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ious complex data prediction problems, this paper proposes a SCV-Optuna-

Abstract: In order to
LightGBM mixed regres tion model based on five-fold cross validation (5CV), Optuna hyper-parameter
optimization, and Li egression prediction model. Data preprocessing and Pearson correlation analysis are first
conducted on a dataset ofactors that affect used car prices to determine 37 feature indicators. Next, the model is
denoised through L1 regularization, and the cross-validation and Optuna algorithm are used to continuously optimize
the model. Finally, the data prediction results under the SCV-Optuna-LightGBM regression prediction model are
obtained. Experiments based on multiple evaluation indicators of accuracy, time consumption, and average absolute
error, are conducted to analyze the predictive performance of the model. The results show that the accuracy is 99.433%,
the time spent is 15 seconds, and the average absolute error is 0.306% . Compared with other models, the proposed
method has more accurate predicted values, higher modeling efficiency and fitting degree.

Key words: Pearson; five-fold cross-validation; Optuna; LightGBM; regularization
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