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Context-Aware Multi-modal Transportation Recommendation
Based on Particle Swarm Optimization and LightGBM

SUN Quan-ming,QU Zhi-jian, REN Chong-guang
(School of Computer Science and Technology ,Shandong University of Technology , Zibo ,Shandong 255049 , China)

Abstract: In order to solve the problems of considering only one transportation mode and neglecting user preference
in transportation recommendation problem, and class imbalance problem in multi-class task, a context-aware multi-modal
transportation recommendation method based on particle swarm optimization and LightGBM is proposed. This method com-
prehensively considers the user’s travel preferences in terms of time,space and travel cost,and uses mathematical statistics
and representation learning methods to capture the internal relationship between user travel and various elements. At the same
time,in order to alleviate the negative impact caused by the imbalance of sample class,the index optimization method based
on particle swarm optimization algorithm is used to search for the optimal weight for each class,and the prediction results of
the model are modified to achieve the purpose of maximizing the evaluation index. Experimental results show that compared
with traditional algorithms,the model proposed in this paper has better performance in spatio-temporal feature extraction,al-
leviating class imbalance and recommendation accuracy.
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ol oE Bk Precision Recall F,
LR 0. 493 0. 454 0. 453
C4.5 0.578 0. 594 0. 586
dtnt RF 0.726 0.702 0. 683
XGBoost 0.731 0.718 0. 691
LightGBM 0.733 0.716 0. 693
LR 0. 491 0. 437 0. 442
C4.5 0.572 0. 591 0. 581
it RF 0.725 0.700 0. 684
XGBoost 0.733 0.725 0. 692
LightGBM 0.734 0.717 0. 695
®3 EERULEERENEFELR
Bl RS Precision | Recall F,
LR +PSO 0. 492 0. 491 0. 468
C4.5 +PSO 0.578 0.594 | 0.586
Jest RF + PSO 0.718 0.721 0. 695
XGBoost + PSO 0.725 0.719 | 0.700
LightGBM + PSO 0.728 0.719 | 0.702
LR +PSO 0. 495 0. 485 0. 468
C4.5 +PSO 0.572 0. 591 0. 581
g RF +PSO 0.720 0.729 | 0.695
XGBoost + PSO 0.726 0.735 | 0.700
LightGBM + PSO 0.725 0.735 | 0.701
F4 EHRRUFRERBEENERLER
EVEITES Jrik Precision | Recall F,
Random under
Sample 0. 667 0.721 0. 664
Jemt
SMOTE 0.723 0.719 0. 695
PSO 0.728 0.719 0. 702
Random under
Sample 0. 691 0.729 0.677
ifg
SMOTE 0.726 0.722 0. 698
PSO 0.725 0.735 0. 701
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