑗𝑗𝑛𝑛𝑖𝑖=1 𝐴𝐴𝑘𝑘          (5) 

where 𝑋𝑋5 is the distance index from the stream lines or accumulated flow lines of water used to 
analyze the suitability of the medium host regarding waterlogging and moisture accumulation in the 
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dry season. 𝐷𝐷𝐷𝐷𝑖𝑖  is the distance from any of the accumulated flow lines of water at any distance k 
where k starts from 500 m, 1,000 m, 1,500 m, 2,000 m, and over. [20]. 

 𝑋𝑋6 =
∑ 𝑇𝑇𝑖𝑖𝐴𝐴𝑖𝑖𝑘𝑘𝑛𝑛𝑖𝑖=1𝐴𝐴𝑘𝑘           (6) 

where 𝑋𝑋6 is the index of average surface temperature in any sub-basin used to analyze the suitability 
of the medium host from subsurface embedding to sub-basin. 𝑇𝑇𝑖𝑖  any grid temperature value in 
degrees Celsius. 𝐴𝐴𝑖𝑖𝑖𝑖  is the total area of temperature at i degrees Celsius within the sub-basin 
boundary at k. Adapted from the research of [9]. 

 𝑋𝑋7 =
∑ 𝑁𝑁𝐷𝐷𝑁𝑁𝑁𝑁𝑖𝑖𝐴𝐴𝑖𝑖𝑘𝑘𝑛𝑛𝑖𝑖=1 𝐴𝐴𝑘𝑘              (7) 

where 𝑋𝑋7 is the average surface moisture index in any sub-basin used to analyze the suitability of 
host media from subsurface embedding in the sub-basin. 𝑁𝑁𝐷𝐷𝑁𝑁𝑁𝑁𝑖𝑖  is any grid surface moisture value. 𝐴𝐴𝑖𝑖𝑖𝑖 is the total area of surface moisture at i that is within the sub-basin boundary at k. Adapted from 
the research of [18]. Waterbody distribution: As water availability boosts the variety of species and 
natural resources, which helps extracting the location of areas where surface moisture can be 
maintained, clearly separated from the dry soil surface using the Normalized Difference Moisture 
Index (NDMI) to emphasize it in a satellite picture that was chosen. NDMI ranges from -1 to 1, with 
water bodies usually having NDMI values greater than 0.4 In the distribution classification of 
waterbodies, NDMI values were divided into five groups, with higher values indicating the high 
likelihood of intermediary host habitat. The following equation was used to determine the NDMI of 
the study area using 
 𝑁𝑁𝐷𝐷𝑁𝑁𝑁𝑁 =

𝐺𝐺𝐷𝐷𝐺𝐺𝐺𝐺𝑁𝑁−𝑆𝑆𝐷𝐷𝑁𝑁𝐷𝐷𝑁𝑁𝐺𝐺𝐷𝐷𝐺𝐺𝐺𝐺𝑁𝑁−𝑆𝑆𝐷𝐷𝑁𝑁𝐷𝐷        (8) 

 𝑋𝑋8 =
∑ 𝑁𝑁𝐷𝐷𝑁𝑁𝑁𝑁𝑖𝑖𝐴𝐴𝑖𝑖𝑘𝑘𝑛𝑛𝑖𝑖=1 𝐴𝐴𝑘𝑘             (9) 

where 𝑋𝑋8 is the average vegetation index in any sub-basin used to analyze the suitability of the 
medium host from subsurface embedding to sub-basin. 𝑁𝑁𝐷𝐷𝑁𝑁𝑁𝑁𝑖𝑖  is any grid-normalized difference 
vegetation index. 𝐴𝐴𝑖𝑖𝑖𝑖 is the total area of vegetation index at i within the sub-basin boundary at k. 
Adapted from the research of [18].  

Twelfth sets of satellite images were downloaded from Sentinel-2. The following equation was 
used to determine the NDVI of the study area in ArcGIS pro v.2.9.0 under map algebra function as 
follows. 

 
 𝑁𝑁𝐷𝐷𝑁𝑁𝑁𝑁 =

𝑁𝑁𝑁𝑁𝐷𝐷−𝐷𝐷𝐺𝐺𝐷𝐷𝑁𝑁𝑁𝑁𝐷𝐷+𝐷𝐷𝐺𝐺𝐷𝐷          (10) 

For Sentinel-2, NIR represents the near-infrared band 8 (0.842–0.865 µm) and RED the 
corresponding band 4 (0.665–0.704 µm). NDVI values are straightforward visual indicators that may 
be used to examine remotely sensed data and determine if there is living, green vegetation present 
[12]. The NDVI ranges from −1.0 to +1.0, a positive value indicating dense and healthy vegetation. 
The research identified five unique vegetation distribution groups based on NDVI values, with 
greater values indicating a region with a suitable potential of host intermediaries. 

 𝑋𝑋9 =
∑ 𝑆𝑆𝐴𝐴𝑁𝑁𝑁𝑁𝑖𝑖𝐴𝐴𝑖𝑖𝑘𝑘𝑛𝑛𝑖𝑖=1 𝐴𝐴𝑘𝑘                 (11) 

where 𝑋𝑋9  is the vegetation index for adjusting the average soil in any sub-basin to analyze the 
suitability of the medium host from subsurface embedding in the sub-basin. 𝐷𝐷𝐴𝐴𝑁𝑁𝑁𝑁𝑖𝑖  is the i-any grid 
soil adjusted vegetation index value. 𝐴𝐴𝑖𝑖𝑖𝑖 is the total area of soil-adjusted vegetation index at i within 
the sub-basin boundary at k. Adapted from the research of [19]. Soil-Adjusted Vegetation Index 
(SAVI), the vegetation index created for the calculation of vegetation in the study area with relatively 
low vegetation content has a similar calculation formula to NDVI, but a constant value (0.5) was 
provided for the Sentinel-2 image to reduce the influence of reflection from the lower ground soil of 
vegetation. 
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 𝐷𝐷𝐴𝐴𝑁𝑁𝑁𝑁 =
𝑁𝑁𝑁𝑁𝐷𝐷−𝐷𝐷𝐺𝐺𝐷𝐷𝑁𝑁𝑁𝑁𝐷𝐷+𝐷𝐷𝐺𝐺𝐷𝐷+0.5 𝑥𝑥(1 + 0.5)      (12) 

 

2.4. Ordinary Least Square (OLS) approach for spatial modeling (analysis at the level of infected in sub-

basins) 

Surface moisture factors and surface cover indicator indicators analyzed using satellite images 
are represented by calculations of independent variables from X6 to X9. An OLS modeling study was 
used for analyzing spatial correlations to liver fluke infection (OV) from remote sensing data of sub-
basin-level prototype areas. The research algorithm is divided into 3 stages: 1) Data collection and 
manipulation to collect and manage data for use in analyzing the relationship of liver flukes to 
watershed areas in sub-basins. Starting with the preparation of Sentinel-2 satellite imagery data used 
in the study, January–April 2019, 2020, and 2021, the dry season of each year is when mollusks are 
embedded in moist soils waiting for rain to come during the rainy season. A total of 12 satellite 
imagery data (4 images per year, 3 years) were taken to average the image points and used to calculate 
the indices X6, X7, X8, and X9 for use as independent variables in the OLS model. 2) Independent 
variable screening and 3) alternative modeling. A detailed display of the steps can be shown as 
follows.  

(1) Field surveys and OLS modeling for analyzing the relationship between liver flukes and 
spatial factors, including the NDVI, which is a value that indicates the proportion of vegetation 
covering the surface by taking the NIR and the red wave range reflected from the surface to calculate 
the reflection difference, making the NDVI value between -1 and 1 if the plant does not have green 
leaves, which returns a similar value of 0, while the value 0 means no vegetation if there is a density 
of plants with green leaves equal to 1. The other index group is the soil reflection value. In this study, 
the SAVI refers to the ratio between the difference between the amount of energy reflection during 
the near-infrared wave NIR and the amount of energy reflection in the red-light wave range to the 
sum of the amount of energy reflected during the NIR and the energy reflection coefficient of the soil, 
and the SAVI refers to the vegetation index calculated from two times the sum of the NIR plus one 
minus the square root. Taking the difference between doubling the NIR plus one all squared and 
eight times the NIR minus the total red wave divided by two, the two indices range from negative to 
maximum to 1, where the index values that are suitable for the habitation of the liver fluke medium 
host are approximately -0.2 to 0.2 of the SAVI indexes. The following is an explanation of the 
workflow of the OLS model, as shown in Figure 4. 
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Figure 4. The framework of OLS modeling finds the relationship of liver fluke occurrence to spatial 
factors with the sub-basin level. 

 (2) The OLS model uses the principle of estimating the coefficients of the equation with the 
same squared method as the conventional linear model, but the creation of a variable dataset is a 
geostatistical statistic that can generate a dataset from a smaller sample but retain a Z value that is 
similar to the original Z value. The area that seems to be the ideal area for shellfish implantation is 
the buffer area away from the accumulated flow line of water [20]. The variable data according to the 
data are generated as points of the village location where the OV data were surveyed; the 
independent variable group 1 (spatial variables) were represented as variable X5 (distance index from 
the flow accumulation lines); the mean of the line length, the level 3 to 3 water flow level, is a variable 
that shows the likelihood of embedding the host's intermediary of liver flukes along two sides of the 
stream by 500-2,000 meters. OLS creates a local regression equation for each feature in the dataset. 
When values for a cluster of spatial descriptive variables are available, problems with local 
multicollinearity are more likely. The conditional number (Cond) field in the output feature class 
indicates when the result is unstable due to local multicollinearity. 
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(3) OLS modeling the relationship between liver fluke, other types of parasites, and spatial 
factors uses a global model of spatial statistics, i.e., a model created specifically for each sub-basin, 
which allows for predicting liver fluke and other types of parasites and analyzing relationships. 

The model serves to determine the coefficient of the relationship between the independent and 
dependent variables using the distance reciprocal weighting method, where OLS obtains a model to 
predict every unit area with a difference in coefficients [9,21,22]. OLS modeling must create a data 
layer based on this research, namely the percentage of liver fluke infection of the sub-basin region to 
be analyzed from 5-meters DEM data, the import of independent variables consisting of index 
variables generated from the wavelength correlation of satellite images in mathematical functions, 
and other spatial factors such as distance from water bodies and roads. 

The OLS model uses sub-spatial statistics to find the relationship between independent and 
dependent variables and analyzes a polylinear regression equation to estimate the regression 
coefficient at each linear regression point or survey point, as shown in Equation (13) [25]. 𝑦𝑦𝑖𝑖 = 𝛽𝛽0 + 𝛽𝛽1(𝑙𝑙𝑙𝑙𝑙𝑙𝑑𝑑 𝑢𝑢𝑢𝑢𝑢𝑢) + 𝛽𝛽2(𝑢𝑢𝑠𝑠𝑠𝑠𝑙𝑙) + 𝛽𝛽3(𝑟𝑟𝑠𝑠𝑙𝑙𝑑𝑑) +𝛽𝛽4(𝑤𝑤𝑙𝑙𝑤𝑤𝑢𝑢𝑟𝑟 𝑏𝑏𝑠𝑠𝑑𝑑𝑦𝑦) + 𝛽𝛽5(𝑢𝑢𝑤𝑤𝑟𝑟𝑢𝑢𝑙𝑙𝑠𝑠 𝑙𝑙𝑠𝑠𝑙𝑙𝑢𝑢𝑢𝑢) +𝛽𝛽6(𝑢𝑢𝑢𝑢𝑟𝑟𝑠𝑠𝑙𝑙𝑠𝑠𝑢𝑢 𝑤𝑤𝑢𝑢𝑠𝑠𝑡𝑡) + 𝛽𝛽7(𝑙𝑙𝑑𝑑𝑠𝑠𝑠𝑠) + 𝛽𝛽8(𝑙𝑙𝑑𝑑𝑛𝑛𝑠𝑠) +𝛽𝛽9(𝑢𝑢𝑙𝑙𝑛𝑛𝑠𝑠) + [𝜀𝜀]    

(13) 

where 𝑦𝑦𝑖𝑖 = the value observed for the dependent variable at point i;  𝛽𝛽0 = the interception point y (constant value);  𝛽𝛽𝑛𝑛 = the regression coefficient or slope of the explanatory variable n at point i;  𝑥𝑥𝑛𝑛 = the value of the variable n at point i; The X variable can be described as: X1 (index of land 
use types), X2 (index of soil drainage properties), X3 (the distance index from the road network, X4 
(distance index from surface water sources), X5 (distance index from the stream lines or flow 
accumulation lines), X6 (index of average surface temperature), X7 (average surface moisture index), 
X8 (average normalize difference vegetation index), and X9 (average soil-adjusted vegetation index). 

[𝜀𝜀] = the error of the regression equation.  
The expected outcome is a set of independent variables that illustrates the relationship between 

independent variables and dependent variables obtained using geographically weighted analysis of 
least square regression equations with the difference in independent variables affecting dependent 
variables in each sub-region (spatial nit). Therefore, if it is possible to analyze the spatial 
characteristics of the distribution of each type of parasite, the agency or organization can know the 
areas where the analysis results are used to correctly manage the parasite infection prevention system 
[77]. Preventing future illnesses can help communities stay healthy and reduce the burden of medical 
expenses. 

2.5. Forest-Based Classification and Regression (Analysis at the location level of infected water bodies) 

The principle of Random Forest is to create several models from the decision tree (from 10 
models to more than 1,000 models), each model will receive a different data set, which is a subset of 
all data sets. When making a prediction, let each decision tree make a prediction of the data set and 
calculate the prediction result by voting output that is most selected by the decision tree (in case of 
classification) or find the mean value from the output of each decision tree (in case of regression). 
Each decision tree model in the random forest is considered weak learner, it is estimated that it is not 
very good model, but when each decision tree is used to make predictions together, it will get a total 
model that is more competent and accurate than the decision tree that makes a single prediction. The 
process of connecting OLS and machine learning is shown in Figure 5. 
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Figure 5. The forest-based classification and regression (FCR) for Liver Fluke (Opisthorchis viverrini) 
Infection prediction. 

The Forest-based Classification and Regression (FCR) tool trains a model based on known values 
(Infected-OV points) provided as part of a training dataset. This prediction model can then be used 
to predict unknown values in a prediction dataset that has the same associated Independent 
variables. The tool creates models and generates predictions using an adaptation of Leo Breiman's 
random forest algorithm [78], which is a supervised machine learning method. The tool creates many 
decision trees, called an ensemble or a forest, that are used for prediction. Each tree generates its own 
prediction and is used as part of a voting scheme to make final predictions. The final predictions are 
not based on any single tree but rather on the entire forest. The use of the entire forest rather than an 
individual tree helps avoid overfitting the model to the training dataset, as does the use of both a 
random subset of the training data and a random subset of explanatory variables in each tree that 
constitutes the forest. 

FCR is an effective decision tree ensemble used for large-scale and multivariate pattern recognition 
[79]. This ensemble learning is established based on the concept of the random subspace method [80] 
and the stochastic discrimination method of classification [81]. The RFC was then further extended 
by Breiman [82] who introduced the concept of bagging and random feature selection. Equipped with 
these features, a random forest model becomes a powerful tool to construct an ensemble of 
classification trees. Successfully applications of FCR have been reported in various studies [83–85], 
including landslide modeling [86,87]. 

Based on the FCR application of [61], the model is summarized as follows. Given a labeled data set 
(D) for training D = (X, Y), in which xi ∈ X (i = 1,2, . . . , N, where N is the number of training samples) 
is a data sample and yi ∈ Y is its class label, the FCR method aims at constructing a model, which is 
capable of separating the input space into different disjoint regions. Each of the regions is 
characterized by one class label. To achieve this goal, the method trains k individual decision trees, 
where each tree is associated with a random Θk vector, which represents a subspace of the original 
input space. Subsequently, a single tree k is constructed by sampling with replacement n < N data 
samples from the original training set. An individual tree (hk) is therefore expressed as: 

 
hk (X, Θk ) = Y         (14) 
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During the training phase of a decision tree, a node can be expanded with two children to 
enhance the data classification performance (see Figure 4). This process is characterized by a split cut 
at the corresponding dth dimension of the input data. The decision tree algorithm selects the most 
suitable node using the Gini impurity index (G) product (P) [83]; this product is computed as follows: 

 
P = G1G2            (15) 

where a Gini impurity index (G) of set k is defined as follows [88]: 
 𝐺𝐺𝑖𝑖 = 1 −∑ 𝑡𝑡𝑖𝑖𝑖𝑖2𝑛𝑛𝑘𝑘𝑘𝑘𝑖𝑖=1           (16) 

where nkc represents the number of classes in the considered set and pki denotes the ratio of the present 
class i in this set. 

When a new input query is presented to the model, the RFC determines its output class through 
the majority vote standard [89]. Thus, the class label (y) of an input data x is computed from the 
established ensemble in the following manner: 

 𝑦𝑦 = 𝐻𝐻(𝑥𝑥) =
𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑧𝑧 (∑ 𝑁𝑁(ℎ𝑖𝑖𝑖𝑖 (𝑥𝑥,𝛩𝛩𝑖𝑖  ) = 𝑧𝑧))       (17) 

 
where I(t) denotes an indicator, function defined as follows: 

 𝑁𝑁(𝑤𝑤) =  � 1, 𝑤𝑤 𝑠𝑠𝑢𝑢 𝑤𝑤𝑟𝑟𝑢𝑢𝑢𝑢
0, 𝑤𝑤 𝑠𝑠𝑢𝑢 𝑠𝑠𝑙𝑙𝑙𝑙𝑢𝑢𝑢𝑢         (18) 

 

3. Results 

3.1. Mapping of The Spatial OV Infection (Y, Dependent Variable)  

Spatial subspace unit boundaries need to be created to define the amount of data. In this study, 
using digital elevation model (DEM) data with a cell size of 12.5 meters to generate sub-basin layer 
data, the results of the analysis were obtained from 10 sub-basin boundaries, sub-basins distributed 
according to the flow sequence level (3 to 6) from upstream to downstream at the marshes shown in 
Figure 6, and other descriptive information of the sub-basin, such as its size. The DEM dataset was 
readjusted for spatial height using the fill and sink function, which is a hydrological analysis method 
that uses GIS processes to process the altitude data as realistically as possible and enable continuous 
water flow analysis.  
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Figure 6. Sub-basin boundary map obtained from analysis of DEM data. 

The highest spatial height mean was 180.397 meters at the river basin named Wanplachuem-1, 
followed by the Wanplachuem-2 and Phonkaeyai basins. They have values of 174.412 and 172.894 
meters, respectively, with the upper basin of Phon Na Kaeo district being considered a basin of this 
height. However, even though it is in the upper basin, there is a high percentage of people infected 
with OV in these areas. Due to the multiple seasons, flooding causes surface water to flood up to the 
upper basin, making it possible for intermediate host mollusks and carp groups to move to feed in 
these areas. 

Regarding the watershed with the highest risk of infection, when analyzed using DEM data, it 
was found that the Jomjaeng, Poopim, and Phonnoi basins had lower average height than other 
basins, and when looking at the percentage of infected persons, the percentage of infected persons 
was higher than 6.48 percent, as well as other species found in the river basin in this area, have a very 
high risk of having liver fluke eggs. The case percentage data shown as points is converted into raster 
data with a heat map command to use this raster data to find the average of the percentage infected 
and link it with other independent variable data using raster image, as shown in Figure 7. The display 
of the case percentage data shows the continuity of the number of infected people, so that the average 
calculation is equal for all sub-basins, but it will vary depending on the large and small values of the 
points used to calculate the raster. In this case, the Z value is the percentage of infected people in the 
village position. The radius of creating a raster map using a heatmap is from 2 km and 4 km so that 
raster data can be connected to all subtleties. The green areas show sparse percentages of infected 
people, and red areas show density and high chance of encountering infected people. The OLS model 
requires a continuity value of raster data, where the creation of heatmaps of infected people enables 
consistent analysis of positional data and other raster of independent variables and can generate 
trend graphs. 
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(a)                                            (b) 

Figure 7. Raster mapping radius of OV-infected points using a heatmap: (a) radius 2 km, (b) radius 4 
km. 

3.2. Mapping of The Independent Variables 

The values of the indexes of the nine independent variables used to create mathematical models 
from Equations 1 to 9 are shown as descriptive data values, as shown the results of analysis in Figure 
8. An important step in the GIS process used in the creation of multi-raster and vector, all methods 
of spatial data interpolation were used in the preparation of independent variable sets with ArcGIS 
pro v. 2.9.0. The percentage of cases was very high in the Wanplachuem-1, Phonnoi, and 
Wanplachuem-2 sub-basins, with values of 9.18, 7.84, and 6.489 respectively. The areas of the three 
watersheds are adjacent to each other and connected by an outlet. When observing the values of 
almost all indices of the river basin, Wanplachuem-2 is more valuable than other basins because the 
value of the index is divided by the size of the smaller basin area more than the other basins. Spatial 
units of the sub-basin with similar island index values of the X1 index for Jomjaeng, Phonnoi, and 
Phonkaeyai are 14.773, 17.688, and 14.279, respectively. The island values of X2 for Wanplachuem-2, 
Klangmai, and Nakaew are 24.128, 24.577, and 29.858, respectively. The island groups of X3, X4, and 
X5 are in the same basin: Jomjaeng, Phonnoi, Phonkaeyai, Wanplachuem-1. The groups of remote-
sensing indices are not very different, but they need to be analyzed together with other factors in OLS 
modeling and screened for duplication of factors again using correlation analysis. Different groups 
of factor index values require data standardization using mathematical models. Standardizing data 
to a comparable range allows OLS models to increase the accuracy of build and fit models better than 
using raw data directly to import models. 

 
(a)                           (b)                       (c) 
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  (d)               (e)           (f) 

                   
(g)          (h)           (i) 

Figure 8. Map of independent variable indexes X1 through X9 generated using mathematical models, 
where (a) is X1, (b) is X2, (c) is X3, (d) is X4, (e) is X5, (f) is X6, (g) is X7, (h) is X8, and (i) is X9. 

The results of the raster map data of the X1 variant were distributed within a buffer distance of 
up to 500 meters, distributed over most areas of all sub-basins, and the results were similar to the X3 
index values, but there was a difference in the upper basin areas with low index values due to the 
lack of road networks. The X4 and X5 index map values showed high scores scattered mainly in the 
lower basin and low values scattered in the upper areas because the lower ones are close to large 
freshwater marshes. The X6 index shows the distribution of the intermediate index mainly on the 
map, Figure 8(f) shows yellow with a flat surface temperature in the range of 26–28 degrees Celsius, 
while high-temperature areas are shown in red and are mostly structures such as road and village 
structures. The X7 index shows the distribution of high-level indices that are suitable habitat substrate 
host areas, mainly areas near water bodies with index values greater than 0.6 or more. The X8 and X9 
indices are similarly distributed because they are made of vegetation index, but the X9 index adds a 
constant value to make the vegetation value more reflective, both of which can be used 
interchangeably. To ensure modeling, consistency results can be observed from correlation, and the 
red area of both indices indicates that they are suitable areas similar to the X7 index. 

The results of the correlation of the independent variable mean calculated for each of the 10 
watershed units showed that the pareto plot could show different correlation values and preliminary 
correlation trends could be observed. The variable factor based on the average of infection 
percentages showed that the area with the average infection rate Y(% of OV) differed from other 
basin areas as many as 5 basins by observing the curve intersecting the Y-axis at 80 percent, namely 
basin areas Maikrabok, Klangmai, Wanplachuem-1 and 2, and Phonnoi, respectively of mean 
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difference, as shown in Figure 9(a). Pareto graphs showing correlation screening over a similar 
number of river basins include the X1, X2, X3, X4 and X5 variable analysis graphs that have similar 
trend curves and culled the river basins that found significant correlations in the range of 5 to 6 river 
basins, as shown in Figure 9(b)-(h). The pareto graph of the correlation analysis of factors calculated 
from most remote sensing indices can screen areas on a scale of 2-3 watersheds that still have a 
significant correlation of the index mean, with the highest screen able factors being X5, X6, X8 and X7, 
respectively as shown in Figure 9(g)-(j). However, this correlation analysis shows that in many sub-
basins, each factor has shown a significant correlation, which makes it possible to formulate a 
hypothesis that each factor can be modeled in the analysis of coefficients related to infection. This 
analysis is based on the average of factors divided by the watershed, resulting in large-scale analysis, 
but infection prediction targets focus on predicting the location of risk areas, so the number of 
independent variables and the maximum associations associated with infection must be considered 
for further introduction into machine learning on FCR. 

 

 

(a)                    (b)                     (c) 
 

 

              (d)                   (e)                       (f) 

 
             (g)                        (h)                        (i) 
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              (j) 

Figure 9. Pareto plots for screening sub-basin area units in determining the location of machine 
learning for importing Forest-based classification and regression models: (a) Y(% of OV), (b) X1 (Land 
use), (c) X2 (Soil), (d) X3 (Road), (e) X4 (Water), (f) X5 (Stream), (g) X6 (Surface Temperature), (h) X7 
(NDMI), (i) X8 (NDVI), and (j) X9 (SAVI). . 

3.3. Spatial Analysis of Factors Associated with Spatial Liver Fluke (Opisthorchis viverrini) Infection 

Independent variable redundancy needs to be reduced in the number of variables so that OLS 
models can still create models that maintain R2 values at acceptable levels [90]. Spatial correlation 
analysis was the method used to screen for independent variables [91] in this study. The group of 
independent variables is classified into two groups: variables generated from vector data solving 
factors X1 to X5, which are characterized by points, polylines, and polygons. Importing this type of 
datum that is analyzed together with other variables does not require first generating raster data and 
assigning score values to different data ranges to measurable standards. The factors X6 to X9 are 
already raster data, but they were calculated in the form of mathematical models to standardize the 
data so that they could be correlated with the previous set of variables. Table 2 shows that factors X3 

to X5 are negatively correlated with the percentage of people infected with OV, which suggests that 
the longer the distance away from that set of factors, the lower the chance of catching the fluke, but 
in contrast, the closer the distance is, the greater the risk of infection if fish is consumed within the 
nearby radius. Factors X1 and X2 show that the poorer the drainage, the greater the risk of infection 
because the soil can retain moisture better than well-drained soil, and the more agricultural and 
agricultural land use near irrigation canals, the more moisture the soil surface has to use than other 
types of land. When analyzing the correlation of vector factors, factor X5 can represent factors X1 to 
X4 because it correlates with the percentage of infected people -0.226. The factors X1 and X4 are 0.985, 
0.838, 0.984, and 0.612, respectively. 

Table 2. The correlation between independent variables (X1 to X9) and dependent variables (OV-
infection percentages) for analysis of OLS-modelled variable groups. 

  

Y(% 

of 

OV) 

X1(lu

) 

X2(soil

) 

X3(road

) 

X4(water

) X5(stream) 

X6(Temp

) X7(ndmi) X8(ndvi) X9(savi) 

Y(

% 

of 

OV

) 1.000 - - - - - - - - - 

X1 -0.167 1.000 
 

- - - - - - - 

X2 -0.437 0.826 1.000 - - - - - - - 

X3 -0.189 0.992 0.813 1.000 - - - - - - 
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X4 -0.402 0.599 0.739 0.635 1.000 - - - - - 

X5 -0.226 0.985 0.838 0.984 0.612 1.000 - - - - 

X6 0.173 0.116 0.184 0.106 0.109 0.067 1.000 - - - 

X7 0.395 0.060 -0.143 -0.061 -0.258 -0.193 0.243 1.000 - - 

X8 0.082 0.092 0.227 0.095 0.134 0.062 0.969 0.171 1.000 - 

X9 0.079 0.097 0.242 0.103 0.144 0.074 0.950 0.150 0.997 1.000 

In addition to screening the variables that were used to create the OLS model, namely the set of 
independent variables X5 to X9, this set of variables was used to create correlation graphs to analyze 
the regression of the model. To determine the properties of regression patterns, two methods of 
residual plot graph analysis were used. The first is residual plots, which is a plot of values. Residuals 
are estimates of Y (% of OV)-fitted values, and should be randomly distributed when observations 
occur. The second method is to plot the normal probability plots of the error coupled with the 
expected value. If the plot is shaped close to a straight line, the discrepancy has a normal distribution. 
The X5 variable set demonstrates the normal distribution of data compared to the variables according 
to the section. The variables X6 to X9 have a vertical distribution of the dataset, which translates into 
a narrow range of index values that can predict the percentage of infections over a wide range, as 
shown in Figure 10. 
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Figure 10. Residual plot and fit plot graphs of variable correlation X5 (a1), (a2); X6 (b1), (b2); X7 (c1), 
(c2); X8 (d1), (d2); and X9 (e1), (e2) selected from correlation analysis. 

3.4. Optimal OLS Model for Predicted with Liver Fluke (Opisthorchis viverrini) Infection (Watershed level)  

Comparing multiple alternative models increases the chance of selecting the right model to 
predict [92,93]. Spatial factor correlation simulation is the use of an independent group of variables 
as an alternative to OLS modeling to visualize trends of tolerances at the small area unit level. The 
set of independent variables imported into models were selected using correlation analysis, and the 
variables X5 to X9 were selected, simulated, and displayed, as shown in Table 3. An appropriate OLS 
model to predict the percentage of infected people can be observed from the analysis results; R2 is 
high. The variable is significant at a high level (i.e., t-statistics are very high or p-value is very low) 
[94,95]. The results of the models in the table compared the precision between 4 models to visualize 
the difference in the accuracy of the models [96]. 
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Table 3. The OLS alternative modeling results. 

Alternative OLS models 

for OV-predicted in  

watershed level 

Independent  

variables 

Coefficients t-Stat p-Valuea 

 

R2  

 

Y(%OV1) 
Intercept 0.465 4.373*** 0.000***  0.524 
X8(ndvi) -1.534 -0.878 n/s 0.226 n/s  
X9(savi) -6.032 -2.212 n/s 0.125 n/s  

Y(%OV2) 

Intercept 4.528 1.975*** 0.000***  0.672 
X7(ndmi) 1.125 0.769 *** 0.044 ***  
X8(ndvi) -3.116 -0.890 *** 0.023 ***  
X9(savi) -9.852 -2.326 n/s 3.024 n/s  

Y(%OV3) 

Intercept 62.042 3.031*** 0.000***  0.713 
X5(stream) -5.047 -2.068*** 0.048***  
X7(ndmi) 4.246 1.875 *** 0.034 ***  
X8(ndvi) -9.874 -2.661*** 0.021***  

Y(%OV4) 

Intercept 57.410 0.979*** 0.000***  0.681 
X5(stream) -0.0350 -3.462*** 0.031***  
X6(temp) 20.210 0.734 n/s 1.263 n/s  
X7(ndmi) 7.220 0.540 *** 0.044 ***  
X8(ndvi) -1524.360 -0.548 *** 0.026 ***  
X9(savi) -2732.160 -2.356 n/s 0.895 n/s  

*** = significant at 5% level. n/s = not significant. 

The alternative model proposes four alternative models: Y(%OV1), Y(%OV2), Y(%OV3), and 
Y(%OV4), as shown in Table 3. The results of OLS model 1 Y(%OV1) imported two independent 
variables, X8ndvi and X9savi, to test whether they were expected to be negative per percentage of infected 
people. Results of spatial non-stationarity [18,20], and R2 values are compared to OLS models. The 
model shows negative coefficients on the scales of -1.534 and -6.032, respectively, and t-stat values of 
-0.878 and -2.212, and p-values of 0.226 and 0.125, indicating that both factors have not yet correlated 
significantly with the percentage of infected people. Additionally, the model displays the R2 value of 
the OLS model that is higher than the 0.524. Both factors show an acceptable level of relationship 
with R2 and therefore need to be tested in the second alternative model.  

The 2nd OLS model Y(%OV2) shows the correlation coefficient of factors X7(ndmi) positively, but 
the X8(ndvi) and X9(savi) factor begins to show negative results indicating that the more areas of 
separation between vegetation covers, the lower the percentage of infected people. The X9(savi) factor 
showed statistical significance with a t-stat (-2.326) greater than the other two factors and a p-value 
(0.038) of less than 0.05, which made it possible to find a tendency that the mid-range and less-than-
peak soil correction index factors increased the chance of a percentage of people infected with liver 
fluke. Alternative models 3 and 4 incorporated the X5(stream) factor into the model, resulting in an 
increase in R2 accuracy to 0.713 and 0.681. The coefficients of X5(stream), X7(ndmi) and X8(ndvi) reveal 
a t-stat and p-value that are more significant than other variables and show a negative trend together. 
An optimal OLS model for predicting case percentage was model 3 Y(%OV3) because it can provide 
a confidence level greater than 71.3 % and there are still not too many independent variables that can 
cause prediction results to be inaccurate even if model 4 Y(%OV4) has a higher R2 value than model 
1 Y(%OV1) and model 2 Y(%OV2), but it may cause duplication of the independent variable set and 
coincidence resulting in higher R2 trade. 

The standard residual index (SR) was used to determine the prediction accuracy of a model as 
an index used to verify the accuracy of a model by displaying the standard value in intervals of 0.5 
[20,25], as shown in Figure 11. Sub-basin units with SR values ranging from -0.5 to 0.5 are sub-basin 
areas where OLS models can predict accurately and have lower tolerances than other areas. Sub-
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basins Maikrabok, Nongphue, Nakaew, and Klangmai that show the range of -0.5 to 0.5 are shown 
in yellow in OLS model3 and have a tolerance 3 units lower than OLS models. It is also confirmed by 
the SR results obtained from OLS model 3 Y(%OV3) and model 4 Y(%OV4) that the deviation area 
has the same direction and can reduce the number of units of the discrepancy area even more, namely 
the sub-basin areas named Wanplachuem-1 and Phonkaeyai, respectively. The results of this SR 
index analysis were used to design a policy for reducing the suitability of embedding the medium 
host in moist soils. 

 

(a)                            (b)  

  

                 (c)                                (d)  

Figure 11. Comparison of standard residual of OLS alternative models: (a) OLS model 1, (b) OLS 
model 2, (c) OLS model 3, and (d) OLS model 4. 

 

3.5. Spatial prediction of OV-Infection using Forest-based Classification and Regression (FCR) (Location 

level) 

The location of the water bodies where these fish infected with liver fluke was found was used 
as a set of points for machine learning, which is the boundary location of the banks of water bodies. 
This section presents the experimental results of the FCR model used for predicting spatial fluke 
infection. Sensitivity mapping, as previously stated, to train and test the ability to predict the original 
model. Datasets were randomly divided into training (60%) and testing (40%) sets. In all data sets, 
training and testing. The sets are 35, 21 and 14 respectively as shown in Figure 12.  
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Figure 12. The whole dataset training, and testing. 

In addition, to reduce the bias caused by sampling in the data sampling process, repeated 
sampling is performed with 10 runs, including the learning setting is number of trees = 100, leaf size 
= 5, tree depth range = 1-5. The experimental results of the proposed FCR model are reported in Tables 
4 to 6. Forecasting model integration uses a boosting method, with the principle that multiple data 
classification models are created. Each model uses the same set of train data to build it, each of which 
has an additional weighted value. Weighted voting methods were used and new data groups were 
assigned with the highest number of votes (majority voting), which in this study used two methods: 
average and weighted. 

The FCR model from this study provides a method that makes decisions for each model 
independent of each other using the same algorithm but allows each instance to learn from different 
payloads using random selection. This mechanism was called bagging and pasting, the difference is 
that bagging can randomly select the same item, but Pasting does not allow duplicates to be 
randomized at all. This results in more stable models and often more accurate than pasting.  

The model out of bag errors is shown in Table 4. The set of independent variables that were 
introduced to FCR's machine learning was used in all four factors based on the selection results of 
the OLS model with the highest R2 value of 0.713: distance to streams, distance to water bodies, 
NDMI, and NDVI. The distance factor from the water resource was also included in the simulation 
because the importance of similar factors of the water source was known. The results showed that 
the number of cycles increased from 50 to 100 of number of trees in all MSE tests showed a decrease 
in every set of independent variables by the distance to streams factor from 10.203 to 8.98, which 
equates to the addition of a set of 4 independent variables and % of variation explained between -
46.689 and -29.111. When considering the importance of each variable, it was found that the order of 
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weight values in distance to water, distance to stream lines, NDVI, and NDMI showed importance 
of 23.18, 39.7, 20.32, and 22.79 percent, or 37%, 22, 22, and 19%, respectively, as shown in Table 5. The 
FCR model uses ArcGIS pro v.2.9.0 software package for analysis under forest-based classification 
and regression functions. 

Table 4. The model out of bag errors. 

Model Out of Bag 

Errors Model-1 Model-2 Model-3 Model-4 

Number of Trees 50 100 50 100 50 100 50 100 

MSE 10.203 8.98 7.298 7.074 9.075 8.93 10.203 8.98 

% of variation 

explained 
-46.689 -29.111 -5.511 -2.267 -33.117 -31.003 -46.689 -29.111 

 

Table 5. The top variable importance. 

Top Variable Importance Model-1 Model-2 Model-3 Model-4 

Variables Importance % Importance % Importance % Importance % 

distance to stream lines 105.09 100 52.72 47 34.91 37 23.18 22 

distance to water     58.75 53 32.32 34 39.7 37 

ndmi         27.89 29 20.32 19 

ndvi             22.79 22 

 
Machine learning-based FCR simulation was made into 4 models as shown in Table 6, which 

describes the synthesis of ranges of independent variables, found that the degree of overlap between 
the range of training data and the input explanatory variables of Model-1 has a share value of 1 and 
a test value of 0.45. The percentage of overlap between the range of monitoring data and training 
data ranges from 0.00 to 0.45. This data shows that the location of the learning point can be the test 
point for the accuracy of the FCR model. Model-1 uses independent variables as distance to stream 
lines, Model-2 uses independent variables as distance to stream lines and distance to water bodies, 
Model-3 uses independent variables as distance to stream lines and distance to water bodies, and 
NDMI, and Model-3 uses independent variables as distance to stream lines and distance to water 
bodies, NDMI, and NDVI, respectively, which are used to simulate spatial distribution of infection. 
The training range of the Model-1 ranges from 0.48 meters to 1055.51 meters, while the validation 
ranges from 133.04 meters to 610.29 meters. The training share value can be used together in all the 
same ways as for example Model-2 and Model-3, while Model-4 has only a secondary factor that can 
use overlapping learning points. 

Table 6. The explanatory variable range diagnostics. 

Explanatory Variable 

Range Diagnostics 
Training Validation Share 

  Minimum Maximum Minimum 
Maximu

m 
Traininga Validationb 

Model-1  

distance to stream lines  
0.48  1055.51  133.04  610.29  1  0.45*  

Model-2  

distance to stream lines 
0.48 1055.51 594.64 610.29 1 0.01* 
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distance to water resource 108.65 6054.45 970.21 1604.04 1 0.11* 

Model-3  

distance to stream lines 
0.48 1055.51 195.81 527.24 1 0.31* 

distance to water resource 108.65 6054.45 1319.44 1756.75 1 0.07* 

ndmi -0.13 0.14 0.04 0.1 1 0.20* 

Model-4  

distance to stream lines 
0.48 928.08 610.29 1055.51 0.88* 0.34* 

distance to water resource 108.65 6054.45 1243.77 1604.04 1 0.06* 

ndmi -0.13 0.1 0.07 0.14 0.85* 0.10* 

ndvi 0.05 0.16 0.17 0.18 0.82* 0.00* 

(a) % of overlap between the ranges of the training data and the input explanatory variable. (b) % of overlap 
between the ranges of the validation data and the training data. * Data ranges do not coincide. Training or 
validation is occurring with incomplete data. + Ranges of the training data and prediction data do not coincide 
and the tool is attempting to extrapolate. 

3.6. Spatial Prediction of OV-infected  

The results of the machine learning data set and regression synthesis when only one 
independent factor with a high priority weight of distance to stream lines were imported with an R2 
value of 0.775, and when the other three factors were imported, the R2 values were 0.853, 0.859, and 
0.849 respectively. The standard error of the Model-3 is the minimum of 0.043 and the highest is the 
Model-2, but it is considered not far apart significantly. When observing the preliminary statistics, it 
is evident that there is no difference between Model-2 and Model-4, but from the observation of the 
Model-1 model, only one variable of learning is imported but also provides a satisfactory level of 
accuracy statistics, indicating that distance to stream lines affect machine learning.  

Therefore, it was necessary to show all four models to see the trend of change in the percentage 
of liver fluke infection. This was to provide spatial confirmation of how the location of infection risk 
in all four models can confirm location and severity. The location used to predict infection is a point 
simulation based on the location of the fishing area of the villagers who regularly use it obtained from 
the inquiry. These locations are linked to the spatial resolution data of the 10-meter point Sentinel-2 
satellite imagery. 

The receiver operating characteristic curve (ROC curve) was a popular method used to measure 
the accuracy of forecasts. The ROC curve was a graph with a correlation between the y-axis instead 
of sensitivity (true positive rate) and the x-axis instead of 1-specificity (false positive rate), as shown 
in Figure 13. As shown in Figure 13(a) to (e), or the area under the ROC curve, the ROC curve 
indicates the validity or reliability of the prediction model if any prediction model has the most space 
below the AUC (ROC curve) is considered the most effective. 

Table 7. The training data: regression diagnostics. 

Training Data: Regression Diagnostics Model-1 Model-2 Model-3 Model-4 

R-Squared 0.775     0.853 0.859 0.849 
p-value 0      0 0 0 
Standard Error 0.053   0.06 0.043 0.051 

*Predictions for the data used to train the model compared to the observed categories for those features. 
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(a)                                      (b) 

 

 
(c)                                      (d) 

 

 
                                (e) 

Figure 13. Display receiver operating characteristic (ROC curve) and AUC: area under the ROC curve 
compare 4 models: (a) model-1, (b) model-2, (c) model-3, (d) model-4, and (e) all model. 

Results of Models-1 and 2 of FCR using resampling techniques could accurately predict the 
percentage of infected fish at an accuracy range of 0.775 to 0.859 from Figure 13(a) and (b). display 
ROC, which is a popular method used to measure the accuracy performance of forecasts. Models-1 
and 2 of FCR could predict the severity of the percentage of infected fish with the result of an area 
value under the ROC curve of 0.964, both the highest of all prediction models. False positive rate 
below 10 percent and true positive rate above 90% also use a smaller number of model coaching data. 
This makes the time of training of models predicting the severity of the percentage of infected fish 
take less time, but nonetheless the effect of space under the graph. The ROC curve of models 3 and 4 
is also very high and could be used as a prediction model as well. 

The final forecast was a positional simulation of villagers' fishing sites along the tributary 
streams that flow into the sub-basin within the boundaries of the district. The total number of 
positions used to simulate the forecast is 103 points as shown in Figure 14. It was a location used by 
locals and fishermen in the area to go fishing for consumption. These positions, obtained through 
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field inquiries and inspections, were located within 30 meters of the stream lines layer and water 
bodies. 
 

   
(a)                                   (b) 

   
                     (c)                                                 (d) 

Figure 14. The results of prediction of FCR model 1 to model 4: (a) model-1, (b) model-2, (c) model-3, 
and (d) model-4. 

The FCR simulation results of each model were shown in Figure 14, with Figure 14(a) showing 
the simulation of the chance of infection of Model-1 ranging from 2.027 to 6.222. The range with the 
highest percentage of infections ranges from more than 5%, with 10 points showing distribution in 
the sub-basins of Phonnoi, Nakaew, Maikrabok, Nongphue, Phonkaeyai, Wanplachuem-1 and 
Wanplachuem-2 sub-basins are found at 1 point each. Model-2 estimates show that the highest risk 
locations have been reduced to a high-risk level of infection, with 10 points reduced to 3 points and 
3 points with high risk levels shown as orange dots, with the top 2 sub-basins still experiencing the 
highest risk of infection, Phonnoi and Maikrabok, respectively, as shown in Figure 14(b). The 
predictions by Model-3 and Model-4 were similar in terms of the number of the same 3 highest 
infection risk locations and the same sub-basin, Phonnoi and Maikrabok, as shown in Figure 14(c) 
and 14(d), respectively. However, the results of both models are noteworthy that the number of high-
risk positions is second to the highest level, which is 8 and 11 points. The predictive results of both 
models make it necessary to watch for orange dots that have a chance of developing into red dots, 
although both models require more than one independent variable, but infection development 
opportunities can be seen from such simulations. 

Based on the predictions of the four models, it is evident that the location showing a moderate 
risk level in the range of 3.001 to 4.000 was the location with the largest number of distribution points, 
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indicating that all sub-basins are at risk of infection. The length of the stream line connecting the large 
marsh can flow more than 60 km. This makes the locations along the sub-river defined as the points 
used to simulate the model's risk level of 2% or more, and the model also shows the highest risk 
locations displayed at the adjacent and shared boundaries of the sub-basin. 

4. Discussion 

4.1. Redundancy of Independent Variable Sets 

A group of vector-type independent variables from X3(road), X4(water), and X5(stream) were 
redundant and automatically correlated spatially. This approach to analyzing this group of data 
measures the distance away from the vector data was then generated using the Euclidean distance 
function and determines the score range according to the distance of infection risk, making this set of 
variables redundant. Before applying the three independent variables to the model, only the 
representative factor X5(stream) must be selected, but different from the X1(land use) and X2(soil) sets 
that were different types of datasets, which determine the scoring values of each type differently 
according to the relationship to infection. The raster variable set created from satellite imagery indices 
is also redundant in some indices, such as the X6(temp), X8(ndvi), and X9(savi) variables. When the 
model is imported, it does not increase accuracy, and when observed using correlation, it is 
automatically correlated, while the X7(ndmi) factor can also create a trend for the model. The best 

modeling result is therefore the use of independent variables consisting of X5(stream), X7(ndmi), and 

X9(savi). Although the results were lower than the bulk inputs in Model-4, the results of R2 and t-stat 
and p-value statistics were sufficient to confirm the selection of models and an appropriate set of 
independent variables to predict liver fluke cases in small basin systems. Mathematical modeling for 
adapting independent variable data to measurable standards is very important in creating OLS 
models, which are models that provide precision results based on the division of unit areas to suit 
the distribution of dependent variables. 

4.2. Limitations of Spatial OLS Model  

The OLS model uses the Gaussian model, which uses the method of determining the boundary 
distance away from the location where an infected person is found, generating raster data, as well as 
analyzing trends in data changes, which provides a way to increase the number of cells in the data 
and can graph the trend of independent variables more efficiently than other models [92,93]. 
Ensuring continuity of the surface of the data is an advantage of the OLS model's optimization 
approach. In addition, the model screens independent variables that significantly correlate fluke 
infection with t-stat and p-value indices to make the model compact and can control the number of 
factors and reduce redundancy. A limitation of OLS models is that independent variable datasets 
must be created within the boundaries of appropriate spatial unit areas in order for independent 
variables to create trends that can predict dependent variables. Important in applying the OLS model 
for predicting the percentage of fluke infections in a small area, it is necessary to create spatial units 
from the actual correlation formed of an independent set of variables. In this study, independent 
input of variables was recommended by the Sakon Nakhon Provincial Public Health Office, a local 
agency that has been studying liver fluke infection for a long time, but the agency wanted to know 
the in-depth relationship of spatial variables so that it could be used for policy formulation and spatial 
analysis to reduce the percentage of infected people. 

4.3. FCR Improvement Approach for Spatial Prediction 

FCR model using supervised learning in classification algorithm to model liver fluke infection 
risk prediction However, practicing straight forward predictive models tends to bias predictive 
models due to the unbalanced nature of the data in the sense that the number of locations where 
infected fish were found and where infected fish were not found varied widely. The number of 
infection locations If unbalanced data is not properly managed, the model predicts most of the sample 
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data and does not recognize the sample of minority data, that is, the model will likely choose to 
predict that the infection is not severe. To fix the problem of binary classification data imbalance. The 
FCR model in this study was able to import the model to be predicted as a non-binary data range and 
used the capabilities of regression analysis to weighted independent variables. Improving the 
capabilities of the FCR model can take a variety of practical approaches. The forest model should be 
trained on at least several hundred features for best results and is not an appropriate tool for very 
small datasets. The tool may perform poorly when trying to predict with explanatory variables that 
are out of range of the explanatory variables used to train the model. Forest-based models do not 
extrapolate; they can only classify or predict to the value range on which the model was trained. 
When predicting a value based on explanatory variables much higher or lower than the range of the 
original training dataset, the model will estimate the value to be around the highest or lowest value 
in the original dataset.  

5. Conclusions  

The conclusions of the research can be summarized as 3 approaches of proper spatial linear 
regression modeling to obtain independent variable factors related to infection. Spatial forecasting at 
the position level with machine learning-based FCR Finally, the guidelines for applying the results 
of the model to local authorities can be summarized in all 3 issues as follows: 

• An OLS model was developed in this study to track liver fluke infection. This spatial statistical 
model is suitable for analysis at the local process level, and the results were compared to confirm 
that Model-3 was more accurate and more appropriate than Model-1, Model-2, and Model-4. 
However, to make full use of the model, the spatial unit data layer should first be designed to 
separate the variables accordingly and independently [97–99]. Often, OLS models provide low 
coefficients of decision because subarea unit assignments are not suitable. In this study, it could 
be used as a prototype of a method for analyzing spatial relationships with liver fluke infections 
by creating sub-basin units with continuous adjacent boundaries. Local fluke case data should 
be continuously collected so that a curve can be created between the percentage of infected 
people and an independent set of variables. The factors used in this study are only prototypes 
of OLS model testing; in more advanced studies, spatial survey factors such as soil moisture in 
the field where mollusks are found should be used. Mathematical modeling is used to adjust 
database measures so that they can be measured together as an alternative approach to 
optimizing the prediction of the model [22]. Finally, the results of this study can guide the 
creation of spatial models at the scale of small watersheds to track spatial infections of liver fluke 
in other areas with similar watershed characteristics.  

• Improving prediction at the position level with machine learning of the FCR method. To 
improve performance when extracting values from explanatory training raster and calculating 
distances using explanatory training distance features, consider training the model on 100 
percent of the data without excluding data for validation, and choose to create output trained 
features [27,44]. Although the default number of trees parameter value is 100, this number is not 
data driven. The number of trees needed increases with the complexity of relationships between 
the explanatory variables, size of the dataset, and the variable to predict, in addition to the 
variation of these variables. Increase the number of trees in the forest value and keep track of 
the (out-of-bags) OOB or classification error [100]. It is recommended that model increase the 
number of trees value at least 3 times up to at least 500 trees to best evaluate model performance. 
Tool execution time is highly sensitive to the number of variables used per tree. Using a small 
number of variables per tree decreases chances of overfitting [27]; however, be sure to use many 
trees if model is using a small number of variables per tree to improve model performance. To 
create a model that does not change in every run, a seed can be set in the random number 
generator environment setting. There will still be randomness in the model, but that randomness 
will be consistent between runs. 

• Guidelines for the prevention and control of liver fluke and bile duct cancer of the Sakon Nakhon 
Provincial Public Health Office are also included [72,75]: Organizing sanitation systems, 
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managing sewage to break the parasite cycle; teaching and learning in schools and encouraging 
health literacy; screening for liver fluke in people aged 15 years and over; bile duct cancer 
screening in people aged 40 years and over with a history of risk and undergone ultrasound; 
systematic management of referral of suspected cholangiocarcinoma to diagnosis and treatment; 
safe food and a parasite-free fish campaign; and having a system for receiving and referring 
patients from hospitals to communities and reporting their performance through the reporting 
system of the Ministry of Public Health or the Isan Cohort database [18]. An examination of 
prevention and control practices revealed that this spatial model study approach can be used to 
support sanitation and sewage management policies to break the parasite cycle [2]. In addition, 
by continuously collecting data on the number of infected people, it is possible to analyze trends 
using the OLS model of infected people. 
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