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Abstract. This study addresses the optimization of supply chain management in e-commerce
platforms through the analysis of historical data related to e-commerce activities and product
demand. By processing data and conducting anomaly detection, a combination of linear regression,
ARIMA, and LSTM models is employed to analyze time series features, with LSTM selected for
predicting the demand of various products across different warehouses for each merchant. K-means
clustering is utilized to categorize time series data, identifying distinct demand patterns for different
products. For new time series data, DBSCAN density clustering and ARIMA models are applied for
prediction. Additionally, considering the impact of promotional events such as Singles' Day on
demand, ARIMA models are employed to analyze periodic time series data.
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1. Introduction

This paper explores how e-commerce platforms can optimize their supply chains through
predictive modeling based on historical data analysis. Prior studies by Wang and Zhu (2022) focused
on improving supply chains using information technology and profit distribution methods, with
GM(1,1) models used for forecasting vegetable production trendst™. Others, such as Mao (2023),
utilized Python and ARIMA models for strategic recommendations in the industry. Chietall?l. (2022)
investigated loss scenarios in the vegetable supply chain in Shandong province and proposed
improvement strategies. Jiang!®! (2023) developed a resilience assessment model for e-commerce
vegetable supply chains, ensuring their smooth operationt. Lietal. (2023) proposed a combined
model for effectively predicting vegetable price fluctuations, emphasizing the importance of supply
chain management®. Que (2024) presented a solution for fresh vegetable supply chains based on
"blockchain+", supporting technological advancement in agriculture and rural revitalization(®l.

The data for this study is sourced from http://www.mathorcup.org/detail/2433.Data preprocessing
involves integration and cleaning. Based on data characteristics and patterns, a mixed random forest
model is employed to predict product demand for merchants across various warehouses. K-means
density clustering is applied for time series segmentation. Seasonal patterns are incorporated using
ARIMA for predicting demand during events like Singles' Day.

2. ARIMA time series model development

The 3sigma method is used for detecting missing values, revealing no anomalies in the sample
data. Hence, demand data distribution for product categories is directly analyzed!].
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The ARIMA formula is applied for model training and validation to forecast demand for merchant
products in different warehouses from May 1, 2023, onwards,as shown in Fig 1.
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Fig 1. Partial product forecast results

The 1-WMAPE value for ARIMA is found to be 0.9721475920178584, indicating that only 97%
of the data aligns with actual conditions.

2.1. Development and solution of LSTM neural network model

Data preprocessing involves standardization, merging, and scaling to normalize all features
between 0 and 1. The LSTM model is constructed and trained using Keras. The dataset is created,
and the model is built, compiled, and validated for accuracy. Visualization of training and testing
scores is presented!®las shown in Fig 2.
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Fig 2. Visualization of training and testing scores

The close proximity of training and testing scores suggests that the model neither overfits nor
underfits. The 1-WMAPE indicator for this model is found to be 0.992573402226743, higher than
the accuracy of the ARIMA model analysis, leading to the adoption of LSTM model predictions.

2.2. Analysis of data correlation

One-hot encoding is applied to the dataset to independently process all data, followed by the
selection of the optimal k-value using the elbow method. Clustering analysis is performed, dividing
time series data of merchants, products, and warehouses into categories with either high or low
demand, enhancing the similarity of features within the same category®as shown in Fig 3.
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Fig 3. The cluster diagram for k=2

2.3. Selection and preprocessing of new data features

New dimensions of merchants + warehouses + products are selected, and similar feature data are
encoded and averaged to calculate time series similarity. Data are merged, retaining only feature data,

and DBSCAN density clustering algorithm is utilized to identify time series similar to the original
datall,

2.4. DBSCAN density clustering algorithm

Label encoding is applied to seller_no, warehouse_no, and product_no, and the distance matrix
for each unique combination is computed. The optimal parameters are selected based on the
Silhouette score, and DBSCAN's neighborhood radius ¢ is determined through the k-distance graph,
with € set to 0.5. DBSCAN algorithm is applied for clustering, with MinPts set to 5, yielding basic
grouping results, which are then combined with ARIMA model for time series data processing,as
shown in Fig 4.
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Fig 4. K-distance plot
2.5. Basic data analysis and preprocessing

ARIMA time model is employed for data analysis of large time series with a seasonal cycle of six
months.
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Fig 5. Autocorrelation graph of real demand values and predicted values

The close alignment of the autocorrelation graph in Fig 5 indicates that the demand forecast values
obtained using the ARIMA model closely match the actual values, leading to the selection of the
subsequent data for time series prediction, as depicted in the conclusion.

3. Conclusions

For the analysis of the original data, the forecasted values from May 16th to May 30th for items
categorized under inventory class A, with a product grade of large items, first product category of
food and beverages, warehouse class of regional warehouses, and items sourced from East China, are
as follows: 1.24, 1.22,1.20, 1.19, 1.19, 1.18, 1.18, 1.18, 1.18, 1.17,1.17, 1.17, 1.17, 1.17, 1.17. For
the analysis of new data, items categorized under inventory class B, with a product grade of goods,
first product category of computers and office supplies, warehouse class of central warehouses, and
items sourced from East China, have the following forecasted values from May 16th to May 30th:
2.54,251,2.48,2.45,2.44,2.43,2.43,2.44,2.44, 2.4, 2.45, 2.46, 2.44, 2.46, 2.46. For the analysis
of data related to Singles' Day, items categorized under inventory class A, with a product grade of
special items, first product category of food and beverages, warehouse class of regional warehouses,
and items sourced from East China, have the following forecasted values from June 1st to June 15th:
5.35, 5.33, 5.20, 5.15, 5.12, 5.08, 5.05, 5.03, 5.01, 5.00, 4.98, 4.97, 4.97, 4.96, 4.96.

The article predicts the demand for each store's products in each warehouse from May 16, 2023,
to May 30, 2023, and evaluates the accuracy of the model's performance in predicting demand. It
categorizes businesses, warehouses, and products that are similar in demand characteristics within
the time category. Additionally, to validate the model's applicability, it adds a product dimension,
finding sequences similar to it in the data and predicting the forecast values for these additional
dimensions from May 16, 2023, to May 30, 2023. Furthermore, it incorporates demand volatility as
a feature and data among businesses, warehouses, and products showing significant numerical spikes.
Based on the previous predictions of each store's products in each warehouse, it forecasts their values
from June 1, 2023, to June 20, 2023.

The research problem of this article is to explore the importance of goods management and supply
chain optimization in e-commerce platforms. To reduce inventory costs and ensure supply and
demand balance, it establishes a predictive model through historical data analysis, forecasts future
demand, and thus achieves reasonable planning and management of the supply chain to improve
inventory allocation efficiency.
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