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This research aims to construct a WOA-VMD-XGBoost-SHAP model to predict shrimp 
prices and analyze the nonlinear effects of key predictors. Firstly, the whale algorithm 
(WOA) is used to optimize the K-value and penalty parameter of the variational mode 
decomposition (VMD) to adaptively decompose the original price series and reduce the 
data noise. In addition, the trend, period, high and low frequency, and residual terms 
obtained from the decomposition of the original price series are used as inputs to the 
XGBoost model for training and testing. Finally, K-fold cross-validation and learning 
curves are used to test the model performance and analyze the nonlinear effects of key 
influencing factors in combination with the SHAP model. The results show that the 
Bayesian-optimized WOA-VMD-XGBoost model has excellent predictive performance 
with an R2 of 0.927, which is better than other benchmark models; the fluctuation of 
shrimp prices is cyclical, and the cyclical term accounts for 67% of the characteristic 
importance. The model can provide effective technical support and decision-making 
references for relevant management departments and enterprises to predict the price 
fluctuation of aquatic products. 

1. INTRODUCTION 

In recent years, China’s aquatic products market has been 
developing rapidly, and the total and per capita consump
tion of aquatic products has been increasing yearly. Res
idents’ demand for and consumption of aquatic products 
is expected to increase further. Therefore, building a set 
of aquatic products price prediction systems adapted to 
the market environment and changing trends can not only 
provide aquaculture enterprises with rational planning of 
aquaculture structure, maximize aquaculture income, and 
effectively promote the sustainable development of aqua
culture, but also provide a scientific basis for the govern
ment to formulate corresponding industrial policies and 
safeguard national food security. 
Currently, research on fish price forecasting has made 

a big breakthrough. Statistical model-based forecasting 
methods, such as Peng D et al.1 applied simple exponential 
smoothing (SES), Holt linear trend method, and Holt-Win
ters addition method to simulate and forecast scallop 
prices, and the results showed that the SES model had the 
highest forecasting accuracy. Nam and Sim2 used ARMA 
model to forecast abalone prices, and the experiments 
showed high model accuracy. Junqi W and Xuecheng W3 

used the model SARIMA model to predict the monthly price 
of shrimp in Lingjiatang area of Jiangsu Province for the 
next two years. Hasan et al4used the ARIMAX model to pre
dict the price of catfish, and the results showed that the 
model had a high predictive performance. 
The exponential smoothing method and ARIMA time se

ries prediction model used in the above studies have low 
error tolerance and relatively poor prediction accuracy, and 
more scholars choose to use machine learning methods 
to construct price index prediction models. For example, 
Jin B, and Xu X5 constructed a non-linear autoregressive 
neural network to forecast the wholesale price index of 
agricultural products, and the research results show that 
the neural network model is better than the AR and GARCH 
(1,1) model. Singh N D et al.6 applied ANN model to predict 
the weekly price of shrimp export in India, and the pre
dicted value was accurate and synchronized with the real 
data. Qingling D et al7 used a genetic algorithm to optimize 
the SVR model and predicted the price of Siniperca chuatsi 
fish and other aquatic products. The results show that the 
GA-SVR model is better than BP neural network, and the 
prediction accuracy is significantly improved. Nguyen et 
al8 applied random forest and gradient boosting tree algo
rithms to predict the price of exported aquatic products, 
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and found that the gradient boosting tree algorithm is op
timal for short-term prediction.Junhao W et al9 proposed 
a model that applies variational modal decomposition and 
deep learning to the prediction of aquatic product price, 
and the prediction accuracy is high. model with high pre
diction accuracy. Although the deep neural network has 
high prediction accuracy, it lacks the interpretation of the 
prediction results.10With the increasing popularity of in
terpretable machine learning, machine learning methods 
can extract unique insights from datasets with characteris
tic variables.11Deng S et al12 proposed a predictive model 
based on interpretable machine learning to predict the car
bon price in the Hubei carbon trading market using the 
complete ensemble empirical mode decomposition with 
adaptive noise (CEEMDAN) and LightGBM-SHAP models. 
The results show that the high-frequency intrinsic mode 
function (IMF) component of the historical carbon price is 
the most important feature for predicting the carbon price 
trend.Khiem, N.M et al.13 used a super learner to predict 
the export price of shrimp from Vietnam and applied the 
SHAP model to analyze the key factors affecting the shrimp 
exported under Vietnam. 
Compared with traditional machine learning models, Ex

treme Gradient Boosting (XGBoost) is an integrated learn
ing algorithm and is widely used in the fields of finance, 
medicine, and engineering,14 which depicts the underlying 
mechanism between the input features and the target out
come and has the advantages of high prediction accuracy 
and less overfitting.15 However, there is less literature on 
applying variational modal decomposition (VMD), XGBoost 
algorithm and SHAP model to fish price prediction. There
fore, this study attempts to introduce the XGBoost machine 
learning algorithm into shrimp price prediction and in
tegrate it with the Bayesian optimization (BO) algorithm 
to optimize the hyperparameters. The WOA-VMD model 
adaptively decomposes the price series to reduce the data 
noise. The decomposed trend term, period term, high-fre
quency term, low-frequency term, and residual term are 
used as inputs to the XGBoost regression algorithm for 
training and testing and combined with the SHAP model to 
analyze the nonlinear effects of key factors to provide sci
entific and effective methods and technical support for the 
relevant management departments and units to predict the 
consumer prices of aquatic products. 

2. MATERIALS AND METHODS 

2.1. PRINCIPLE OF WOA ALGORITHM 

The Whale algorithm is a new population intelligence op
timization algorithm created to find the optimal solution 
to the search problem. It was created by Mirjalili et al.16 in 
2016 based on the hunting behavior of humpback whales. 
In the whale algorithm, the position of each whale repre
sents a feasible solution. There are three types of position 
updates during whale group hunting: siege, attack, and 
search. 

2.1.1. SIEGE 

Individual whales will share information about their posi
tion where they have searched for the most prey, and then 
the whales will swim towards the one closest to the prey, 
causing the group to gradually complete the encirclement 
of the smaller group and narrow the encirclement circle, 
and the updating formula for the position of the whales 
during this hunting process is: 

Where represents the vector of prey positions, repre
sents the vector of whale positions, t is the number of iter
ations. 

2.1.2. BUBBLE ATTACK 

Humpback whales, looking for prey as a spiral, will slowly 
approach the target and use a spiral bubble sent to capture 
prey, first calculate the distance between the whale and 
prey. The distance is used to generate the spiral equation, 
which is as follows: 

where b is a constant and l is a random number between [-1, 
1]. As humpback whales move around in the ocean looking 
for prey, the whales’ choice of seining and spiral bubbling 
to catch prey has a random nature, so to simulate this be
havior, it is necessary to encircle the prey and spiral search
ing in tandem. 

2.1.3. SEARCH 

To improve the overall search function of the whales, the 
stochastic nature of the whales in searching for food, and 
to improve the range of their search, a spiral search method 
was adopted. The updating formula for the random search 
position is 

Where is a random position vector in a whale popu
lation. These three methods form a method based on op
timal individual search (seining, bubble net) and arbitrary 
single (seining), which has better convergence and overall 
optimization performance. 

2.2. PRINCIPLE OF VMD 

Variational Modal Decomposition VMD is used to obtain 
modal functions with a certain wide frequency range by 
continuously updating each modal function and center fre
quency.17 The basic idea of VMD is to obtain the analytic 
signal by Hilbert transforming the mode components 
through the filtering model, shifting the spectrum of the 
mode components to the fundamental frequency by expo
nential mixing, and finally estimating the bandwidths of 
the mode components by H1 Gaussian smoothing.18 The 
corresponding constrained variational expression is.19 
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where: is the Dirac distribution with respect to time t; is 
the convolution operator; and  is the center frequency of 

. 

2.3. PRINCIPLE OF XGBOOST ALGORITHM 

The Extreme Gradient Boosting (XGBoost) algorithm is a 
comprehensive learning algorithm developed by Tianqi 
Chen et al. in recent years. It is an efficient implementation 
of Gradient Boosted Decision Tree (GBDT). Strong classi
fiers are constructed by integrating multiple weak classi
fiers, second-order Taylor expansion of the loss function,20 

along with the use of a regular term to prevent overfitting 
of the model,21 and training with an objective function. The 
algorithm’s math is as follows.22 

XGBoost uses the CART tree model, which can be viewed 
as predicting the structure of yi based on the input xi, with 
the formula: 

where K is the number of trees, fk is a function in the func
tion space F, and F is the set of all possible CARTs. For the 
regression problem, the task of training the model lies in 
finding the best parameter θ that best fits the training data 
xi and the outcome yi. The objective function to be opti
mized is to measure the model’s fit to the data. 

Where Ω is the regularization term, which is related to 
the complexity of the tree;L is the training loss function, 
which is used to measure the model’s predictive ability, and 
the higher the prediction accuracy, the smaller L will be. A 
common choice is the mean squared error, given by the fol
lowing equation. 

Obviously, the goal of prediction is to make the predicted 
value of the population as close as possible to the true 
value, and the requirement of the largest possible general
ization ability, therefore, mathematically speaking, this is 
a general function of the optimal problem, so the objective 
function is simplified as follows. 

In this paper, the mean square error (MSE) is used as the 
loss function and the objective becomes 

Where constant is the constant part that is independent of 
the independent variable after simplification. 

2.4. SHAP MODEL 

Lundberg and Lee proposed the SHAP model to explain 
various machine learning algorithms in 2017.23 The SHAP 
value originates from game theory and is mainly used to 
quantify the contribution of each feature to the model pre
diction, and the related formula is as follows. 

where ybase is the mean value of the target variable over 
all samples; f( xij) is the SHAP value of xij. The advantage 
of the SHAP value is that it reflects the contribution of the 
features in each sample and indicates the positivity or neg
ativity of the effect. 

2.5. SHRIMP PRICE PREDICTION MODEL 

This study aims to construct a shrimp price prediction 
model based on the interpretable XGBoost algorithm to im
prove the accuracy and interpretability of the model pre
diction results. First, the whale algorithm (WOA) is used to 
optimize the K-value and penalty parameter of the variable 
mode decomposition (VMD) to adaptively decompose the 
weekly shrimp price data from January 2014 to September 
2024, and the Pearson’s correlation coefficient is used to 
identify and extract the featured variables such as high-fre
quency terms, periodical terms, and low-frequency terms 
from the original series. Meanwhile, multidimensional data 
such as fishmeal price and pork price are used as inputs 
to Random Forest, Gradient Boosted Decision Tree (GBDT), 
and XGBoost models for training and testing, which are 
used to predict prices one step in advance. In addition, 
this work introduces a Bayesian optimization algorithm to 
optimize the hyperparameters of the XGBoost model for 
best performance. Finally, the robustness of the model’s 
predictive performance was tested using five-fold cross-
validation, ten-fold cross-validation, and plotting learning 
curves. The predictive results of the XGBoost prediction 
algorithm were also interpreted in conjunction with the 
SHAP model to reveal the key factors that influence shrimp 
prices. 
The machine learning algorithm environment for this 

paper is configured as follows: Windows 11 64-bit operating 
system; GPU model 2080Ti; Python configuration environ
ment for TensorFlow 1.15.5, Pytorch 1.11.0, and Python 
3.8; and third-party libraries: SKlearn Machine Learning 
Library, Seaborn Library, and Bayesian Optimization Li
brary. In this paper, root mean square error (RMSE), mean 
absolute error (MAE), mean absolute percentage error 
(MAPE), and coefficient of determination R2 are selected as 
the comprehensive evaluation indexes of XGBoost regres
sion prediction model. 
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Figure 1. Average weekly price trends for shrimp       

3. RESULTS 

3.1. DATA SOURCE 

The weekly average price data of shrimp from January 1, 
2014 to September 30, 2024 in Jiangsu Province were se
lected for this study. After removing missing values and 
data cleaning, the total number of samples in the dataset 
was 558. The data were obtained from the Agricultural 
Product Price Monitoring website of the Ministry of Agri
culture of the People’s Republic of China 
(https://pfsc.agri.cn). This is an authoritative data source 
that ensures the reliability and accuracy of the data. The 
price trend of shrimp in Jiangsu Province is shown in Figure 
1. 
Figure 2 gives descriptive statistics of the shrimp price 

data, showing in detail the data set’s maximum, minimum, 
mean, and standard deviation. Figure 2 shows that shrimp 
prices in Jiangsu Province fluctuate greatly every month, 
and there is a certain degree of regularity. The annual maxi
mum price often occurs in January-April, and the minimum 
price mostly occurs in June-September, showing a strong 
regularity. Over the past decade, the weekly average price 
of shrimp prices in Jiangsu Province was 57.05 yuan/kg, 
with the highest price in February 2014, the price of 104.75 
yuan/kg, and the lowest price in July 2020, the price of 39.52 
yuan/kg. 
Since the weekly average price of shrimp is affected by a 

variety of factors, the introduction of multidimensional in
fluencing factors helps to improve the prediction accuracy 
of the model. In this paper, an advanced method, Whale 
Optimization Algorithm (WOA) combined with Variational 
Mode Decomposition (VMD), was used to perform an adap
tive shrimp price Adaptive decomposition of shrimp price. 
This decomposition method can reveal the intrinsic pat
terns and trends of the price data, thus providing a solid 
foundation for forecasting. 

Figure 2. Descriptive statistics of weekly average price       
of shrimp   

Figure 3. Average weekly price trend of pork       

To further enhance the accuracy of the model and the 
availability and reliability of weekly data, this paper also 
considers the prices of shrimp substitutes, eggs, and pork. 
These data are sourced from the Agricultural Product Price 
Monitoring website of the Ministry of Agriculture of the 
People’s Republic of China (https://pfsc.agri.cn). By incor
porating the price trends of these substitutes into the 
model, a more comprehensive understanding of the dynam
ics of shrimp prices can be gained, thereby improving the 
accuracy of the forecasts. The price trends of eggs and pork 
are shown in Figures 3 and 4. The volatility trend of pork 
prices from 2016 to 2022 is large, characterized by non-lin
earity and non-stationarity, while egg prices generally show 
a cyclical pattern of change. 

3.2. WOA-VMD RESULTS 

Among the VMD parameters, the number of fixed modes k 
is crucial for the realization of high prediction accuracy,24 

and to further improve the data quality and eliminate the 
influence of noise, WOA-VMD is used in this study to de
compose the price series. First, the number of whales is set 
to 5, the maximum number of iterations is 100, the number 
of variables is 2, the penalty factor is [100,2000], the range 
of k values is [2,10], and only integers are included. Then, 
the optimal penalty parameter obtained by optimizing the 
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Figure 4. Average Weekly Price Trend for Eggs       

Figure 5. results of whale optimization algorithm      

VMD parameters using WOA is 960 and the optimal para
meter for the intrinsic modal function (IMF) is 9. 
As can be seen in Figure 5, the whale algorithm gradually 

stabilizes after iterations, and Figure 6 demonstrates the 
results of the weekly average shrimp price data processed 
by the Variable Modal Decomposition (VMD). 
The Pearson’s correlation coefficients between the input 

variables and shrimp prices with one period lag are shown 
in Figure 7. Starting from the 4th IMF series, the Pearson 
correlation coefficient becomes smaller; combined with the 
above analysis, IMF1 is the trend term of the shrimp price 
time series, IMF2 is the cyclical term, IMF3 is the low-
frequency term, and IMF4-9 is the high-frequency terms. 
The trend and cyclical terms are the main components of 
shrimp prices, reflecting the inherent long-term trend of 
shrimp prices; the low-frequency term has a wide range of 
fluctuations, representing the impact of major events on 
shrimp prices; the high-frequency term’s mean fluctuates 
up and down in the neighborhood of [-5,5], representing 
the short-term market imbalance in supply and demand 
and the price changes caused by unscheduled events. 

3.3. MODEL PREDICTIVE PERFORMANCE ANALYSIS 

In this paper, we analyzed the raw data of the weekly av
erage price of shrimp by constructing three machine learn
ing models: decision tree, AdaBoost, and XGBoost. To ver
ify the predictive ability of the models, we divided 20% of 
the data samples into a test set and the remaining 80% as 
a training set. In the model inputs, we used feature vari
ables lagged by one period. To ensure the reproducibility 
of the experiments, we set the number of random seeds to 
291 when dividing the data. During model training, we used 
the default hyperparameters of the Sklearn library and set 
the random number seed to 1 before training to ensure that 
the test set produces more consistent results across exper
iments. In addition, we ensured the consistency of para
meters such as evaluation metrics, training batch, learn
ing rate, and training period. The prediction performance 
of the benchmark model is detailed in Table 1. 
The mean absolute percentage error (MAPE) and the co

efficient of determination (R2) are two key metrics when 
evaluating the performance of a model. The lower the 
MAPE value, the lower the prediction error; and the closer 
the R2 value is to 1, the higher the model’s explanatory 
power. This study compares three machine learning mod
els: decision tree, AdaBoost regression, and XGBoost. the 
results show that the R2 value of the decision tree model is 
0.771, which is the lowest among the three models; while 
the R2 value of the XGBoost model is 0.864, which is the 
best performance. In addition, the MAPE value of the XG
Boost regression prediction algorithm is 0.06, indicating 
that its prediction error is relatively small.Given the supe
rior performance demonstrated by the XGBoost model in 
shrimp weekly average price forecasting, we chose the XG
Boost model and combined it with the SHAP (SHapley Ad
ditive exPlanations) model for an in-depth analysis of the 
key factors affecting shrimp prices. 
To avoid the overfitting problem of the XGBoost model, 

we need to optimize the model parameters. Bayesian op
timization is a global optimization algorithm proposed by 
Pelikan et al25 to find the optimal solution in high-dimen
sional non-convex search space to minimize the objective 
function, which uses Bayes’ theorem to construct an agent 
model and determines the next optimization scheme by 
continuously updating this agent model, and its conver
gence theory better guarantees the hyper-parametric ap
proach to optimize the model.26 

In XGBoost hyperparameter tuning, Bayesian optimiza
tion automatically finds the best hyperparameter configu
rations to minimize model validation errors. In this paper, 
we identify the most important parameters and value 
ranges that may affect the validity of the XGBoost model. 
These parameters and value ranges will be replaced in the 
Bayesian optimization algorithm. The combinations of hy
perparameters used for XGBoost model prediction are as 
follows: the optimal range of n_estimators is [10, 500]; the 
optimal range of max_depth is [1, 15]; and the optimal 
range of learning_rate is [0.01, 1]. The specific parameters 
are shown in Table 2. 
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Figure 6. Variational Modal Decomposition results     

Figure 7. Pearson correlation coefficient    

Table 1. Benchmark model prediction performance evaluation      

Model Name RMSE R2 MAE MAPE 

Decision Tree 7.85 0.771 4.4 0.08 

AdaBoost 6.05 0.864 5.08 0.08 

XGBoost 5.61 0.883 3.74 0.06 
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Table 2. Bayesian parameter optimization    

Model Name Parameter Name Parameter Setting 

BO-XGBoost 

n_estimators 340 

learning_rate 0.35 

max_depth 1.19 

min_child_weight 3.18 

Figure 8. Bo-XGBoost model fitting for shrimp prediction       

The RMSE, R2, MAE, and MAPE of the BO-XGBoost pre
diction set are 4.36, 0.927, 3.08, and 0.05, respectively, 
which are better than the three benchmark models. The 
R2 of the Bayesian-optimized XGBoost model improves by 
4.98% over the benchmark XGBoost prediction model. In 
addition, we plotted the intersection of the scatters of the 
true and predicted values. Figure 8 shows that the scatters 
of the BO-XGBoost model are almost always clustered 
around the y=x line, indicating high prediction accuracy. 

3.4. MODEL ROBUSTNESS ANALYSIS 

3.4.1. K-FOLD CROSS-VALIDATION 

This paper adopts the K-fold cross-validation method. The 
data set is divided into K copies, each time one of them as 
a test set, the remaining K-1 copies as a training set, re
peated k times,27 and finally, the average of the k times 
of the assessment index as the performance index of the 
constructed shrimp price weekly average price prediction 
model. In this paper, we choose 10-fold cross-validation; 
ten-fold cross-validation is a more stringent requirement 
for the stability and accuracy of the model; 10-fold cross-
validation results are shown in Table 3. 
Table 3 shows that the average R2 of the training set and 

test set of the ten-fold cross-validation of the BO-XGBoost 

prediction model are 0.971 and 0.93, respectively, indicat
ing that the model has excellent prediction performance 
and robustness. 

3.4.2. LEARNING CURVE 

In addition, using the learning curve approach, we can plot 
the trend of the training error and test error concerning the 
dataset size, a common tool in machine learning to assess 
whether a model is overfitting or underfitting. When there 
is a significant gap between the training error and the test 
error, it may mean that the model is suffering from overfit
ting or underfitting. On the contrary, if the gap between the 
training error and the test error is small and gradually con
verges as the dataset size increases, the model has a good 
fitting performance. The learning curve is shown in Figure 
9, from which it can be seen that as the number of sam
ples increases, the difference between the R2 of the training 
set and the test set of the Bo-XGBoost model gradually de
creases and then converges to a single value, and there is 
no underfitting or overfitting in the BO-XGBoost model. 

3.4.3. DETECTION OF DIFFERENT DATASETS 

In order to verify the accuracy of the model’s prediction 
on other aquatic products data sets, the price data of grass 
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Table 3. 10-fold cross-validation results    

Evaluation Indicators Train R2 Test R2 Train RMSE Test RMSE 

1 0.975 0.87 2.6 5.09 

2 0.972 0.94 2.67 4.62 

3 0.974 0.92 2.65 4.34 

4 0.973 0.93 2.64 4.34 

5 0.975 0.92 2.59 4.1 

6 0.974 0.91 2.61 4.66 

7 0.974 0.96 2.7 3.38 

8 0.973 0.92 2.64 4.22 

9 0.973 0.95 2.64 3.98 

10 0.973 0.96 2.72 3.61 

Average Value 0.971 0.93 2.71 4.27 

Figure 9. BO-XGBoost model learning curve     

carp, a common aquatic product, is selected for prediction, 
with the same data sources as in section 3.1, and the time 
range of the data set is taken as the daily price of agricul
tural products from January 1, 2014, to September 30, 2024, 
as shown in Figure 10. The forecasting methodology is the 
same as that in Section 3.3, and the three benchmark mod
els are utilized to forecast the average weekly price of grass 
carp and the results of the model forecasts are shown in 
Table 4. 
As can be seen from Table 4, the grass carp price predic

tion model based on XGBoost algorithm outperforms other 
benchmark models, and the RMSE、R2、MAE、and MAPE 
of the optimal model of its test set are 0.279, 0.982, 0.18, 
and 0.012, respectively, which indicates the applicability of 
the article’s VMD-XGBoost model to price prediction of dif
ferent aquatic products. 

Figure 10. Trends in average weekly prices of grass        
carp  
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Table 4. Comparative results of predictive performance of different aquatic products          

Model Name RMSE R2 MAE MAPE 

Decision Tree 0.368 0.97 0.3 0.02 

AdaBoost 0.296 0.864 0.2 0.013 

XGBoost 0.279 0.982 0.18 0.012 

Figure 11. SHAP Summary Plot    

3.5. SHAP MODEL ANALYSIS 

Figure 11 shows the SHAP global feature analysis of the XG
Boost model. The periodic term (IMF2) is the most impor
tant predictor of shrimp price. To explore the influence of 
features on the model output more intuitively and extract 
valuable information to help relevant government depart
ments and enterprises take targeted measures, this paper 
adopts SHAP value mapping diagrams to show the nonlin
ear relationship between variables.28 Unlike the partial de
pendency plot, the vertical coordinate of the SHAP value 
mapping plot is the SHAP value instead of the output label 
value,29 which can effectively analyze the nonlinear effects 
of the important predictors affecting the fluctuation of 
shrimp prices. 
As shown in Figure 12, when the cyclical term repre

sented by T-1 IMF2 is greater than 0, SHAP is positive and 
significantly affects prices, indicating that prices are begin
ning to enter an upward cycle. 
In the XGBoost model, feature importance reflects how 

much each predictor contributes to the model prediction. 
The higher the gain value of a feature, the higher the im
portance of that feature in the model prediction. 
As Table 5 shows, the volatility of shrimp prices in 

Jiangsu Province is mainly affected by the cyclical term, and 

Figure 12. Analysis of SHAP feature dependency plot       

the characteristic importance of the cyclical term accounts 
for 67%. Compared with the SHAP summary plot, the fea
ture rankings are basically the same, indicating the robust
ness of the feature importance rankings generated by the 
XGBoost model. 
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Table 5. Feature Importance   

Feature Variable Feature Importance % 

T-1 IMF1 14 

T-1 IMF2 67 

T-1 IMF3 4 

T-1 IMF4 2 

T-1 IMF5 4 

T-1 IMF6 2 

T-1 IMF7 1 

T-1 IMF8 2 

T-1 IMF9 2 

T-1 Res 1 

T-1 pork price 1 

T-1 Egg price 1 

4. CONCLUSIONS 

Fishery is one of the important industries in China, and its 
development is of great significance to the sustainable de
velopment of China’s economy and society and to guaran
tee China’s food security. The study shows that the WOA-
VMD-XGBoost model optimized by Bayesian algorithm has 
a better predictive performance with R2 of 0.927, which is 
better than the benchmark model. Visual analysis of the re
sults of the SHAP interpretable tool shows that seasonal 
factors mainly influence shrimp price fluctuations and the 
characteristic importance of the cyclical term accounts for 
67% of the total. It is difficult to make absolutely accurate 
forecasts of fish prices because they are affected by various 
factors. Further exploration and continuous efforts are 
needed to predict aquatic product prices more accurately. 
For future research, more attention can be paid to the 

interpretable analysis of deep learning in the methodology, 
and the multimodal aquatic product price prediction model 
can be constructed by utilizing the Transformer framework. 
The application of methods such as unsupervised cluster
ing and signal decomposition in identifying and predicting 
inflection points in the long-term trend cycle of aquatic 
product prices can be strengthened. In addition, early 
warning studies on specific aquatic product prices can be 
conducted based on the analysis results of various inter
pretable models such as SHAP and Lime. With regard to 
the many factors affecting fish prices, strengthen the use of 

satellite remote sensing to obtain more accurate meteoro
logical data, finely account for production and processing 
costs, such as nursery quantities, fishmeal prices, aquacul
ture profits, and other key influencing factors, and utilize 
modern information technology means such as the Internet 
of Things, big data analysis and other modern information 
technology mean to collect and update fish price data in 
real-time and strive to dig into the laws reflected in the sta
tistical monitoring data to improve the early-warning accu
racy and effectiveness and strengthen risk tracking. At the 
level of forecasting model application, it strengthens the 
combination of federal learning and Web forecasting pro
gram, builds XGBoost security tree model, enhances privacy 
computing capability, and solves the problem of enterprise 
data availability. 

AUTHORS’ CONTRIBUTION 

Conceptualization: Zhan Wu (Lead). Methodology: Zhan 
Wu (Lead). Formal Analysis: Zhan Wu (Equal), Tinghong Qu 
(Equal). Writing – original draft: Zhan Wu (Lead). Super
vision: Tinghong Qu (Lead). Writing – review & editing: 
Zongfeng Zou (Equal). 

CONFLICT OF INTEREST 

The authors declare that they have no conflicts of interest. 

FUNDING 

The author(s) received no financial support for this article’s 
research, authorship, and/or publication. 

DATA AVAILABILITY STATEMENT 

The data supporting this study’s findings are available from 
the corresponding author upon reasonable request. 

INFORMED CONSENT STATEMENT 

All authors and institutions have confirmed this manuscript 
for publication. 

Submitted: September 23, 2024 CST. Accepted: October 22, 
2024 CST. Published: November 18, 2024 CST. 

This is an open-access article distributed under the terms of the Creative Commons Attribution 4.0 International License 

(CCBY-4.0). View this license’s legal deed at http://creativecommons.org/licenses/by/4.0 and legal code at http://creativecom

mons.org/licenses/by/4.0/legalcode for more information. 

Prediction of Shrimp Price Based on WOA-VMD-XGBoost Algorithm and SHAP Model

Israeli Journal of Aquaculture - Bamidgeh 153



REFERENCES 

1. Peng D, Yang Q, Mu Y, Zhang H. The Price 
Difference and Trend Analysis of Yesso Scallop 
(Patinopecten yessoensis) in Changhai County, 
China. Mar Sci Eng. 2021;9:696. doi:10.3390/
jmse9070696 

2. Nam J, Sim S. Forecast accuracy of abalone 
producer prices by shell size in the Republic of Korea: 
Modified Diebold-Mariano tests of selected 
autoregressive models. Aquaculture Economics & 
Management. 2018;22(4):474-489. doi:10.1080/
13657305.2017.1298008 

3. Wang J, Wang X. Analysis and Forecast of Shrimp 
Price Based on SARIMA Model. In: Proceedings of the 
4th Management Science Informatization and Economic 
Innovation Development Conference, MSIEID 2022. ; 
2022. 

4. Hasan MR, Dey MM, Engle CR. Forecasting 
monthly catfish (ictalurus punctatus.) pond bank and 
feed prices. Aquacult Econ Manag. 2019;23:86-110. 

5. Jin B, Xu X. Wholesale price forecasts of green 
grams using the neural network. Asian Journal of 
Economics and Banking. Published online 2024. 
doi:10.1108/AJEB-01-2024-0007 

6. Singh ND, Sarada C, Ramasubramanian V, et al. 
Forecasting of Export Prices of Indian Shrimp: An 
ANN Approach. Forecasting of Export Prices of Indian 
Shrimp: An ANN Approach. Published online 2023. 
doi:10.1177/09722629231186466 

7. Duan Q, Zhang L, Wei F, Xiao X, Wang L. 
Forecasting model and validation for aquatic product 
price based on time series GA-SVR. Trans Chin Soc 
Agric Eng. 2017;33:308-314. 

8. Khiem NM, Takahashi Y, Dong KTP, et al. 
Predicting the price of Vietnamese shrimp products 
exported to the US market using machine learning. 
Fish Sci. 2023;87:411-423. doi:10.1007/
s12562-021-01498-6 

9. Wu J, Hu Y, Wu D, Yang Z. An Aquatic Product 
Price Forecast Model Using VMD-IBES-LSTM Hybrid 
Approach. Agriculture. 2022;12:1185. doi:10.3390/
agriculture12091185 

10. Carbó MJ, Gorjón S. Determinants of the price of 
bitcoin: An analysis with machine learning and 
interpretability techniques. International Review of 
Economics and Finance. 2024;92:123-140. 
doi:10.1016/j.iref.2024.01.070 

11. Sayed IG, Latif EAIE, Darwish A, et al. An 
optimized and interpretable carbon price prediction: 
Explainable deep learning model. Chaos, Solitons and 
Fractals: the interdisciplinary journal of Nonlinear 
Science, and Nonequilibrium and Complex Phenomena. 
2024;188115533-115533:115533-115533. 

12. Deng S, Su J, Zhu Y, et al. Forecasting carbon 
price trends based on an interpretable light gradient 
boosting machine and Bayesian optimization. Expert 
Systems with Applications. 2024;242:122502. 
doi:10.1016/j.eswa.2023.122502 

13. Khiem NM, Takahashi Y, Yasuma H, Dong KTP, 
Hai TN, Kimura N. A novel machine learning 
approach to predict the export price of seafood 
products based on competitive information: The case 
of the export of vietnamese shrimp to the us market. 
PLOS ONE. 2022;17(9):1-20. doi:10.1371/
journal.pone.0275290. PMID:36174038 

14. Yun KK, Yoon SW, Won D. Prediction of stock 
price direction using a hybrid GA-XGBoost algorithm 
with a three-stage feature engineering process. Expert 
Systems with Applications. 2021;186:115716. 
doi:10.1016/j.eswa.2021.115716 

15. Han Y, Kim J, Enke D. A machine learning trading 
system for the stock market based on N-period Min-
Max labeling using XGBoost. Expert Systems with 
Applications. 2023;211:118581. doi:10.1016/
j.eswa.2022.118581 

16. Mirjalili S, Lewis A. The whale optimization 
algorithm. Adv Eng Softw. 2016;95:51-67. doi:10.1016/
j.advengsoft.2016.01.008 

17. Zhang Y, Pan G, Chen B, Han J, Zhao Y, Zhang C. 
Short-term wind speed prediction model based on 
GA-ANN improved by VMD. Renew Energy. 
2020;156:1373-1388. doi:10.1016/
j.renene.2020.04.017 

18. Jiang J, Li T, Chang C, Yang C, Liao L. Fault 
diagnosis method for lithium-ion batteries in electric 
vehicles based on isolated forest algorithm. Energy 
Storage. 2022;50:104177. doi:10.1016/
j.est.2022.104177 

19. Dragomiretskiy K, Zosso D. Variational mode 
decomposition. IEEE Trans Signal Process. 
2013;62:531-544. doi:10.1109/TSP.2013.2231112 

Prediction of Shrimp Price Based on WOA-VMD-XGBoost Algorithm and SHAP Model

Israeli Journal of Aquaculture - Bamidgeh 154

https://doi.org/10.3390/jmse9070696
https://doi.org/10.3390/jmse9070696
https://doi.org/10.1080/13657305.2017.1298008
https://doi.org/10.1080/13657305.2017.1298008
https://doi.org/10.1108/AJEB-01-2024-0007
https://doi.org/10.1177/09722629231186466
https://doi.org/10.1007/s12562-021-01498-6
https://doi.org/10.1007/s12562-021-01498-6
https://doi.org/10.3390/agriculture12091185
https://doi.org/10.3390/agriculture12091185
https://doi.org/10.1016/j.iref.2024.01.070
https://doi.org/10.1016/j.eswa.2023.122502
https://doi.org/10.1371/journal.pone.0275290
https://doi.org/10.1371/journal.pone.0275290
https://doi.org/10.1016/j.eswa.2021.115716
https://doi.org/10.1016/j.eswa.2022.118581
https://doi.org/10.1016/j.eswa.2022.118581
https://doi.org/10.1016/j.advengsoft.2016.01.008
https://doi.org/10.1016/j.advengsoft.2016.01.008
https://doi.org/10.1016/j.renene.2020.04.017
https://doi.org/10.1016/j.renene.2020.04.017
https://doi.org/10.1016/j.est.2022.104177
https://doi.org/10.1016/j.est.2022.104177
https://doi.org/10.1109/TSP.2013.2231112


20. Dhanya L, Chitra R. A Novel Autoencoder Based 
Feature Independent Ga Optimised Xgboost Classifier 
for Iomt Malware Detection. Expert Systems with 
Applications. Published online 2023:121618. 
doi:10.1016/j.eswa.2023.121618 

21. Hamzaoui M, Aoueileyine MOE, Romdhani L, 
Bouallegue R. Optimizing XGBoost Performance for 
Fish Weight Prediction through Parameter Pre-
Selection. Fishes. 2023;8(10):505. doi:10.3390/
fishes8100505 

22. Chen T, Guestrin C. Xgboost: a scalable tree 
boosting system. In: Proceedings of the 22nd Acm 
Sigkdd International Conference on Knowledge 
Discovery and Data Mining. Google Scholar; 
2016:785-794. doi:10.1145/2939672.2939785 

23. Lundberg SM, Lee SI. A unified approach to 
interpreting model predictions. In: Proceedings of the 
Advances in Neural Information Processing Systems. ; 
2021:4765-4774. 

24. Yu M, Niu D, Gao T, et al. A novel framework for 
ultra-short-term interval wind power prediction 
based on RF-WOA-VMD and BiGRU optimized by the 
attention mechanism. Energy. 2023;269:126738. 
doi:10.1016/j.energy.2023.126738 

25. Martin P, David EG, Erick CP. BOA: the Bayesian 
optimization algorithm. In: Proceedings of the Genetic 
and Evolutionary Computation Conference GECCO-99. 
Vol 1. ; 1999. 

26. Shi R, Xu X, Li J, Li Y. Prediction and analysis of 
train arrival delay based on XGBoost and Bayesian 
optimization. Applied Soft Computing. 
2021;109:107538. doi:10.1016/j.asoc.2021.107538 

27. Wong TT. Performance evaluation of classification 
algorithms by k-fold and leave-one-out cross 
validation. Pattern Recognition. 
2015;48(9):2839-2846. doi:10.1016/
j.patcog.2015.03.009 

28. Wu Z. Evaluation of Provincial Economic 
Resilience in China Based on the TOPSIS-XGBoost-
SHAP Model. Journal of Mathematics. 2023;2023. 
doi:10.1155/2023/6652800 

29. Sun X, Wang H, Mei S. Explainable highway 
performance degradation prediction model based on 
LSTM. Advanced Engineering Informatics. Published 
online 2024:61102539. doi:10.1016/j.aei.2024.102539 

Prediction of Shrimp Price Based on WOA-VMD-XGBoost Algorithm and SHAP Model

Israeli Journal of Aquaculture - Bamidgeh 155

https://doi.org/10.1016/j.eswa.2023.121618
https://doi.org/10.3390/fishes8100505
https://doi.org/10.3390/fishes8100505
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.1016/j.energy.2023.126738
https://doi.org/10.1016/j.asoc.2021.107538
https://doi.org/10.1016/j.patcog.2015.03.009
https://doi.org/10.1016/j.patcog.2015.03.009
https://doi.org/10.1155/2023/6652800
https://doi.org/10.1016/j.aei.2024.102539

	Prediction of Shrimp Price Based on WOA-VMD-XGBoost Algorithm and SHAP Model
	1. Introduction
	2. Materials and Methods
	2.1. Principle of WOA algorithm
	2.1.1. Siege
	2.1.2. Bubble Attack
	2.1.3. Search

	2.2. Principle of VMD
	2.3. Principle of XGBoost Algorithm
	2.4. SHAP model
	2.5. Shrimp price prediction model

	3. Results
	3.1. Data source
	3.2. WOA-VMD Results
	3.3. Model Predictive Performance Analysis
	3.4. Model robustness analysis
	3.4.1. K-fold cross-validation
	3.4.2. Learning Curve
	3.4.3. Detection of different datasets

	3.5. SHAP model Analysis

	4. Conclusions
	Authors’ Contribution
	CONFLICT OF INTEREST
	Funding
	Data Availability Statement
	Informed Consent Statement

	References


