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In this study, based on neural network algorithm, a prediction model of e-commerce customer purchase
behavior was constructed, and the data pre-processing, training strategy and model selection were
optimized to improve the prediction accuracy and generalization ability. Firstly, data preprocessing
methods such as missing value filling, normalization, Thermal coding and PCA dimensionality reduction
are used to effectively optimize data quality and improve the learning ability of the model. Secondly, in
terms of training strategy, dynamic learning rate adjustment, gradient clipping, batch training
optimization and stop in advance are introduced to reduce overfitting risk and improve training stability.
The study compared the performance of logistic regression, random forest, LSTM and LSTM+Attention
models. LSTM+Attention model was evaluated using a 12-month e-commerce dataset comprising 1,058
user records, incorporating features such as user demographics, historical purchase behavior, browsing
data, shopping cart actions, product metadata, and promotional interactions.The input features were
preprocessed using normalization, one-hot encoding, and PCA, and models were trained with optimized
hyperparameters using stratified sampling and cross-validation. The study compared four models—
logistic regression, random forest, LSTM, and LSTM+Attention.LSTM+Attention achieved the highest
performance with 91.3% accuracy and AUC-ROC of 0.95, outperforming logistic regression (76.8%),
random forest (81.5%), and LSTM alone (88.9%).These results demonstrate the effectiveness of
combining temporal modeling with attention mechanisms in predicting e-commerce customer purchase
behavior. This paper analyzes the value of predictive model in business applications such as personalized
recommendation, precision marketing, dynamic pricing, inventory management, etc., and shows that the
model can effectively improve the operational efficiency and user experience of e-commerce platforms.
Through literature review, this study further discusses the development trend of e-commerce prediction
model, which provides theoretical support and practical guidance for the intelligent decision-making of
e-commerce platform.

Povzetek: Raziskava predstavi LSTM+Attention model za napoved nakupovalnega vedenja e-trgovinskih
uporabnikov. Z izboljsano obdelavo podatkov in strategijami treniranja doseze visjo tocnost, podpira
personalizirana priporocila, dinamicno cenovno prilagajanje ter ucinkovito trzenje.

accuracy and affects the effectiveness of marketing
decisions. Driven by deep learning, neural network
algorithms have made achievements in the fields of image
recognition,  natural  language  processing and
recommendation systems. The powerful feature extraction

1 Introduction

The rapid development of e-commerce makes consumer
online shopping behavior data show exponential growth.
Traditional forecasting methods mainly rely on statistics

and machine learning technologies, such as logistic
regression, decision tree and support vector machine, etc.
These methods perform well when dealing with structured
data. However, for large-scale, high-dimensional and non-
linear data in the e-commerce environment, the data of
consumers' online shopping behavior shows exponential
growth. Its predictive ability has obvious limitations. In
the face of complex variables such as user browsing
behavior, interaction record, product characteristics and
social recommendation, the traditional model is difficult
to accurately depict the potential purchase intention of
consumers, which leads to the decline of prediction

and nonlinear mapping capabilities make it show great
potential in customer behavior prediction. Compared with
traditional methods, neural network models can
automatically learn complex patterns in data, capture
long-term dependencies, and dig deep nonlinear features.
At present, the application of neural network in e-
commerce field still faces challenges, such as high model
complexity, high computational cost, data noise
interference and insufficient feature engineering
optimization. This study builds a customer purchase
behavior prediction model based on neural network,
optimizes data pre-processing and feature engineering,
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and improves model architecture and training strategies to
improve prediction accuracy and provide support for
precision marketing and intelligent recommendation of e-
commerce platforms.

Prediction models have been widely used in the field
of e-commerce. Based on different data analysis methods
and algorithm models, researchers explore the prediction
strategies of e-commerce customers' purchase behavior,
and evaluate the effectiveness of different models.

In terms of theoretical research on prediction models,
Magnus et al. proposed the weighted least squares
prediction method, emphasizing the role of data weights
in improving prediction accuracy [1]. Chattoe-Brown
explored the potential of intelligent agent-based modeling
in predictive research and points out that ABM can be used
to simulate the behavior patterns of different types of
consumers on e-commerce platforms to optimize
marketing strategies [2]. Wu et al. proposed a proxy model
method to select the optimal traffic conflict prediction
model, which can also be used to optimize anomaly
detection and consumer behavior prediction in e-
commerce transactions [3]. Li et al. studied the forecast of
the user growth of fixed telephone and mobile
communication in Japan in terms of specific e-commerce
prediction modeling, and derived the user growth curve
based on the nonlinear prediction model, providing a
reference for the user growth forecast of e-commerce
platforms [4]. Svabova et al. proposed a machine learning
model based on financial data for the bankruptcy
prediction of Slovak smes, and the study showed that the
prediction model can effectively identify risk points in
business operations [5]. Yang et al. proposed a combined
forecasting model based on residual estimation, which can
be applied to the data trend analysis of e-commerce
platforms to improve the forecasting ability of future sales
and market fluctuations [6]. Von Eye et al. discussed the
predictive analysis model in longitudinal research in terms
of time series prediction and model optimization, and
emphasized the importance of time series data for long-
term trend prediction, which provided theoretical support
for the long-term trend prediction of e-commerce user
behavior [7]. Zhang et al. found through field experiments
that customer participation driven by mobile applications
can significantly enhance consumers' purchasing behavior
in baking stores, indicating that digital tools play a
positive role in promoting offline consumption [8]. Seinen
et al. studied the predictive model in the Dutch medical
field and emphasized the role of unstructured text data
(such as user comments and customer service records) in
improving the predictive ability of the model. This idea
can be applied to the review analysis of e-commerce
platforms to optimize the recommendation system [9].

Zhang et al. proposed a route link prediction model
based on particle swarm optimization, which improved the
prediction accuracy by optimizing hyperparameters, and
this idea is also applicable to user behavior prediction in
e-commerce [10]. Yuan et al. studied the prediction model
of grouped data and analyzed the impact of data grouping
on prediction accuracy, which can be applied to the
behavior modeling of different consumer groups on e-
commerce platforms [11]. Michalkova et al. studied the
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early warning mechanism of corporate financial distress
based on the bankruptcy prediction model, and this
research method can be extended to the analysis of
business conditions of e-commerce enterprises [12]. Li
Bin et al. demonstrated that when an Al customer service
system experiences service failure, customer engagement
plays a mediating role in its influence on purchasing
behavior, highlighting the significance of intelligent
customer service design in enhancing user experience
[13]. In terms of model optimization and evaluation
methods, Zhang and Liu proposed a model average
prediction method based on K-fold cross-validation,
which plays an important role in improving the stability of
neural network models and can be used to optimize the
user behavior prediction model of e-commerce platforms
[14]. Gavurova et al. evaluated the applicability of
different bankruptcy prediction models and proposed
model selection strategies in different business
environments. This study has reference significance for
the risk management and credit evaluation of e-commerce
platforms [15]. Chiou analyzed the influence of different
thinking models on prediction in the field of physics
education, and this study emphasized the source analysis
of prediction errors, which can provide references for error
optimization of e-commerce prediction models [16].
Mohammadi studied the prediction ability of o-stabilized
GARCH and ARMA-GARCH-M models and discussed
the risk prediction methods of financial markets, which
has certain guiding significance for the market dynamic
analysis of e-commerce platforms [17].

The rapid development of e-commerce research has
also prompted scholars to pay attention to its impact on the
economy and society. Kumar et al. reviewed the evolution
of e-commerce research in the past 20 years and analyzed
the application and development trend of different
forecasting models in the field of e-commerce [18]. Wang
studied the impact of the development of e-commerce on
the wurban-rural income gap, and discussed the
intermediary role of technological innovation in this
process. This study emphasized the importance of
technological upgrading of e-commerce platforms on the
prediction of consumer behavior [19]. Soleimani
conducted a systematic literature review on buyer trust on
e-commerce platforms, and pointed out that a trusted
transaction environment can enhance users' stickiness to
the platform and improve the reliability of customer
purchase behavior prediction [20]. Pejic-Bach discussed
the development and changes of e-commerce during the
COVID-19 epidemic, analyzed the forecasting methods of
user consumption patterns, and provided empirical
reference for e-commerce platforms to cope with market
fluctuations [21].

In terms of user behavior modeling and trust
mechanism research, Peng and Yang studied the impact of
e-service quality on consumer trust, and proposed the
strategy of using advanced technologies to enhance
customer loyalty, which provided a reference for e-
commerce platforms to optimize user experience [22].
Zhu et al. analyzed the consistency of product information
in cross-border e-commerce and proposed the
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applicability evaluation criteria of prediction models
under different market backgrounds [23]. Deng et al.
proposed an e-commerce volatility prediction method
based on joint BW test, which has important guiding
significance for e-commerce market trend analysis and
dynamic pricing strategy optimization [24]. The existing
literature has deeply discussed the prediction of e-
commerce customer purchase behavior, covering different
modeling strategies from traditional statistical methods to
deep learning, and evaluating the optimization effect of
the prediction model combined with different application
scenarios. On the basis of absorbing existing research
results, this study combined with LSTM+Attention neural
network model to further optimize the accuracy and
stability of e-commerce user behavior prediction,
providing theoretical support and practical guidance for
the intelligent decision-making of e-commerce platform.

Current research on e-commerce customer purchase
behavior prediction mainly focuses on traditional machine
learning methods and deep learning methods. Traditional
methods such as logistic regression, decision trees,
support vector machines and random forests mainly rely
on manual feature engineering, modeling through
variables such as user history behavior and product
characteristics. These methods perform well on small-
scale data sets, but are difficult to deal with high-
dimensional, non-linear and dynamically changing data in
e-commerce environment. Because of its strong feature
learning ability, deep learning model is gradually applied
to customer behavior prediction. The LSTM-based model
can capture the time series characteristics of user purchase
behavior, while the attention mechanism can enhance the
weight of key behaviors and improve the prediction
accuracy. At present, there are still some problems in the
research, such as insufficient generalization ability of
model, large influence of data noise and high cost of real-
time calculation. Many studies still rely on rules of thumb
in data preprocessing and feature engineering
optimization, and lack of system optimization for e-
commerce scenarios.

In this study, the deep learning method is used to build
a prediction model of e-commerce customer purchase
behavior based on neural network algorithm. The data
processing stage combines data cleaning, feature
extraction and dimensionality reduction techniques to
optimize data quality. In terms of model construction,
recurrent neural network and long term memory network
will be selected to capture the time-dependent
characteristics of user purchase behavior, and attention
mechanism will be combined to enhance the weight of key
behavior features to improve the prediction accuracy. In
order to optimize the model training, hyperparameter
optimization and regularization techniques will be used to
improve the generalization ability of the model, and cross-
validation will be used to evaluate the stability of the
model. The core value of this study is to break through the
limitations of traditional methods, build a more accurate,
more efficient and more interpretable neural network
prediction model, and provide data-driven decision
support such as intelligent marketing and accurate
recommendation for e-commerce platforms.
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This work aims to improve the predictive accuracy
and commercial utility of customer behavior models in e-
commerce by integrating temporal modeling (LSTM) with
an attention mechanism and optimized training strategies.

2 Materials and methods

2.1 Data collection and sample selection
2.1.1 Datasource

The data collected in this study mainly comes from the
transaction behavior data of users on e-commerce
platforms, including historical purchase records, browsing
behaviors, shopping cart operations, basic information of
users and commodity characteristics. The data acquisition
methods include the open data set of the platform, the
anonymous data provided by the cooperation of
enterprises, and the user interaction data captured by the
web crawler technology under the premise of data ethics.
In order to ensure the representativeness and reliability of
the data, this study selected data from an e-commerce
platform covering multiple categories of goods over a
period of 12 consecutive months to capture the cyclical
changes in consumer behavior. Abnormal data, such as
severely missing samples and abnormal transactions, will
be eliminated, and normalized numerical variables will be
processed to reduce the impact of differences in different
feature units. In order to improve the training effect of the
model, this study adopts the strategy of combining random
sampling and stratified sampling to ensure the balanced
distribution of different user groups in the data set, so as
to reduce data bias. These data will serve as the basis for
model training and verification, and provide reliable data
support for subsequent predictive analysis, as shown in
Table 1.

Table 1: Data sources for the study

Data Data Specific PUIDOSE
Type Source Content P
E- Identify user
commerc | User ID, age, | characteristic
User
informat | © gender, _ S _and
ion platform | membership | differentiate
user level, region | consumer
database groups
Order ID,
product 1D, | Record user
Transacti | purchase purchase
Purchase | on logs, | time, behavior and
Behavior | order purchase analyze
datasets quantity, buying
payment patterns
method
. Website Viewed Predict user
Browsin . products, -
clickstrea . interest and
g m logs dwell - time, urchasin
Behavior 2005 1 yisit path, P g
cookies ; intent
click count
Shoppin | E- Time added | Analyze user
g Cart | commerc | to cart, | decision-
Data e product making
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database | quantity, process and 2.1.2 Sample screening and data preprocessing
removed potential In the process of sample selection, this study focuses
items purchasing on the representativeness, integrity and balance of data to
Intent ensure that the neural network model can accurately
Product gategory, _ Optimize predict the purchasing behavior of e-commerce customers.
Product | catalog, d.ran » PNICe, | o commendat Select active users with a long history of purchases to
Features | product discount, ions based on capture trends in consumer behavior, while weeding out
details inventory user behavior | unusual users, such as accounts with malicious swiping, a
status large number of returns, or no purchases for a long time,
| Platform | Promotion Evaluate the | o ensure data quality. In order to enhance the applicability
Promoti promotio | type, impact ~ of | of the model, it is ensured that the samples cover user
ons & | o discount promotions groups with different consumption levels, purchase
Marketin records, | level adclick | °" . . frequency and category preferences, so that the model can
g ad data rate purchasing learn diversified purchasing behavior patterns. In order to
i behavior avoid the prediction bias caused by uneven data
Transacti | o Analyze distribution, this study adopts the method of combining
Time on purchasing consumption rgndpm _samplin_g and stratified sampling to balance the
Series timestam periods seasonality to | distribution of different types of users and ensure that the
ps, ' Improve training data is consistent with the actual e-commerce
Data seasonal e i !
consumpt | e prediction environment. In terms of sample time span, 12
ion trends i accuracy consecutive months of user behavior data are selected to
Rev!ew Assess  the capture seasonal and cyclical consumption characteristics,
) Use:r ser]tlment, influence of and the impact of short-term purchase data on the stability
Social | reviews, ra_ltln_g _ social factors of the model is eliminated. The final selected sample data
Interacti | ratings, distribution, on will be used for model training and verification to provide
on Data sharm_g product purchasing reliable data support for e-commerce customer purchase
behavior | recommendat : behavior prediction, as shown in Table 2.
ions behavior
Table 2: Sample data
Cart Total Avg
User Membership | Purchase Browse Product Order Purchase
Age | Gender Add
ID Level Count Count Count Category Amount | Interval
(CNY) (Days)
1 |28 | Female | DAMoNd | o7 177 |13 | Food 137836 | 13.8
Member
2 41 | Female | Platinum 57 7 Food 921.77 | 1556
Member
Regular Daily
3 36 Male Member 9 153 3 Necessities 2546.4 14.6
4 32 | Male | Regular 19 133 7 Food 389337 | 13.1
Member
5 29 | Female | Regular 11 129 7 Electronics | 1822.81 | 21.7
Member
Gold .
6 42 Male 23 161 3 Clothing 717.3 21.9
Member
7 28 | Male |Diamond 5 177 9 Clothing 1687.91 | 12.1
Member
8 47 | Female | Platinum g 193 9 Food 227121 |17
Member
1058 | 35 | Male | Regulr 19 141 |11 | Clothing 350145 | 14.8
Member

Table 2 presents only a partial snapshot of the full
dataset for illustrative purposes. The actual training

dataset contains 1,058 user records spanning 12 months,
as described above.

Selecting a 12-month continuous dataset allows the model
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to learn both short-term fluctuations (e.g., promotional
spikes, seasonal sales) and longer-term behavioral trends
(e.g., repeat purchases, category shifts). Rather than
eliminating short-term effects, this approach integrates
them into a broader temporal context, reducing the risk of
overfitting to transient anomalies from narrow time
windows (e.g., single-week flash sales). It ensures the
training data reflects real-world consumer variability
across different seasons, event cycles, and behavioral
rhythms. This strategy improves model robustness by
exposing it to a complete annual behavioral arc, enabling
better generalization across future usage scenarios.

The dataset consists of 1,058 user records collected
over 12 consecutive months from a major e-commerce
platform, covering eight product categories and 11 distinct
behavioral and demographic features per user. The
purchase prediction task was formulated as a binary
classification problem, where 0 indicates no purchase and
1 indicates purchase. Users were split into 70% training
(740 samples), 15% validation (159), and 15% test sets
(159) using stratified sampling by purchase frequency and
membership tier. Demographically, the sample includes
52.3% female and 47.7% male users, with an age range of
18-57.The average number of purchases per user is 15.2,
with a right-skewed distribution showing 20% of users
accounting for over 60% of purchases. Product categories
are unevenly distributed, with food (31.7%), clothing
(22.5%), and electronics (18.9%) most represented. The
overall interaction matrix exhibits 83.4% sparsity,
highlighting the challenge of implicit feedback prediction.

2.1.3 Data feature engineering

Data feature engineering is an important part of
optimizing e-commerce customer purchase behavior
prediction model, which mainly includes feature selection,
feature transformation and feature construction. In terms
of feature selection, variables such as user basic
information, purchase history, browsing behavior,
shopping cart operation, and product characteristics are
extracted to ensure that the data can accurately reflect
consumers' purchase patterns. In the process of feature
conversion, the numerical variables are normalized to
ensure that the scales of different features are consistent,
and the categorical variables are converted by means of
Thermal coding or embedded representation to improve
the learning ability of the neural network. In the feature
construction stage, advanced features such as user
purchase frequency, consumption trend and commaodity
similarity are constructed, and combined with time series
information, the model's ability to identify long-term and
short-term behaviors is enhanced. Principal component
analysis, information gain or L1 regularization are used
for feature screening to remove redundant features and
improve the computational efficiency and generalization
ability of the model. Finally, the optimized feature set will
be used as the input of the neural network model to
improve the accuracy and stability of e-commerce
customer purchase behavior prediction.
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2.2 Construction of prediction model

2.2.1 Selection formula of neural network

model

Based on the time dependence, feature complexity and
computational cost of the data, this study considers the use
of recurrent neural networks, long term memory networks
or attention mechanism-based Transformer model. Model
selection is measured according to the following formula:

The model loss function uses mean square error or

cross entropy loss to measure the prediction error.
2

1y
L==>(,-y) @
N =
or

L= %Z[yi logy,+ - y)log-y)] (@

i=1
Y; is the real purchase behavior, 9 is the predicted
I

value of the model, and N is the total number of samples.

The model complexity evaluation is to measure the
computational cost by the number of parameters P to avoid
overfitting.

L
P=> (n_xn+n) ©)
1=1

L is the number of layers of the network, and N, is

the number of neurons in layer | .
The optimization goal is to select the model that meets
the following optimal conditions.

argi"(L+AP) (4)

M is the candidate model and A is the regularization
parameter that weighs loss and computational complexity.

In this study, after the experimental comparison of
different models, the model with minimal loss and
moderate computational complexity was selected for
subsequent optimization.

Based on the comparative results across all candidate
models, LSTM+Attention demonstrated the lowest loss
(0.184), highest AUC (0.95), and balanced training time,
thereby fulfilling both accuracy and efficiency criteria.
Accordingly, it was selected as the final model
architecture for subsequent training and evaluation.

2.2.2  Model architecture design

(1) Input layer

The input layer is the first step of the neural network
model to process the e-commerce customer purchase
behavior prediction task, and its main function is to
receive and normalize the input data, so as to provide high-
quality data basis for the feature extraction and learning of
the subsequent hidden layer. The input data of this study
includes multi-dimensional information such as user
purchase history, browsing behavior, shopping cart
operation and product characteristics. In order to improve
the expressiveness of the model, the input layer adopts a
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multi-channel structure to process different types of data
separately. User behavior data is input in the form of time
series, and time step data is constructed by sliding window
method with fixed window length. Product features are
represented by embedded vectors to capture the
similarities between different product attributes. In order
to improve the training stability of the model, the input
layer normalizes the numerical features so that they are
distributed in the same numerical range to reduce the
deviation of gradient update. For category-type variables,
such as user identity and commaodity category, embedding
layer is used to map to low-dimensional vector space to
reduce the impact of dimensional disaster on model
training. The input layer splices different types of data and
inputs them into the hidden layer for deep feature
extraction to provide high-quality input data for e-
commerce customer purchase behavior prediction.

(2) Hidden layer

The hidden layer is a key part of the deep feature
extraction and pattern learning of the neural network
model for e-commerce customer purchasing behavior. In
this paper, according to the characteristics of e-commerce
data, multi-layer neural network architecture is used to
improve the expressiveness and prediction performance of
the model. In view of the time dependence of user
behavior data, the hidden layer introduces a recurrent
neural network structure, in which the long-duration
memory network can effectively capture the long-term
dependence characteristics of user purchase behavior,
avoiding the problem of gradient disappearance existing
in traditional RNN. In order to enhance the attention
mechanism of the model and enhance the attention to key
behavioral features, this study superimposes the self-
attention mechanism on the hidden layer, and calculates
the correlation weights between the data of different time
steps, so that the model can automatically screen the
behavioral features that have the greatest impact on the
final purchase decision.

To enhance architectural novelty, a hybrid model was
introduced by integrating multi-head attention and
hierarchical attention into the LSTM framework. The
multi-head attention mechanism enables the model to
learn from diverse representation subspaces, enhancing
sensitivity to varying behavioral signals. Hierarchical
attention captures both intra-session and inter-session
dependencies, improving sequence-level interpretability.
Additionally, temporal convolutional layers were
incorporated before the recurrent structure to extract short-
term purchase patterns efficiently. The revised model
architecture was visualized with a detailed flow diagram
illustrating input embedding, convolutional layers,
attention weight distribution, LSTM encoding, and output
layers, clarifying the interaction among key components
and improving transparency in  design and
implementation. As shown in Figure 1:
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Raw Multi-Source Behavioral Data

Data Preprocessing

f Feature Embedding Layer

Temporal Convolutional Layer (TCN)
— | STM Encoding Layer

Multi-Head Attention Mechanism

Hierarchical Attention Mechanism

Fully Connected Layer + Output

Figure 1: Flowchart of model implementation

The number of neurons in each layer is determined by
experimental tuning, the ReLU activation function is used
to enhance the nonlinear expression ability, and batch
normalization is introduced to speed up the training speed
and improve the model stability. In order to prevent the
model from overfitting, Dropout technology is used in the
hidden layer to randomly drop some neurons with a certain
probability to enhance the generalization ability. In order
to optimize the feature representation, this study uses the
fully connected layer to reduce the dimension of LSTM
output information, reduce parameter redundancy, and
improve computing efficiency. After learning from
multiple hidden layers, the model can extract the deep
pattern of user purchasing behavior and provide effective
support for the final purchase prediction.

(3) Output layer

The output layer is the final link of the neural network
model to predict the purchasing behavior of e-commerce
customers, and its function is to convert the features
extracted by the hidden layer into specific prediction
results. This study uses the fully connected layer as the
output layer to ensure that the depth features learned by
the hidden layer can be mapped to the final purchase
probability or category label. The structure of the output
layer varies according to different prediction tasks. If it is
a binary task (to buy or not to buy), the Sigmoid activation
function is used to normalize the output value to between
0 and 1, and 0.5 is used as the threshold for the purchase
decision, i.e

A 1
y:O'(WX-Fb):l_l_e_m 5)

W and b are weights and biases respectively, x is the
output feature wvector of the hidden layer, and 9

represents the purchase probability of the user. If it is a
multi-classification task (predicting the category of goods
the user will buy), the Softmax activation function is used
to map multiple neurons in the output layer into a
probability distribution so that the probability sum of all
categoriesis 1, i.e
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zi

n e
yYi :W (6)
i

§,_ represents the probability of the user choosing the
1

item of category i, and eZ is the score corresponding to

that category.

In order to optimize the prediction ability of the
model, this study adopted the cross-entropy loss function
in the output layer, and used the Adam optimization
algorithm to adjust the weight parameters to improve the
training efficiency and prediction accuracy of the model.
The predictive results of the output layer will be used to
personalize recommendations and precision marketing for
e-commerce platforms to improve user experience and
sales conversion rates.

2.2.3 Training parameter optimization and
hyperparameter tuning table

Training parameter optimization and hyperparameter
tuning are the key steps to improve the performance of
neural network models, which directly affect the accuracy
and generalization ability of e-commerce customer
purchase behavior prediction. In this study, the key
hyperparameters are optimized by the combination of grid
search and Bayesian optimization. In terms of optimizer
selection, Adam optimization algorithm is used to balance
convergence speed and model stability. The learning rate
is an important parameter that affects the convergence
speed and final accuracy of the model. The initial setting
of the experiment is 0.001, and the exponential attenuation
strategy is used in the training process to avoid the model
oscillating in the later stage. The batch size determines the
number of samples used for each weight update, with
values ranging from 32 to 256, taking into account
computational efficiency and gradient stability. The
number of neurons in the hidden layer, the number of
layers and the selection of activation function also affect
the expression ability of the model. In this study,
experiments were carried out between 2 and 4 layers, with
ReLU as the main activation function and Batch
Normalization to improve the training stability. The
regularization method combines L2 regularization and
Dropout to suppress overfitting, and sets different Dropout
probabilities in the process of hyperparameter tuning. The
optimal combination of hyperparameters was determined
by cross-validation, which ensured the prediction
accuracy of the model and improved the generalization
ability and computational efficiency.

The final model configuration was derived using a
grid search strategy over defined hyperparameter ranges,
evaluated through 5-fold cross-validation. LSTM units
were tuned in [64, 128, 256] and 128 yielded the best
trade-off between accuracy and training time. Multi-head
attention used 4 heads from a search range of [2, 4, 8],
balancing attention granularity and computational
overhead. Dropout rate was optimized at 0.3 from a range
[0.2, 0.3, 0.5], reducing overfitting without harming
convergence. Batch size was set to 128 after evaluating
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[32, 64, 128, 256], where it achieved 91.3% validation
accuracy and stable gradient behavior. Learning rate was
initialized at 0.001 with exponential decay, improving
early convergence. These choices collectively enhanced
training stability, generalization, and interpretability.

2.2.4 Model implementation and training
process

This research is based on the deep learning framework
TensorFlow/Keras to realize the e-commerce customer
purchase behavior prediction model, and is trained in the
high-performance computing environment. After the data
preprocessing was completed, the batch data input was
constructed using DataLoader, and the data was divided
into training sets, verification sets and test sets, with a ratio
of 70:15:15. During model initialization, He initialization
method was used to ensure reasonable weight distribution
and load the optimized hyperparameters. In the training
process, the loss function adopts binary cross entropy or
class cross entropy to measure the model prediction error.
Adam optimizer is used for gradient updating, and
learning rate scheduling strategy is combined to decrease
the learning rate rapidly in the initial stage and gradually
reduce the learning rate when it converges in the later
stage to improve the model stability. The training adopts
the Mini-Batch mode, the verification set loss and
accuracy are calculated after each Epoch, the overfitting
in the training process is monitored, and the training is
terminated in advance when the verification loss is no
longer reduced through the Early Stopping mechanism.
After the training was completed, the generalization
performance of the final model was evaluated using the
test set, and the prediction effect of the model was
analyzed by the confusion matrix, OC-ROC curve and
other indicators. The trained model is exported and
deployed online in inference environment to realize real-
time user behavior prediction of e-commerce platform.

2.3 Training and verification

2.3.1 Partitioning strategy of training set and

test set

To ensure temporal consistency in sequential prediction
tasks, the validation set was restructured using time-based
splitting, positioned chronologically between the training
and test sets. This adjustment aligns the data partitioning
with real-world inference scenarios, where models are
evaluated on unseen future data. The validation set now
reflects post-training but pre-testing periods, allowing for
hyperparameter tuning without data leakage. replacing
"Random Sampling" with "Intermediate Time-based
Splitting” for the validation set. This change enhances
model reliability by preserving the causal sequence of user
behavior and avoiding artificially inflated performance.
This study combines stratified sampling and time
series partitioning to ensure the balanced distribution of
data, while preserving the time dependence of user
behavior. Stratified sampling is carried out according to
the characteristics of users' purchase frequency and
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membership level to ensure the balanced distribution of
data among different types of users and avoid bias in the
training of the model by certain types of users. The time
series division method is adopted to make the data time
range of the training set earlier than the test set to simulate
the real business scenario, ensuring that the model can
learn the historical behavior pattern of users and make
future predictions. This study finally divides the data
according to the proportion of 70% training set, 15%
verification set and 15% test set, and conducts balanced
sampling of new users, high frequency users and low
frequency users to enhance the generalization ability of
the model. The validation set is used to adjust
hyperparameters and prevent overfitting, while the test set
is used to assess the predictive power of the final model to
ensure its applicability in a real e-commerce environment.
Such partitioning strategy ensures the robustness of the
model on new data, improves the reliability of the
prediction results, and provides more scientific support for
the user behavior prediction of e-commerce platform.

2.3.2 Training process and parameter tuning

In the training process of e-commerce customer purchase
behavior prediction model, it is very important to divide
the training set and the test set reasonably for the
generalization ability of the model. In this study, stratified
sampling and time series division are used to ensure the
balance of data distribution, while retaining the time
dependence of user purchase behavior. Stratified sampling
is carried out according to the user's activity, purchase
frequency and other characteristics to ensure that the
behavioral data of different types of users are evenly
distributed in the training set and the test set. Considering
that e-commerce data has the characteristics of time series,
the model needs to learn the changing trend of user
purchasing behavior, so it should be divided in time order
to ensure that the time range of data in the training set is
earlier than that in the test set, so as to actually predict the
scene. In the end, this study divided the data according to
the proportion of 70% training set, 15% verification set
and 15% test set, and conducted balanced sampling for
different user groups (new users, high-frequency users and
low-frequency users) to improve the generalization ability
and prediction accuracy of the model, as shown in Table
3.

Table 3: Dataset splitting for training and testing

.l?;;aeset giazrr;ple Proportion ﬁj’;;ﬁéﬁg Primary Purpose
Stratified
Training Sz_impling +|Train the model
Set 740 70% Time- to learn user
based behavior patterns
Splitting
Optimize
Validation 159 15% Random  |hyperparameters
Set Sampling |and prevent
overfitting
Future- Evaluate model
Test Set  |159 15% based generalization
Splitting _|performance
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The data partitioning strategy in this study ensures the
rationality of the training set, verification set and test set
to improve the predictive ability of the neural network
model. The training set accounts for 70%, providing
enough data for the model to learn the purchasing behavior
characteristics of e-commerce customers, ensuring that the
model can grasp the consumption pattern and purchase
decision factors. The verification set accounts for 15%,
which is used to optimize the hyperparameters of the
model, such as the learning rate, the number of hidden
layer neurons, etc., and prevent overfitting and improve
the generalization ability. The same 15% test set is used to
evaluate the performance of the final model on unseen
data to ensure its suitability in a real-world e-commerce
environment. Combined with time series division, the
model can learn the changing trend of user purchasing
behavior and enhance the adaptability to short-term and
long-term consumption patterns. Stratified sampling is
adopted to ensure the balanced distribution of data of
different types of users, so as to avoid the excessive
dominance of certain types of users in the training process,
resulting in the bias of the model to specific groups.

2.3.3 Cross-validation and model
generalization ability evaluation

Cross-validation is a common model evaluation method,
which can effectively test the performance of a model on
different data sets, so as to measure its generalization
ability. In this study, K-fold cross-validation was used to
divide the training set several times to reduce the bias
caused by data partitioning and improve the stability of the
model. In order to evaluate the generalization ability of the
model in the prediction of e-commerce customer
purchasing behavior, this study adopted test set error
analysis, OC-ROC curve, Fl-score and other evaluation
indicators to comprehensively measure the prediction
ability and practical application value of the model, as
shown in Table 4.

Table 4: Cross-Validation results and generalization

performance

K- ;ra'”'” er"da“ Overfitti | AU | F1-

Fold Accura | Accurac | M9 Risk | C- scor
S (%) ROC | e

cy (%) |y (%)

3 86.4 81.2 5.2 0.88 | 0.79
5 87.1 82.3 4.8 0.89 |0.81
10 88.5 83.7 4.8 0.91 |0.83

In this study, K-fold cross-validation was used to
evaluate the generalization ability of the model in order to
reduce the impact of data partitioning on the training
results. With the increase of K value, the accuracy of
validation set is gradually improved, indicating that more
training data is helpful for the model to learn more
comprehensive features of user purchasing behavior.
When the K value is too large, the accuracy difference
between the training set and the validation set tends to be
stable, indicating that the model has approached the
optimal generalization ability. Oc-roc curve is used to
measure the classification ability of the model. When
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K=10, it reaches 0.91, indicating that the model has a
strong ability to distinguish users with different purchase
intentions. The F1-score also increases with the increase
of K value, indicating that the balance between the
accuracy of the model and the recall rate is enhanced. The
overfitting risk decreased with the increase of K value and
stabilized at 4.8% when K=10, indicating that the model
has a good adaptability to unknown data. In this study, the
cross-validation method of K=10 was finally selected to
ensure the optimal generalization ability of the model,
while controlling the risk of overfitting, so that it can
maintain high accuracy and reliability in the prediction of
e-commerce customer purchasing behavior.

The performance metrics in Table 4 reflect internal
validation results from K-fold cross-validation conducted
during model tuning on the training set. These metrics
capture average performance across folds before exposure
to unseen data. In contrast, the final results in Table 9 were
derived from evaluation on the held-out test set defined by
the 70:15:15 temporal split strategy, representing real-
world deployment conditions. The higher accuracy and
AUC-ROC in Table 9 (91.3%, 0.95) reflect the model’s
performance after full training on the finalized training set
using optimized hyperparameters. This distinction
clarifies that cross-validation guided model selection,
while final evaluation was performed on chronologically
separate test data.

2.4 Data processing

2.4.1 Data preprocessing and feature
engineering optimization

Data preprocessing and feature engineering optimization
are important steps to improve the prediction accuracy of
neural network models. In this study, the methods of
outlier detection, missing value filling and data
normalization were used in the data preprocessing stage to
improve the data quality. In the aspect of feature
engineering optimization, the techniques of feature
selection, feature transformation and feature construction
are used to enhance the learning ability of the model.
Principal component analysis was used to reduce
dimension, reduce data redundancy, and the expression of
class variables was optimized in combination with
embedded representation to improve the computational
efficiency and generalization ability of the model, as
shown in Table 5.

Table 5: Data preprocessing and feature engineering
optimization results

Processing ?ppllg::a Primary Processing
Method Purpose Method

Type

Numerical Mean _for
Missing numerical | Missing
Value ’ . , mode for | Value

. Categoric . .
Imputation al categorica | Imputation
[

Normalizati | Numerical | Min-Max | Normalizati
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on Data scaling to | on
reduce
feature
variance
Convert
One-Hot Categoric | categorica One-Hot
Encoding al . I_data to Encoding
Variables | binary
format
. Retain
PCA High- | 9594 PCA
. . Dimensio ; : .
Dimensional nal variance, Dimensional
ity . reduce ity
. Numerical . .
Reduction computati | Reduction
Data
on
The optimization indicators in Table 5 report

percentage changes in training time and computational
resource usage, where negative values represent
reductions, less time or fewer resources consumed —
following the applied preprocessing or feature engineering
technique. This interpretation aligns with the concept of
optimization as minimizing resource demands without
sacrificing model performance.

This study significantly improves the training effect
of neural network models by optimizing data
preprocessing and feature engineering. In terms of missing
value filling, the mean value filling numerical variables
and mode filling category variables are used to reduce the
impact of missing data on the model, and the overall data
integrity is improved by 3.2%. The data normalization
adopts Min-Max standardization, which avoids the
influence of different feature scales on the model
convergence speed, and improves the training effect by
4.5%. The category variables are transformed by unique
thermal coding, which enhances the feature expression
ability of the model and improves the prediction accuracy
by 5.1%. By using PCA dimensionality reduction, on the
basis of retaining 95% information, the computational
burden is reduced, the training efficiency of the model is
improved, and the redundant influence of high-
dimensional features is avoided. The overall training time
is reduced by 6.8%. Finally, these optimization strategies
improve the learning efficiency and generalization ability
of the model, making it more stable and accurate in e-
commerce customer purchase behavior prediction.

2.4.2 Optimization of neural network
architecture

In this study, the structure of input layer, hidden layer
and output layer is optimized, and the network design
scheme which is more suitable for e-commerce user
behavior prediction is adopted. The hidden layer uses
LSTM to capture the time dependence of the user's
purchase  behavior, while combining attention
mechanisms to increase the model's focus on key features.
The model is introduced by batch normalization to
accelerate convergence, and regularized by Dropout
technology to reduce overfitting problems and improve
generalization ability, as shown in Table 6.
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Table 6: Neural network architecture optimization results

Optimizatio | Applicab | Primary Improveme
n Strategy le Layer | Purpose nt (%)
Capture
sequential
LSTM Hidden behavior for
7.5
Structure Layer long-term
dependenci
es
Assign
. . higher
Attentlo_n Hidden weight  to | 6.3
Mechanism | Layer K
ey
behaviors
. Speed up
Batch g'ddlfl:]" training and
Normalizati Y| reduce 4.9
Connecte .
on gradient
d Layers L
vanishing
Reduce
Dropout . overfitting
Regularizati Hidden and improve | 5.7
Layer o
on generalizati
on

By optimizing the neural network architecture, this
study significantly improves the model's performance in
the task of e-commerce customer purchase behavior
prediction. Using LSTM structure to process time series
data, the model can capture the long-term purchasing
habits of users and improve the prediction accuracy by
7.5%. Attention mechanism is introduced to enhance the
attention to key behavioral data, so that the model can
accurately identify the core characteristics affecting the
purchase decision, and improve the prediction effect by
6.3%. In order to optimize the training process, batch
normalization makes the gradient update more stable,
accelerates the training convergence, and improves the
model stability by 4.9%. Regularization through Dropout
technology effectively reduces the risk of overfitting,
making the model's performance on new data more stable
and its generalization ability improved by 5.7%. Finally,
the combination of these optimization strategies enables
the neural network model to learn data features more
efficiently and maintain high prediction accuracy and
stability in the e-commerce user purchase behavior
prediction task.

Multiple inconsistencies have been addressed
between Table 7 and Figure 4 regarding the evaluation of
training strategies. Figure 4 now explicitly distinguishes
between performance dimensions, including accuracy, F1-
score, AUC-ROC, training time, and overfitting risk. Each
metric has been clearly labeled and explained. The "Model
Improvement (%)" in Table 7 has been updated to reflect
F1-score only, while Figure 4 presents multidimensional
impacts. Batch size configurations were grouped under a
separate axis category to avoid confusion with training
strategies. Numerical discrepancies (e.g., Batch Training
6.3% vs. 4.8%) were corrected to match recalculated F1-
based improvements. Labels were refined to ensure
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structural clarity between strategy types and parameter
settings.

The "Improvement (%)" column in Table 6 quantifies
the relative increase in the F1-score observed after
independently applying each architectural optimization
strategy to the baseline model. These strategies—such as

multi-head attention, residual connections, and gated
mechanisms — were evaluated by integrating each
component separately into the base network while keeping
all other parameters constant. The resulting F1-score
changes were recorded based on the same test set under
identical data and training conditions. This isolated impact
assessment ensures the improvements reflect direct
performance contributions rather than interactions
between maodifications. All Fl-scores were averaged
across three random seeds to ensure robustness.

2.4.3 Training strategy and hyperparameter
optimization

In this study, dynamic learning rate adjustment, batch
training strategy, gradient clipping and other optimization
methods were used to improve the convergence speed and
stability of the model. In terms of hyperparameter
optimization, mesh search and Bayesian optimization are
used to adjust key parameters such as learning rate, batch
size, number of LSTM units, Dropout ratio to obtain the
best performance. In order to prevent overfitting of the
model, the early stop strategy is adopted, and the training
is automatically stopped when the loss of the verification
set no longer decreases, so as to improve computing
efficiency and reduce unnecessary computing costs, as
shown in Table 7.

Table 7: Training strategy and hyperparameter
optimization results

- . Model
Training Primary
Strategy Purpose Improvement
(%)
Fast
Dynamic convergence in
Learning Rate | early training, | 6.2
Adjustment stability in later
stages

Optimize batch
size to improve | 4.8
efficiency

Prevent gradient
explosion by
limiting update
magnitude

Stop  training
Early Stopping Y(\;Q:n Va“d;[(')gg 51
improving

Batch Training

Gradient

Clipping 35

The value labeled as “Model Improvement (%)” in
Table 7 corresponds specifically to the change in F1-score
observed after applying each training strategy
independently. To ensure consistency and scientific rigor,
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each strategy was added separately to the baseline
LSTM+Attention model while controlling all other
parameters, and the resulting F1-score was recorded. This
allows the table to reflect the isolated effect of each
training method on model performance. The performance
change was then calculated as a percentage relative to the
baseline Fl1-score before optimization, providing a
standardized view of the contribution made by each
strategy.

The dynamic learning rate adjustment makes the
model converge quickly in the early stage of training, and
improves the stability by reducing the learning rate in the
later stage, thus improving the model performance by
6.2%. Batch training can improve the computational
efficiency and gradient updating effect of the model by
setting the batch size reasonably, shorten the training time,
and avoid the instability of parameter updating. The
overall model is improved by 4.8%. In terms of gradient
update, gradient clipping is used to avoid gradient
explosion, prevent instability caused by excessive gradient
value during model training, and improve model
reliability by 3.5%. In order to prevent overfitting, early
stop strategy was adopted in this study. When the
validation set loss no longer decreased, training was
automatically stopped to avoid unnecessary waste of
computing resources. Meanwhile, the model's adaptability
to unknown data was improved, and the generalization
ability was increased by 5.1%. Finally, the combination of
these optimization strategies enables the neural network to
achieve more efficient training in the prediction of e-
commerce customer purchase behavior, ensuring the
stability and extensibility of the model.

2.4.4 Inference efficiency and deployment
optimization
This study optimizes models around model

compression, inference acceleration, parallel computing,
and cloud deployment to improve real-time prediction
capabilities and resource utilization. Model quantization
and pruning methods were used to reduce parameter scale
and improve computational efficiency, combined with
batch reasoning and tensor RT optimization, to accelerate
the model reasoning process, as shown in Table 8.

Table 8: Inference efficiency and deployment
optimization strategies

Resource
Inference | tilizatio
Optimizatio | Primary Speed n
n Strategy Purpose Improveme Reductio
nt (%)
n (%)
Reduce
Model vmvgidilt
Quantizatio g’ 35.2 40.3
0 precision
for faster
inference
Remove
Pruning redundant | 28.7 325
neurons to
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lower
complexity
Process
multiple
requests in
parallel for
efficiency
Utilize
GPU
optimizatio
n for
inference
speedup

Batch

18.9
Inference

15.7

TensorRT
Acceleratio
n

425 38.1

In this study, inference efficiency optimization and
deployment strategies are used to ensure that the neural
network model can respond quickly and run efficiently in
e-commerce scenarios. Adopting model quantization
greatly reduces model storage requirements by converting
floating-point numbers to low-precision integers,
increasing inference speed by 35.2% while reducing
resource usage by 40.3%. Pruning technique removes
redundant neurons, reduces computational complexity,
improves reasoning speed by 28.7% and reduces resource
consumption by 32.5% without losing model accuracy. In
order to optimize the computational efficiency, batch
inference is introduced in this study. By processing
multiple requests at one time, the system throughput is
improved, and the inference speed is increased by 18.9%.
In terms of GPU computing, TensorRT optimization was
adopted in this study, and the inference speed was
increased by 42.5% and the resource occupation was
reduced by 38.1% through computational graph
optimization, layer fusion and other technologies. These
optimization measures ensure that the model has efficient
reasoning ability, low latency and low resource
consumption in the actual deployment of e-commerce
platform, and provides stable and reliable technical
support for online user behavior prediction.

Inference performance was benchmarked on NVIDIA
Tesla V100 GPU and Intel Xeon Silver 4210 CPU. The
unoptimized model had an average latency of 73 ms on
GPU and 262 ms on CPU. After TensorRT acceleration

and model pruning, GPU latency decreased to 42 ms (-

42.5%) and CPU latency to 189 ms (—27.9%). Batch
inference increased throughput by 1.7 x . End-to-end
deployment on a test APl server showed an average
response latency of 58 ms (including preprocessing and
postprocessing), with the system sustaining up to 620 QPS
under stable load. These metrics validate the feasibility of
real-time deployment in large-scale e-commerce
environments, supporting high-throughput, low-latency
predictive services.
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3 Results and discussion
3.1 Experimental results

3.1.1 Data preprocessing and feature
engineering results

Data preprocessing and feature engineering are the key
steps to improve the accuracy and stability of neural
network algorithm in e-commerce customer purchase
behavior prediction. In this study, missing value filling,
data normalization, Thermal coding and principal
component analysis dimensionality reduction were used to
optimize the quality of input data and improve the training
effect of the model. The experimental results show that
different data processing methods have significant effects
on the learning ability and prediction performance of the
model.

7.3
6.8 6.1 Tty

Statistical Feature  Time-Series
Engineering  Feature Extraction

W Training Time Change (%)  Accuracy Improvement (%)

Computational Resource Usage Change (%) M Final Optimization Effect (%)

Figure 2: Data preprocessing and feature engineering
optimization results

As shown in Figure 2, PCA dimensionality reduction
method not only reduces data redundancy, but also
improves the model computation efficiency and improves
the overall performance by 6.8%. Followed by the
Thermal coding method, it effectively enhances the
model's ability to identify category variables and increases
the accuracy rate by 5.1%. Data normalization reduces the
influence of feature scale, makes gradient descent
optimization more stable, and improves model training
efficiency by 4.5%. The missing value filling method can
improve data integrity by means of filling numerical
variables and mode filling category variables, and the
optimization effect is 3.2%. Finally, the stability of the
neural network model in e-commerce customer purchase
behavior prediction is significantly improved, which
makes the model more able to learn and identify complex
purchase patterns, and provides a solid foundation for
subsequent model training and performance evaluation.

The visual inconsistency in Figure 2 arises from the
use of positive-length bars to represent negative
percentage changes in training time and computational
resource usage. This could mislead readers into
interpreting reductions as increases. To address this, the
figure caption has been revised to clarify that longer bars
with negative values indicate improvements through
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resource reduction. Additionally, a visual adjustment was
applied to display these bars extending to the left of the
zero axis to correctly reflect their negative nature. The line
chart representing "Final Optimization Effect (%)"
remains unchanged and continues to illustrate the
cumulative positive outcomes of each strategy. This
clarification ensures alignment between quantitative
values, chart design, and textual explanation.

3.1.2 Predictive model training and
performance evaluation

Model training and performance evaluation are the core
links of e-commerce customer purchase behavior
prediction, which directly determines the predictive ability
and application value of neural network model. Based on
LSTM as the basic model, the training stability of the
model is improved through batch training, dynamic
learning rate adjustment, gradient clipping and other
optimization strategies. In terms of performance
evaluation, accuracy rate, accuracy rate, recall rate, F1-
score, OC-ROC and other indicators were used to
comprehensively measure the predictive ability of the
model, as shown in Figure 3.

F=Z=Training Accuracy (%) E=z@Validation Accuracy (%) ==o=Training Time (s)
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Figure 3: Prediction model training

Uled F1-score @ Overfitting Risk (%) © ~ AUC-ROC

6 5.6 0.94

— 52

1 46 47 0.93
—

Figure 4: Performance evaluation

In this study, the predictive performance of LSTM
neural network was compared and analyzed through
different batch size, dynamic learning rate and gradient
clipping training configuration. The experimental results
show that with the increase of Batch Size, the training time
is obviously shortened, and the accuracy of the training set
is gradually improved, finally reaching 89.1% when the
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Batch Size=128. However, too large batch will lead to the
decline of model generalization ability, so careful
selection is required. When dynamic learning rate was
used for training, the validation set accuracy reached
84.5%, and the OC-ROC increased to 0.93, indicating that
the strategy effectively improved the robustness of the
model. Gradient clipping slightly improves training
stability while preventing gradient explosion, reducing the
risk of overfitting to 4.7%. In summary, the experimental
results of this study prove that reasonable batch size,
dynamic learning rate adjustment and gradient clipping
can improve the performance of neural network in e-
commerce customer purchase behavior prediction, reduce
the overfitting risk of the model, and make it more
valuable for commercial application.

Bootstrapped confidence intervals were calculated for
F1-score and AUC using 1000 resamples of the test set,
yielding 95% CI [0.86, 0.91] for F1 and [0.93, 0.97] for
AUC, confirming statistical robustness of the reported
metrics. In addition to point estimates, standard deviations
from 5-fold cross-validation were also provided to assess
stability. A confusion matrix was included to detail
true/false positives and negatives across prediction
classes, providing insights into model bias and precision-
recall trade-offs. The ROC curve was added to visualize
true positive rate vs. false positive rate across thresholds,
reinforcing the model’s strong discriminative capacity.

3.1.3 Comparative analysis of different models

In the task of e-commerce customer purchase behavior
prediction, it is very important to select the right model to
improve the prediction accuracy and generalization
ability. This study compares the performance of logistic
regression, random forest, short-duration memory
network and attention-mechanism-based LSTM on the
same dataset. Comparison indicators include accuracy,
OC-ROC, F1-score, training time and calculation cost to
comprehensively  evaluate the advantages and
disadvantages of different models in predicting e-
commerce customer purchase behavior, as shown in Table
9.

Table 9: Comparison of different models

. Computat
Accur AU F1- Traln ional
C- ing
Model acy SCo : Resource
RO Time
(%) C re ) Usage
(%)
Logistic 0.7 |07
Regression 768 9 4 38 253
Random 08 |07
Forest 81.5 4 8 122 53.2
LSTM 88.9 2'9 2'8 240 78.6
LSTM+Att 913 09 |08 275 82 1
ention 5 9
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Transformer-based recommender systems such as
BERT4Rec, SASRec, and NextltNet are now widely
regarded as state-of-the-art in sequential user behavior
modeling due to their superior ability to capture complex
temporal dependencies and context-aware interactions.
To ensure robust benchmarking, SASRec was included as
an additional baseline in the performance comparison
using the same input features and evaluation metrics.
While LSTM+Attention achieved 91.3% accuracy and an
AUC-ROC of 0.95, SASRec obtained slightly lower
results (89.7% accuracy, 0.93 AUC), indicating that
LSTM combined with attention remains highly
competitive, especially under moderate data volumes and
constrained computational resources. Furthermore, the
related work section was expanded to include recent
contributions  in  transformer-based  e-commerce
prediction, emphasizing their advantages in handling
large-scale, sequential behavior data through self-
attention mechanisms. This suggests that the attention
mechanism helps the neural network focus on key features
more efficiently, improving prediction accuracy. The
LSTM model also performed better with an accuracy of
88.9%, but due to the lack of Attention mechanism, its
OC-ROC and F1-score were slightly lower than
LSTM+Attention. The random forest model has the best
performance among the traditional machine learning
methods, with an accuracy of 81.5%, but the calculation
cost is high and the training time is 122 seconds, which is
not suitable for large-scale real-time prediction. Logistic
regression model is the fastest (only 38 seconds), but
because of its linear nature, it is difficult to handle
complex user behavior patterns, and the prediction effect
is significantly lower than that of deep learning model.
LSTM+Attention combines time series modeling ability
and feature extraction ability of attention mechanism, and
is the optimal prediction model in this study, which is
suitable for e-commerce customer purchase behavior
prediction task, and has good generalization ability and
commercial application value.

3.1.4 Commercial application of forecast
results

The core goal of e-commerce customer purchase behavior
prediction is to apply the model prediction results to
business decision-making to improve user experience,
optimize inventory management, improve marketing
efficiency and increase sales conversion rate. Based on the
output results of LSTM+Attention prediction model, this
study simulated the optimization effects of different
business strategies, including personalized
recommendation optimization, dynamic pricing strategy
adjustment, precision marketing promotion and inventory
management optimization. Evaluate the value of
predictive models in business applications by simulating
user click-through rates, conversion rates, average order
value, and inventory turnover under different strategies.
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Table 10: Business application simulation of prediction

results
Invento
. CTR |cvR |Aov |7
Business Turnov
Strategy Increa | Increa | Increa or
0, 0, 0,
se (%) | se (%) | se (%) Increas
e (%)
Personalized
iF;encomme”dat 142 |15 |78 |49
Optimization
Dynamic
Pricing 9.8 8.3 12.7 3.6
Adjustment
Precision
Marketing 18.4 13.9 5.4 6.1
Promotion
Inventory
Management | 7.5 6.2 3.9 15.3
Optimization

The uplift values reported in Table 10 were derived
using a rule-based projection grounded in historical A/B
testing data from similar e-commerce interventions.
Baseline business metrics were CTR: 6.2%, CVR: 4.8%,
AOV: ¥142.7, and inventory turnover rate: 4.3/month.
Predicted improvements were applied proportionally
based on historical elasticity observed under comparable
targeting strategies. For example, the 14.2% upliftin CTR
translates to a new rate of 7.1%, and when scaled to the
platform’s average monthly traffic, this yields an
estimated ROI increase of 11.4% per campaign cycle.
These estimates were validated using profit sensitivity
analysis across user segments with varied purchasing
intensity, ensuring business plausibility of forecasted
gains.

In terms of dynamic pricing strategies, the predictive
model supports more refined price adjustments, increasing
the average order value by 12.7%, indicating that
intelligent pricing can improve per-order revenue.
Inventory management optimization helps enterprises to
improve inventory turnover, reaching 15.3%, effectively
reducing the risk of inventory overhang and improving the
efficiency of the supply chain. This study proves that the
business application strategy based on LSTM+Attention
predictive model can effectively improve marketing
efficiency, increase sales conversion rate, optimize
inventory management, and ultimately increase the
profitability —of enterprises in the e-commerce
environment. The results of this study provide data-driven
decision support for e-commerce platforms and verify the
value and feasibility of deep learning models in business
applications.

3.1.5 Ablation study

An ablation study was conducted to assess the
contribution of key components. Removing attention from
LSTM reduced accuracy from 91.3% to 88.9%, F1-score
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from 0.89 to 0.85, and AUC from 0.95 to 0.92, confirming
attention’s role in enhancing relevance weighting.
Eliminating batch normalization led to slower
convergence and a 3.7% drop in accuracy. Removing
dropout increased overfitting, with validation F1 dropping
to 0.83. Using only purchase history features reduced
AUC to 0.89 and accuracy to 86.5%, indicating the added
value of multi-modal behavioral data. Each variation was
evaluated under identical settings to ensure comparability,
highlighting the cumulative impact of architectural and
input feature design.

3.2 Discussion

3.2.1 Analysis of the influence of data
preprocessing on prediction accuracy

Data preprocessing is an important step to ensure that the
neural network prediction model can effectively learn the
purchasing behavior of e-commerce customers. Different
data processing methods directly affect the learning effect,
computational complexity and final prediction accuracy of
the model. In this study, data preprocessing techniques
such as missing value filling, data normalization, category
variable coding and dimensionality reduction were
systematically compared, and their effects on model
accuracy, OC-ROC, training time and other indicators
were analyzed. Through the experimental results, the
optimization effects of different pretreatment strategies
can be quantified, and more scientific data processing
schemes can be provided for e-commerce platforms to
enhance the practical application value of the prediction
model.

Table 11: Impact of data preprocessing on prediction

accuracy
Accurac | AUC | Comput
Data . y - ation
Processin EL':ES;Z Improve | ROC | Cost
g Method ment Incre | Reducti
(%) ase on (%)
Improves
- data
{\/Aélsj:ang integrity
. and 3.2 0.02 |25
Imputatio
0 reduces
sample
loss
Standardi
zes
feature
Nprmallz scale and 45 003 |31
ation accelerate
s model
converge
nce
Enhances
categoric
One-Hot | 2% 5.1 0.04 |42
Encoding .
variable
differenti
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ation

Reduces
data

dimensio
nality and
improves
computati
onal

efficiency
Suitable
for high-
dimensio
Embeddin | nal

g categoric | 6.1
Encoding | al data,
enhances
learning
ability

PCA
Dimensio
nality
Reduction

6.8 0.05 | 6.9

004 |54

As shown in Table 11, missing value filling reduces
the impact of missing data on model training and increases
the accuracy rate by 3.2%. The normalization technique
optimizes the numerical distribution of the data, improves
the stability of gradient descent, and improves the
prediction accuracy by 4.5%. Category variable coding
has significant advantages in feature representation, with
unique heat coding improving accuracy by 5.1%, while
embedded coding performs better in processing high-
dimensional category data, improving accuracy by 6.1%
and reducing computational costs by 5.4%. PCA
dimensionality reduction not only reduces the
computational complexity, but also improves the accuracy
by 6.8%, proving the value of dimensionality reduction
technology in high-dimensional data modeling. The
improvement of OC-ROC indicates that the optimized
data preprocessing strategy can enhance the classification
ability of the model and make the prediction results more
stable.

The column labels across both tables have been
harmonized  where  applicable, and  numerical
discrepancies were resolved to maintain value parity
across visualizations and summaries of preprocessing
impact. The column labels across both tables have been
harmonized  where  applicable, and  numerical
discrepancies were resolved to maintain value parity
across visualizations and summaries of preprocessing
impact.
3.2.2  Optimization effect of training strategy
on model performance

Training strategy plays an important role in the
optimization of neural network model, which directly
affects the convergence speed, prediction accuracy and
generalization ability of the model. This study compares
different training strategies, including dynamic learning
rate adjustment, gradient clipping, batch training
optimization and stop in advance, and analyzes the
contribution of these strategies to improving the
performance of e-commerce customer purchase behavior
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prediction model. Through systematic experiments, the
effects of each training strategy on accuracy, OC-ROC,
Fl-score, training time and overfitting risk were
quantified, and the importance of optimization strategy in
deep learning model training was verified, providing an
efficient model training scheme for e-commerce
applications.
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Figure 5: Impact of training strategies on model
performance

As shown in Figure 5, batch training optimization has
the most significant improvement on model performance,
increasing accuracy by 6.3%, Fl-score by 4.2%, and
training time by 15.2%, effectively improving training
efficiency. Dynamic learning rate adjustment By
controlling the change of learning rate, the model can learn
quickly in the early stage, converge stably in the later
stage, improve the accuracy by 5.1%, and reduce the
overfitting risk by 3.2%. Gradient clipping plays a positive
role in preventing gradient explosion, improving training
stability, increasing accuracy by 4.8%, increasing OC-
ROC by 0.03 and shortening training time by 10.3%, but
the overall optimization effect is slightly worse than batch
training optimization. The stop in advance effectively
reduces the overfitting risk of the model, reducing it by
4.5%, and significantly improves the accuracy and F1-
score, which is an important strategy to improve the
generalization ability.

3.2.3  Discussion on the advantages and
disadvantages of different model
performance

Different models have advantages and disadvantages in
learning ability, computational complexity, generalization
ability and so on in the prediction of e-commerce customer
purchasing behavior. This study compares the
performance of logistic regression, random forest, LSTM,
LSTM+Attention and other models, and finds that they
have different applicability in different application
scenarios.

Due to its linear assumption, logistic regression has a
weak ability to capture complex relationships among
features. Although the calculation speed is fast, the
prediction accuracy is only 76.8%, which is difficult to
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apply to complex user behavior prediction tasks. The
stochastic forest improves the nonlinear learning ability of
the model with an accuracy of 81.5% by means of
ensemble learning, but it consumes a lot of computing
resources, takes a long time to train, and is difficult to
process time series data.

Due to its special memory unit, LSTM can capture the
long-term behavior pattern of e-commerce users and
improve the prediction performance, with an accuracy of
88.9% and an OC-ROC of 0.92. However, the training
time is longer and the computing resources are required to
be higher. In contrast, the LSTM+Attention model
optimizes the feature weight distribution, so that important
features receive more attention, and improves the
classification ability of the model. The final accuracy rate
reaches 91.3%, and the OC-ROC increases to 0.95, but the
computation cost increases.

Traditional machine learning models are suitable for
scenarios with small amounts of data and limited
computing resources, while LSTM and its variants are
more suitable for sequential tasks such as e-commerce
user behavior prediction. LSTM+Attention optimizes the
prediction effect, but the calculation cost is higher. You
need to choose the most appropriate model based on
business requirements by balancing prediction accuracy
with computational efficiency.

3.24  Summary and discussion

The LSTM+Attention model outperforms other baselines
due to its ability to dynamically assign weights to
behavioral features, allowing the network to emphasize
actions most indicative of purchase intent. Attention
enables the model to retain key interactions across longer
sequences without diluting importance, improving
classification granularity. The architecture generalizes
well across varying e-commerce sectors, including food,
electronics, and clothing, as shown in the dataset, due to
its flexible feature representation and sequential learning.
Deployment scalability is enhanced through model
pruning, quantization, and TensorRT acceleration,
ensuring low-latency inference in high-throughput
environments. Despite increased computation overhead,
the trade-off is justified by significant gains in accuracy
(+2.4%) and F1-score (+4.0%) compared to non-attention-
based models, making it suitable for real-time commercial
applications.

4 Conclusion

Based on the neural network algorithm, this study
constructs the e-commerce customer purchase behavior
prediction model, and verifies the value of data
preprocessing, training strategy optimization, model
selection and prediction results in commercial
applications through experiments. The results show that
data preprocessing plays a key role in improving the
prediction accuracy of the model. PCA dimensionality
reduction, unique thermal coding, normalization and other
technologies significantly improve the learning ability of
the model, and the final prediction accuracy is increased
by 6.8%. Training strategy optimization improved the
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stability and generalization ability of the model, in which
batch training optimization and dynamic learning rate
adjustment effectively reduced the overfitting risk,
increased the training efficiency by 15.2%, and improved
the overall performance of the model.

In the comparative analysis of different models, the
LSTM+Attention model has the best performance in the
prediction of e-commerce customers' purchase behavior
due to its short-duration dependent feature extraction
ability and the optimization of feature weights combined
with the attention mechanism, with the accuracy reaching
91.3% and the OC-ROC increasing to 0.95. It is obviously
better than traditional methods such as logistic regression
and random forest. At the same time, the value of
predictive models in commercial applications has also
been verified, personalized recommendations based on
predictive results increased user click-through rates by
14.2%, precision marketing increased conversion rates by
13.9%, dynamic pricing increased order value by 12.7%,
and inventory management optimization increased
inventory turnover by 15.3%. It shows the important role
of prediction model in e-commerce platform.

The current approach has limited generalizability to
cold-start users and newly listed products, as historical
behavior is required for effective pattern learning.
Additionally, the model does not explicitly address
concept drift, where user preferences evolve over time due
to seasonal, social, or promotional influences. Feature
engineering is constrained by the granularity of available
logs—fine-grained actions such as scroll depth or hover
duration are not captured. Moreover, static embeddings
may fail to adapt to temporal context shifts. Future
research could explore transformer-based sequence
models like BERT4Rec or graph-based encoders to model
dynamic user-product interactions and temporal influence
propagation, offering improved adaptability and
interpretability in evolving e-commerce environments.

This study proves the feasibility of neural network
algorithm in e-commerce customer purchase behavior
prediction, and verifies the importance of data
preprocessing, training strategy optimization and model
selection to improve the prediction performance through
experiments. The results show that the predictive model
can not only optimize the user experience, but also
improve the marketing efficiency, inventory management
ability and income level of e-commerce enterprises, and
provide reliable technical support for the intelligent
operation of e-commerce.
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