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Abstract. Social capital is a significant factor that determines the success of a business, company or individu-
al. The paper presents a new method to predict the aquaculture household’s ability to access to credit, based on
social capital and artificial intelligence. Social capital data is collected through surveys of aquaculture house-
holds, and then replying on artificial intelligence algorithms to build predictive models. The prediction results
show that our proposed method can accurately predict households accessing the formal credit market. This is
the basis for the planning and development of aquaculture in potential areas.
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1 Introduction

Aquaculture sector in Vietnam has a long history and is developing strongly, typically raising fish, shrimp, frogs,
etc., contributing to creating jobs, increasing incomes and reducing poverty [1-2]. However, due to the rapid con-
version, a large area of rice, cropland, and low-yielding fields is facing many difficulties and challenges. In addi-
tion to facing difficult problems such as natural conditions, environment, diseases, natural disasters, asynchronous
planning and development, aquaculture households also face difficulties in accessing input and output resources.
Especially, market information is disturbed leading to many difficulties in accessing official credit sources [3].

Social capital has been discussed by many researchers over the years and there have been many studies related
to this issue. Many studies have showed that social capital has significant impacts on individuals, businesses, or-
ganizations, etc. [4-6]. The presence of social capital increases farmers’ ability to adopt new technologies [7]. For
rural finance and credit, there have been many studies indicating the important role of social capital in accessing
credit of individuals [8-9]. Heikkila et al. [10] did a survey in Uganda to study the link between social capital and
financial access. The results showed a positive association between social capital and access to credit, the clear
impact of personal social capital on the poor. Besides, it also found that personal social capital promotes access to
semi-formal and informal financial institutions. Alam et al. [11] studied the factors and social capital affecting the
ability to access to credit and technology in rural Bangladeshi households. This research indicated that this access
is significantly influenced by social capital and institutions. To help poor household better cope with extreme nat-
ural conditions, government interventions through planned adaptation are important. Linh et al. [12] summarized
the characteristics of the rural credit market in Vietnam, the determinants of credit accessibility and the compar-
ison with developed countries. The results of the study indicated the characteristics and credit accessibility in
Vietnam with the participation and intervention of the government. The impacts of credit on output, household
income and poverty reduction are also highlighted in this study. Lu et al. [13] pointed out the impacts of social
capital on bank lending. The results showed that households with a higher level of social capital are less likely to
be rejected during the loan application process. In addition, households with a higher level of social capital will
bring a higher rate of return after getting a bank loan.

To assess the impacts of social capital on credit accessibility, most studies use quantitative methods such as
Logistic, Profit, Tobit etc. and multivariate regression to build models [14-16]. These algorithms have good re-
sults for linear data, but for non-linear data, there can be large errors. In recent years, artificial intelligence has
been greatly developed thanks to its accuracy and learning ability. Currently, it is applied in many fields such as
information processing, language, images, etc. [17-19]. In economics, artificial intelligence is applied to build
mathematical models for data about growth, financial performance, supply, demand, etc. [20-22]. Janh [23] used
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artificial neural network to predict gross domestic product growth. The results showed that the artificial neural
network can predict more accurately than the linear network, thereby confirming that the artificial neural network
is suitable for the statistical model. Meng [24] based on the agricultural indicators of China’s rural areas and fuzzy
min-max neural network to suggest economic practices for each region and necessary policies to promote the sus-
tainable agricultural development.. Andres et al. [25] used multilayer artificial neural network to predict economic
index for developing economies. This study filled the gap caused by the lack of data, from which the government
can provide effective policies. Compared to traditional methods, predicted results are superior. International eco-
nomic agencies and organizations will benefit from this method.

To increase the predictability of Vietnamese aquaculture households’ credit accessibility. This study uses arti-
ficial intelligence and social capital to build a predictive model of access to credit. Social capital data is collected
from a survey of aquaculture households in the north of Vietnam. Matlab is used as the environment to build
models. The effectiveness of the proposed method is evaluated through experiments.

2 Materials and Methods

2.1 Data Collection and Processing

As a basis for research, data have been collected from aquaculture households in the Red River Delta of Vietnam
including Hung Yen, Thai Binh, Nam Dinh, Hai Duong, and Hai Phong provinces. Information and data collec-
tion have been done by direct interview with the aquaculture farmers, and through trained collaborators, as well as
under the supervision of the research team. We have used fractional sampling in combination with random sam-
pling, which helps to reduce inequality problems and increase representation of areas with similar characteristics.
In addition, we have also conducted interviews with several households with long-term experience and experts to
assess, review the current situation and gain a deeper understanding of the actual situation in the data collection
area. Finally, we have selected the input data to build an analytical model including approaching fisheries exten-
sion association, union organization, farm management board, credit officer, output, colleagues and friends, age of
household heads, number of years in occupation, number of years living in the locality, qualification of household
heads.

To increase the processing performance and accuracy of machine learning algorithms, we need to normalize
the data [26]. There are many main methods to normalize data, such as min-max normalization or z-score normal-
ization. In this study, we have used the max normalization method, choosing the largest number to normalize the
remaining data.

2.2 Random Forest Algorithm

Random forest (RF) algorithm was proposed by Breman [27], it is an ensemble learning algorithm. RF combines
classification, regression tree and bagging algorithm. In the training process, random feature selection is intro-
duced to reduce the correlation of samples, thereby solving the overfitting problem of a single decision tree mod-
el, and making the model have good noise tolerance. The bagging algorithm uses a random sampling method to
sample m rounds of the original data set to obtain a new data set. The decision tree learning process adopts a top-
down recursive method and uses information entropy as a measure to construct a tree with the fastest decrease in
entropy. Classification and regression trees use the Gini coefficient as the basis for feature splitting. Suppose we

have K categories, and the probability of the k-th category is p,, then the Gini coefficient of the probability dis-

tribution is shown in Equation (1).

Gini=Y p,(1-p,)=1->p; . (1)

k=1 k=1

Given sample set O, its Gini coefficient is shown in Equation (2).

K C 2
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where, C, is the sample subset belonging to the k-th category in Q.
O can be divided into two parts O, and O, according to feature 4.

0, ={(x,») €0l Ax)=a}. 3)
Qz =0~ Ql . (4)

where, (¥,))is represents a sample in the sample set O, x is the eigenvalue of the sample, y is the label of the

sample; a is a possible value. Then under the condition of feature 4, the Gini coefficient of sample set Q is defined
as Equation (5).

Gini(Q, 4) = [0 i (0,)+
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2.3 Whale Swarm Algorithm

Whale swarm algorithm (WSA) is a swarm intelligence optimization algorithm that simulates the predation be-
havior of humpback whales in the ocean [28]. The whales attacked through the bubble net, continuously spiraling
upward to approach the target, gradually shrinking the encircling circle, and finally reached the target location.
The algorithm mainly consists of 3 stages: foraging, bubble-net preying and searching.

Foraging

In the process of searching for food, WSA makes the current optimal solution or near optimal solution as the
food target. The other whales move towards the closest food at present and gradually shrink the whole enclosure.
The the process as shown in Equation (6).

X, =X, -Alcx; - x|, (6)

where X, is the current optimal position of the all swarms, X, is the current location, i is the iteration, X, is

i i

the next location; 4 and C are calculated by (7, 8), a is a constant, , and #, are random numbers in [0,1].
A=2at —a. (7)
C=2t,. (8)

Bubble-net preying
The bubble-net preying process to find local optimization, the mathematical of this process is Equation (9).

X, —Alex; - x|, p<05
9)

i+l

Jxr - x| cos@an + X7, p20.5

where / and p are random number, b is a constant.

Searching

The searching process to find global optimization. Each whale has a random location, and it is shown in
Equation (10).

X,

il =

X

rand A|CXrand _Xi . (10)

where X, is the random location.
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2.4 Build an Analysis Model

In this study, we use RF and WSA algorithms to build an analytical model of credit market access. The accuracy
of the RF algorithm is mainly affected by the randomly selected feature number m and the decision tree n. The
size of m is connected to the decision tree’s performance as well as the correlation between decision trees. The
smaller the m, the weaker the ability of a single decision tree, and there will be a tendency to reduce the perfor-
mance of the RF algorithm; nevertheless, the lower the correlation between the decision trees, the more powerful
the classifier. The size of n determines the convergence speed and accuracy of the algorithm. Experiments have
proved that it is not that the larger » is, the higher the accuracy. Normally, there are a pair of m, n parameter
combinations with the best accuracy within a specific threshold, or find the parameter with the highest accuracy
within the allowed range of operating efficiency. Therefore, one of the most difficult problems in random forest
is determining how to choose the parameters m and n. In this research, we apply WSA to solve this problem and
determine the optimal m and n combination. The combination of RF and WSA is shown in Fig. 1. The WSA-RF
algorithm is the name given to this combo.

Initialize the
WSA-RF

&
<€

A

Yes

Output the m, and n

Fig. 1. Flow chart of WSA-RF algorithm
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Algorithm 1. WSA-RF algorithm
Initialize the WSA-RF
for i = 1: Imax
for j = 1: N
Update the a, A, C using Equations (7 and 8)
if p < 0.5
if A <1
Update the X by Equation (6)
else
Update the X by Equation (10)
end 1if
else
Update the X by Equation (9)
end 1if
end for
end for

3. Results

Through a survey of 467 aquaculture households, there are 355 households that need loans from different credit
sources, accounting for 76% of the total surveyed households. Out of these 355 households, 242 have access to
formal credit markets, while the rest have to borrow from other sources of credit. This shows that formal credit
accessibility of aquaculture households has some shortcomings.

The data are divided into two categories. The first category is households that have access to the formal credit
market and the second category is the households that cannot borrow from the formal credit market. Based on
survey data and the proposed algorithm, we build a model to predict formal credit accessibility. Fig. 2 shows
the training process to build and optimize the model. We select the number of swarms to be 50 and the number
of iterations to be 100. The results show that the model quickly converges; by the 19th iteration, it has reached
the maximum optimal level, and the deviation has decreased from 3.4% to 0.8%. The optimization process takes
place within 74s. The WSA algorithm can quickly optimize the model, increasing the predictability of the model.
WSA is a reliable algorithm for parameter optimization. Using WSA to optimize the parameters of the RF algo-
rithm helps to improve the accuracy of RF and giving reliable results.
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Fig. 2. The credit accessibility prediction model’s training and optimization process
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Table 1. The accuracy of the credit accessibility prediction model

Class Accuracy (%)
1 99.6
2 98.2
Overall 99.2

The prediction results are shown in Fig. 3. Here, the first class we label as 1, and the second class we label as
2. We can see that the difference between the predicted point and the actual point is very small. Specifically, there
is only a 3 point difference between class 1 and class 2. It can be seen that the model has very good predictive
results. Table 1 is the accuracy of the predicting credit accessibility model for aquaculture households. It can be
seen that the accuracy of the first class is 99.6%, that of the second class is 98.2% and the overall accuracy is
99.2%. This result proves that our proposed model has good robustness and fitting performance. The model can
predict the credit borrowing capacity of aquaculture households well, serve as an important basis for households
with loan needs. At the same time, it serves as a foundation for local governments to design particular aquaculture
development strategies.

2 Predicted
Actual

Class

1 s ; N— g I 5 I

0 50 100 150 200 250 300 350 400
Test samples

Fig. 3. The results of predicting credit accessibility of the WSA-RF model
4. Discussion
4.1 The Positive Characteristics Affecting Access to Credit

Through the optimization process of the model, we find that the characteristics of the social capital have a great
impact on the ability to access formal credit. These characteristics include the fisheries extension association, farm
management board, credit officers, friends, and colleagues, which are also mentioned in the study of Rahman et
al. [29] hay cua Duong [3]. The fisheries extension association has a positive impact on formal credit accessibility
and is significant in the model settings. If the household head has access to the fisheries extension association, the
rate of access to formal credit will increase by 10%.

The farm management board has a positive impact on formal credit accessibility. When aquaculture house-
holds receive the support, advice, sharing and help of the aquaculture area’ the management board on the issue of
accessing official credit, it will increase their ability to get loans.

Credit officers also play an important role in aquaculture households’ access to formal credit. The help, advice
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and sharing of the credit officer will help the householder quickly access the credit market.

Colleagues and friends also positively affect the ability to get formal credit loans of aquaculture households.
If shrimp farmers receive more help and share credit experiences from friends, they will increase their ability to
access formal credit.

Thus, there are four important factors that increase formal credit accessibility of aquaculture households.
Among these, the credit officer plays the most important role so that aquaculture households can obtain formal
credit.

4.2 Comparison of Different Methods

In this section, we will compare the proposed method with some traditional prediction methods. These methods
include logistic regression (LR) [30], artificial neural networks (ANN) [31-32], and support vector machines
(SVM) [33]. The comparison results are shown in Table 2 and Fig. 4. We can see that the proposed method has a
higher accuracy than the other methods. Specifically, the method in this study is 4% higher than the LR method,
2.5% higher than the ANN method and 4.8% higher than the SVM method. The LR and SVM algorithms are
based on statistical probability theory. LR uses Sigmoid function as a non-linear factor, thereby performing binary
classification problems. The SVM algorithm uses the kernel function as a non-linear factor to perform multi-clas-
sification. The ANN algorithm uses a neural network that simulates the human nervous system, through linear or
non-linear transformations to classify the data features. The algorithm in this study uses the ensemble learning
method combined with a optimization problem, thereby increasing the classification ability of the model. This re-
sult proves that our proposed method is superior, suitable for the problem of predicting the access to credit market
of aquaculture households in Vietnam.

Table 2. The accuracy of different methods

Methods Accuracy (%)
LR 95.2
ANN 96.3
SVM 94.4

WSA-RF (This study)  99.2
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Fig. 4. Comparison of accuracy of different methods

5. Conclusion

In this study, we propose a method to predict credit accessibility based on artificial intelligence algorithms and
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social capital. The data is taken from the actual survey on the status of official loans of aquaculture households
in Vietnam. The results of our model have accurately predicted the ability to access the credit market. Compared
with traditional methods, our method achieves higher predictive results. This is the basis for developing aquacul-
ture in Vietnam.
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