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Analysis of recommendation algorithm in e-commerce
business of air transport industry
LI Wei, FAN Chongjun, XU Kang
(Business School, University of Shanghai for Science and Technology, Shanghai 200093, China)

[ Abstract] In recent years, air transport companies have been constantly seeking new ways of non-—aviation revenue, and e—
commerce business is an important way to increase non-—aviation revenue. Many companies in the industry have been trying e—
commerce models on third—party platforms and their own platforms, but the level of digitalization is still insufficient. With the
continuous emergence of digital technology, technologies similar to intelligent recommendation algorithms have been continuously
applied by third — party e —commerce platforms, but for the air transport industry, the application of intelligent recommendation
algorithms in self—built e-commerce platforms is still very lacking. This paper analyzes the application of intelligent recommendation
algorithm in the self-built e—commerce platform of the air transportation industry to explore the application prospect of intelligent

recommendation algorithm in this industry, and help the industry to obtain more revenue ideas.
[ Key words] recommendation algorithm; e—commerce; air transport industry
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Tab. 1 Composition of the data set
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Fig. 2 The structure of the dataset
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Fig. 3 Changes of evaluation indicators under different K values
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Tab. 2 Five random users recommendation examples

Userid WEFEHN R (FATEER ) 5 FEBREE (AT ) A HERE/ %
3 (3,0,1,2,8,7) 3 50.0
(2,11,3,0,19,18)
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(6,4,17,12,3,0,2,7,18)
265 (6,5,8,17,11,7) 4 66.7
(7,17,13,6,5,9)
389 (2,3,1,0,8,5) 6 100.0
(3,0,2,1,15,12,8,4,5,13)
566 (2,3,1,8,5,0) 5 83.3

(8,13,1,3,2,16,18,5,4)
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