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Abstract

In e-commerce, web mining for page recommendations is widely used but often fails to meet user needs. To
address this, we propose a novel solution combining semantic web mining with BP neural networks. We process
user search logs to extract five key features: content priority, time spent, user feedback (both explicit and implicit),
recommendation semantics, and input deviation. These features are then fed into a BP neural network to classify
and prioritize web pages. The prioritized pages are recommended to users. Using book sales pages for testing, our
results demonstrate that this solution can quickly and accurately identify the pages users need. Our approach
ensures that recommendations are more relevant and tailored to individual preferences, enhancing the online
shopping experience. By leveraging advanced semantic analysis and neural network techniques, we bridge the gap
between user expectations and actual recommendations. This innovative method not only improves accuracy but
also speeds up the recommendation process, making it a valuable tool for e-commerce platforms aiming to boost
user satisfaction and engagement. Additionally, our system’s ability to handle large datasets and provide real-time
recommendations makes it a scalable and efficient solution for modern e-commerce challenges.

Keywords: Semantic analysis; Recommendation semantics; User feedback; BP neural networks; Web mining, E-
commerce

1. Introduction

In today’s digital age, e-commerce has fundamentally transformed the way consumers purchase goods, offering
unparalleled convenience and a vast array of choices. As online shopping becomes increasingly prevalent, the need
for effective web page recommendation systems has grown. These systems are crucial for suggesting products that
align with customers’ shopping habits, thereby enhancing shopping efficiency, user satisfaction, and overall
experience. To meet this demand, numerous personalized recommendation systems based on web mining have
been developed. Web mining techniques analyze vast amounts of data generated by user interactions on e-
commerce platforms. For instance, previous research has introduced sophisticated algorithms that utilize semantic
web data mining to delve into user-visited pages and log data. By examining the content and context of these
pages, these algorithms can construct predictive models that accurately forecast product preferences.
Additionally, some studies have employed user feedback mechanisms to refine these recommendations further.
By collecting both explicit feedback (such as ratings and reviews) and implicit feedback (such as browsing history
and click patterns), researchers have been able to train BP (Backpropagation) neural networks ). These neural
networks are adept at determining the relevance and importance of various e-commerce web pages, ensuring that
the recommendations are both accurate and personalized.

For e-commerce platforms there is no organized web directory @, users mostly rely on alerts from search engines
to find suitable e-commerce pages. This can provide room for errors in sending relevance signals since most
traditional search engines usually match queries based on statistical frequency and similarity in words which results
in semantic mismatches and wrong retrieval results. It also means that those who advertise pay more money to be
ranked high thus making it unworthy to trust such searches. A more trustworthy means lies within the do-main of
semantic web technologies that provide a better classification of contents depending on core terms relating to each

264
DOI: https://doi.org/10.54216/FPA.170120
Received: November 29, 2023 Revised: March 25, 2024 Accepted: August 04, 2024



https://doi.org/10.54216/FPA.170120
mailto:mohamed.badouch@edu.uiz.ac.ma
mailto:m.boutaounte@uiz.ac.ma

Fusion: Practice and Applications (FPA) Vol 17, No. 01. PP. 264-271, 2025

other or any other logical relationships. To illustrate this point better let us examine how earlier studies have shown
that semantic web reduces misdiagnosis rates and intensifies data extraction effectiveness. To address these
challenges, this paper proposes an innovative web page recommendation algorithm that optimizes e-commerce
page ranking. By integrating semantic web mining @ with BP neural networks, our approach effectively handles
the ranking of diverse web pages. We implement an intelligent meta-search engine designed to accurately deliver
the required e-commerce pages to users, thereby improving the overall online shopping experience.

2. Methods

Backpropagation neural networks are a sophisticated class of artificial neural networks that utilize a specific
learning process known as backpropagation. This method is crucial for training the network to minimize errors in

its predictions, making it highly effective for tasks such as classification, regression, and recommendation systems
@,

Phases of BP neural networks

Backpropagation is a supervised learning algorithm used for training neural networks. It involves two main phases:
the forward pass and the backward pass with error calculation ©,

Forward Pass:

+During the forward pass, input data is fed into the network.

+The data passes through multiple layers of neurons, each performing computations and applying activation
functions.

+The final output is produced at the output layer, representing the network’s prediction.

Error Calculation:

+The network’s output is compared to the actual target values (ground truth).

*An error is calculated based on the difference between the predicted output and the actual target. This error is
often measured using a loss function, such as mean squared error or cross-entropy loss.

Backward Pass:

+The error is propagated back through the network from the output layer to the input layer.

+The goal is to adjust the weights and biases of the network to minimize the error.

+This is achieved using gradient descent, where the gradient of the loss function with respect to each weight and
bias is computed.

»The weights and biases are updated in the opposite direction of the gradient, reducing the error in subsequent
iterations.

Layers of BP neural networks

This strategy involves using a three-layered Back Propagation (BP) neural network as a classifier for training and

recognition, the network is comprised of three parts, namely the input layer, the hidden layer, and the output layer
©:

«Input Layer: The first layer that receives the raw input data. Each neuron in this layer represents a feature of the
input data.

+Hidden Layers: Intermediate layers where the actual computation and learning occur. These layers can have
multiple neurons, each applying a weighted sum of inputs followed by an activation function.

+Output Layer: The final layer that produces the network’s prediction. The number of neurons in this layer
corresponds to the number of output classes or values.

Input Layer Hidden Layer Output Layer

Figure 1. Simplified schema of BP neural networks.
Source: Own elaboration.
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Mathematic behind BP neural networks

We leverage the traingd function for training and the tansig function for inter-layer transfers . The training
process involves adjusting the network’s parameters to minimize prediction errors. Specifically, we derive the
weight matrix (W;;) and sill matrix (@;) from the input layer to the hidden layer. These matrices are crucial for
capturing the relationships between input features and hidden neurons 8. Additionally, we obtain the weight
matrix (V;) and threshold matrix (¢y) from the hidden layer to the output layer, which are essential for mapping
the hidden layer’s activations to the final output ®.

§ =2 GWiXi— 8,0 =12,
To begin with, compute the input (s,j) for the (j) neuron in the hidden layer. This computation uses the weight
matrix (W;;) and the bias term (@;). The output (h;) of Ehe (j) neuron in the hidden layer is then derived by:

hi=eW)=7rmg— 1= 12.)
Next, determine the input (r,) of the output Iayfr using (Vi) and (¢y) by:

e = ijlvﬁh,-— ouk = 1,2, .. K

Derive the output values (k) and (y) from the output Ia¥er by:

ve= 8(r) = T~ Lk = 12, K
To wrap up the process, determine the recognition result by locating the maximum value among the recognition
similarity (values (yy)). This step ensures that the most similar match is identified accurately.

3. Development
3.1. Semantic web mining

Semantic web mining © in e-commerce represents a sophisticated intersection of semantic web technologies and
data mining techniques, aimed at enhancing the functionality and user experience of online retail platforms. This
approach enables the precise interpretation and organization of web data, facilitating more accurate search results
and personalized product recommendations. By leveraging user behavior and preference data, semantic mining
can significantly improve the intuitiveness and personalization of the shopping experience. Furthermore, it allows
for the efficient extraction of valuable patterns from extensive datasets, thereby supporting data-driven decision-
making processes within e-commerce businesses 9. This methodology addresses the inherent limitations of
traditional e-commerce systems, which often suffer from a lack of standardized data management practices. By
providing a structured and standardized framework, semantic web mining ensures a more coherent and efficient
handling of data, ultimately leading to enhanced operational efficiency and user satisfaction.

3.2 Recommended solution framework for e-commerce

This project aims to rank web pages based on user search information, semantic web mining, and a BP neural
network, thereby recommending web pages that meet user needs and increasing user engagement time on the
website. The proposed solution employs a modular design, comprising preprocessing and dictionary
implementation modules, a time consumption priority module, a content priority module, a neural network priority
module, and a semantic recommendation module @9,
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Figure 2. Architecture of solution
Source: Own elaboration.
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In the preprocessing and dictionary implementation module, candidate web pages retrieved by search engines
undergo preprocessing to remove incomplete input entries and clean data and stems. The dictionary
implementation module inputs the website URL to facilitate web log preprocessing, user navigation analysis, and
the creation of a web page dictionary consisting solely of words from candidate web pages, which correlate with
the length of words used by users to search for specific e-commerce products 7. The content priority module
utilizes web dictionaries and candidate web pages as input, employing web content mining technology to classify
documents into an ordered structure. This process extracts knowledge from web document content or descriptions,
thereby determining the relevance and priority of web pages and filtering out e-commerce website pages unrelated
to service products.

In the time consumption priority module, web pages are input, and candidate web page timestamps are used to
determine their priority. The timestamp reflects the statistical value of the time previous users spent on the same
product web page, assigning higher priority to web pages with longer user engagement ?2. The semantic
recommendation module continues to use web pages as input, applying the longest common subsequence
algorithm to identify user session data from different semantic behavior files. This module determines the ontology
category to avoid incorrect interpretations of user retrieval queries.

Finally, the overall priority of e-commerce web pages is determined through a BP neural network. The five input
features of the BP neural network include content priority, time consumption priority, and explicit/implicit user
feedback on candidate websites, recommendation semantics, and input bias. The neural network randomly assigns
weights to all input nodes, compares the actual output with a manually set threshold, and adjusts the input node
weights adaptively based on the error tolerance feedback until the correct output is achieved @9, This fine-tuning
is crucial for supervised learning and significantly improves the accuracy of prioritizing web pages relevant to user
searches.

Suggestions in
E-Commerce

Figure 3. Models of the solution
Source: Own elaboration.

Given the five feature inputs, the neural network’s input layer % consists of five neurons, while the output layer
comprises a single neuron representing the correlation between the web page and the user’s preferences. For the
hidden layer, the number of neurons is optimized based on existing literature, balancing classification performance
and speed. The optimal number of neurons in the hidden layer is determined by the formula: the number of neurons
in the input layer multiplied by the square root of the number of neurons in the output layer plus an integer (L)
(ranging from 0 to 5) @9, This project selects the number of neurons in the hidden layer to be four, based on
multiple experimental analyses, ensuring a balanced consideration of classification performance and speed.

3.3 Algorithm for recommendation (models’ details)

The algorithm for the e-commerce recommendation scheme proposed in this article, which leverages semantic
web mining and a BP neural network. We present the variables used in this algorithm along with their meanings.

DW: Document word.

Wi: search stage specific keywords.

Ts: Web page timestamp.

Tan f: Linear activation function for training in neural networks.
WDp: Web dictionary corresponding top Web document.

Si: E-commerce product string retrieved by the user.

Min: minimum length of any keyword in Si.

Max: maximum length of any keyword in Si.
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We will provide you all the stages in detail that we adopt in our paper:

1) Getting the retrieval string from the user.
2) Removing stems from the search string.
3) Recording the guided sequence pattern to the user file database.
4) Using a search engine to retrieve web documents.
5) Dividing the string into different distinct words W1, W2,..., Wn.
6) Determining the minimum and maximum length of different words within the search statement.
min: =Strlen(W1), max: =Strlen (W1)
fori=2tondo
if min > Strlen (Wi) then
min; = Strlen (Wi)
if max < Strlen(Wi) then
max: = Strlen (Wi)
7) Initializing Ti of each document to 0.
8) Retrieving the time database based on the keywords entered by the user and retrieve the same documents
through the search engine when retrieving the Ti step.
9) Preprocessing each web document Dj in WDi. There are only DWkwords in Dj and satisfy the condition
Strlen (DWk) <= max.
10) Initialization:
forp=1tomdo
initialization foundp : =0, nfoundp:=0
if Wp is found in WDp then
foundp :=nfoundp +1
else
nfoundp: =nfoundp +1
11) Clearing web page nfoundp> foundp.
12) Determining the timestamp of a web page Ts.
13) At the onset of the user session, determine the duration of the user session on the current web page tp, and
determined according to the following equation Tp:

if Tp =0 then
Tp=tp
else

Tp=(tp +Tp)/2

14) Ifis lower and Tp is higher, a higher weight is assigned to the web page.

15) Updating time information with keywords, web addresses and Tptools.

16) User-directed sessions are identified through a comparative analysis between the user's search query and each
entry within the user file database, conducted as follows:

LCS[i,j]=0, if i =0 or j =0 OR LCS[i,j] = LCS[i — 1,j —1] +1, if i, j #0 and S1i = §2j OR LCS[i,j] = max (LCS[i

- l,j], LCS[I'J - 1])1

ifi,j >0and S1i # S2j

17) Generating categories using a web ontology language.

18) Normalizing all priority inputs in modules 2, 3, and 4.

19) Using the input and output data sets for training a BP neural network with a linear activation function, as
described below:
{0} = tan®{I}

20) In the hidden layer and output layer, use the sigmoid function to predict the output. The S-shaped function is
{0} =[1/(1+ e—-1)], and the summation function is Y(I11WT1 + [2WT2 + [3WT3 + [AWT4 + ISWT5 + B)

21) Calculating the error rate for weight adjustments in network neurons using the supervised BP neural network
algorithm.

22) Suggestions in E-commerce by priority

4. Results and Discussion
4.1 Configuration of Experiments

In this study, the JavaEE framework is utilized to implement the proposed recommendation algorithm, with its
performance compared to existing literature. An experiment was conducted on a website selling books, with a
database containing 6,200 books categorized into five main groups: education, humanities and social sciences,
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technology, literature, and life. Each main category is further divided into six subcategories. For example, the
technology category includes subcategories such as popular science, computers, architecture, medicine, agriculture
and forestry, and general science. Over time, more than 10,000 transaction events were recorded. The dataset was
divided into five parts: one part served as the test set, while the remaining four parts were used as the training set.
To evaluate the effectiveness of the web page recommendation system, two commonly used performance
metrics—precision and recall—were employed. Precision measures the proportion of relevant documents in the
recommendation results, i.e., the ratio of recommended products identified by the recommendation model to all
products related to the recommended topic. The formula for precision is as follow:

TR N T(w)
PRE ="""% « RQ)

R(u) represents the list of recommendations generated by the algorithm for the test set. T(u) is the actual list of
recommendations on the test set. U denotes the set of users, and | stand for the set of products. The recall rate
quantifies the percentage of relevant documents included in the recommended results out of the total relevant
documents in the entire collection. It evaluates whether the recommendation system has successfully identified all
pertinent pages. The formula for recall is as follows:

_ SuewRMW N T
B ZuEU T(u)

PRC

4.2 Comparison of Precision

R(u) The accuracy and recall rates of the proposed scheme and the scheme from literature on the test set are
illustrated in Figures 4 and 5. In this context, the length of the user’s access sequence is taken as the x-axis. The
access sequence represents the process of a user’s continuous navigation through the network. For example, if a
user’s access sequence is <A, B, C, D>, it means the user first visits URLA, URLB, then URLC and finally
URLD @9, The longer the access sequence, the more information it contains about user preferences.
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Figure 4. The rate of precision for the two schemes
Source: Own elaboration.

Figures 4 and 5 illustrate that both the accuracy and recall of website recommendations improve as the access
sequence length increases. This is because longer access sequences provide more representative features of user
preferences through web data mining. However, when the access sequence length reaches 6, various performance
metrics tend to stabilize. Notably, the scheme proposed in this paper outperforms the one in literature. When the
sequence length is 8, the accuracy and recall rates of this scheme are 91.7% and 90.3%, respectively, which are
6.2% and 4.9% higher than those in literature. Experimental results demonstrate that this solution can better
identify the web pages needed by users and is well-suited for ranking and recommending e-commerce websites.
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Figure 5. The rate of recall for the two schemes
Source: Own elaboration.

4.3 Comparison of usage time

The computational efficiency of this method is compared with that of the method described in literature. From the
collected web log files of over 6,200 book transaction events, subsets of 10K, 50K, 100K, 500K log files were
extracted. The time taken by the two algorithms to process these files is shown in Table below.

Table 1: Response time result for both schemes.

File size 10,000 50,000 100,000 500,000

Existing 1.63min | 23.22min | 1.55h 18.61h
Our schema | 58 s 14.47 min | 59.32 min | 12.38 h

Source: Own elaboration.

Table 1 shows that, for the same file size, the time taken by the model in existing project is significantly higher
than that of the solution proposed in this paper. This trend becomes more pronounced as the file size increases.
Existing project attempts to predict current user access behavior by analyzing the access records of many web
users. However, since web access is influenced by various factors such as cultural background, interests, hobbies,
and browsing purposes %, and is not limited by space and time, each user’s web browsing behavior varies greatly.
Using a semantic model to describe the browsing behavior characteristics of all users and make predictions
inevitably results in low accuracy and high time and space complexity.

5. Conclusion

In this research work we describe a new system for recommending products from e-commerce portals using
semantic web mining and BP neural networks. The importance of user preferences may help in designing better
website structures for webmasters, who seek to create visually dynamic sites that incorporate design patterns which
optimize user experience. To compare its results with the existing methods stated in other works, an experimental
database containing book sales websites was built; hence, performance measures include accuracy of page
recognition together with recall rates. Results show that our proposed technique is noble; it can learn from customer
input while keeping low power consumption levels. The rise of deep learning has seen its application areas
diversify into such fields as image processing, medical image analysis and image classification among others @,
There is no doubt that the future of e-commerce will be defined by deep learning technologies. Face recognition
and future trend pre-diction based on past financial data can also be accomplished using neural networks and deep
learning technologies 2. When merged with machine learning, these technologies are also helpful in climate
prediction. Additionally, algorithmic techniques are employed for classification and autonomous learning 4.
Integrating these algorithms with user purchasing and browsing data to predict e-commerce sales trends represents
a promising research direction.
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