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E-COMMERCE DATA MINING ANALYSIS BASED ON USER PREFERENCES AND
ASSOCIATION RULES

YUN ZHANG∗

Abstract. With the development of network technology, online shopping is becoming more and more convenient. But the
increasing number of products also makes it difficult for consumers to make the right decision. When there is no apparent market
demand, how to recommend products with commercial potential to customers has become an urgent problem for businesses to
solve. This paper proposes e-commerce product recommendation based on user preference and association rule algorithm aiming
at the problems existing in e-commerce product recommendation. Firstly, this paper constructs a user interest modeling method.
Through analyzing users’ interests and preferences, to provide users with timely and accurate personalized services. Then, the
FP_Growth algorithm is optimized and improved. A more effective CTE-MARM algorithm is designed, and an association rules
database based on user benefit items is constructed and analyzed jointly. Analyze products with strong correlations. According to
consumers’ interest levels, TOP-N is the best product choice. Experiments show that the algorithm has higher prediction accuracy.
The research results of this project can not only improve enterprises’ ability to analyse data and provide data support for enterprises
to carry out effective marketing management.
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1. Introduction. In modern society, with the rapid development of science and technology, human beings
are also faced with the problem of ”excess” and the convenience of obtaining science and technology. This
phenomenon is no exception in e-commerce. Making customers satisfied with products is a significant issue for
e-commerce enterprises. This is how the product recommendation technology in e-commerce emerged [1]. It
applies the method of data mining to the actual consumer behavior scenario. Possible business opportunities
can be predicted through the correlation mining of historical data. This saves users time finding items they
like and increases sales and customer loyalty.

In the same frame, it is of great theoretical value and practical significance to study three different types of
customer evaluation: customer perceived value, customer satisfaction, and customer purchase intention. Pre-
vious studies have shown that perceived value is the pre-variable of consumer satisfaction. Risk perception,
individual innovation, social impact, and perception of usefulness directly and significantly impact user intent.
Perceived ease of use and social influence directly impact user availability but cannot play an indirect role
through perceived usefulness. Many psychological barriers of consumers to e-commerce, especially the security
and reputation problems faced by e-commerce users, will significantly impact consumers’ purchase intentions
and cause significant obstacles to the rapid development of e-commerce. After a questionnaire survey and
analysis of e-commerce users, some researchers found that social factors have the most apparent positive effect
on e-commerce intentions, while they have no noticeable effect on e-commerce expected practicability and risk
perception. Mobile phone payment intention positively affects users’ use, but convenience has no noticeable
promoting effect [2]. Some scholars use the integrated technology acceptance model to study electronic trans-
action intention from six perspectives: perception of usefulness, perception of ease of use, perception of risk,
trust, trust and evaluation, and attitude of use. Relevant studies mainly focus on the perception and evaluation
of consumer behavior but lack systematic collection and analysis of mobile payment users’ characteristics and
future consumer behavior [3]. This makes it a complex problem to accurately position the market of its target
users in the initial stage of the development of e-commerce.
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Fig. 2.1: Association rules model flow.

2. Demand analysis.

2.1. Functional Requirements. The key to an e-commerce product recommendation system is to an-
alyze the interests and preferences of users by collecting their shopping habits and shopping records. Then,
explore and predict the potential shopping opportunities [4]. The most important thing is to analyze users’
personalization and real-time performance. The system implements the following essential functions.

1. Data collection: extracted relevant records and operational data.
2. Preprocess and eliminate unnecessary data to ensure data integrity.
3. The user’s interest model is established and classified.
4. Establish the relevant rule database of data mining.
5. Product recommendation for products that are attractive to users.

2.2. Key Parameters.
1. Credibility is introduced to reduce the phenomenon of ”rule explosion” and improve the search accuracy;
2. The prescription describes the change in consumption behavior in real life. The closer to the current

consumption behavior, the more it can reflect the current demand preferences.
3. The purchase, browsing, collection, rating, and comments of e-commerce consumers can reflect con-

sumers’ interests [5]. Users have different levels of interest in different business activities. Use the
triplet method to sort the required items in order IRij . The ”user-benefit item chain” comprises the N
items with the highest information value by the TOP-N method. The CTE-MARM method is proposed
for data association [6]. When good i in the list of customer-benefit items has a strong correlation with
goodk, goodk is added to the tripartite group. The model flow diagram is shown in Figure 2.1.

3. Association rule algorithm model design. This topic focuses on how to quickly find the user group
with specific characteristics in the process of commercial marketing of e-commerce enterprises. Discover the
characteristics of the target user group. This user group has more complex characteristics [7]. The value of
the variable is random and difficult to transform. Each attribute is unrelated, so it is challenging to meet the
needs of conventional statistical methods using standard multiple regression analysis, structural equation model,
technology acceptance model, technology acceptance model, and integrated technology acceptance model. It
is challenging to realize the rapid positioning of specific user groups. In the practical problems, from many
incomplete, noisy, fuzzy, random, and other practical problems, we extract the information and knowledge that
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people do not know in advance but have potential value [8]. Then, the information in these eigenvalues can be
obtained by mining the association rules.

3.1. Principles of Association Rules. Association rules were proposed by R. Agrawal in 1993 to de-
scribe the internal relationship between various items in a database. It is one of the essential research contents
in data mining [9]. Association rules can directly represent the relationship between a collection of items in a
data set. These associations are not based on a specific distribution or depend on a specific pattern. It depends
only on the probability of occurrence of the set of items in a pattern. Suppose Q = {q1, q2, L, qm} is the set of
all entries. H represents the transaction database and T represents project subset (T ⊆ Q). Each transaction
has its unique transaction identifier TID.B is the set of entries. Transaction record T includes item B. Its
necessary and sufficient condition is that if the entry B contains k items, it is called the set of k items. The
proportion of the number of items B in the transaction database H is called the level of support for the item set.
If the support level of an item set exceeds the minimum support threshold set by the user, it is called a frequent
item set. The law of association is the logical implication of class U ⇒ V . Where U ⊂ Q,V ⊂ Q, and U IV = ∅.
If transaction database contains s% transactions and includes UUV , then the support of trading system U ⇒ V
is s%. The absolute amount of support is the possible number. If sup port(U) is used to represent the degree
of support for item U, then sup port(UUV )/ sup port(U) can be used to represent the degree of confidence of
the rule, which is the conditional probability P (V | U).

sup port(U ⇒ V ) = P (UUV )

conf idence(U ⇒ V ) = P (V | U)

The related rules conforming to the minimum support and threshold are called strict rules [10]. The
maximum is 0 − 100%. That is, whether the item on the right will be selected when the item on the left
is purchased or whether the item on the right will be selected in any situation. In the process of selecting
target customers, the size of the revenue is the most important. The greater the revenue value, the greater the
customer demand for the service. This criterion is the same as the selection criteria for other data exploration
modes [11]. To measure how much this criterion improves the prediction accuracy by comparing it with the
”original” criterion.

3.2. Evaluate the role of the ”promotion” attribute group in association rules. Assume that
the mobile user base is constant. It grows at a constant rate over some time. But compared to the number
of existing mobile phone users, the number of new mobile phone users is still relatively small [12]. For this
reason, the number of users will grow in a particular proportion over some time, so at a certain point in time,
the number of mobile phone users can be limited to:

total users = IE

I is the invariant growth factor. E is the number of mobile phone users at a given point in time. In association
rule [D,Z, S], D is support, Z is credibility, and S is revenue. The number of mobile phone users ×D can
be considered to be able to support a certain number of mobile phone users. Under the promotion effect of
the previous part, the mobile user number H can promote the latter part. The number of mobile subscribers
×D × Z × S can be understood as selling mobile phones to a specific group [13]. The number of mobile users
that can make subsequent things happen. Using the number of mobile phones ×D × Z × S, the ”promotion”
effect of the former term on the latter term can be evaluated, and the ”promotion” effect is more prominent
when the effect value is more significant. Since the number of mobile phone users IE is constant at a certain
point in time, a ”boost” factor is introduced here:

ϕ = D × Z × S

D stands for support, Z for credibility, and S for revenue. The ”boost” factor is used to measure the strength
of the ”boost” connection between the first product and the later product [14]. With the increase of ϕ, this
”promoting” effect gradually increases. It is targeted at this audience characteristic for marketing publicity,
which will receive a good effect.



3518 Yun Zhang

Fig. 4.1: User interest model framework.

4. User interest model. Building a user’s interest model can give better feedback on the user’s interest.
A person’s hobbies are generally divided into two categories: one is long-term, and the other is short-term. A
structural diagram of the user benefit pattern is shown in Figure 4.1.

Long-term interests reflect a person’s preference for one thing over a while. This hobby is not something
that will change over some time but a constant state. Most of these are gradually accumulated over a long
period of life, and naturally, it is also related to the individual’s educational experience, life background and
personality [15]. Short-term interest usually refers to a specific period. People prefer a thing because of some
factors and stimuli, but external stimuli will change this preference. Of course, short-term interests can turn
into long-term interests. These fleeting interests will gradually dissipate over time. Because the amount of
information users is interested in for a long time is considerable, it is necessary to divide it reasonably. If we
use the mathematical formula S = {(s1, ε1, r1) , (s2, ε2, r2) , . . . , (sn, εn, rn)} to describe a person’s long-term
interests, then Si is what we care about. The εi stands for the user’s love for the product. ri indicates that
users pay more attention to an event because they prefer it.

Because the short-term interests of users change at any time, it is challenging to transform them into long-
term interests, and they are often fleeting, so this paper does not use the method of statistics on the short-term
interests of users. The mathematical formula expresses the user’s short-term interest in this paper d. β is for
something. ξ stands for the level at which users like a product. Then, the user’s short-term interest can be
expressed by D = (d1, d2, · · · , dm). In a shopping system based on consumer preferences, this indicator can
reflect in real time the change of consumers’ preferences for fresh items decreasing over time. We define the
expression of freshness as: In a shopping system based on consumer preferences, this indicator can reflect in
real time the change of consumers’ preferences for fresh items decreasing over time. We define the expression
of freshness as:

ut =

{
0 0 ≤ ut0 ≤ φ(

ut0−φ

ut0

)
ut0 > φ

t0 is the past time. t means now. ut0 indicates that the user has previously found the item novel. ut represents
that the user currently finds the item novel. φ stands for a constant number. If freshness is set to o, then
freshness is considered o. Freshness means that it will gradually decrease over time until it reaches o. He has lost
interest in the item if the novelty drops to zero. According to different user behavior records, different keywords
are automatically generated, and the corresponding database is built for personalized search. However, since
the value of the freshness decreases over time, it is also necessary to calculate the weight of the freshness. Then,
the calculation of novelty weighting for specific keywords can be expressed by expression.

(βp, ξ1, t1, h1, u1) , (βp, ξ2, t2, h2, u2) · · · (βp, ξn, tn, hn, un) : h1, . . . , hn
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The user’s recent preferences on a particular tag can be weighted. u is used to represent the total weight.
ξtp = ξ1 ∗ u′1 + ξ2 ∗ u′2 · · · + ξn ∗ u′n · u′1, u′2, . . . , u′n represents the current freshness value and takes it as the
freshness value at t. After weighing each keyword, the interest set can be obtained quickly.

Keywords are weighted according to different user preferences. The detailed calculation method is as
follows:

S = {(s1, ε1, r1) , (s2, ε2, r2) , . . . , (sn, εn, rn)}

Since each class has keyword glyph, the weight si = ((β1, w1) , (β2, w2) , . . . , (βn, wn)) of different classes
can be obtained by statistical analysis of text feature vectors of different classes. In addition, using the relevant
algorithm, the user’s interest category can be accurately displayed.

Input: Important bytes that are currently of interest to the user;
Output: the user’s long-term interest choice;

S = {(s1, ε1, r1) , (s2, ε2, r2) , . . . , (sn, εn, rn)}

1. Extract all tuples generated on A day t0 and define them as follows: keyword β, initial weight ξ,
creation time t, document containing keyword h, freshness u.
Firstly, ξtp = ξ1 ∗u′1+ ξ2 ∗u′2 · · ·+ ξn ∗u′n weighted analysis is carried out for a particular keyword. The
corresponding weights of each keyword are obtained after ∆t.

2. Repeat step 1 until all tuples have been calculated. Set threshold λ and find a keyword that is larger
than this value. Record it in Group ψ. Then, the corresponding text H0 is determined according to
the relationship between the keyword and the tuple.

3. The selection range of the selected associated keywords and text need not be too wide, so according
to the threshold value of the initial weight of the keyword, you can find the corresponding collection
of files whose original weight exceeds a particular critical value. And as a category according to their
level of long-term interest in the category. Use Si = (s1, S2, · · · , Sm) si to represent a class.

4. Update keywords when they do not reach a particular range. Re-evaluate it to see if it’s of long-term
interest.

5. The users’ long-term interest set is obtained by calculating steps 3 and 4 . Calculate the number of files
ri in each category to get ((s1, r1) , (s2, r2) , . . . , (sn, rn)). εi = ri/

∑
ri represents the extent to which

users have different preferences for each category. Generate an end-user long-term interest statement:

S = {(s1, ε1, r1) , (s2, ε2, r2) , . . . , (sn, εn, rn)}

5. Design of e-commerce product recommendation system.
5.1. System Architecture. The recommendation of e-commerce products is studied using the calculation

method of association rules and user preferences. Figure 5.1 shows the overall architectural design (Picture
quoted from Egyptian Informatics Journal, Volume 23, Issue 1, March 2022, Pages 33-45). The system includes
data collection and cleaning, user interest analysis, building association rule base, and recommending TOP-N.
(1) Data collection and cleaning: data collection is divided into two parts: shopping and various business activ-

ity information. These two data types provide the basis for discovering and researching users’ interests.
In addition, many messy, fuzzy, incomplete, and dirty data must be cleaned to improve the mining
effect. Through the detection of empty orders, goods in the transaction record are detected, and
non-relevant fields are removed. In this way, the data is simplified.

(2) User interest analysis module: This module is mainly used to model and update the interest model. It is
automatically collected by the front end and stored in the corresponding database. A ”user-interest
item” chain is constructed using the above calculation method. Search for items with high correlation
and apply them to the TOP-N model.

(3) Establishment of association rule database model: the CTE-MARM method proposed above is used to dis-
cover the connections between specific levels in specific application scenarios. Set the restriction level
k to 2. The rules stored in the transaction table are classified from different perspectives according to
credibility.
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Fig. 5.1: Overall architecture diagram of the system.

Fig. 5.2: Database E-R diagram.

(4) TOP-N network recommendation mode: The page is visually displayed through the association rules of the
products that correlate more with the user’s interest mode.

5.2. Database Design. According to the characteristics of e-commerce product recommendation, a
database E-R model based on user behavior and product recommendation is proposed. The database dia-
gram for E-R is shown in Figure 5.2.

Below are the main database tables.
1. The user information form includes user ID, registration name, password, gender, contact information,

address, etc.
2. The item information form includes item ID, name, link, grade, classification, price, inventory, etc.
3. The transaction table contains the transaction ID and user ID.
4. The purchase record form contains the unique identification ID, transaction processing ID and item

ID.
5. The user behavior table contains unique identifiers, user identifiers, item identifiers, number of clicks,
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Fig. 6.1: Hit ratio analysis of manual analysis and system algorithm results.

repeat visits, browsing time, and whether to collect and evaluate scores.
6. The association rule table contains a unique identification, pre-rule component identification, post-rule

component identification, inter-item confidence, classification and inter-item confidence.
7. The user interest table contains unique identifiers, user identifiers, product identifiers and interest

levels.

6. System testing and verification. The shopping data of 3000 users are used as experimental data to
test the accuracy of the established theory and products. The results of manual statistics are compared with
user habits and system operation results of manual analysis. Cross-merge was performed after each trial. There
were five trials. The result is shown in Figure 6.1. The study found that the accuracy of manual analysis of
the best-selling items reached 31.8%. The interest recommendation accuracy of manual analysis reached 51.1%,
while the recommendation accuracy of the e-commerce product recommendation system based on association
rules reached 55.8%, which is more efficient and accurate than the method. This achieves the original design
goal.

7. Conclusion. This paper uses the method based on CTE-MARM to establish an e-commerce data anal-
ysis method based on user interests and association rules. In this way, TOP-N products are recommended for
users. However, the multi-level association discovery method research needs to be further explored. More influ-
encing factors and technical means must be considered in improving the hit rate of product recommendations.
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