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Drug demand prediction with multi-decomposition
denoising for long time series data

MENG Guanjun, PENG Yubo, HUANG Kang, LI Guogiang, SUN Zhipeng
(School of Mechanical Engineering, Hefei University of Technology, Hefei 230009, China)

Abstract; Drug prediction can ensure that patients get the drugs they need in time. It can also effectively con-
trol the spread of infectious diseases, In view of the characteristics of multi-periodicity and high randomness of
long time series data of drug demand, this paper proposes a comprehensive prediction model based on multi-
decomposition denoising, Firstly, multiple seasonal-trend decomposition using LOESS(MSTL) algorithm and
complete ensemble empirical mode decomposition with adaptive noise(CEEMDAN) are used to decompose the
drug demand series for the second time to fully extract the time series features. Secondly, wavelet denoising
(WD) and combination reconstruction are carried out for each decomposition component to effectively reduce
data noise interference. In the modeling stage, a hybrid prediction model is constructed by combining the fea-
ture extraction ability of the convolutional neural network(CNN) and the time series modeling advantage of
the long short-term memory(LLSTM) network. In order to further improve the performance, the African vul-
tures optimization algorithm (AVOA ) is used to automatically optimize the hyperparameters of the model.
The experimental results show that the decomposition denoising strategy proposed in this paper can effectively
improve the prediction performance of the model and has good versatility.
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