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Abstract

Based on the theory of logistics demand, this paper takes the logistics demand of Tianjin as an
example, analyzes the Matlab software and SPSS software, and establishes the logistics demand
prediction model. Firstly, the linear correlation of the logistics demand index of Tianjin from 1978
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to 2019 was analyzed by SPSS software, and the results showed that there was a strong correlation
between the cargo transportation volume and various economic indicators in Tianjin, which ex-
plained the effectiveness of the selected indicators. Secondly, from the perspective of the diversi-
fication of the influencing factors of logistics demand in Tianjin, this paper establishes a mul-
ti-regression model to further analyze the influencing factors of logistics demand, trains the data
from 1978 to 2014 after normalization, and forecasts the data from 2015 to 2019, and draws that
the three economic indicators with the greatest impact on logistics demand are: total foreign trade
import and export, tertiary industry output value, and CP], then reference the trainlm function to
establish the BP neural network model, combine the previous multiple regression prediction
model to obtain two kinds of prediction results, compare with the actual value, and test the effec-
tiveness of the model. Finally, based on the results of the research in this paper, a combination of
factors provides real-time recommendations for local governments in the field of logistics needs.
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Figure 1. Annual trend chart for each economic indicator
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Figure 2. Annual trend chart of cargo traffic
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Figure 3. Annual trend chart for each economic indicator
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Table 1. Comparison data of multiple regression model prediction results
2 1. ZIUElIHR BTN LS R 3T b B4

Eh Y t1 ri
2015 53179.00 55035.33 —1856.33
2016 51580.00 54842.76 —3262.76
2017 52992.00 54795.96 —1803.96
2018 53548.00 54884.20 —1336.20
2019 56941.00 55367.24 1573.76
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4.1. BP MK IERIRYEE T

TEFRZ M 2% R, trainlm pRECSOR BETR,  WIER I ZRiR Z 80D, BRIAS S Y trainlm R 40/ 9 BP
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Figure 4. BP neural network training process diagram
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Table 2. Comparison data of BP network prediction results

7= 2. BP 4B TTUMEE R L 8472

FAn Y t2 r2
2015 53179.00 53052.88 126.12
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2019 56941.00 56326.45 614.54
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Figure 5. A plot of true values versus predicted values
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Figure 6. BP neural network error result plot
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