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Abstract: Cold chain logistics of Agricultural Products demand forecasting can provide the scientific basis 

for the country to formulate logistics strategy, which further promotes the development of social economy and 

the improvement of living standards in China. In this paper, a new mathematical combined model is proposed 

to Agricultural Products Demand. Shandong, one of a China’s province, serves as the main producer and 

distributor of agricultural products. Based on the index system created from multiple related factors influenc-

ing cold chain logistics demand of agricultural products in Shandong, this paper employs principal component 

analysis to reduce the dimension of various indexes and predicts principal components with time series. There-

after, multiple linear regression model and neural network model were constructed to forecast the cold chain 

logistics demand of agricultural products in Shandong, and their combined forecast models were compared. 

What's more, the paper provides insight for reference and decision-making concerning the development of 

cold chain logistics industry of agricultural products in Shandong province. 

Keywords: cold chain logistics of agricultural products; demand forecast; principal component 
analysis, multiple linear regression, neural network. 
 

1. Introduction 
Nowadays, the change of people's ideas and the prosperous market economy have 

spawned an emerging circulation system of agricultural products, and a market focusing 
on high-quality and efficient agricultural products transportation and benign scale econ-
omy has gradually taken shape. The products transportation, circulation and other links 
of traditional agriculture can no longer satisfy modern market, not to mention people's 
pursuit of quality products. The rapid development of cold chain logistics caters to peo-
ple's mounting demand for eggs, milk, fresh fruits and vegetables, etc., while posing chal-
lenge to China's relatively backward cold chain logistics. As a latecomer, China's cold-
chain logistics of agricultural products develops fast and has made some achievements, 
but still far back on that of developed countries. Therefore, it's imperative to advance its 
development[1]. 

Cold chain logistics of agricultural products can improve the efficiency and quality 
of the whole logistics process from production to sale in Shandong, a main producers and 
consumers of agricultural products, and benefit local farmers, such as increasing farmers' 
income, protecting farmers' interests, and improving the lives of urban and rural resi-
dents. Considering the immature local cold-chain logistics industry, how to accelerate the 
healthy development of cold-chain logistics for agricultural products in Shandong re-
mains an important and urgent issue[2]. 

In recent years, the cold chain logistics of agricultural products has caught the atten-
tion of the state and local governments. Development Plan of Cold Chain Logistics for 
Agricultural Products issued by National Development and Reform Commission has 
made a plan for the development of cold chain logistics for agricultural products in 
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China[3]. The main tasks, key projects, safeguard measures and other policy planning 
concerning China's agricultural cold chain logistics ensure a favorable environment. At 
the same time, local governments including Shandong provide various subsidies for re-
lated infrastructure construction, which also reduces cost, and the key support for cold-
chain logistics system in key regions promotes its rapid development. Given the favorable 
development environment and strong demand in Shandong, the demand forecast of cold 
chain logistics for agricultural products provides quantitative reference for decision-mak-
ing and deployment concerning cold chain logistics industry of agricultural products to a 
certain extent, thus realizing its healthy and sustainable development. 

In view of the fact that most products employing cold-chain logistics in China belong 
to primary agricultural products, this paper takes agricultural products, covering fruits, 
vegetables, aquatic products, meat, eggs, milk, etc., as the main research objects[4]. Studies 
on cold chain logistics of agricultural products in China has been carried out extensively 
in recent years, with analysis on basic theory and current situation dominating. For exam-
ple, Huang Liwei [5] clarified in detail the agricultural product cold chain logistics related 
concepts, and analyzed the current situation and main problems of agricultural product 
cold chain logistics in China by using a large amount of data based on relevant theories, 
and then put forward relevant suggestions. Xu Qian, Zhao Min [6] made field visits and 
investigations, made in-depth analysis of the current development status of the agricul-
tural product supply chain in Shandong Province in combination with theoretical analy-
sis, and discussed its existing problems, and put forward relevant guidance and sugges-
tions; in terms of demand forecasting, He Guohua et al. [7] espectively forecasted the  re-
gional logistics demand by using grey forecasting analysis method, multiple regression 
linear model, and trend extrapolation method. Yan Juan [8] studied the application of gray 
neural network model in logistics demand forecasting, and illustrated the reliability of the 
combined forecasting method. Wang Shaoran [9] took the cold chain logistics of fresh ag-
ricultural products as the research object, analyzed the factors affecting the cold chain lo-
gistics demand of fresh agricultural products, and constructed a non-linear combination 
forecasting model based on SVR to forecast the demand. Wang Xiaoping and Yan Fei 
(2018) constructed a GA-BP neural network model for predicting the cold chain logistics 
demand of agricultural products and predicted the urban agricultural cold chain logistics 
demand in Beijing. 

In terms of cold chain logistics of agricultural products and related forecasting, for-
eign researches started early and were gradually improved, with plenty of research 
achievements. In terms of the research of cold chain logistics theory, Albert Barrier used 
the concept of cold chain for the first time; American scholars Assad, Zoll and et al. re-
spectively proposed 3T, 3P, 3C theories in 1985, including the freezing time, storage toler-
ance and storage temperature of food and etc.; From the perspective of cold chain logistics 
management, Bojataj [10] and et al. deeply studied the impact of changes in supply chain 
such as time, distance and temperature on the stability of perishable products. Montanari 
R [11] proposed a structured framework to determine the most suitable solution and min-
imize logistics costs in order to ensure the quality of cold chain food in the supply chain. 
Ran [12] et al. analyzed the application status of cold chain logistics in the field of agricul-
tural products, explored the impact of cold chain logistics on the costs and benefits of 
agricultural products in China in quantitative and qualitative analysis methods and pro-
posed improvement measures. 

In terms of research on cold chain logistics practice, James suggested adopting ap-
propriate packaging boxes and advanced transportation equipment in order to reduce the 
loss of frozen food in the circulation process. Abou (1997) and et al. believed that the nat-
ural growing environment and climatic conditions of agricultural products have varying 
degrees of influence on the production quantities. K.Likar [13] made investigation on cold 
chain retail market and the import and export of stores and made an in-depth research on 
cold chain interruption and quality management and the like problems in food trade 
based on the investigation. Kim [14] et al. designed an algorithm for good temperature 
and humidity levels in cold storage and applied it to facilities storing perishable products, 
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and introduced a standard for evaluating the quality of fresh vegetables. Bin Z [15] et al. 
planned and studied the cold chain logistics park of agricultural products, and carried out 
scientific and reasonable planning for cold chain logistics and storage of agricultural prod-
ucts to reduce cold chain costs. 

With respect to the demand forecasting methods, Fanlk [16] and et al. studied some 
combination forecasting methods. The extensive use of combination forecasting methods 
made great progress in the field of demand forecasting. Flsieh [17] forecasted the cold 
chain logistics demand of agricultural products based on relevant indicators such as the 
supply and demand of fresh agricultural products, and gave relevant opinions on the sup-
ply and demand of cold chain logistics of agricultural products. Nuzzolo [18] proposed a 
model system that comprehensively considers liquidity and restocking, and forecasted 
the urban logistics demand. Can Eksoz [19] et al. used BP neural network method to fore-
cast the demand of agricultural products, compared it with gray forecast linear regression 
and other methods, and analyzed the superiority of neural network forecasting. 

Therefore, through careful comparison, this paper selects many factors affecting cold 
chain logistics of agricultural products in Shandong, and establishes demand forecasting 
index system from various angles, so as to carry out demand forecasting more compre-
hensively and accurately. Principal component analysis, a common method for dimension 
reduction, can reduce the dimension of numerous index data and convert them, which is 
beneficial to the following data prediction. Multiple linear regression model and neural 
network model were constructed based on principal component index and cold chain lo-
gistics demand data of agricultural products. The combined prediction model enjoys both 
the scientific simplicity of linear regression and the accuracy and reliability of neural net-
work. Time series also make the prediction of principal component more accurate, thus 
achieve the purpose of prediction through principal component. 

2. Analysis of influencing factors and establishment of index system 

2.1. Source of index data 

The factors affecting the demand for cold chain logistics of agricultural products in 
Shandong involve economy, society, agriculture and so on. In this paper, representative 
influencing factors will be selected from various aspects as indicators to establish an index 
system, which guarantees a more comprehensive prediction of cold chain logistics de-
mand of agricultural products in Shandong. At the same time, the availability of data is 
also taken into account to select suitable index data. Relevant data are mainly obtained 
from Statistical Yearbook of Shandong Province, Statistical Yearbook of China, and Na-
tional Bureau of Statistics. Direct reference or indirect calculations of data on the network 
are also included. 

No demand index for cold chain logistics of agricultural products is found among 
statistical tables or data tables concerning Shandong. However, considering that the de-
mand for agricultural products can serve as a reference for the demand for cold chain 
logistics of agricultural products to some extent, this paper takes the number of perma-
nent residents * per capita consumption of agricultural products in Shandong as the de-
mand for cold chain logistics of agricultural products, among which per capita consump-
tion of agricultural products is the sum of the demand for major agricultural products 
including fruits, vegetables, meat, eggs, aquatic products and dairy products[20]. 

Analysis of influencing factors on demand forecast of cold chain logistics of agricul-
tural products in Shandong 

Many factors should be covered in demand forecast of cold chain logistics of agricul-
tural products in Shandong. According to the development of cold chain logistics of agri-
cultural products in Shandong in the past two decades, the market supply and demand, 
and relevant theoretical research inside and outside China, the demand system of cold 
chain logistics of agricultural products is complex and comprehensive. Based on available 
data from 2001 to 2019 and influencing factors such as economy, society and logistics, the 
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influencing factors can be summarized and selected, which fall into the following four 
camps: 

Economy: The cold chain logistics industry is greatly affected by economy, and so is 
cold chain of agricultural products. More developed economy leads to broader market 
and more demand. What's more, the development of all kinds of industries will affect the 
demand for cold chain of agricultural products. Therefore, regional GDP, the added value 
of the primary industry, the added value of the secondary industry and the added value 
of the tertiary industry were selected as forecast index as for economy. 

Society: Social factors, especially humanistic factors, exert huge impact on cold chain 
logistics of agricultural products. In view of the demand for cold chain logistics of agri-
cultural products is directly influenced by population scale, per capita consumption of 
agricultural products, and people's requirements on the quality of agricultural products, 
two indexes, permanent resident population at the end of the year and total retail sales of 
consumer goods, are selected. 

Agriculture: The production of agricultural products can meet the market demand, 
resulting in the demand for cold chain logistics of agricultural products. The balance of 
supply and demand among all agricultural products also continuously affects the change 
of demand for cold chain logistics. In addition, the price of agricultural products directly 
sways the purchase intention of consumers, thus affecting the demand for cold chain lo-
gistics. Therefore, the production price index of agricultural products and fruit and vege-
table output are selected[21]. 

Logistics: The existing logistics restricts the development of cold chain logistics. The 
scale of logistics industry, logistics infrastructure and logistics transport capacity are all 
factors affecting cold chain logistics. The demand for cold chain logistics of agricultural 
products is closely related to the comprehensive situation of logistics. Therefore, the 
freight volume and turnover of Shandong are selected as forecast index. 

Establishment of demand forecast index system for cold chain logistics of agricultural 
products in Shandong 

After the analysis and comparison of various indicators and the availability of data, 
this paper selects relevant index data of Shandong from 2001 to 2019 as samples to predict 
the demand for cold chain logistics of agricultural products in Shandong. The definition 
of each index is as follows: 

Y refers to the demand for cold chain logistics of agricultural products (10,000 tons) 

X1 refers to regional GDP (100 million yuan) 

X2 refers to the added value of the primary industry (100 million yuan) 

X3 stands for the added value of the secondary industry (100 million yuan) 

X4 stands for the added value of the tertiary industry (100 million yuan) 

X5 stands for the permanent resident’s population at the end of the year (10,000 people) 

X6 serves as the total retail sales of consumer goods (100 million yuan) 

X7 serves as the production price index of agricultural products 

X8 serves as the output of fruits and vegetables (10,000 tons) 

X9 serves as the freight volume of Shandong Province (10,000 tons) 

X10 serves as the turnover (million tons/km) 

Table1. Demand for cold chain logistics of agricultural products and its influencing factors in Shandong province from 

2001 to 2019 
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3.Establishment of demand model for cold chain logistics of agricultural products in China’s province Shandong 

3.1. Principal component analysis 

Principal component analysis is a dimensionality reduction algorithm that can transform multiple index into a few 

principal components, which are linear combinations of the original index. Replacing more variables with fewer varia-

bles makes the data easier to use, reduces the computational complexity of the algorithm, eliminates some noise data, 

and makes the results easier to understand. 

In view of the large number of selected indexes affecting cold chain logistics forecast of agricultural products in Shan-

dong, and the strong correlation between them, principal component analysis is employed to simplify index with more 

numbers, so as to facilitate the following model construction. In addition, the factor analysis function of SPSS software 

was used to carry out standardization and principal component analysis on the ten impact indicators, so as to achieve 

dimension reduction. 

Table 2. Explanation of total variance 

Compo-

nent Initial eigenvalue The sum of squares of loads 

 Total Variance % 

Cumulation 

% Total Variance % 

Cumulation 

% 

1 7.370 73.704 73.704 7.370 73.704 73.704 

2 1.247 12.470 86.174 1.247 12.470 86.174 

Variable Y X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 

2001 3918.71  9195.04  1359.49  4556.01  3279.53  9041.00  2834.90    101775.00  4693.10  

2002 3936.48  10275.50  1390.00  5184.98  3700.52  9082.00  3181.90    110185.00  4149.20  

2003 3955.12  12078.15  1480.67  6485.05  4112.43  9125.00  3936.50  108.50  11255.27  117051.00  3908.90  

2004 3978.96  15021.84  1778.45  8478.69  4764.70  9180.00  4483.40  112.30  11362.20  129024.00  4752.50  

2005 4008.43  18366.87  1963.51  10478.62  5924.74  9248.00  6166.90  102.90  11153.82  144701.00  5551.00  

2006 4034.87  21900.19  2138.90  12574.03  7187.26  9309.00  7217.10  103.40  10539.81  164132.00  6387.40  

2007 4060.01  25776.91  2509.14  14647.53  8620.24  9367.00  8607.50  114.00  11803.52  195259.00  6413.40  

2008 4081.68  30933.28  3002.65  17571.98  10358.64  9417.00  10658.80  112.50  11768.41  244587.00  10107.84  

2009 4104.65  33896.65  3226.64  18901.83  11768.18  9470.00  12363.00  101.20  11420.22  284086.00  11022.22  

2010 4155.80  39169.92  3588.28  21238.49  14343.14  9588.00  14620.30  118.80  10034.37  301313.00  11832.45  

2011 4177.04  45361.85  3973.85  24017.11  17370.89  9637.00  17155.50  109.70  10077.24  318407.00  12684.26  

2012 4197.84  50013.24  4281.70  25735.73  19995.81  9685.00  19651.90  102.50  10150.68  333603.00  11077.78  

2013 4218.65  55230.32  4565.97  27442.85  23221.51  9733.00  22294.80  105.90  10404.74  264100.00  8194.15  

2014 4242.92  59426.59  4798.36  28788.11  25840.12  9789.00  25111.50  100.50  10601.25  264459.00  8253.03  

2015 4268.06  63002.33  4979.08  29485.90  28537.35  9847.00  27761.40  100.10  10776.50  261849.00  8418.04  

2016 4311.40  68024.49  4929.13  31343.67  31751.69  9947.00  30645.80  102.80  10833.95  285386.00  8884.34  

2017 4336.98  72634.15  4832.71  32942.84  34858.60  10006.00  33649.00  98.60  10938.07  327006.00  9719.46  

2018 4354.75  66648.87  4950.52  27523.67  34174.68  10047.00  33605.00  100.50  10980.83  354019.00  10052.20  

2019 4364.72  71067.53  5116.44  28310.92  37640.17  10070.00  35770.60  112.20  11021.39  309410.00  10166.21  
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3 .794 7.940 94.114    

4 .480 4.804 98.918    

5 .071 .714 99.632    

6 .022 .220 99.853    

7 .012 .119 99.972    

8 .003 .027 99.999    

9 .000 .001 100.000    

10 7.295e-15 7.295e-14 100.000    

It is obvious that there are two principal components with an eigenvalue greater than 1. When extracting the two, the 

cumulative contribution rate reached 86.17%, which indicated that it covered more than 85% of the original variable 

information and enjoyed a good effect. According to "Fig. 1", it is reasonable to extract the two components. 

 

Fig. 1. Gravel for principal component analysis. 

Table 3. Matrix of component score coefficients 

 

Component 

1 2 

Regional GDP (100 million yuan) .134 -.103 

The added value of the primary industry (100 million yuan) .134 -.020 

The added value of the secondary industry (100 million yuan) .133 -.024 

The added value of the tertiary industry (100 million yuan) .130 -.168 

Permanent residents population at the end of the year (10,000 peo-

ple) 

.133 -.076 

Total retail sales of consumer goods (100 million yuan) .130 -.159 

Production price index of agricultural products -.054 .519 

The output of fruits and vegetables (10,000 tons) -.061 -.409 

Freight volume of Shandong Province (10,000 tons) .123 .245 

Turnover (million tons/km) .094 .484 

a. Extraction method: principal component analysis. 

Table 3 shows the relationship between principal components and each influencing factor. F1 and F2 respectively repre-

sent the two principal components extracted, and it can be concluded that: 
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F1=0.134X1+0.134X2+0.133X3+0.130X4+0.133X5+0.130X6-0.054X7-0.061X8+0.123X9+0.094X10 

F2=-0.103X1-0.020X2-0.024X3-0.168X4-0.076X5-0.159X6+0.519X7-0.409X8+0.245X9+0.484X10 

In SPSS, the standardized scores of two principal components are calculated by component score coefficient in Table 4. 

Table 4. Component score 

3.2.Time series model prediction 

The time series prediction is to make an analogy or extension according to the development process, direction and trend 

reflected in the series by compiling and analyzing it, so as to predict the level that may be reached in the next period or 

in the following years. 

The expert modeler in SPSS was adopted to build a time series model to predict the principal component data from 

2003 to 2019. The modeler will automatically find the best fitting model for each dependent sequence, and take into 

account exponential smoothing model and ARIMA. The results are as follows in Table 5: 

Table 5. Time series model 

Model ID REGR factor score 1 for analysis 1 Model _1 ARIMA(0,1,0) 

Model ID REGR factor score 2 for analysis 2 Model _2 ARIMA(1,0,0) 

 

ARIMA (0,1,0) and ARIMA (1.0,0) are selected by the modeler as time series prediction models respectively. The ARIMA 

model regards data sequence of the predicted object over time as a random sequence and adopts certain mathematical 

model to describe the sequence. The prediction results of SPSS on the two principal components are as follows in Table 

6: 

Table 6. Time series prediction results 

Model 2020 2021 2022 

REGR factor score 1 for analysis 1-Model_1 1.29422 1.46866 1.64309 

REGR factor score 2 for analysis 2-Model_2 0.04396 0.02595 0.01532 

3.3. Multiple linear regression 

The method of multiple regression analysis and prediction refers to the establishment of a model for prediction through 

the analysis of two or more independent variables and one dependent variable. SPSS was adopted to establish the 

multiple linear regression equation of total demand Y and principal components F1 and F2 for cold chain logistics of 

agricultural products in Shandong. The results are as follows in Table 7: 

Table 7. Linear regression coefficient 

Year 2003 2004 2005 2006 2007 2008 2009 2010 2011 

F1 -1.67117 -1.54841 -1.25106 -0.99801 -1.03035 -0.60076 -0.23983 0.028 0.37284 

F2 -0.65351 -0.26168 -0.79649 -0.14402 -0.15746 0.4948 0.00337 2.63746 1.90062 

Year 2012 2013 2014 2015 2016 2017 2018 2019  

F1 0.56321 0.46184 0.65012 0.77493 0.96865 1.23368 1.16652 1.11979  

F2 0.84915 0.04558 -0.6762 -0.93328 -0.71974 -0.99468 -0.6684 0.07447  
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b. Dependent variable: demand for cold chain logistics of agricultural products (10,000 tons) 

The principal component regression equation obtained from the above solution is as follows: 

Standardization equation: Y=0.983F1-0.095F2+c 

Unstandardization equation: Y=132.141F1-12.745F2+c 

According to the previous data, the estimated constant c =4167.757 

Further analysis of the output table of multiple regression model showed that the model's fitting R2 was 0.987, and the 

adjusted R2 was 0.985>0.9, indicating a good model fitting in Table 8. 

Table 8. Linear regression error 

Model R R2 Adjusted R2 Error of standard estimate 

1 0.994a 0.987 0.985 15.4042894300 

 

By substituting the predicted principal component value obtained from time series prediction into the multiple regres-

sion equation, the predicted value of cold chain demand for agricultural products in Shandong in the next three years 

can be obtained in Table 9: 

Table 9. forecast of the regression equation 

Time 
Y (10,000 

tons) 

2018 4354.75 

2019 4364.71 

2020 4338.22 

2021 4361.50 

2022 4384.68 

3.4. BP neural network prediction 

BP neural network, one of the most widely used neural network models, is a multi-layer feedforward network trained 

by error inverse propagation algorithm. It can learn and store mapping relation of a large number of input and output 

patterns without revealing the mathematical equation describing such relation in advance. It takes the steepest descent 

Model 

Unstandardized coeffi-

cients 

Standard-

ized coeffi-

cient 

T value 

Signifi-

cance 

B's 95.0% confidence in-

terval 

B 

Standard er-

ror Beta The bottom The cap 

1 (constant) 4167.757 5.571  748.059 .000 4155.807 4179.706 

Regr factor score 1 for analysis 

1 

132.141 5.743 0.983 23.009 .000 119.824 144.458 

Regr factor score   2 for anal-

ysis 1 

-12.745 5.743 -0.095 -2.219 .043 -25.062 -.428 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 19 January 2021                   doi:10.20944/preprints202101.0375.v1

https://doi.org/10.20944/preprints202101.0375.v1


 

 

and continuously adjusts the weights and thresholds of the network through back propagation to minimize the sum of 

squared errors. 

However, rather than a simple linear system, the demand for cold chain logistics of agricultural products is affected by 

many factors with complex relationships among each other. In order to make the results of cold chain logistics demand 

prediction model of Shandong agricultural products more scientific and accurate, BP neural network prediction model 

was established on the basis of principal component analysis. 

The neural network model enjoys two input layers, namely two principal components extracted after principal compo-

nent analysis, one output layer, and ten neurons in Fig.2. 

 

Fig. 2. Neural network model. 

In order to ensure the accuracy of BP neural network model and improve the efficiency of neural network, the data are 

divided into training set, verification set and test set. Training set is the data sample used for model fitting, verification 

set is the sample set left aside during model training, while test set is used to evaluate the generalization ability of the 

final model. Training set, verification set and test set account for 70%, 15% and 15% respectively. 

 
Fig. 3. Iteration of neural networks. 

The number of iterations obtained by multiple training is 357, with a small error, and the training effect of neural net-

work model is good. The predicted value of cold chain logistics demand for agricultural products in Shandong obtained 

by Matlab is as follows in Table 10: 

Table 10. Neural network prediction results 

Time Y (10,000 tons) 

2018 4351.5  

2019 4359.5  

2020 4404.04 

2021 4447.62 

2022 4489.54 
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4. Construction of combined prediction model 

The combined prediction model can combine multiple single prediction models through certain combination strategies 

or methods, which makes up for the deficiency of single model prediction in some aspects, and improves the prediction 

ability of combined model through scientific and reasonable way. In reality, the cold chain logistics system of agricul-

tural products is more complex and influenced by many factors. It is often one-sided to make prediction through a 

single prediction model. Therefore, the combined prediction model of multiple regression and neural network was 

adopted to comprehensively consider the influencing factors of cold chain logistics of agricultural products and reduce 

the one-sidedness of single prediction model, in a bid to achieve better prediction effect[22]. 

The combined prediction model based on multiple linear regression and BP neural network is more scientific and rea-

sonable. It is as simple, scientific and reasonable as multiple linear regression model, and as accurate as BP neural 

network prediction with small error, which improves reliability and accuracy and contributes to the accuracy and ra-

tionality of the combined model prediction. 

There are many methods to determine the weight of combined model, among which the simple and widely used are 

arithmetic mean method, reciprocal method of variance, reciprocal method of mean square error, simple weighted av-

erage method, etc. The arithmetic mean method, also known as equal weight average method, is based on the principle 

that all single prediction models are treated equally, so that the weight coefficients of each method are equal. The recip-

rocal method of variance calculates the weight coefficient according to square sum of prediction error. The larger the 

value is, the lower the prediction accuracy of the prediction model will be, and the smaller the weight coefficient as-

signed to the prediction model will be. On the contrary, the larger the weight coefficient will be. The reciprocal method 

of mean square error is also based on the principle that the greater the value of the sum of squared errors of a single 

prediction model, the smaller the weighted coefficient should be. The simple weighted average method first sorts the 

squares of the prediction errors of each single item model. The more closely the order is to the previous single item 

prediction model, the smaller the weighted coefficient should be in the combined prediction. 

Table 11. Comparison of combined models 

Actual value Regression prediction BP prediction Reciprocal method of variance 
Reciprocal method of mean 

square error 

Simple weighted average 

method 

3955.12 3955.26  3956.4  3956.26  3956.09  3956.02  

3978.96  3966.48  3980.6  3978.87  3976.76  3975.89  

4008.43 4012.59  4020.2  4019.27  4018.13  4017.66  

4034.87  4037.71  4047.7  4046.47  4044.98  4044.37  

4060.01  4033.61  4044.2  4042.90  4041.32  4040.67  

4081.68  4082.07  4080.3  4080.52  4080.78  4080.89  

4104.65  4136.02  4113.3  4116.09  4119.49  4120.87  

4155.80  4137.84  4157.4  4155.00  4152.07  4150.88  

4177.04  4192.80  4172.0  4174.56  4177.66  4178.93  

4197.84  4231.36  4206.5  4209.55  4213.27  4214.79  

4218.65  4228.20  4206.9  4209.52  4212.70  4214.00  

4242.92  4262.28  4249.3  4250.89  4252.84  4253.63  

4268.06  4282.05  4263.5  4265.78  4268.55  4269.68  

4311.40  4304.93  4307.7  4307.36  4306.95  4306.78  
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4336.98  4343.45  4343.8  4343.76  4343.71  4343.68  

4354.75 4330.42  4351.5  4348.91  4345.76  4344.47  

4364.72  4314.78  4359.5  4354.01  4347.32  4344.59  

Mean absolute error 16.18  6.49  6.77  7.71  8.32  

Error % 0.384% 0.156% 0.163% 0.185% 0.199% 

The sum of squared 

errors 
7387.64  1034.51  1185.48  1606.98  1854.10  

 

The table11 above shows the difference between the combined prediction models employing different methods to de-

termine the weights. As for mean absolute error and the sum of squared errors, the reciprocal method of variance enjoys 

the least error, followed by the reciprocal method of mean square error and the simple weighted average method. 

Therefore, the combined model works best with the reciprocal method of variance. 

5. Conclusions 

 

Fig. 4. Demand for cold chain logistics of agricultural products in Shandong Province. 

In this paper, SPSS, Matlab and other software are employed to combine principal component analysis and time series 

prediction. On this basis, multiple linear regression and neural network are adopted to predict the cold chain logistics 

demand of agricultural products in Shandong province more scientifically and accurately in Fig.4. As for the selection 

of data index, based on existing research and practice and numerous influencing factors for cold chain logistics of agri-

cultural products in Shandong, demand forecast index system is established from different angles, and principal com-

ponent analysis, a common dimension reduction method, is taken to transform data index with more category to prin-

cipal components with fewer number, which benefits multiple linear regression and neural network prediction. The 

combined model of multiple linear regression and neural network is scientifically simple and accurate. The results of 

all prediction models reveal that the demand for cold chain of agricultural products in Shandong mounts obviously 

during 2020-2022, which indicates an opportunity for development of cold chain logistics of agricultural products here, 

as well as strong driving force. 
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