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Article 

Research on the Application of Deep Neural Networks 
in Personalized Product Recommendations on  
E-Commerce Platforms 
Wenchao Zhao * 

University of Science and Technology of China, Anhui, China, ywzhaohong@gmail.com 

Abstract: Due to the influence of factors such as user consumption habits and manufacturer service 
quality, e-commerce platforms cannot push personalized product information to any consumer. 
This project studies the push of product information on e-commerce platforms based on deep neural 
networks. It mines the data of users' online shopping behaviors such as browsing, collecting, and 
adding to cart on e-commerce platforms, and pre-processes the mined user behavior data by 
cleaning, integrating, and normalizing them. It builds a deep bidirectional Transformer model to 
learn users' historical behavior data and predict the most probable products that meet users' 
behavior needs, thereby realizing the automatic push of product information on e-commerce 
platforms. The experimental results show that the F1 value of the push result of product information 
on e-commerce platforms under the method designed by this algorithm is 0.97, which confirms the 
effectiveness and superiority of this method. 
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1. Introduction 

With the popularization of the Internet and mobile Internet, online shopping has become a 
popular way for modern young people to shop. Therefore, e-commerce platforms play an 
increasingly important role in people's lives. People can complete the purchase of goods conveniently 
and quickly through e-commerce platforms. However, with the continuous development of e-
commerce platforms, the problem of product information push has become increasingly prominent. 
Product information push refers to the e-commerce platform pushing product information to users 
in various ways to attract users' attention and promote sales. Literature [1] considers the individual 
differences and information needs of different users and pushes personalized shopping information 
resources, making the one-stop information push service more personalized; Literature [2] 
introduced the BERT model for information mining of biological entities, solving the problems of 
complex content of biomedical entities and difficulty in extracting professional terminology features; 
Literature [3] builds modeling based on the collection and analysis of user behaviors and interests, 
achieves accurate push notifications, and improves the click-through rate of advertisements. To 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 October 2024 doi:10.20944/preprints202410.1167.v1

©  2024 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202410.1167.v1
http://creativecommons.org/licenses/by/4.0/


 2 

 

realize the personalized push of product information on e-commerce platforms, the key lies in the 
acquisition and push of user behavior data. Therefore, based on the above information push research, 
this paper will design a product information push method for e-commerce platforms based on deep 
neural networks. 

This project proposes a method for pushing product information on e-commerce platforms 
based on deep neural networks. This method mines user behavior data on e-commerce platforms, 
classifies users using the K-means clustering algorithm, and combines the Transformer model to learn 
user historical behaviors and preferences, and achieves accurate prediction of user interests, thereby 
achieving the purpose of personalized product recommendations. The core process is listed as 
follows. 

 

Figure 1. Data mining to prediction process. 

2. Mining Consumer Behavior Data on E-Commerce Platforms 

When mining consumer behavior data on e-commerce platforms, this paper first needs to obtain 
the original data. Since the consumer behavior data on e-commerce platforms in most countries are 
private data, this paper mainly uses the consumer behavior data on e-commerce platforms given in 
a big data competition as the original data [4]. Then, a simple classification is performed on the 
original e-commerce platform consumer behavior data. Here, this paper mainly uses the K-means 
clustering algorithm for data classification. The specific process is as follows: first, an initial 𝑘𝑘 value 
is determined according to the actual characteristics of the e-commerce platform consumer behavior 
data, that is, the number of clusters; then, 𝑘𝑘 data points are randomly selected from the original data 
set as the centroid of the initial cluster, and the data is divided according to the distance between the 
remaining points in the data set and the centroid. After all the data are divided, 𝑘𝑘 classified sets of 
e-commerce platform user behavior data can be obtained, and then a second division is performed 
according to the distance between the new centroid in each set and the remaining data points. This 
process is repeated until the clustering result reaches the expected result, and the 𝑘𝑘-means clustering 
algorithm is terminated to obtain the initial mining result of the e-commerce platform consumer 
behavior data. On this basis, this paper uses the DB index to evaluate the initial mining results of user 
behavior data on e-commerce platforms. The calculation formula is as follows: 

𝐷𝐷𝐷𝐷 = 1
𝑘𝑘

 ∑ max
𝑗𝑗 ≠𝑖𝑖

�
𝑎𝑎𝑎𝑎𝑎𝑎(𝑆𝑆𝑖𝑖)+𝑎𝑎𝑎𝑎𝑎𝑎�𝑆𝑆𝑗𝑗�

𝐷𝐷�𝑂𝑂𝑖𝑖,𝑂𝑂𝑗𝑗�
�𝑘𝑘

𝑖𝑖=1                      (1) 

In the formula: 𝐷𝐷𝐷𝐷 represents the 𝐷𝐷𝐷𝐷 index used to evaluate the optimal number of clusters of 
user behavior data on the e-commerce platform; 𝐷𝐷�𝑂𝑂𝑖𝑖 ,𝑂𝑂𝑗𝑗�represents the distance between the center 
point 𝑂𝑂𝑖𝑖  of cluster Si and the center point 𝑂𝑂𝑗𝑗  of cluster 𝑆𝑆𝑗𝑗  in the user behavior data of the e-
commerce platform; 𝑎𝑎𝑎𝑎𝑎𝑎(𝑆𝑆𝑖𝑖)  and 𝑎𝑎𝑎𝑎𝑎𝑎�𝑆𝑆𝑗𝑗�  represent the average distance between samples of 
cluster 𝑆𝑆𝑖𝑖 and 𝑆𝑆𝑗𝑗 in the cluster division data 𝑆𝑆1, 𝑆𝑆2, …, 𝑆𝑆𝑖𝑖 , 𝑆𝑆𝑗𝑗 ,…, 𝑆𝑆𝑘𝑘 of the clustering results of the 
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original e-commerce platform user behavior data, respectively. The specific calculation formula is as 
follows: 

𝑎𝑎𝑎𝑎𝑎𝑎(𝑆𝑆) = 2
|𝑆𝑆|(|𝑆𝑆|−1)

 ∑ 𝐷𝐷0(𝑥𝑥𝑖𝑖 −  𝑥𝑥𝑗𝑗)1≤𝑖𝑖<𝑗𝑗≤|𝑆𝑆|                 (2) 

In the formula: 𝐷𝐷0(𝑥𝑥𝑖𝑖 −  𝑥𝑥𝑗𝑗)  represents the distance between sample data 𝑥𝑥𝑖𝑖  and 𝑥𝑥𝑗𝑗  in the 
corresponding cluster 𝑆𝑆. In practice, the smaller the 𝐷𝐷𝐷𝐷 index obtained by formula (1), the better the 
clustering result of the e-commerce platform user behavior data, which means that the e-commerce 
platform user behavior data mined in this paper is more accurate. Therefore, according to the above 
steps, relatively accurate e-commerce platform user behavior data mining can be completed. 

3. Preprocessing the consumer behavior data on e-commerce platforms  

Assuming that the two different attribute values of the user behavior data of the e-commerce 
platform are 𝑝𝑝  and 𝑞𝑞 , the correlation 𝐺𝐺𝑝𝑝,𝑞𝑞  between the two can be calculated according to the 
following formula: 

𝐺𝐺𝑝𝑝,𝑞𝑞 =  ∑(𝑝𝑝− 𝑝̅𝑝)(𝑞𝑞− 𝑞𝑞�)
(𝑁𝑁−1)𝑢𝑢𝑝𝑝𝑢𝑢𝑞𝑞

                                (3) 

In the formula: 𝑝̅𝑝, 𝑞𝑞� represent the mean; 𝑁𝑁 represents the number of user behavior data on the 
e-commerce platform; 𝑢𝑢𝑝𝑝, 𝑢𝑢𝑞𝑞 represent the standard deviation of the data source. After measuring 
the correlation between the original e-commerce platform user behavior data according to formula 
(3), the data can be integrated according to the relevant threshold. Finally, for those e-commerce 
platform user information behavior data with different dimensions and dimensions, in order to 
eliminate the impact of such data on the product information push results, this paper uses the 
following formula to perform minimum-maximum normalization on the data: 

𝑋𝑋′ =  𝑋𝑋 − 𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚
𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚− 𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚

                                  (4) 

In the formula, 𝑋𝑋  and 𝑋𝑋′ respectively represent the user behavior data of the e-commerce 
platform before and after normalization; 𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚 and 𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚  respectively represent the minimum and 
maximum values of the original user behavior data of the e-commerce platform. After preprocessing 
the original e-commerce user behavior data using the above content in the article, it is suitable for 
training deep neural networks, thereby providing a data basis for the subsequent automatic push of 
product information. 

4. Automatic Push of Product Information Based on Deep Neural Network 

The traditional push method is not only prone to misjudgment caused by human subjective 
factors, but also wastes a lot of time and affects the efficiency of product information push on the e-
commerce platform. Therefore, this article introduces a deep neural network to automatically push 
product information on the e-commerce platform [5]. In recent years, deep learning technology has 
achieved remarkable results in many fields, especially in the medical field. It can not only be used for 
feature extraction [6,7] and analysis of medical examination images, furthermore, Bo [8] et al. have 
also tried to use it for snoring sound analysis, showing great potential in detecting and managing 
nocturnal breathing disorders. Literatures [9,10] even proposed the application of this model in 
deception detection prediction and cardiovascular disease (CVD) prediction. Therefore, this article 
introduces deep learning technology to build a deep two-way Transformer model, and uses this deep 
neural network model to learn the historical behaviors and preferences of e-commerce platform 
users, predict the user's interest in unknown products, thereby achieving accurate personalized 
recommendations [11]. In the deep bidirectional Transformer model constructed in this article, it 
mainly includes the global feature extraction module and the Transformers module. Among them, 
the global feature extraction module is mainly implemented through the BiLSTM network. Generally 
speaking, the LSTM network consists of a forgetting gate and a memory gate. And the output gate 
consists of three gate functions. The expression is as follows: 

�
𝑤𝑤𝑡𝑡 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝜔𝜔𝑤𝑤𝑟𝑟𝑡𝑡 +  𝑓𝑓𝑤𝑤𝐿𝐿𝑡𝑡−1)
𝑦𝑦𝑡𝑡 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝜔𝜔𝑦𝑦𝑟𝑟𝑡𝑡 + 𝑓𝑓𝑦𝑦𝐿𝐿𝑡𝑡−1)
𝑐𝑐𝑡𝑡 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝜔𝜔𝑐𝑐𝑟𝑟𝑡𝑡 + 𝑓𝑓𝑐𝑐𝐿𝐿𝑡𝑡−1)

                         (5) 
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In the formula: 𝑤𝑤𝑡𝑡 , 𝑦𝑦𝑡𝑡 , 𝑐𝑐𝑡𝑡 represent the information in the forget gate, memory gate and output 
gate at time 𝑡𝑡 respectively; sigmoid represents the activation function; 𝜔𝜔𝑤𝑤 , 𝜔𝜔𝑦𝑦 , 𝜔𝜔𝑐𝑐  represent the 
weights of the gate functions respectively; 𝑟𝑟𝑡𝑡  represents the input information of the three gate 
functions at time 𝑡𝑡; 𝑓𝑓𝑤𝑤, 𝑓𝑓𝑦𝑦, 𝑓𝑓𝑐𝑐 represent the output information of the three gate functions at time t 
respectively; 𝐿𝐿𝑡𝑡−1 represents the information in the hidden layer at the previous time. When the 
LSTM network composed of the above three different gate functions is used to train and learn the 
time series information of the user behavior data of the e-commerce platform from the forward and 
reverse directions, the global features of the user behavior data can be extracted. Then the global 
feature information is input into the Transformers module for learning and prediction, thereby 
outputting the prediction results of the relevant product information. The Transformers module is a 
data processing module composed of many deep learning architectures. When the module receives 
the global feature information, it can perform parallel calculations on the information. In order to 
speed up the calculation speed of the module, this paper sets the function shown in the following 
formula: 

𝑔𝑔 = 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 �𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿(𝑇𝑇)��                         (6) 
In the formula: 𝑔𝑔 represents the predicted value of the probability that the product information 

on the e-commerce platform meets the user's needs; 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 represents the linear mapping function; 
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅  represents the activation function; 𝑇𝑇  represents the global feature information of the user 
behavior data on the e-commerce platform. After the operation of formula (6), the user's favorite 
probability corresponding to each product information can be obtained, and the product information 
with the maximum probability is output. In summary, this paper combines deep learning technology 
with neural networks to construct a deep bidirectional Transformer model. By inputting the mined 
and preprocessed user behavior historical data of the e-commerce platform into the model, the 
product information with the maximum probability that meets the user's behavior needs can be 
predicted, and the automatic push of product information can be completed. 

5. Simulation Experiment 

5.1. Experimental Preparation  

In the above content, this paper introduces in detail the implementation process of the e-
commerce platform information push method based on deep neural network. According to the 
characteristics of the push method designed in this paper, the e-commerce platform information push 
method based on collaborative filtering and the e-commerce platform information push method 
based on association rules are selected as the control group, and the simulation experiment is carried 
out to verify the feasibility and reliability of the push method designed in this paper. 

First, the experimental environment shown in Table 1 is configured in MATLAB software. Then, 
user behavior data on a certain e-commerce platform is collected as experimental data. In order to 
better verify the product information recommendation effect under different methods, 50,000 user 
behavior data are obtained after mining and preprocessing in this simulation experiment. These data 
contain five user behaviors: browsing, collecting, adding to cart, repurchasing and commenting. The 
experimental data are divided into training data set and test data set according to the ratio of 6:4, 
which are 20,000 and 30,000 data respectively. Finally, the above push method is installed on the 
simulation platform, and the user behavior data is input for corresponding calculations to obtain 
different e-commerce platform product information push results. By comparing the experimental 
results, the push performance of different methods can be determined. 

Table 1. Simulation experiment environment parameter configuration. 

        

  Project   Parameters 

 Operating system  Windows 10 
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 CPU  Intel(R)Core™i5-4590@3.30GHz  

 Graphics card  NVIDIA GeForce RTX 4060  

 Memory  64GB 

 Deep learning framework  tensorflow-gpu1.4.0  

  Language   Python2.7 

    

5.2. Computational Cost Evaluation 

In order to evaluate the computational cost of this model in practical applications, this paper 
conducts a detailed evaluation of the following indicators: 

1. Training time: Under the same hardware environment (such as GPU or CPU), record the time 
required for different push models to complete training. According to literature [12], training time is 
a key indicator to measure model complexity and computing resource usage. Especially for large-
scale data sets, the training time of the model directly affects the cost of practical applications. 

2. Inference time: Evaluate the inference time of each model when processing a single user 
behavior data, that is, the time required from input data to generating recommendation results. This 
indicator is particularly important for the real-time performance of the recommendation system. 
Literature [13] shows that the optimization of inference time can significantly improve the user 
experience. 

3. Memory usage: This paper uses a memory monitoring tool to track the memory usage of the 
model in real time during the training and inference stages to ensure that the model can run stably 
under limited resource environments. Memory usage is an important factor to consider when 
deploying a model, especially when running on embedded devices or mobile devices. 

The evaluation of the above indicators can more comprehensively compare the computational 
costs of different push methods under the same hardware environment in order to evaluate the actual 
feasibility. Finally, these push methods are installed on the simulation platform, and user behavior 
data is input for calculation to obtain the push results of product information on different e-commerce 
platforms. 

5.3. Experimental Results 

Since this simulation experiment uses different methods to push product information on e-
commerce platforms, relevant indicators are needed to measure the performance of each method. The 
general evaluation indicators of information push performance include accuracy, recall rate, etc. The 
evaluation results obtained by this indicator are relatively one-sided, so this article selects the F1 
evaluation indicator to measure the actual performance of each push method. The calculation 
formula of this indicator is shown as follows: 

𝐹𝐹1 =  2𝑅𝑅𝑅𝑅∗𝑃𝑃𝑃𝑃
𝑅𝑅𝑅𝑅+𝑃𝑃𝑃𝑃

                 (7) 
In the formula: 𝑅𝑅𝑅𝑅 represents the recall rate of the push results of the e-commerce platform 

product information, that is, the proportion of product information that users like and are pushed 
among all the products on the e-commerce platform that users like; 𝑃𝑃𝑃𝑃 represents the accuracy of 
the push results of the e-commerce platform product information, that is, the proportion of product 
information that users like and are recommended among all the product information pushed by the 
e-commerce platform to users. According to the above formula, the 𝐹𝐹1 evaluation index can be 
regarded as the harmonic mean of the accuracy rate and the recall rate, so this paper uses this index 
to comprehensively measure the push results of the e-commerce platform product information. 
Generally, the larger the 𝐹𝐹1 value, the better the recommendation effect of the product information. 
In this simulation experiment, the user behavior data is divided into 6 groups for the push experiment 
of the control variable. Simply put, under different lengths of the recommended product list, the 𝐹𝐹1 
value changes of the product information recommendation results obtained by the experimental 
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group method and the control group method are evaluated. The specific results are shown in Figure 
2. 

 
Figure 2. Comparison of e-commerce platform information push results. 

From the experimental results in Figure 2, it can be seen that as the length of the recommended 
product list of the e-commerce platform gradually increases, the 𝐹𝐹1  value of the e-commerce 
platform product information push results obtained by the control group method shows an overall 
upward trend, which means that the more product information is pushed, the greater the probability 
that the product in the push result is liked by the user. However, no matter how the length of the 
recommended product list increases, the 𝐹𝐹1 value of the e-commerce platform product information 
push results obtained by the design method in this paper has always been at a high level, and is much 
higher than the control group method, indicating that this method can achieve personalized 
recommendation of e-commerce platform product information. The average 𝐹𝐹1  value of the e-
commerce platform product information push results under the design method is 0.97, which is 0.262 
and 0.218 higher than the control group method. Therefore, for the push of e-commerce platform 
product information, the design method in this paper has greater advantages in accuracy, recall rate 
and 𝐹𝐹1 value. The simulation experiment results also further verify the feasibility and reliability of 
the design method, which meets the actual needs of my country's e-commerce recommendation field. 

6. Conclusions 

Various e-commerce websites or e-commerce apps provide a convenient way for people to 
communicate online, but a significant volume of user activity and product information data makes it 
challenging to deliver product recommendations on e-commerce platforms. Therefore, based on the 
mining and preprocessing of e-commerce platform user behavior data, this paper uses deep neural 
networks to push product information on e-commerce platforms, and conducts experimental 
verification. The experimental results show that the design method in this paper can effectively 
improve the accuracy and recall rate of product information push on e-commerce platforms. In the 
future, this paper will further optimize the model structure and push strategy, improve the real-time 
performance of recommendation services, and provide e-commerce platforms with better product 
information push services. Li [14] preprocessed the public data on the Internet to form related data, 
which provides valuable accessibility real-time services for the society. Inspired by this, there is 
potential in the future to conduct e-commerce related research or model training based on the public 
e-commerce data such as Kaggle, especially in product recommendation, sales forecasting, user 
behavior analysis, etc. 
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