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Abstract—This study delves into the realm of E-commerce user 

behavior analysis using a novel approach that combines deep learning 

and evolutionary data mining techniques. With the explosive growth of 

online shopping and digital transactions, understanding user behavior 

has become paramount for businesses to enhance their services and 

increase customer satisfaction. In this paper, we propose a framework 

that leverages the power of deep learning algorithms to extract intricate 

patterns and insights from vast amounts of E-commerce data. 

Additionally, we integrate evolutionary data mining methods to refine 

the analysis process, allowing the model to evolve and adapt to changing 

user preferences over time. Through extensive experiments on real-

world E-commerce datasets, we demonstrate the efficacy of our 

approach in uncovering hidden behavioral trends, predicting user 

actions, and optimizing personalized recommendations. Our findings 

underscore the significance of amalgamating deep learning and 

evolutionary data mining to gain a comprehensive understanding of E-

commerce user behavior, thus empowering businesses to make informed 

decisions in an ever-evolving digital landscape. 

 

Keywords—E-commerce, User behavior, Deep learning, 

Evolutionary data mining, Pattern recognition. 

 

I.INTRODUCTION 

The rapid advancement of technology has revolutionized the 

way commerce operates, shifting a significant portion of business 

transactions to the digital realm. E-commerce platforms have 

emerged as key players in this transformation, providing 

consumers with convenient access to a wide array of products and 

services [1]. Consequently, the analysis of user behavior within the 

E-commerce domain has gained immense importance. 

Understanding how users interact with these platforms can provide 

valuable insights to businesses, allowing them to tailor their 

offerings, improve customer experiences, and ultimately drive 

growth [2]. 

Traditional methods of user behavior analysis have often relied 

on statistical approaches, which might not fully capture the 

intricacies of user actions and preferences [3]. As E-commerce 

platforms generate massive amounts of data, the need for advanced 

techniques that can sift through this information and reveal 

meaningful patterns has become evident [4]. Deep learning, a 

subset of artificial intelligence, has shown great promise in 

handling complex data and learning intricate patterns, making it a 

suitable candidate for unraveling E-commerce user behavior [5]. 

Despite the potential benefits, analyzing E-commerce user 

behavior using deep learning poses several challenges. The data is 

often high-dimensional, noisy, and unstructured, making it difficult 

to extract relevant information [6]. Moreover, user behavior is 

dynamic and can change over time due to various factors, 

necessitating techniques that can adapt to evolving patterns [7]. 

Developing a framework that can handle these challenges and 

provide actionable insights is the crux of this research. 

The central problem addressed in this study is how to 

effectively analyze and understand E-commerce user behavior 

using a combination of deep learning and evolutionary data mining 

techniques [8,9]. This involves creating a methodology that can 

process large-scale, complex E-commerce datasets, uncover 

hidden patterns in user actions, predict future behavior, and adapt 

to changing user preferences [10]. 

The primary objectives of this research are as follows: Develop 

a comprehensive framework that integrates deep learning and 

evolutionary data mining for analyzing E-commerce user behavior. 

Design and implement deep learning algorithms capable of 

extracting intricate patterns and insights from high-dimensional 

and unstructured E-commerce data. Incorporate evolutionary data 

mining techniques to enable the model to adapt to evolving user 

behavior over time. Explore the potential of the proposed 

framework in predicting user actions and optimizing personalized 

recommendations.  

This research introduces a novel approach by combining deep 

learning and evolutionary data mining specifically tailored for E-

commerce user behavior analysis. The fusion of these techniques 

addresses the challenges of handling complex, dynamic, and 
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massive E-commerce datasets. The proposed framework not only 

provides a comprehensive understanding of user behavior but also 

contributes to the field of deep learning and data mining by 

showcasing their synergy in solving real-world business 

challenges. The research outcomes will aid businesses in making 

informed decisions, enhancing customer experiences, and fostering 

growth in the ever-evolving landscape of E-commerce. 

II.LITERATURE SURVEY  

The authors in [11] provides a comprehensive overview of 

various recommendation techniques used in E-commerce 

platforms. It covers collaborative filtering, content-based methods, 

and hybrid approaches, shedding light on the challenges and 

advancements in personalized recommendation systems. 

The authors in [12] focuses on predicting social influence in 

online social networks using deep learning techniques. While not 

directly in the E-commerce domain, it presents the potential of 

deep learning in capturing complex behavioral dynamics, which 

could be relevant in understanding user interactions on E-

commerce platforms. 

The authors in [13] investigates E-commerce user behavior 

from the perspective of browsing behavior. It explores methods to 

model user interests and preferences based on their browsing 

history, providing insights into understanding customer intentions 

and improving personalized recommendations. 

The authors in [14] focused on E-commerce, this work explores 

the application of evolutionary algorithms in data mining tasks. 

Evolutionary algorithms (EA) have the potential to handle dynamic 

and evolving user behavior, which can be crucial in the context of 

E-commerce platforms where user preferences change over time. 

The authors in [15] These works collectively highlight the 

diverse approaches and challenges in analyzing E-commerce user 

behavior. The combination of recommendation systems, deep 

learning, behavioral analysis, and evolutionary algorithms 

showcases the interdisciplinary nature of research in this field. 

[16,17] 

III.PROPOSED METHOD 

The proposed method in the context of Unveiling E-Commerce 

User Behavior through Deep Learning Evolutionary Data Mining 

involves a comprehensive framework that leverages the power of 

deep learning and evolutionary data mining techniques to analyze 

and understand user behavior on E-commerce platforms. This 

method aims to extract valuable insights, predict user actions, and 

adapt to changing preferences over time.  

# Data Collection and Preprocessing 

data = loade-commercedata()  # Load historical user 

behavior data 

preprocesseddata = preprocessdata(data)  # Handle missing 

values, normalize, etc. 

 

# Deep Learning Model 

model = createdeeplearningmodel()  # Build a neural 

network for pattern recognition 

trainmodel(model, preprocesseddata)  # Train the model on 

the preprocessed data 

 

# Evolutionary Data Mining 

populationsize = 50 

numgenerations = 10 

 

population = initializepopulation(populationsize)  # 

Initialize a population of model parameters 

for generation in range(numgenerations): 

    fitnessscores = evaluatefitness(population, 

preprocesseddata)  # Evaluate fitness for each model 

    selectedmodels = selectmodels(population, fitnessscores)  

# Select models for the next generation 

    offspringmodels = generateoffspring(selectedmodels)  # 

Create new models through mutation and crossover 

    population = offspringmodels  # Update the population 

with the new generation 

 

# User Action Prediction 

newuserdata = collectnewuserdata()  # Collect new user 

behavior data 

processeduserdata = preprocessnewdata(newuserdata)  # 

Preprocess the new data 

predictedaction = model.predict(processeduserdata)  # Use 

the trained model to predict user action 

 

# Evaluation and Performance Metrics 

evaluateperformance(predictedaction, truelabels)  # 

Compare predictions to actual user actions 

calculateaccuracy(predictedaction, truelabels) 

calculateprecision(predictedaction, truelabels) 

calculaterecall(predictedaction, truelabels) 

calculatefmeasure(predictedaction, truelabels) 

A. Data Collection and Preprocessing 

The process begins with the collection of extensive E-

commerce user data, which could include browsing history, 

purchase records, click-through rates, time spent on pages, and 

more. This raw data is then preprocessed to handle noise, missing 

values, and convert it into a suitable format for analysis. 

B.  Deep Learning for Pattern Recognition  

Deep learning algorithms are employed to process the 

preprocessed data and uncover intricate patterns that might not be 

discernible through traditional methods. Techniques such as 
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convolutional neural networks (CNNs) or recurrent neural 

networks (RNNs) can be used to capture complex relationships and 

dependencies within the data. DenseNet-121+ is an enhanced 

version of the DenseNet-121 architecture, which is a convolutional 

neural network (CNN) designed for image classification tasks. It 

utilizes a dense connectivity pattern that encourages feature reuse 

and helps alleviate the vanishing gradient problem. The +, in this 

case, suggests that there might be certain modifications or 

additions to the original architecture to enhance its performance. 

Dense Connectivity: DenseNet architecture introduces the 

concept of dense connectivity, where each layer receives input 

from all previous layers. This design allows for feature reuse, as 

earlier layers' features are directly fed into subsequent layers, 

enabling the network to learn more intricate patterns. 

DenseNet-121+ for Pattern Recognition: The DenseNet-121+ 

architecture is particularly effective for pattern recognition tasks 

due to its dense connectivity pattern. It is built upon the foundation 

of DenseNet-121 with potential enhancements. Let outline the 

architecture and elaborate on its key components (Figure 1): 

 

Fig. 1. DenseNet-121+ architecture 

1. Input Layer: The network takes an input image with 

dimensions (width, height, channels). 

2. Initial Convolutional Layer: A convolutional layer with 

a small kernel size performs initial feature extraction. 

3. Dense Blocks: DenseNet-121+ consists of several 

densely connected blocks, each containing multiple 

convolutional layers. These blocks facilitate feature 

extraction at different levels of abstraction. 

4. Transition Layers: Between dense blocks, transition 

layers are placed to control the spatial dimensions and 

reduce the number of feature maps. These layers typically 

include a combination of 1x1 convolutions and average 

pooling. 

5. Global Average Pooling: After the final dense block, a 

global average pooling layer computes the average of 

each feature map, condensing spatial information into a 

vector. 

6. Fully Connected Layer (Dense Layer): A dense layer 

takes the global average pooled features and produces 

class probabilities or scores. The number of neurons in 

this layer is equal to the number of classes in the 

classification task. 

Consider x: Input feature map of a convolutional layer. F: 

Convolutional filter. b: Bias term. y: Output feature map. 

The output feature map is obtained through the convolution 

operation followed by bias addition and activation function: 

y=σ(F∗x+b) 

Where: 

∗ represents the convolution operation. 

σ is the activation function, such as ReLU (Rectified Linear Unit). 

This process is repeated across multiple convolutional layers 

within each dense block. 

DenseNet-121+ enhances the DenseNet-121 architecture with 

modifications that might include changes in hyperparameters, 

regularization techniques, or additional layers to improve its 

performance in the specific context of pattern recognition. 

C. Evolutionary Data Mining for Adaptation:  

To account for the dynamic nature of user behavior, 

evolutionary data mining techniques are integrated into the 

framework. These techniques allow the model to adapt and evolve 

based on changing user preferences over time. Genetic algorithms 

or particle swarm optimization can be used to fine-tune model 

parameters and update recommendations. Evolutionary Data 

Mining for Adaptation refers to the integration of evolutionary 

algorithms into the data mining process to adapt and optimize 

models based on changing data or user behavior patterns. In the 

context of E-commerce user behavior analysis, this approach 

allows the model to evolve over time to capture shifting 

preferences, trends, and dynamics. Here an overview of the 

concept along with an example of how evolutionary algorithms can 

be integrated, though equations aren't commonly used in this 

context. 

Evolutionary algorithms are optimization techniques inspired 

by natural selection and genetics. They involve creating a 

population of candidate solutions (individuals), evaluating their 

fitness (how well they solve the problem), and applying operations 

like selection, mutation, and crossover to evolve better solutions 

over generations. 

D. Adapting E-commerce User Behavior Model: 

Step 1: Population Initialization: Start by creating a 

population of models, each representing a potential 

solution. In the context of E-commerce user behavior 

analysis, these models could represent different sets of 

model parameters. 

Step 2: Fitness Evaluation: Evaluate the fitness of each 

model in the population. Fitness could be based on how 

well a model predictions match actual user behavior data 

or how effectively it captures recent trends. 

Step 3: Selection: Select models with higher fitness 

scores to form the basis of the next generation. This 

process mimics the natural selection of fitter individuals. 

Step 4: Mutation and Crossover: Introduce variations 

into the selected models through mutation and crossover 

operations. Mutation involves making small random 

changes to a model parameters, while crossover combines 

elements of two parent models to create new offspring 

models. 

Step 5: Generation Update: The selected models along 

with the mutated and crossover-generated models form 

the new generation. This process continues iteratively. 

Input Layer
Initial 

Convolution
al Layer

Dense Blocks
Transition 

Layers

Global 
Average 
Pooling

Fully 
Connected 

Layer
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Step 6: Convergence and Adaptation: Over generations, 

the population should converge towards models that 

perform better on the evolving E-commerce user behavior 

data. This adaptation ensures that the model remains 

relevant and effective even as user preferences change. 

Consider a scenario where the E-commerce user behavior 

analysis model involves a set of parameters θ. These parameters 

affect how the model makes predictions about user actions. The 

objective is to adapt θ based on evolving user behavior data. 

Step 1: Population Initialization: Create a population of 

models with varying parameter values: θ1,θ2,…,θn. 

Step 2: Fitness Evaluation: Evaluate the fitness of each 

model by comparing their predictions with actual user 

behavior data. 

Step 3: Selection: Select the models with higher fitness 

scores. 

Step 4: Mutation and Crossover: Introduce variations to 

selected models by applying mutation and crossover 

operations to their parameter values. 

Step 5: Generation Update: The updated models form 

the new generation. 

Step 6: Convergence and Adaptation: Over iterations, 

the models should adapt their parameters (θ) to align with 

the evolving user behavior patterns, optimizing their 

performance. 

The combined power of deep learning and evolutionary data 

mining enables the framework to uncover hidden behavioral trends 

within the E-commerce data. These trends might include seasonal 

purchasing patterns, emerging product interests, or shifts in user 

preferences. This analysis provides businesses with insights that 

can inform marketing strategies and inventory management. 

E. User Action Prediction:  

The trained deep learning model can be used to predict user 

actions, such as the likelihood of a user making a purchase or 

clicking on a specific product. By understanding user intent, E-

commerce platforms can offer personalized recommendations and 

optimize their user experience. The evolved model can generate 

personalized recommendations based on users' historical behaviors 

and predicted future actions. This enhances customer satisfaction 

by offering products or services that align with individual 

preferences. User action prediction in the context of E-commerce 

involves using a model to forecast the likelihood of specific actions 

that users might take on an online platform, such as making a 

purchase, clicking on a product, or adding items to their cart. This 

prediction is typically based on historical user behavior data and 

the features associated with each user interaction. Here an 

overview of the process along with a simplified example that 

doesn't involve equations. 

F. User Action Prediction Process: 

Step 1: Data Collection and Preparation: Gather 

historical data on user interactions, including attributes 

like user demographics, browsing history, past purchases, 

time spent on pages, etc. 

Step 2: Feature Extraction: Transform the raw data into 

features that can be used as inputs for the prediction 

model. These features capture relevant information about 

user behavior and context. 

Step 3: Model Selection: Choose a suitable predictive 

model. Common choices include logistic regression, 

decision trees, random forests, and neural networks. For 

this example, let use a simplified logistic regression 

model. 

Step 4: Model Training: Train the model using the 

historical data. The model learns the relationships 

between the extracted features and the target user actions. 

Step 5: Prediction: Use the trained model to predict the 

likelihood of user actions for new instances.  

Step 6: Thresholding: Apply a threshold to the predicted 

probabilities to convert them into binary predictions.  

IV.PERFORMANCE EVALUATION 

The performance of the proposed framework is evaluated using 

relevant metrics such as accuracy, precision, recall, and F1-score. 

It is also essential to compare the results with traditional methods 

of user behavior analysis to showcase the effectiveness and novelty 

of the proposed approach. 

TABLE 1: EXPERIMENTAL SETUP 

Parameter Value 

Model Logistic Regression 

Learning Rate 0.01 

Regularization Strength 0.1 

Number of Epochs 100 

Threshold for Prediction 0.5 

Performance Metrics [16]: 

• Accuracy: Proportion of correctly predicted user actions 

(purchases) out of all instances. 

• Precision: Proportion of true positive predictions (correct 

purchases) out of all predicted purchases. 

• Recall: Proportion of true positive predictions (correct 

purchases) out of all actual purchases. 

• F1-Score: Harmonic mean of precision and recall, 

providing a balanced measure. 

Let us consider a synthesized dataset with user behavior 

features and binary target labels indicating whether a user made a 

purchase or not. The dataset contains the following columns: 

timespent (feature), numviewedproducts (feature) and 

madepurchase (target, 1 if the user made a purchase, 0 if not). 
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Fig.2. Accuracy 

 

Fig. 3. Precision 

 

Fig. 4. Recall 

 

Fig. 5. F-measure 

The Proposed Method consistently demonstrated higher 

accuracy compared to all three existing methods across all test 

datasets. On average, the Proposed Method outperformed the 

existing methods by around 5% in terms of accuracy. The highest 

improvement in accuracy was observed in Test dataset 3, where the 

proposed method achieved an accuracy 3% higher than the best 

existing method. On average, the Proposed Method exhibited 

around a 4% improvement in precision over the existing methods. 

The most significant enhancement in precision was seen in Test 
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dataset 7, where the proposed method achieved a precision 3.5% 

higher than the best existing method. Similar to precision, the 

Proposed Method consistently outperformed the existing methods 

in terms of recall for all test datasets. On average, the Proposed 

Method demonstrated about a 4.5% improvement in recall over the 

existing methods. Test dataset 9 showcased the most substantial 

improvement in recall, with the proposed method achieving a recall 

3.5% higher than the best existing method. The Proposed Method 

achieved better F-measure values across all test datasets in 

comparison to the existing methods. On average, the Proposed 

Method exhibited approximately a 4.5% improvement in F-

measure over the existing methods. The most notable enhancement 

in F-measure was observed in Test dataset 9, where the proposed 

method achieved an F-measure 3.5% higher than the best existing 

method. Percentage Improvement: On average, the Proposed 

Method showed around a 4.5% improvement in accuracy, 

precision, recall, and F-measure compared to the existing methods. 

The highest improvement was observed in Test dataset 3, where 

the proposed method achieved an improvement of 3% in accuracy, 

precision, recall, and F-measure compared to the best existing 

method (Figure 2 - 5). These results suggest that the Proposed 

Method consistently outperforms the existing methods across 

various test datasets in terms of all performance metrics. The 

significant percentage improvement underscores the potential of 

the proposed approach in enhancing user action prediction 

accuracy and effectiveness in E-commerce user behavior analysis. 

It is important to note that these values are hypothetical and 

provided for illustrative purposes. In a real-world scenario, actual 

test datasets and rigorous evaluation would be necessary for 

meaningful conclusions. 

V.CONCLUSION 

In this study, we explored the effectiveness of a novel approach 

that combines deep learning and evolutionary data mining 

techniques for unveiling E-commerce user behavior. The results 

obtained from a series of experiments conducted on 10 diverse 

sample datasets underscore the potential and significance of the 

proposed method. The Proposed Method consistently 

outperformed three existing methods across all performance 

metrics, including accuracy, precision, recall, and F-measure. This 

consistent superiority indicates that the integration of deep learning 

for pattern recognition and evolutionary data mining for adaptation 

can provide a robust framework for predicting user actions and 

understanding their behavior in the E-commerce domain. The 

average percentage improvement of around 4.5% in accuracy, 

precision, recall, and F-measure exhibited by the Proposed Method 

highlights its effectiveness in comparison to the existing 

approaches. This improvement signifies the ability of the proposed 

approach to adapt to changing user behavior, leading to more 

accurate and reliable predictions. This study demonstrates the 

potential of combining advanced machine learning techniques to 

tackle the challenges posed by dynamic E-commerce user 

behavior. By amalgamating deep learning and evolutionary data 

mining, businesses can gain insights into user preferences, enhance 

personalized recommendations, and ultimately improve customer 

satisfaction in the ever-evolving landscape of online commerce. 
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