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Abstract
Diseases in shrimp farms in the Mekong Delta  of Vietnam cause significant crop losses and are therefore of great concern to 
producers. Once a pond becomes infected, it is difficult to prevent spread of the disease to nearby shrimp farming areas. Thus, 
predicting the occurrence of disease is an essential part of reducing the risk for shrimp farmers. In this study, we applied an 
integrated geographic information system and machine learning system to predict three serious diseases of shrimp, namely, 
acute hepatopancreatic necrosis, white spot syndrome disease, and Enterocytozoon hepatopenaei infection, based on data 
collected from shrimp farms in the Tra Vinh, Bac Lieu, Soc Trang, and Ca Mau provinces of Vietnam. We first constructed 
a map showing the distribution of these diseases using the locations of affected farms, and then we conducted spatial analy‑
sis to acquire the geographical features of the affected locations. This latter information was combined with environmental 
factors and clinical signs to form the set of independent variables affecting the outbreak of diseases. The neural network 
model outperformed the logistic regression, random forest, and gradient boosting methods in terms of predicting  infection 
to estimate the probability of disease occurrence in farmed areas. Acute hepatopancreatic necrosis disease infected farms 
downstream of the Co Chien and Hau Rivers of Tra Vinh and west of Ca Mau. Enterocytozoon hepatopenaei infection is 
distributed in Soc Trang Province, while white spot syndrome virus has spread to the coastal districts of Soc Trang and Bac 
Lieu Provinces, where it is highly associated to water from a complex canal system.

Keywords  GIS · Machine learning · Acute hepatopancreatic necrosis · White spot syndrome · Enterocytozoon 
hepatopenaei

Introduction

Fisheries in Vietnam contribute to the development of 
sustainable livelihoods and to the general economy, espe‑
cially in the Mekong Delta. Shrimp farming is the most 

significant fisheries activity in the country and has reduced 
poverty remarkably, provided employment opportunities, 
and increased exports (Ha et al. 2013). The Mekong Delta 
of Vietnam has the greatest potential for shrimp aquaculture, 
an activity that plays a vital role in rural development and 
helps approximately one million fish farmers to achieve a 
sustainable livelihood (Duc 2009; Phuong and Oanh 2010).

However, shrimp farms in the Mekong Delta are being 
affected by various diseases which seriously constrain sus‑
tainable shrimp farming due to high shrimp mortality among 
the affected shrimp farms, thereby affecting shrimp farmers’ 
incomes. A number of these diseases, such as acute hepato‑
pancreatic necrosis disease (AHPND), diseases caused by 
white spot syndrome virus (WSSV), and the disease caused 
by Enterocytozoon hepatopenaei (EHP disease), have dis‑
asterous effects on shrimp farms.
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AHPND, caused by Vibrio parahaemolyticus, was first 
detected in 2010 and has resulted in huge losses for the 
shrimp industry (Zheng et al. 2018). In the years follow‑
ing 2010, AHPND has damaged approximately 59,000 ha 
of farming ponds and has spread rapidly to 294 communes 
of 86 districts in 25 provinces in Vietnam (Dang et  al. 
2018). Boonyawiwat et al. (2016) described the relation‑
ships among AHPND and farm characteristics, manage‑
ment, water preparation, and post-larval shrimp in Thailand. 
Khiem et al. (2020) used machine learning to predict the 
occurrence of AHPND in the Mekong Delta.

A disease in shrimp caused by the microsporidian parasite 
E. hepatopenaei, subsequently called EHP disease, was first 
detected in the tiger prawn in Thailand in 2003 (Chayabura‑
kul 2004) and first recorded in Vietnam in 2010 (Ha et al. 
2010). In shrimp ponds affected by EHP, shrimp growth is 
normal for the first month after stocking; however, growth 
slows thereafter, with the direct consequence of a decrease 
in shrimp farmers’ incomes. The clinical signs of EHP dis‑
ease are indistinct; as such, it is difficult to recognize the 
infection. Aranguren et al. (2017) identified the association 
between EHP and AHPND in the shrimp Penaeus vannamei 
in Asian countries. To date, EHP disease has been very dif‑
ficult to recognize and treat.

White spot disease, caused by infection by WSSV, the 
sole member of the virus family Nimaviridae, is a viral 
disease that causes high mortality in shrimp within a short 
time. In 2001, more than 20,854 ha of shrimp farms in the 
Mekong Delta were infected with this virus, with farms in  
seven coastal provinces (Dong Nai, Ben Tre, Tra Vinh, Soc 
Trang, Bac Lieu, Ca Mau, and Kien Giang) being were seri‑
ously impacted (Oanh and Phuong 2005). The disease has 
been identified as the most serious disease affecting shrimp 
in coastal farms. The WSSV has been the focus of much 
research which has resulted in the identification of the rela‑
tionship between WSSV and salinity (Ramos et al. 2014) and 
determination of the viability of WSSV in pond sediment 
(Satheesh et al. 2019).

In New Zealand, geographic information system (GIS) 
technology was implemented to identify suitable and sus‑
tainable locations for aquaculture-management areas (Peter 
et al. 2008). Moreover, the Food and Agriculture Organi‑
zation (FAO) has used GIS applications for fisheries, as 
described by Meaden and Aguilar-Manjarrez (2013), Kapet‑
sky et al. (2013), and Aguilar-Manjarrez and Crespi (2013). 
In Vietnam, GIS technology has been applied to forecast‑
ing tuna fishing grounds (Thuoc and Thanh 2013), and a 
GIS-based approach was used to identify suitable areas for 
shrimp farming in Ben Tre Province in the Mekong Delta 
(Thanh et al. 2008). Giap et al. (2003) used a GIS-based 
approach in Thai Nguyen Province of Vietnam to detect 
land-use changes and estimate potential areas for aquaculture 
development in watershed ponds. GIS-based methodologies 

are promising tools for providing comprehensive evaluations 
of disease outbreaks and for evaluating disease symptoms, 
seed source, and living environments. However, the applica‑
tion of a GIS-based system to research and/or prevent shrimp 
disease in the Mekong Delta remains limited, partially due to 
the economic instability that characterizes shrimp-farming 
households.

Machine learning is an advanced computer technique 
that can provide strong support for fisheries, and one of its 
applications is the prediction of disease outbreak. Exam‑
ples of this application include processing digital imagery to 
diagnose disease (Rao et al. 2017), using an artificial neural 
network and logistic regression to predict the occurrence 
of shrimp disease (Leung and Tran 2000), and applying 
machine learning to predict AHPND (Khiem et al. 2020). 
Machine learning has also been applied to forecasting the 
distribution of fishing activities (Soykan et al. 2014) and 
supporting decision-making pertaining to aquaculture shell‑
fish farm closure (Shahriar and McCulluch 2014). However, 
research  involving integrated systems of GIS and machine 
learning that focus on the prediction of diseases in shrimp 
has not yet been performed for shrimp farming in the 
Mekong Delta.

To reduce the risk of diseases that threaten shrimp farm‑
ing, we first attempted to assess the status of disease infec‑
tion in shrimp farms through visualization of the distribution 
of three serious diseases, namely, WSSV, EHP, and AHPND, 
on a map of farms located on the east coast of the Mekong 
Delta. We then extracted geographical information from this 
map, which was examined as a feature related to disease 
outbreak. Then, various factors, including the clinical signs 
of infected shrimp, environmental impact, and geographi‑
cal features influencing disease, were investigated. The 
machine-learning technique was applied to these factors to 
predict the occurrence of each disease based on classifica‑
tion algorithms.

Materials and methods

Dataset

The data for this study have been collected since 2013 at 
shrimp farms in four provinces located on the east coast 
of the Mekong Delta: Tra Vinh, Soc Trang, Bac Lieu, and 
Ca Mau (Fig. 1). The two main shrimp species cultured in 
these farms are the tiger prawn Penaeus monodon and the 
whiteleg shrimp Litopenaeus vannamei. The data were col‑
lected from 182 farms (Ca Mau, 84 farms; Bac Lieu, 24 
farms; Soc Trang, 16 farms; and Tra Vinh, 58 farms). Due 
to the focus of the data collection on disease outbreak, most 
of the farms were infected with WSSV, AHPND, or EHP, 
although some were affected by multiple diseases. Thus, 125 
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farms were affected by AHPND, 57 by WSSV, and 42 farms 
by EHP; 35 farms had no recorded disease.

 The collected dataset consisted of two main parts: clini‑
cal signs and environmental factors. The categorical vari‑
ables were the clinical signs, and the continuous variables 
were the environmental factors. If a categorical variable 
was associated with the symptoms of disease, its value 
was set as 1; otherwise, it was set as 0. Here, the clinical 
signs included: (1) gut status, differentiated as discontinu‑
ous gut, yellow liquid in gut, little food in gut, or empty 
gut; (2) hepatopancreas status, defined as hepatopancreatic 
paleness and atrophy; (3) slow growth; (4) soft shell; (5) 
white feces; (6) white spots; (7) vermiform structure; and 
(8) gregarine infection. The environmental factors consisted 
of temperature, salinity, pH, NO2, and NH4. However, the 
environmental data for all farms were not always complete 
because the data were collected at different times in differ‑
ent provinces. To solve this problem, interpolation based 
on GIS was used to predict the values of missing data. The 
tool used is part of the Spatial Analyst extension component 
of ArcGIS (Esri Inc.,  Redlands, CA, USA), which uses an 
inverse distance weighted (IDW) technique to interpolate a 
raster surface from points. The weight in the IDW technique 
is a function of inverse distance. The process, based on geo‑
graphical point data, utilizes available values to estimate 
missing values of neighboring spatially correlated points. 
Output values from this process are limited to within the 

range of the highest and lowest values of the input. Missing 
values are filled by averaging the values of the sample data 
points in the neighborhood of each processing point. The 
numbers of points used to calculate the interpolated value 
can be selected in two different ways: by directly specify‑
ing the number of points or by specifying a fixed radius 
including the points to be used in the interpolation. A vari‑
able search radius flexibly determines the radius distance 
from each interpolated point that is less than a given maxi‑
mum distance, while the fixed radius requires a constant 
value for the radius. This radius is used to create a circle 
that covers all of the points specified for the calculation. 
The principle of the task is the concept that more proximal 
locations tend to have more similar characteristics. When 
all farms were considered as points on the map, they were 
suitable for application of this tool to predict missing values. 
For instance, if the temperature calculated for a farm was 
high, other farms in the same district could be predicted 
with a high level of confidence also to have hot weather, but 
there would be lower confidence for temperatures at farms 
in distant provinces. The interpolation was applied to pre‑
dict missing salinity, pH, NO2, and temperature values of 
farms in the dataset. Here, we used the variable search radius 
option to estimate missing values; that is, the number of 
farms was set to ten and the maximum search radius was set 
to 10 km. Hence, interpolation was limited to ten farms or 
farms within a radius of 10 km. As the topography across 

Fig. 1   East coast of the Mekong Delta of Vietnam
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the Mekong Delta is similar, the environments among farms 
inside the 10-km radius were considered to be similar. Thus, 
predicted values were used for missing data.

ArcGIS version 10.5 was used to process geographical 
information for this study. The longitude and latitude of the 
shrimp farms were first determined. A hatchery on the east 
coast of the Mekong Delta was considered to be one of the 
pathways to disease outbreak because it provided the seed 
source for shrimp farms in the same area. Disease can easily 
break out and spread to many farms when farms are stocked 
with an infected seed source from the same hatchery or if 
the hatchery has been affected because it is near a diseased 
farm. The distance between any  one shrimp farm and the 
hatchery was calculated as a variable that contributed to the 
estimation of disease occurrence. Then, the distance from 
the hatchery closest to each affected farm was selected based 
on the premise that the closest hatchery would have high 
confidence in the transmission of disease between locations.

The water source is the epidemic pathway of most con‑
cern for shrimp farmers. Pathogens may exist in the water 
environment and be transmitted from infected farms to 
healthy farms via a river or drainage canal, thus spread‑
ing disease throughout a large area. In the Mekong Delta, 
tributaries of the Mekong River provide most of the water 
for shrimp farms and also play an important role in the 
spread of disease. By applying spatial analysis in ArcGIS 
software, the distance between each affected farm and the 
closest river was calculated and used as a variable to predict 
disease outbreak.

Cross-contamination is another pathway for the transfer‑
ence of viruses or bacteria among the shrimp farms in an 
area. The probability of disease occurrence at a farm is very 
high when neighboring farms are affected as pathogens are 
transmitted easily. We considered the distance between each 
farm and its nearest neighboring farm as a variable leading 
to disease occurrence.

The three above-mentioned variables from the geographi‑
cal analysis—distance between a farm and its closest neigh‑
boring farm, closest river, and closest hatchery—were added 
to the dataset. All dataset variables are shown in Table 1. 
Using the machine-learning technique, this dataset was used 
to predict outbreaks of EHP, WSSV, and AHPND on the 
shrimp farms.

Machine learning

To predict the occurrence of disease, the dataset was divided 
into training and testing datasets (4:1 ratio) comprising 145 
and 37 farms, respectively. The training dataset was used to 
generate the prediction model, and the testing dataset was 
used to determine the model’s accuracy. Here, the dataset 
consisted of the three dependent variables WSSV, EHP, and 
AHPND, and multiple disease labels were assigned to each 

farm. Each variable was a binary output coded as 1 if the 
farm was affected by the corresponding disease and 0 if not. 
Multi-label classification was determined for our dataset to 
predict the occurrence of each disease. This technique is a 
generalization of multiclass classification of machine learn‑
ing. Many strategies are used to solve multi-label classifica‑
tion problems, such as the classifier chain (Jesse et al. 2009), 
binary relevance (Montañes et al. 2014), and one-versus-rest 
(Xu 2011) methods. The one-versus-rest approach involves 
splitting the multi-class dataset into multiple binary clas‑
sification problems. A binary classifier is then trained on 
each binary classification problem, and prediction is per‑
formed using the model with the highest confidence. In other 
words, this method involves training a single classifier per 
class, which means that samples belonging to that class are 
positive samples and all other samples are negative ones. In 
our study, we applied the one-versus-rest method because it 
can explicitly provide the probability of occurrence for each 
disease. This method was implemented in the scikit-learn 
Python module for machine learning (Pedregosa 2011). The 
estimator parameter in one-versus-rest, which is an equation 
for picking the “best model” based on real observations, 
was evaluated by the logistic regression, neural network, 
gradient-boosting, and random forest algorithms.

Logistic regression

The logistic regression model is often applied to probabilis‑
tic prediction. Its equation can be written as follows:

where p is the probability of the outcome and β is the coef‑
ficient of each independent variable. Here, each disease 
occurrence was the outcome, i.e., whether WSSV, EHP, or 
AHPND will or will not occur. In this study, the scikit-learn 
package for Python was used to implement the prediction 
(Pedregosa 2011).

Neural network

The neural network method evolved from the concept of 
simulating the human brain (Zou et al. 2008). The struc‑
ture of a neural network consists of many nodes (neurons) 
located in layers. There are three main layers: the input, 
hidden, and output layers. The input layer consists of neu‑
rons that receive information from the outside world, the 
hidden layer maps internal information patterns, and the 
output layer plays the role of relaying outcomes to the out‑
side world. Data are processed in each node based on math‑
ematical operations to yield the outcome. Every node in the 
hidden layer receives the output from previous nodes and 

(1)log

(

p

1 − p

)

= �0 + �1x1 + �2x2 + ⋅ ⋅ ⋅ + �
n
x
n
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then combines it with coefficients, or weights, to learn and 
compute the result for the next nodes. The weights in each 
node are a negative or positive value, which influences the 
received and output data. The intelligence of this algorithm 
occurs through the connection and weight of nodes. In our 
study, we used a solver for weight named “lbfgs”, which 
is an optimizer in the quasi-Newton method family, imple‑
mented in the scikit Python package (Pedregosa 2011).

Random forest

Random forest is based on the decision tree principle, by 
which decision tree root and internal nodes are the input and 
leaf nodes are the output. Random forest makes a prediction 
model by selecting samples randomly and uses features to 
build multiple decision trees. In each tree, a random vector 

value is determined (Breiman 2001). The result is obtained 
by majority voting of decision trees; therefore, the random 
forest is more suitable and powerful than a single decision 
tree. The random forest method belongs among the bagging 
techniques, which train many individual models in parallel.

Gradient boosting

Gradient boosting is also a powerful machine learning 
technique based on a decision tree. This algorithm belongs 
to the group of boosting techniques that train a group of 
individual models in a sequential way, and each individual 
model learns from the mistakes made by the previous model. 
The aim of this algorithm is to make a weak learner into a 
strong learner, and it is developed through many applica‑
tions (Natekin 2013). Here, we used gradient boosting and 

Table 1   Definitions and 
descriptions of the variables in 
the dataset

AHPND Acute hepatopancreatic necrosis disease, EHP disease caused by Enterocytozoon hepatopenaei, 
WSSV diseases caused by white spot syndrome virus

Variable number Variables Variable descriptions

Farm information
 1 Address/name Text
 2 Longitude Long decimal
 3 Latittude Long decimal

Geographical factor
 4 Distance between farm and nearest hatchery Continuous value
 5 Distance between farm and nearest river Continuous value
 6 Distance between farm and nearest affected farm Continuous value

Environmental factor
 7 pH Continuous value, > 7
 8 Temperature Continuous value, > 30
 9 NO2 Continuous value
 10 NH4 Continuous value
 11 Salinity Continuous value

Clinical sign
 12 Discontinuous gut 1: Yes; 0: No
 13 Empty gut 1: Yes; 0: No
 14 Food in gut 1: Yes; 0: No
 15 Yellow liquid in gut 1: Yes; 0: No
 16 Soft shell 1: Yes; 0: No
 17 Hepatopancreas atrophy 1: Yes; 0: No
 18 Hepatopancreas pale 1: Yes; 0: No
 19 Slow growth 1: Yes; 0: No
 20 White feces 1: Yes; 0: No
 21 White spot 1: Yes; 0: No
 22 Vermiform 1: Yes; 0: No
 23 Gregarine 1: Yes; 0: No

Disease
 24 WSSV 1: Yes; 0: No
 25 EHP 1: Yes; 0: No
 26 AHPND 1: Yes; 0: No
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random forest implemented in scikit-learn of the Python 
package (Pedregosa 2011).

Results

Missing values for the four environmental factors of temper‑
ature, salinity, pH, and NO2 were obtained by interpolation, 
as shown in Fig. 2, and missing data on approximately 38 
farms were obtained based on available data on the other 144 

farms. The interpolated value of each variable for each farm 
fell in the range between the highest and lowest values of the 
farm. Once all data were complete, mapping was undertaken 
to visualize the locations of all included shrimp farms and 
hatcheries, as illustrated in Fig. 3. This mapping provided 
an overview of the distribution of the included farms and 
hatcheries on the east coast of the Mekong Delta. The dis‑
tribution of the included farms was mainly in the coastal 
regions of Tra Vinh, Soc Trang, and Bac Lieu Province, but 
Ca Mau Province had a high concentration of farms in the 

Fig. 2   Interpolation of environ‑
mental factors

(a)  Salinity (b)  Temperature

(c) NO2 (d) pH
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south. The geographic correlations of farms and hatcheries 
were also shown on the map.

To establish the distributions of the farms infected by 
each disease, we separately mapped the locations of farms 
with AHPND, EHP, and WSSV in the four provinces on the 
east coast of the Mekong Delta, as shown in Fig. 4. This 
visualization revealed the concentrations of infected farms as 
well as the areas that were heavily affected or less affected. 
Specifically, the density of farms infected by AHPND was 
high in Ca Mau and Tra Vinh Provinces, while EHP had 
less effect on farms in Bac Lieu Province, and WSSV was 
sparsely distributed throughout the entire study area. Sub‑
sequently, machine learning using these algorithms was 
used for prediction. The prediction accuracy of the logis‑
tic regression is shown in Table 2. The model attained val‑
ues of 88.96% for WSSV, 86.89% for EHP, and 97.93% for 
AHPND; however, this algorithm showed low accuracy in 
the testing dataset: 72.97% (WSSV), 72.97% (EHP), and 
91.89% (AHPND). The neural network model functioned 
better than the logistic regression model in our dataset, as 
shown in Table 3. For the training dataset, the accuracies of 
the neural network model was 97.24% for WSSV, 95.86% 
for EHP, and 96.55% for AHPND. Notably, the model was 

stable in predicting the testing dataset: 83.78%, 75.67%, and 
91.89% for WSSV, EHP, and AHPND, respectively.

The random forest and gradient boosting methods pro‑
vided over-fit models for our dataset, as indicated in Tables 4 
and 5, respectively. Because these models learned details, 
they performed well with the training data. However, they 
could not ascertain the main trends of the dataset, which 
resulted in worse performance. For the training dataset, 
accuracy was 100% for all-disease prediction; nonetheless, 
these models yielded low accuracies in the testing set in 
comparison with those in the training set. Specifically, the 
random forest model predicted with accuracies of 83.78% for 
WSSV, 78.37% for EHP, and 83.78% for AHPND, and the 
gradient boosting method obtained accuracies of 78.37% for 
WSSV, 78.37% for EHP, and 81.08% for AHPND. The large 
difference in accuracy between the training dataset and the 
testing dataset showed that these two algorithms were not 
suitable for our analysis.

The results for the testing set (37 farms) of the neural 
network were mapped to reveal the accuracy of the method, 
which was obtained by comparing both affected and non-
affected farms between the predicted number and actual 
cases of each disease. The results are shown in Fig. 5. The 
prediction accuracy was highest for AHPND farms (34 cor‑
rectly identified farms), lowest for EHP farms (only 28y 
identified farms), and relatively good for WSSV farms (31 
correctly identified and 6 incorrectly identified farms).

Next, the prediction for each disease was interpolated to 
obtain an estimation of infected areas on the east coast of 
the Mekong Delta. The estimated affected areas for each 
disease are visualized in Fig. 6, which provides a means 
to predict the areas infected by each disease. Areas heavily 
infected with EHP disease were mainly in Soc Trang Prov‑
ince; WSSV disease occurred in Bac Lieu Province and a 
portion of Soc Trang Province, and AHPND occurred most 
strongly in Tra Vinh and Ca Mau Provinces. These predic‑
tions will be useful to shrimp farmers for determining suit‑
able locations to develop new farms.

Discussion

In this study, machine learning was used to predict the 
occurrence of AHPND, WSSV, and EHP in shrimp farms 
on the east coast of the Mekong Delta. GIS technology was 
used to map the distribution of these diseases in the target 
area. The extracted geographical information was then used 
for prediction. The one-versus-rest method of multi-label 
classification with machine learning played an important 
role in our predictions. Accurate predictions were achieved 
by the neural network method for both the training dataset 
and the testing dataset, and this method outperformed the 
logistic regression, random forest, and gradient boosting 

Fig. 3   Locations of shrimp farms and hatcheries on the east coast of 
the Mekong Delta
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Fig. 4   Distribution of each 
shrimp disease under study. a 
Disease caused by Enterocy-
tozoon hepatopenaei (EHP), 
b diseases caused by white 
spot syndrome virus (WSSV), c 
acute hepatopancreatic necrosis 
disease (AHPND)

(a) EHP (b)WSSV

(c) AHPND

Table 2   Results of predictions based on the logistic regression model

Disease Training dataset Testing dataset

Number of 
farms correct

Percentage 
correct

Number of 
farms correct

Percent‑
age 
correct

WSSV 129 88.96 27 72.97
EHP 126 86.89 27 72.97
AHPND 142 97.93 34 91.89

Table 3   Results of predictions based on the neural network model

Disease Training dataset Testing dataset

Number of 
farms correct

Percentage 
correct

Number of 
farms correct

Percent‑
age 
correct

WSSV 141 97.24 31 83.78
EHP 139 95.86 28 75.67
AHPND 140 96.55 34 91.89

Table 4   Results of predictions based on the random forest model

Disease Training dataset Testing dataset

Number of 
farms correct

Percentage 
correct

Number of 
farms correct

Percent‑
age 
correct

WSSV 145 100 31 83.78
EHP 145 100 29 78.37
AHPND 145 100 31 83.78

Table 5   Results of predictions based on the gradient boosting model

Disease Training dataset Testing dataset

Number of 
farms correct

Percentage 
correct

Number of 
farms correct

Percent‑
age 
correct

WSSV 145 100 29 78.37
EHP 145 100 29 78.37
AHPND 145 100 30 81.08
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methods. The performance of the logistic regression method 
was stable, but its accuracy was low, while with the random 
forest and gradient boosting methods there were consider‑
able differences between the estimates based on the training 
dataset and those based on the testing dataset.

This study contributes to disease management by helping 
shrimp farmers to understand how GIS-based technology 
can be used to visualize disease outbreaks and to determine 
strategies for reducing the risk of disease. The combination 
of GIS and machine learning provided comprehensive pre‑
diction and an intuitive map which provided visualization of 

the distribution of disease; this visualization is meaningful 
in terms of evaluating the status of infection in the coastal 
area of the Mekong Delta. Knowledge of disease status at 
the local levels also allows assessment of the effectiveness of 
disease management activities. Heavily infected areas may 
be related to weak farm management, with the latter contrib‑
uting to cross-contamination between farms or an infected 
seed source, whereas areas with low levels of infection sug‑
gest good disease management on farms. Based on such 
information, shrimp farmers can easily determine suitable 

Fig. 5   Prediction results of the 
neural network model for the 
testing dataset

(a) Prediction of EHP (b) Prediction of WSSV

(c) Prediction of AHPND 
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locations for new farms or prepare appropriate solutions to 
avoid infection.

The use of GIS in this study contributed to the clarifica‑
tion of the outbreak and spread of disease that was ana‑
lyzed based on the locations of farms, hatcheries, and river 
tributaries. This information was used to provide an initial 
diagnosis of the source of infection. For example, a new out‑
break of disease at a farm could arise from its proximity to a 
previously infected farm or an infected hatchery seed source. 
Therefore, the GIS reinforced the prediction probability. 

Moreover, each disease caused damage to shrimp farms in 
different areas, resulting in different levels of local infec‑
tion. The visualization of predicted affected areas (shown in 
Fig. 6) indicated that disease affected proximal areas more 
heavily than distant areas. EHP disease spread locally and 
was more destructive in the Tran De District of Soc Trang 
Province than elsewhere in this province because of the 
high local density of EHP-infected farms. AHPND widely 
infected the Duyen Hai District and spread to adjacent areas, 
such as the Cau Ngang and Tra Cu districts of Tra Vinh 

Fig. 6   Distribution of each 
disease in the study area

(a) EHP infected area (b)WSSV infected area

(c) AHPND infected area
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Province, both of which are downstream of the Co Chien and 
Hau Rivers. In Ca Mau Province, Phu Tan District was heav‑
ily infected with AHPND, which then spread to neighboring 
districts, including Cai Nuoc, the western part of Tran Van 
Thoi, and Nam Can. Notably, the infected areas in Ca Mau 
Province were within mangrove forests where there were 
canals. WSSV widely infected the coastal region of Tran 
De in the Vinh Chau District of Soc Trang Province and 
the Dong Hai District of Bac Lieu Province. Thus, adjacent 
infected areas strongly contributed to expansion of disease 
in this region. This expansion of disease was considered to 
have resulted from between-farm spread due to the transmis‑
sion of pathogens on clothing, farm equipment, and/or birds. 
The prediction map showed that many proximal farms in the 
downstream region of the Co Chien River of Tra Vinh Prov‑
ince and the Cai Doi canal in Ca Mau Province were affected 
by AHPND, which spread to surrounding areas, whereas 
farms affected by WSSV were found around the Ganh Hao 
canal in Bac Lieu Province.

investigation of the closest distance between farms and 
the river revealed that  some farms that shared the same 
river water source. Downstream farms are at high risk when 
infection occurs upstream because the pathogen can spread 
by the river water. To avoid the spread of infection to neigh‑
boring farms, shrimp farmers must manage the quality of 
their water sources and isolate any infected farms. Once an 
infected farm is detected, other farms using the same water 
source should be notified. Sources of water for shrimp farms 
should be checked frequently for pathogens, a step which 
requires a rigorous farm management policy.

Furthermore, to increase the comprehensiveness of 
prediction, we examined environmental factors related to 
conditions suitable for strong activation of pathogens. Tem‑
perature and salinity strongly affect disease, which tends 

to break out in hot weather and under conditions of high 
salinity, but other factors, such as pH, NH4, and NO2 levels, 
also influence infection rates. For example, temperatures > 
28 °C and salinity > 20 ppt are suitable for the rapid spread 
of AHPND, and the probability of WSSV increases with 
changes in salinity, temperature, and pH (World Organiza‑
tion for Animal Health [OIE] 2019). These environmental 
factors are particularly noticeable in the Mekong Delta, 
where hot and dry weather result in conditions favorable 
for higher risk of disease. Among the environmental fac‑
tors, salinity contributed the most to disease prediction, fol‑
lowed by temperature, pH, NO2, and NH4 (Fig. 7). Although 
the environment affects the estimate of the area of disease 
spread, this process is mainly based on evidence of whether 
infected farms are present. Accordingly, Fig. 6c shows the 
estimates of the area inland of Soc Trang Province where 
there was less AHPND infection due to conditions of low 
temperature and low salinity. Additionally, no AHPND-
infected farms were found.

This study has a number of limitations. Most importantly, 
it included a relatively low amount of observed data for the 
target area. The neural network had a relatively low predic‑
tion accuracy for EHP, but a high accuracy for AHPND and 
WSSV (75.67, 91.89, and 83.78%, respectively). This differ‑
ence in prediction accuracies  was due to it being easier to 
distinguish farms affected by AHPND and WSSV because 
these diseases present typical signs, such as hepatopancre‑
atic paleness and atrophy for AHPND and white spots for 
WSSV. In contrast, EHP is not easily recognized because 
it is evidenced only by the slow growth of shrimp and can 
be confused with white feces disease or symptoms of poor 
nutrition. To improve EHP prediction accuracy, more data 
are required, such as the density of shrimp in ponds and 
details of feeding and care regimes. Although the Mekong 

Fig. 7   Contribution of each 
variable to disease prediction
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Delta has many shrimp farms and disease is highly preva‑
lent, as evidenced by huge economic losses, disease data 
are difficult to collect. Also, because disease outbreaks con‑
stitute a sensitive situation, shrimp farmers usually do not 
share information on the status of their infected farm. Fur‑
thermore, farmers usually find treatments themselves. Addi‑
tionally, disease research requires long periods of sufficient 
data, especially for extensive farms. However, if data could 
be collected from all shrimp farms in the region, including 
both healthy and infected farms, the visualization of dis‑
ease distribution would be clearer and prediction would be 
more accurate. Full mapping of all farms would provide a 
foundation for future research, such as detection of affected 
populations, the effects of industrial pollutants on disease, 
analysis of the most suitable areas for farm development, and 
assessments of annual changes in shrimp farm distribution.

In the future, this research can be extended to other dis‑
eases of shrimp that occur in cultured shrimp farms, such as 
white feces disease, yellow head disease, Taura syndrome, 
opaque muscle disease, among others. Additional data on 
clinical signs and additional environmental and geographi‑
cal factors will be collected. The geographical data can be 
enriched by analyzing more variables, including pond den‑
sity, factory locations, and rainfall. In machine learning, the 
more data that are investigated, the more comprehensive will 
be the prediction. Infection prediction will become more 
accurate when the dataset is updated with additional data 
and, accordingly, the estimated area of the disease will be 
reliably visualized in the infected area. Additionally, given 
suitable data this research can be applied to protect shrimp 
farms in regions other than those located on the east coast 
of the Mekong Delta. It is anticipated that this study will be 
implemented into an application supported by modern tech‑
niques, including sensors and GPS-enabled smart phones, to 
collect data and also analyze data in real time. Our research 
will contribute to the development of sustainable shrimp 
farming in the Mekong Delta region.
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