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Previous machine learning models usually faced the problem of poor performance,
especially for aquatic product supply chains. In this study, we proposed a coupling
machine learning model Shapely value-based to predict the CCL demand of
aquatic products (CCLD-AP). We first select the key impact indicators through
the gray correlation degree and finally determine the indicator system. Secondly,
gray prediction, principal component regression analysis prediction, and BP
neural network models are constructed from the perspective of time series, linear
regression and nonlinear, combined with three single forecasts, a combined
forecasting model is constructed, the error analysis of all prediction model results
shows that the combined prediction results are more accurate. Finally, the trend
extrapolation method and time series are combined to predict the independent
variable influencing factor value and the CCLD-AP from 2023 to 2027. Our study
can provide a reference for the progress of CCLD-AP in ports and their hinterland
cities.

machine learning model, Shapely value, trend extrapolation, aquatic product, single
forecast

1. Introduction

In modern society, people’s concept of consumption has changed greatly. Due to the need
for bodily nutrients, aquatic products have become indispensable foodstuffs in daily life (Kim
etal, 2016). According to the principle of supply and demand balance, the output of aquatic
products must be increased and the quality of the cold chain must be improved, so the
requirements of cold chain logistics (CCL) service also needs to be improved (Abimannan
et al., 2023). China’s cold chain infrastructure is not perfect, the per capita capacity of cold
storage is also small, and the number of cold storage enterprises is unevenly distributed. Even
in regions with a more developed logistics industry, the cold chain transport process is prone
to a “broken chain” phenomenon, which leads to spoilage, leading to a decline in circulation
rate. Therefore, in order to balance the supply, a more comprehensive understanding of the
aquatic CCL system and accurate prediction of the demand side of the CCL can ensure that
the national aquatic products maintain the supply (Abada and Vijay, 2005; Liu and
Yang, 2018).

Many pieces of existing research have been carried out in order to help reduce costs. For
example, Kwanho Kim et al. reduced the spoilage rate of food in the CCL circulation and
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increased the circulation rate; appropriate packaging and advanced
infrastructure should be selected to reduce waste (Kim et al., 2016).
Abimbola Odumosu et al. proposed that in order to establish an
effective and secure information network, the application of
information technology will reduce costs, reduce unnecessary
supply chain processes, and achieve the goal of efficiency
(Abimannan et al., 2023). Maria Cefola et al. proposed that the
important factor affecting the freshness of products is the
technology of the cold chain. In modern society, advanced
technology can accelerate production, shorten transportation time,
reduce spoilage rate, and thus make the logistics cost reach the ideal
value (Cefola et al., 2016). Considering the CCL technology,
Forcinio put forward the temperature on this basis to specify the
suitable temperature for the transportation and storage of fresh
products, so as to ensure quality (Abad et al., 2009). Li Guie uses
WSM technology (realized by FPGA) through Internet of Things
technology to conduct temperature detection and remote tracking
for cold chain transportation (Zheng et al., 2020).

Machine learning models are widely used for predicting
respective objectives. Jian-Jun Zhou predicted railway freight
volume in 2013 and established a model using time series and
regression (Yang, 2020). Tarantis and Kiranoudis forecast the
aviation demand and created a gray prediction model (Tarantilis
and Kiranoudis, 2002). Wang and Bessler predicted the demand for
meat products and created a vector autoregressive prediction model
(Wang and Bessler, 2002). Fite et al. used the method of linear
regression to forecast and analyze the demand for freight volume
(Taylor et al., 2001). Yun et al. established BP neural network to
forecast the freight volume, and compared it to the linear model,
finding that linearity is more accurate (Yun et al., 1998). Zhang also
uses BP neural network to compare the linear regression prediction
and summarize the combination model of the neural network
model and gray model to predict and systematically analyze the
railway CCL (Han et al., 2020). Shahrzad Gharabaghi proposed a
nonlinear model to deal with water demand by grouping methods,
and predicted the water demand of Guelph, Canada (Gharabaghi
etal,, 2019). Roman Portabales Ant6n et al. used an artificial neural
network to forecast power demand (Anton et al.,, 2021). CasadoVara
Roberto et al. predicted the network traffic demand through the
distributed asynchronous training LSTM neural network (Casado-
Vara etal., 2021). Alasali Feras et al. developed demand forecasting
based on a time series decomposition process by eliminating the
correlation, trend, and seasonality of time series (Alasali
et al., 2021).

The CCL of aquatic products is different from ordinary logistics.
It has strict requirements on temperature, humidity, packaging,
loading, and unloading, which greatly determines the quality and
safety of aquatic products (Zhang et al., 1648). Compared with
other countries, China’s CCL management level and technology are
in an early stage (Zhi et al., 2020). Cheng-wang studied and
established a fresh product supply chain optimization model,
determined the best investment level for cold chain construction,
and suggested that the government should encourage consumers to
improve food safety awareness to promote cold chain investment
(Cheng, 2022). Alex Augusto and Franco Blaha proposed to pay
attention to the quality of aquatic products, control the temperature,
and elaborate (Julia et al., 2016). Karim studied herring and cod and
proposed to pay attention to the role of refrigeration technology in
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CCL (Karim et al., 2011). Hofman proposed to apply information
technology to the fishery field and promote the development of
fishery enterprises (Hofman, 2000).

Although many studies use machine learning models to predict
the demand for CCL or seafood, there are few studies into the actual
demand for CCL (Xiaofeng et al., 2023). In addition, most scholars
currently use a single machine learning model to predict the
demand, but the accuracy of a single model can no longer meet the
development needs of the CCL industry, and it is urgent to use a
machine learning coupling model to overcome this deficiency (Guo
and Wang, 2012).

Therefore, we first conduct a qualitative analysis of political,
economic, social and technological (PEST), obtain the initial
indicators, use gray correlation degree to screen indicators, and build
an indicator system, then compare and analyze the advantages and
disadvantages of each prediction method and establish a model.
Second, the GM (1,1) model, the principal component regression
(PCR) prediction model, and the BP neural network prediction
model are used to analyze and predict, and the combined prediction
model is built according to the Shapley value; the weight is calculated
according to the principle of large errors having small weight, and the
prediction model is compared. Finally, the trend extrapolation
method is combined with the gray prediction model to predict the
factors affecting the aquatic cold chain in the next 5 years, and the
model with higher accuracy is selected to predict the logistics demand
in the next 5 years. The motivation to select the above three machine
learning methods is that they have been proven to be the most robust
and reasonable in previous studies for predicting CCL (Hofman,
2000; Guo and Wang, 2012; Guowei et al., 2023; Xiaofeng et al., 2023),
and it is convenient to compare our method with those previous.

What is different from prior studies includes that we: (1) select
the factors that affect the logistics demand of an aquatic products
cold chain from different dimensions, calculate the gray correlation
degree of the initial indicators, and determine the final indicator
system; (2) select the combination forecast for quantitative analysis,
use Shapley value to calculate the weight of different single forecast
models, consider the time series change of aquatic products cold
chain logistics demand, and the possible linear and nonlinear
relationship between the impact indicators and demand, select the
gray forecast model, principal component regression forecast
model, and BP neural network forecast model. The main
contributions of this paper include: (1) Gray prediction, principal
component regression analysis prediction, and BP neural network
model are constructed from the perspective of time series, linear
regression, and nonlinear, and the advantages of three single
predictions are combined to make the model prediction more
comprehensive. Combined with three single forecasts, a combined
forecast model is built to make the forecast more accurate; (2)
According to the prediction results, from the perspective of
economy and supply, logistics capacity, human factors, and cold
chain technology, this paper analyzes the deficiencies in the
development of cold chain logistics of aquatic products in port
cities and puts forward corresponding development suggestions.

Our study is organized as follows. In section 2, we introduce
our main methods. Details of our results, followed by their
discussion, are presented in section 3. Our main conclusions and
limitations are shown in section 4. The workflow of the study is
shown in Figure 1.

frontiersin.org


https://doi.org/10.3389/fevo.2023.1160684
https://www.frontiersin.org/journals/ecology-and-evolution
https://www.frontiersin.org

Su and Huang

10.3389/fevo.2023.1160684

| — GM(Ll)
[ : - : Coupli ||
: Grey Construction Construction of index Demand- ng |!
| correlation | ofindex [ system and demand- | foresting [+ PMR tinde] E
i degree system forecasting model model :
: —{ BPNN |
B e e s e e e e o e e e e e e e e T e o | I
3
Comparison and
analysis of results
A
| B
GM(1,1) PMR BPNN Corpe
model
( J
Y
Foresting of future
conditions
FIGURE 1
Workflow of study.
2. Relevant teChnOlOgieS Restore forecast to:
21.GM (L.1) X (0)(r+1)=x (1)(e+1) - X (1)(1) =(1- ea)(X(O)(l) —%je_a’
Assuming original series ®)

x© :[x(o)(1),x(0)(2),...,x(0)(n)],x(0)(t)2 0.0=1,2,....n . The

original sequence X M s generated into a new sequence by weighted
critical value, and the following result is obtained:

X(l):[x(])(1),x(])(2),...,x(1)(n)},t:1,2,...,n )

200 =V +(1-0)V(e-1)=12..n (@)

Gray differential equation of series:

d(0)+oz(1)(1) =y 3)

Where 0 and y are coeflicients, they are calculated by the least
square method. The time response function can be obtained by solving
the model:

)A((l)(t+1):{x(0)(1)—%}e_5’+%,t:1,2,...,n @)
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The predicted value is calculated from the above calculation
results, and then the development gray number and residual test are
carried out for the predicted value. The residual test is as follows:

E(0)(1) =+ (1)~ X (0)(1) ©

{0 ()-x(0)(1)

g(t): X(O)(t) n=12...n (7)
1-0.50
pR)=1-15*0 ®

Where E (O)(i ) is absolute error; & (t) is relative residual error,
when the absolute value of ¢ (t) is less than 0.2, the results passed the
test, if it <0.1, the results are highly confident; p(k) is grade ratio
deviation, if the absolute value of p(k) is less than 0.1, the results are
highly confident.
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2.2. BP neural network model

A BP (back-propogation) neural network is a hierarchical
network system, which consists of three parts, including an input
layer, a hidden layer, and an output layer (Guowei et al., 2023). In
the process of learning, information can be transmitted in the
forward direction while error can be transmitted in the reverse
direction, and each layer can also be interconnected with each
other. The acceptance of information can be determined by the
connection weight of the network (Wan and Yu, 2023). The
specific workflow is: the neurons in the input layer acquire the
signal from the outside and receive it, and then transmit it to the
hidden layer. The intermediate layer processes and converts the
signal, then the signal is processed and transmitted to the output
layer, and finally, the output layer gives the output result. At this
time, a complete forward propagation is completed, but there will
be errors between the output result and the actual value; so start
to carry out back-propagation, the error is transferred from the
output layer to the hidden layer, and then returned to the input
layer for level-by-level correction (Zhang et al., 2021). The
repeated application of this process can continuously reduce the
error, and finally, produce an output value with relatively little
error. A BP neural network also contains hidden layer nodes, and
it needs to select one layer or two layers, or multiple layers
according to its own data, and there is no coupling relationship
between nodes at the same layer (Wang et al, 2022). The
following figure shows the structure of a three-layer BP
neural network.

2.3. Principle multiple linear regression
model

Principal component analysis is used for dimensionality
reduction. This article constructs an indicator system through
principal component analysis. First, the original data is standardized.
Second, the correlation coefficient matrix, eigenvalues, eigenvectors,
and variance contribution rate are calculated, and eigenvalues>80%
selected. Finally, the component matrix is obtained, and the matrix is
normalized and orthogonal. The principal component expression is
shown in equation (9):

F=ZX\+ZXy+...+ ZX9g 9)

Through multiple linear regression between the principal
component F and the normalized Y, we can obtain:

ZY = Ff +...+ o (10)

After standardized processing:

Y =BiX1+ BoXo+...+ By (11)

We finally can get the forest.
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2.4. Coupling forecasting model based on
Shapley value (coupling model)

Each model has its own applicable conditions and advantages and
disadvantages. For the same forecasting demand, there are differences
in accuracy (Wang et al., 2021). Therefore, combined forecasting
becomes a good method because it can integrate the advantages of
each forecasting model and try to avoid situations with large errors,
so as to improve the overall accuracy and improve the forecasting
effect (QHwan et al., 2023). The combination forecasting model in this
paper mainly applies the linear combination method to calculate the
weight of each model method, and it should be weighted according to
the prediction error. The larger the error, the smaller the weight should
be. This method can improve the accuracy of the forecasting model
(Anderson et al., 2023; Meng et al., 2023).

The method used in this paper to calculate the weight is the
Shapley value method, which is first used to solve the problem of
benefit distribution, which can better achieve balanced distribution
and reasonable distribution according to their respective contributions
so that all members can achieve the most satisfaction. Shapley value
error distribution formula is:

E,,=z w|S|(E(s)—E(s)\i),i=1,2,...,n (12)
SesS,;

Where w|S | = w , which is the marginal
contribution rate of portfolionr!nembers, iis ith model, E, is allocation
error, s represents containing combinations of forecast models, |s| is
the number of single prediction models in the combination, s\i is
the models excluding i in s, n is the number of prediction models in
combination. And then, the weight is calculated as follows:

(13)

Where E is sharing the value of total error in combined
forecasting, g is the weight of each single forecast model.

After the weights are calculated through the above steps, the
combined forecasting model is established:

N=mlj+mlr+uwls; (14)
Where Y; is predictive value in jth time, g is weight number of
GM(L,1), tr is the weight number of the PMR model, 3 is the
proportion of the BP neural network (BPNN) model, ¥; j is predictive
value in the jth year in GM(1,1), Y3 is predictive value in the jth year
in the PMR model, ¥3; is predictive value in the jth year in the
BPNN model.

3. Data description

The data in this paper are directly quoted or indirectly calculated
according to the data of Yantai Port and its direct hinterland cities in
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TABLE 1 Gray relational degree of the cold chain.

10.3389/fevo.2023.1160684

Item Relational degree Rank
Annual output of aquatic products/10,000 tons 0.83 7
Per capita GDP/10,000 yuan 0.91 3
Proportion of tertiary industry structure 0.89 6
Population/10,000 0.82 8
Per capita disposable income/10,000 yuan 0.90 5
Per capita consumption expenditure/10,000 yuan 0.90 4
Consumer price index of aquatic products 0.81 9
Freight volume/10,000 tons 0.93 1
Freight turnover/10,000 tons 0.64 12
CCL circulation rate/% 0.92 10
Port cargo throughput/10,000 tons 0.65 2
Cold storage capacity/10,000 tons 11

TABLE 2 Indices system.

First-level indicators Second-level indicators

Economic environment GDP per capita

Proportion of tertiary industry structure

Consumer price index of aquatic products

Human factors Per capita disposable income

Per capita consumption expenditure

Population size

Logistics capability The volume of freight transport

Port cargo throughput

Product supply Annual output of aquatic products

relevant websites such as Yantai Statistical Yearbook, Yantai City
Economic and Social Development Statistical Bulletin, China CCL
Development Report, China Logistics Development Report, China
Logistics Yearbook, etc. from 2010 to 2022, and due to the lack of
some data, The method used in this paper is to use SPSS software to
select the function of data substitution to fill in the missing values. In
addition, since China’s CCL has had official statistics since 2010, the
time period selected in this paper is 2010-2022.

Considering that the demand for CCL of aquatic products in all
kinds of statistical reports refers to the scalar, the demand for CCL of
aquatic products selected in this paper refers to the consumption of
permanent residents in the immediate hinterland. Considering that
the main consumers of aquatic products in Yantai Port and the
hinterland cities are permanent residents, comprehensive data is
available, Therefore, this paper uses (per capita consumption of
aquatic products by urban residents * per capita consumption of
aquatic products by urban residents + per capita consumption of
aquatic products by rural residents * per capita consumption of
aquatic products by rural residents) as the CCL demand of aquatic
products for the permanent residents in Yantai Port and its hinterland.

The indicators of non-quantifiable influencing factors include
personnel quality, government macro-policies, and regional
advantages, technology. The quantifiable influencing factors include
the economic environment, per capita GDP, the proportion of the
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tertiary industry structure, per capita disposable income, the
consumer price index of aquatic products, logistics capacity, freight
volume, freight turnover, port cargo throughput, human factors, per
capita consumption expenditure, population, supply factors, cold
chain technology, cold storage capacity, and CCL circulation efficiency.

In order to make the selected indicators have a relatively obvious
impact on the logistics demand of aquatic products cold chain, the
above quantifiable indicators and non-quantifiable indicators are first
analyzed by gray relational analysis to get Table 1.

Because the value of the correlation degree is above [0.1], and the
value of the correlation degree is closer to 1, the greater the influence
of the dependent variable is High; selected indicators are usually
greater than 0.8. From Table 1, we can see that there are 9 indicators
greater than 0.8 among the 12 indicators, so we select these 9
indicators as the influencing factors to explore in this paper.

4. Results and discussion
4.1. Construction of indices system

Each factor can affect the CCL demand. When a factor changes, the
CCL demand will change accordingly. At the same time, when the CCL
demand changes, it will also affect some factors. Therefore, the impact
factors and the demand for aquatic products are bidirectional and
interactive. The correlation degree can also reflect the correlation of
variables. Because many factors will have an impact on the CCL demand,
it is not comprehensive to predict it based on a single variable, so it is
important to predict the CCL demand based on all selected independent
variables. Therefore, this paper constructs the influencing factor system
of CCL demand through the combination of qualitative and quantitative
methods, that is, the selection index system, as shown in Table 2.

The above indicator sets are named as follows: GDP per capita is
X, the proportion of tertiary industry structure is X,, the per capita
disposable income is X, the per capita consumption expenditure is X,,
the consumer price index of aquatic products is Xs, the freight volume
is X, the port cargo throughput is X;, the annual output of aquatic
products is Xg, and the population is X,. The original data of each
influencing factor index is shown in Table 3 below.
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4.2. Performance of models

GM(1,1) model construction results are shown in Table 4. We can
see that by developing coefficient 0 , posterior difference ratio C value
and gray action y are obtained, posterior difference ratio C
0.34 <0.35, which means that the performance of GM(1,1) is relatively
good. We finally get the gray prediction model shown in equation (15).

X (141)=(18.1+806.1)exp” ¥ -806.1  (15)

According to the gray prediction model, we can obtain the
predictive value after inputting the original data (Figure 2).

TABLE 3 Data description of influence factors.

Year X; Xo X5 X5 Xs Xe X; Xg X

2010 7.4 459 | 24 | 1.7 | 1032 | 41,620 41,235 346 | 1,470
2011 8.6 462 29 | 1.8 | 1209 @ 44,660 45331 351 | 1,420
2012 9.4 469 | 32 | 2.0 | 1072 @ 47,780 47,823 399 | 1,430
2013 10.1 | 481 | 3.3 | 24 | 101.0 | 51,600 | 50,012 & 40.1 & 1412
2014 106 | 493 31 24  107.0 | 51,003 54,112 | 40.8 & 1,430
2015 112 | 523 29 25 99.1 51,200 = 55,003 = 40.9 | 1,440
2016 116 | 542 28 19 1074 53,654 54,005  39.5 1,443
2017 121 | 583 35 2.0 | 1039 | 52,489 55016 & 323 1,410
2018 123 | 589 36 29 1046 52,993 50,012 | 32.6 1,383
2019 8.9 641 36 28 96.8 53,641 = 50,012 = 26.3 | 1,385
2020 105 | 645 28 2.6 | 1002 | 59,332 49,552 | 28.6 @ 1,387
2021 112 | 656 29 29 99.8 53,241 | 50,078 @ 29.1 | 1,400
2022 103 | 682 3.0 28 98.6 | 54,853 51,002 | 289 | 1,456

10.3389/fevo.2023.1160684

We use the historical data from 2010 to 2022 and analyze the
demand from 2010 to 2022 in combination with the influencing
factors mentioned above. The group data is divided into two groups,
the first 8 groups are used as training data, and the last 3 groups are
test data for fitting analysis. First, we will introduce the raw data,
take the influencing factors as the input samples, take the
consumption as the output data, and normalize the raw data.
Through 10-fold cross-validation and network search test, it can
be determined that when the learning efficiency is 0.1 and the
maximum number of iterations is 60, the model effect reaches the
best. The network structure obtained is: there are 12 neurons in the
input layer, 1 neuron in the output layer, and the number of nodes
in the middle two hidden layers is 8 and 5, respectively. The fitting
effect is shown in Figure 3.

In a comprehensive way, the research results of CCL demand
forecast of aquatic products from 2010 to 2022 are analyzed, as shown
in Table 4.

We can see from Table 4 that the total error sharing value of the
combined forecasting model is 1.2, model set of combined forecasting
I={1, 2, 3}. According to Shapley’s relevant theory and formula, the
subset error of the combined model is shown in Table 5.

According to equation (12), the error amount shared by each
model in the combined forecast is 0.4,0.58,0.65, respectively. The
weight is 0.38,0.32,0.30, respectively. Thus it can be seen,

1 + o + u3 =1, because the average absolute error of GM (1,1) is
the smallest, the weight should be the largest, and the average
absolute error of the BP neural network is the largest, so the weight
should be the smallest, which is also consistent with the specific
performance of Shapley value. The above weight is substituted into
equation (14), and the formula of the combined prediction model is
as follows:

Y; =0.38%;+0.32Y,;+0.30%3; (16)

TABLE 4 Comparison between the predicted value and absolute error of a single prediction model.

Actual GM(1,1) PMR BPNN
value
Forecast Absolute Forecast Absolute Forecast Absolute
error error error

2010 18.1 18.0 0.000 18.990 0.890 14.120 3.980
2011 18.9 19.0 0.100 19.430 0.530 20.321 1.421
2012 19.89 20.12 0.230 20.152 0.262 22,659 2.769
2013 21.89 20.88 1.010 23.156 1.266 24.656 2.766
2014 25.2 25.3 0.100 24.120 1.080 25.468 0.268
2015 265 25.64 0.860 25.732 0.768 25.665 0.835
2016 25.69 26.12 0.430 24.881 0.809 26.325 0.635
2017 26.4 26.3 0.100 24.562 1.838 28.269 1.869
2018 25.98 24.85 1.130 24.135 1.845 26.592 0.612
2019 26.99 27.1 0.110 24.129 2.861 27.459 0.469
2020 273 263 1.000 23.896 3.404 25.669 1.631
2021 27.45 26.89 0.560 23.819 3.631 26.391 1.059
2022 26.56 25.68 0.880 24.219 2.341 27.256 0.696
Average 0.5 17 1.5
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FIGURE 2
Fitting diagram of principal component regression prediction.
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FIGURE 3
Fitting diagram of BP neural network.

Thus, we can obtain the predictive value for the combined model
Shapely-based in Figure 4.

From the perspective of the consumption of aquatic products
from 2010 to 2022, there will be a significant decline in 2020.
We believe that the impact of COVID-19 will be greater in 2020. At
the beginning of 2020, because of the epidemic, Chinese consumers
began to isolate themselves at home, and even daily necessities such
as vegetables were purchased by community volunteers, so the
demand for aquatic products decreased. In the later stage, cold-chain
food or packaging was frequently detected positive for nucleic acid,
and Yantai also had local cases due to cold-chain, which undoubtedly
affected people’s purchase of cold-chain products, resulting in a
downward trend in the actual demand for aquatic products in 2020.
As can be seen from Figure 5, the predicted value will show an upward
trend in 2020. This is because the prediction is based on most data
trends, and the impact of this public health emergency cannot
be considered, so the error generated is relatively large.

We compared the absolute error and relative error of three single
prediction models and combined prediction models, and the details
are presented in Figure 5.

The results of each prediction model are different. Compared
with the results of a single prediction model, it is found that the
average relative error of BP neural network prediction is the largest.
The author believes that BP neural network needs a lot of data.
According to the availability of data, this paper can only select data
from 2010 to 2022, so the data volume is relatively small and there
is a large error; the smallest error is from the GM (1,1) model.
Comparing the combined forecast with the single forecast result, it
is found that the average relative error of the combined forecast
result is the smallest, which also confirms the advantages of the
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combined forecast model, because it can combine the advantages of
each model to correct the larger error, making the forecast result
more stable. According to the average absolute error of the
prediction value, it can also be seen that the prediction result in a
single prediction model is greater than the prediction result error
of the combined prediction. To sum up, each model has advantages
and disadvantages. The combined forecasting model can give full
play to their advantages, avoid disadvantages, reduce errors, and
make the forecasting results more accurate.

4.3. Future tendency predictions

According to GM (1,1) prediction, combined with trend
extrapolation, the independent variables are predicted. First, take
2010-2022 as the self-measure, take each influencing factor as the
dependent variable, establish the model, carry out curve fitting, find
out the method to determine the maximum square of the coefficient,
write the curve fitting expression, and calculate the result. We compare
the predicted value with the actual value and select the predicted value
with the minimum average relative error. Combined with the
characteristics of each influencing factor, the relative error of the
predicted value of 2010-2022 is obtained, as shown in Table 6.

It can be seen from Table 6 that the average relative error of each
influencing factor index is small, so the data is meaningful and the
model is applicable. The average relative error of X1 is the largest, and
the GM (1,1) model is used. Considering the practical significance of
the influencing factors, the trend extrapolation method is used for
curve fitting, although the error is small, it is predicted that X1 will
have a negative value in 2023-2027, so this model is abandoned and
the GM (1,1) model is selected. Use this method to predict each
influencing factor index in 2023-2027. The predicted values are shown
in Table 7.

The predicted values of the factors affecting the demand for CCL
of aquatic products in Table 7 are substituted into three single
prediction models and combined prediction models respectively, and
the results are shown in Figure 6.

We have carried out a correlation analysis on the forecast value of
2023-2027, and also selected the demand as the reference sequence.
The comparison index is the X, —X, we explored above. Table 8 shows
the gray correlation between the demand for aquatic CCL in Yantai
from 2023 to 2027 and each index.

According to the prediction results (Figure 6), the CCL demand
for aquatic products is gradually increasing, which also indicates that
the CCL is further developing.

To sum up, it can be seen that the correlation degree of X, cargo
volume in 2010-2022 is the same as that in 2023-2027, both ranking
first, which indicates that this indicator is the most important factor
affecting the logistics demand of Yantai aquatic products cold chain.
In the next few years, the X, third industrial structure proportion
ranks second in terms of relevance. According to historical data, the
third industrial structure proportion ranks sixth, and the ranking has
improved. The third industrial structure has also increased from
64.4% in 2020 to 72.6% in 2027, with a growth rate of 12.7%. This
indicates that the gradual increase of the third industrial structure
proportion in the future will drive the demand for CCL of Yantai
aquatic products and promote the economic development of Yantai,
the increase in demand for CCL of aquatic products will also adjust
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TABLE 5 Subset error of combined prediction model.
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TABLE 6 Relative errors of independent variables (%).

Number Subset Error Year Xi Xo Xz Xa X5 X X5 Xg Xo
1 (1} 1.56 2010 0 | 095 345 0 | 636 026 159 489 001
2 (2} 1.75 2011 1365 062 088 756 1066 117 | 069 356 | 032
3 (3} 1.8 2012 526 | 048 625 296 056 058 283 636 014
4 (1,2} 1.56 2013 015 | 0.8 | 756 | 918 | 516 | 3.05 | 226 | 646 | 123
5 {1,3} 1.59 2014 3.65 1.09  9.69 @ 4.56 1.65 1.05 @ 2.56 0.25 0.32
6 2,3} 1.70 2015 635 | 005 656 166 621 | 136 182 | 036 | 026
7 {1,2,3} 1.6 2016 899 | 0.84 132 | 126 314 | 293 | 401 26 | 022
2017 1025 1.68 218 318 093 100 423 32 | 019
2018 1065 1.88 395 456 315 062 089 61 | 026
o 2019 2209 181 156 635 326 416 198 756 | 0.36
» 2020 939 | 075 | 256 | 456 | 025 | 256 205 156 0.1
é . 2021 1025 093 326 326 322 | 236 213 | 1128  0.11
E : —original data  —prodictive value 2022 1126 049 156 126 239 169 129 123 | 019
) Average | 839 | 093 41 41 37 18 22 45 | 029
’ 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
year industrial steel. Yantai also has corresponding countermeasures to
FIGURE 4 create a civilized city, so these will have an impact on the GDP. The

Combination prediction fitting diagram.
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FIGURE 5

Comparison of results of the four prediction models. GM (1,1) and
principle regression model (PMR) (A), BP neural network (BPNN), and
coupling model (B).

the structural proportion of the tertiary industry. The development of
modern e-commerce and logistics has driven tertiary industry.

X, GDP per capita has a great impact on the CCL of aquatic
products in the current economic society and the future economic
development, and the ranking of correlation has not changed, both
ranking third. It can be found that the per capita GDP has also been
declining in the past 2 years. According to records, the proportion of
industry in the economic structure of Yantai was very high, but with
the transformation of the economic structure, the government
proposed a new idea of “partial withdrawal, reduction and
improvement, and green development,” and reduced the capacity of
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consumption expenditure per capita of X, ranks fourth. According to
the data, consumption expenditure per capita has been on the rise. The
purchasing power of residents has improved, the number of aquatic
products purchased is more, and the demand for aquatic products is
higher. X; The per capita disposable income dropped from the fifth to
the ninth. The main reason is that when per capita disposable income
reaches a certain level, a further increase will not increase the demand
for aquatic products. After all, aquatic products are not necessities. If
the price of aquatic products rises, it may even reduce the demand
for them.

The X; aquatic product consumer price index shows a downward
trend in the future forecast, and the correlation degree rises from the
9th to the 7th. This indicator refers to that when the retail price of
aquatic products changes, the actual living expenses of residents will
be affected, because as the price rises, the actual living expenses will
inevitably increase, and the corresponding consumer price index will
show a downward trend, which can indirectly reflect the changes in
the price of aquatic products, When the price rises, residents’
willingness to buy decreases, thus reducing demand.

X, annual output of aquatic products. From 2010 to 2014, the
annual output of aquatic products increased year by year. In recent
years, the development of the cold chain has been in an orderly
manner. Farmers seize the opportunity to increase the scale of
production and aquaculture. From 2014 to 2020, the annual output
of aquatic products showed a downward trend. According to the
trend, the output of aquatic products decreased. According to the
principle of supply and demand balance, the price of aquatic
products will increase, which will naturally affect the demand for
aquatic products. The correlation degree of X, population index
increased from 8 to 6, and its impact on the cold chain demand of
aquatic products gradually increased. Therefore, the positive role of
population is increasing.

The correlation degree of cargo throughput of X, port has dropped
from the second to the fifth, with a large range of decline. As a port
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TABLE 7 Predicted values of independent variables 2023-2027.

10.3389/fevo.2023.1160684

Year X1 Xz Xs X4 Xs Xe X7 X Xo
2023 11.36 69.5 4.89 3.29 97.6 55986.59 48952.26 23.55 1348.55
2024 1126 66.5 456 322 96.6 55265.56 48596.65 21.265 1372.56
2025 112 67.5 5.1 312 95.8 59645.26 49586.55 19.56 1376.56
2026 111 63.5 532 3.29 95.6 63256.25 50526.32 18.62 1388.29
2027 12.6 66.6 4.99 35 99.5 65696.56 53265.26 18.44 1409.56
we only combined the traditional model (gray model, principle
¥ maMLY arvr NN @coupling model component regression model, and BP neural network model) through
v _ the Shapely value, which is a relatively easy process compared to
> Zhang’s, and the accuracy of our method is a little higher than Zhang’s
gn (98% vs. 97.5%).
Eis
- 10
. 4.5. Limitations
0 —
2023 2024 2025 2026 2027 . . . .
From the economic perspective, the per capita GDP of Yantai Port
FIGURE 6 and its immediate hinterland has shown a downward trend in the past
Comparison of forecast results of aquatic product CCL demand in 2 years, the economic development speed has slowed down, and the
2023-2027. annual output of aquatic products has also shown a downward trend

city, Yantai must consider the cargo handling capacity of the port,
expand the port transport scale, improve transport efficiency, and
reduce losses and waste.

As far as the current development is concerned, the support of the
national and provincial governments has a strong supporting role in
the development of CCL. The improvement of various transportation
and other infrastructure will also greatly promote local development
in the future. Under the existing conditions, we should give full play
to the greatest advantages of existing resources and try to improve the
deficiencies. Yantai CCL will continue to develop rapidly.

4.4. A comparison with others

In order to verify the robustness of the coupling model
we proposed, we compared the results of our method with that of
other machine learning methods in cold chain demand, details see
Table 9.

As shown in Table 9, our method, i.e., coupling model Shapely
value-based, can improve substantially the accuracy in predictions of
CCL. For example, Ren et al. (Wei and Saha, 2022) used the gray
model GM (1, N) with fractional order accumulation to forecast
future agricultural CCL demand in Beijing, Tianjin, and Hebei, they
found that agricultural cold chain demand in Beijing and Hebei will
grow sustainably in 2021-2025, while the trend in Tianjin remains
stable. However, the methods still need to be improved compared to
our methods, our methods may provide a reference for improving
accuracy. The accuracy of our method is approximate to the results of
Zhang (2019), who proposed an optimized BP neural network to
predict aquatic product export volume with a low error of 2.5%.
Which means that our method is highly robust. Notably, our method
is more convenient in its application, as in Zhang Yizhuo's study,
complex algorithms were used to optimize the parameters. However,

Frontiers in Ecology and Evolution

09

in the past 2 years. According to the forecast results, the per capita
GDP has shown an upward trend, but the increase is not large, and the
annual output of aquatic products has shown a downward trend
(Nianxin et al., 2022; Mojtaba and Hossein, 2023; Yuanjie et al., 2023).
This shows that the economic development of Yantai Port and its
hinterland city, Yantai City, is slow and the output is declining.

In the logistics capacity, cargo volume and port cargo throughput
play an important role in the development of CCL (Qian et al., 2022).
According to the data from 2010 to 2015, the freight volume showed
a growth trend, and the increase and decrease of the freight volume
from 2015 to 2020 showed an interactive change, and the difference
between 2020 and 2015 was small. The predicted freight volume
increased but only returned to the state before the decline. The port
cargo throughput has not increased in the past 4 years. In general, the
logistics capacity is slightly insufficient (Shen et al., 2022).

From the perspective of humanity, the population has slowed
down in recent years. The population has increased in the forecast, but
it has not reached the number in 2011. This will lead to the loss of
talent to a certain extent, and reduce the number of professionals in
the CCL industry (Ning et al, 2022). Cold chain technology.
According to the original data, the circulation rate of CCL in Yantai
Port and its hinterland cities is relatively low, and there is a large gap
between the circulation rate of CCL and that of the country. The
freezing, cold storage, ice making, and other capabilities need to
be improved (Chen et al., 2022).

Therefore, it should increase the policy support of aquatic
products, increase the annual output of aquatic products, and improve
the economic level of the hinterland; improve port infrastructure
construction, accelerate intelligent construction, increase CCL
capacity, improve the level of information technology, improve the
innovation ability and increase the talent introduction policy, increase
the construction of green energy-saving cold storage, and improve
cold chain technology.

In addition, because the traditional machine learning regression
model has the assumption that the samples are independent and
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TABLE 8 Gray correlation degree between the demand for cold chain and indicators.

Indicators Correlation degree from 2023 Rank Correlation degree from 2010 to
to 2027 2022
X, 0.896 3 0.912 3
X, 0.931 2 0.893 6
Xs 0.604 9 0.896 5
Xy 0.89 4 0.904 4
Xs 0.756 7 0.808 9
Xe 0.965 1 0.931 1
X5 0.879 5 0.920 2
Xy 0.612 8 0.821 7
Xy 0.845 6 0.824 8
TABLE 9 Comparative analysis between our method and others in CCL prediction.
References Method Data Error
Zhang (2019) Improved BP neural network e-commerce supply chain 2.5%
Wei and Saha (2022) Gray model Agricultural CCL demand 4.5%
Wang (2022) Genetic algorithm CCL path optimization 4.0%
Wentao et al. (2023) Multi-sensing technology and machine learning Blueberry freshness prediction 10.0%
algorithm

Hu et al. (2022) Numerical experiments Food CCL 12.5%
Our method Coupling model Shapely value-based Aquatic products 2.0%

irrelevant, it cannot consider the information of the time sequence,
and cannot carry out end-to-end multi-step time series prediction. In
the future, we can introduce the cyclic neural network to solve the
above drawbacks, but the simple cyclic neural network cannot
remember too much information in its history when the time
series is relatively long. A deep learning algorithm based on
Seq2Seq+ Attention is needed to solve the problem of end-to-end time
series multi-step prediction. Specifically, first of all, in terms of data
processing, we can identify historical sales outliers based on Huber
Loss’s linear regression method; Secondly, in the aspect of feature
extraction, commodity embedding vector representation based on
Pearson correlation coefficient; Finally, in terms of prediction
algorithm, a deep learning algorithm based on Seq2Seq + Attention is
proposed to solve the problem of end-to-end time series multi-
step prediction.

5. Conclusion

According to the principle of availability of indicators selected, the
initial indicators are selected, and the indicators with higher impact
on the CCL demand of aquatic products are calculated and selected
by using the gray correlation degree, namely, indicators greater than
0.8. Finally, 9 indicators are selected as the independent variables of
this study, and the indicator system is established. Compare the
prediction model, and select the single prediction model and the
combination prediction model. The single prediction model includes
the gray GM (1,1) model, the prediction model combined with
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principal component and regression analysis, the BPNN model, and
the coupling model is established through the Shapley value method.
The data indicators from 2010 to 2022 are selected for example
analysis, and the final results show that the combined forecasting
accuracy is high. Through the combination of trend extrapolation
method and time series method, the independent variables of 2023-
2027 are predicted. Through the above prediction model, the
combined prediction model is selected to predict the logistics demand
of aquatic products cold chain from 2023 to 2027. The analysis results
show that the predicted logistics demand shows an upward trend, and
the future aquatic products CCL has great power and development
prospects. According to the results and trend analysis, the limitations
of the development of aquatic CCL in Yantai Port and its hinterland
cities are found, and corresponding countermeasures and suggestions
are put forward.
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