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Abstract: In order to solve the problems of low data collection efficiency, high
noise, and low accuracy in traditional e-commerce consumer behaviour user
data mining methods, a deep mining method for e-commerce consumer
behaviour data based on concept hierarchy tree is proposed. Use Python
scripting language to collect e-commerce consumer behaviour data from
e-commerce platforms, and use Myriad filtering algorithm to remove the
interference noise in e-commerce consumer behaviour data. Based on
non-interference noise free e-commerce consumer behaviour data, utilising
domain expert participation and machine learning algorithms, a concept
hierarchical tree based e-commerce consumer behaviour data mining model is
established to achieve deep mining of e-commerce consumer behaviour data.
Experimental results show that the method proposed in this paper collects
e-commerce consumer behaviour data more quickly, effectively removes
interference noise contained in e-commerce consumer behaviour data, and can
effectively and deeply mine the behavioural preferences of e-commerce
consumers, with significant applicability.

Keywords: concept hierarchy tree; e-commerce consumer; behaviour data;
deep mining; myriad filtering algorithm.
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1 Introduction

With the continuous development of internet technology, e-commerce platforms based on
the internet have emerged one after another, bringing infinite convenience to people’s
lives (Fernandez-Bonilla et al., 2022). However, with the increase in operating hours of
e-commerce platforms (Cao et al., 2021), user behaviour data on e-commerce platforms
has shown explosive growth. The user behaviour data of e-commerce platforms includes

Copyright © 2024 Inderscience Enterprises Ltd.
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various actions such as browsing, searching, and paying by users on the power grid
platform. The different granularity and dimensions of user behaviour data can provide
reference for analysing user needs (Chen, 2021) and recommending products for users.
Compared with offline shopping, e-commerce platforms cannot intuitively obtain users’
every move from their behaviour data on the platform. However, based on the behaviour
data left by users on the e-commerce platform, they can deeply explore their consumption
process on the platform, obtain user preferences, and then recommend satisfactory
products based on user preferences (Al-Zyoud, 2020), improving the marketing and
service capabilities of the e-commerce platform. In the context of the widespread
application of the internet and data processing technology, the problem of information
overload on e-commerce platforms has gradually worsened, and a large amount of user
behaviour data has been saved in the e-commerce platform database. How to mine useful
information from massive user behaviour data to provide a basis for product
recommendation and marketing decisions on e-commerce platforms is one of the
important issues facing e-commerce platforms. Deep data mining is a data processing
technology that includes multiple disciplines such as statistics, artificial intelligence, and
mathematics. This technology can mine the association relationships existing in massive
big data, improving the level of data processing and application. Deep data mining can
not only review and summarise previous data, but also predict future trends based on
current data, mine potential unknown relationships within the data, and obtain new
knowledge, providing effective means for data applications. Nowadays, many scholars
have also studied user data mining methods for e-commerce consumer behaviour, such as
(Wagner et al., 2020) collecting consumer behaviour data from e-commerce platforms
and using big data mining algorithms to mine consumer behaviour data in different
business environments, obtaining consumer behaviour data in different business
environments. However, this method did not preprocess consumer behaviour data,
resulting in inaccurate final mining results. Riad and Chami (2021), based on historical
consumer behaviour data, uses data processing and analysis algorithms to obtain
consumer behaviour habits, and improves e-commerce platform services based on
consumer behaviour habits. However, the small range of consumer behaviour data
collected by this method results in poor final application results. Popp (2022) analyses the
impact of the one mile delivery method on consumer consumption feelings on
e-commerce platforms based on consumer purchase record data. However, this method
has a small scope for mining consumer behaviour data and does not have universality.

The concept hierarchy tree algorithm is one of the big data mining algorithms, which
can utilise high-level concept overview data in the tree. The root of the tree is a general
description of possible attributes, and the leaves are attribute values of possible attributes.
The hierarchical tree method can present feature rules, classification rules, association
rules, etc. between data. The concept hierarchy tree is currently widely used in the field
of data analysis and processing. Based on the concept hierarchy tree algorithm, this
article studies a deep mining method of e-commerce consumer behaviour data based on
concept hierarchy tree, providing data support for e-commerce platform marketing
planning and product recommendation. The Committed steps studied in this paper are as
follows:

1 Collect e-commerce consumer behaviour data from e-commerce platform websites
using Python scripting language. After parsing the e-commerce consumer page using
Beautiful Soup, you can obtain the labels and elements of the e-commerce consumer.
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Then use the Breadth-first search strategy to capture e-commerce consumer
behaviour data.

2 The e-commerce consumer behaviour data collected from the e-commerce platform
contains a large amount of interference noise, and the e-commerce consumer
behaviour data has discrete characteristics. The Myriad filtering method is used to
filter the e-commerce consumer behaviour data. By finding appropriate adjustment
parameter values, the serial number in the window is minimised, and the interference
noise of e-commerce consumer behaviour data is removed.

3 Based on non-interference noise free e-commerce consumer behaviour data, a
conceptual hierarchy tree of e-commerce consumer behaviour was constructed using
domain expert participation and machine learning algorithms, and it was encoded
and processed. Using this concept hierarchy tree to establish a preference model for
e-commerce consumers, a data mining model for e-commerce consumer behaviour
based on the concept hierarchy tree is completed, and the nearest neighbour of
consumers on each preference item category is found by calculating similarity, thus
achieving deep mining of e-commerce consumer behaviour data.

2 Deep mining of e-commerce consumer behaviour data

2.1 E-commerce consumer behaviour data collection

Real and complete e-commerce consumer data is the foundation for deep data mining. In
order to collect real and complete e-commerce consumer behaviour data (Zhang et al.,
2020), Python scripting language is used to collect e-commerce consumer behaviour data
from e-commerce platform websites. Currently, e-commerce platforms are divided into
web and mobile versions, and collecting e-commerce consumer data includes consumer
home pages, details pages, tab pages, etc. The URL addresses of these pages are all
associated with the consumer’s ID. After parsing the e-commerce consumer page using
Beautiful Soup, you can obtain the labels and elements of the e-commerce consumer.
Then, using the breadth first search strategy to capture e-commerce consumer behaviour
data, the detailed process is shown in Figure 1.

When using the breadth first search strategy to capture e-commerce consumer
behaviour data, first select a seed user and add it to the user queue. Then, after the queue
leader element in the user queue is removed, the team user is added to the user set. After
capturing user data, the following user of the user is captured and added to the following
list. Then, it is determined whether the current following user is in the user set, if so,
determine whether there are currently users to follow, otherwise add the following users
to the user set. If there are several currently pending followers, a list of followers will be
obtained. Conversely, user data and their followers will be stored, and the current
program control count will be determined to determine whether it has reached the number
of users. If it returns to the queue element exit step, if not, the process will end. After
repeated iterations of the above steps, complete the collection of e-commerce consumer
behaviour data.

After the collection of e-commerce consumer behaviour data is completed, establish
user information tables, attention tables, etc. in the MySQL database, store e-commerce
consumer behaviour data based on the fields in the tables, and then associate and
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summarise the e-commerce consumer behaviour data table and product table to complete
the collection of e-commerce consumer behaviour data.

Figure 1 Process for capturing e-commerce consumer behaviour data (see online version
for colours)
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2.2 Data preprocessing based on Myriad filtering

After collecting e-commerce consumer behaviour data from e-commerce platforms (Bao
et al., 2021), there is a large amount of interference noise inside, and the e-commerce
consumer behaviour data has discrete characteristics. Therefore, it is necessary to filter
and preprocess the e-commerce consumer behaviour data (Young et al., 2020) to remove
the internal interference noise (Liu and Yan, 2020). Here, the Myriad filtering method is
used to filter and process e-commerce consumer behaviour data, providing a data
foundation for deep mining (Yang, 2020) of e-commerce consumer behaviour. Let

T . ..
X =[x,,x,,---xy]" represent the e-commerce consumer behaviour data set containing

noise (Khani et al., 2021), and its N is the number of single consumer behaviour data
elements, then Myriad filter expression formula is as follows:
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M
Yy =arg{mﬂinHizl[K2+(xi—,5)2:|} (1)
In the above formula, Yx represents the output result of the filter; M, K represents the
filtering window length and linearisation parameters, respectively (Ks et al., 2020); S is
the adjustment parameter; x; represents the elements in the noisy e-commerce consumer
behaviour dataset. The Myriad filter is used to remove interference noise from
e-commerce consumer behaviour data by finding an appropriate 5 value to minimise the
number of consecutive products in the window (Huang and Zhou, 2020).

To obtain the appropriate value of £, assuming that the value of M is 5, analyse
formula (1) and it can be rewritten as:

FB)=[ K> +(x - B) | K +(x, - B) |- K + (2= B) ] @)

In the above formula, f represents a function of numerical values. From this formula, it
can be seen that the value of parameter fis equal to 2M, and the larger the window value,
the greater the value of parameter £.

Using the linear operation method (Higham and Mary, 2020), calculate the minimum
value of formula (2), and first define the intermediate variable as follows:

(B =K +(x, - B) 3)

In the above formula, f{(frepresents the i intermediate variable.
Substitute formula (3) into formula (2), which can be rewritten as:

B =TT, 4B 4)
Taking the derivative on both sides of the equal sign in formula (4) yields:

By = RELSSs + WG LSt -+ WS fafs )
Among them,

f(B)==2(x,- B) (6)
If the value of formula (6) is 0, rewrite formula (5) as:

X = x,—f X

IB X s_ﬂ
1+(x1—ﬁ)2/1<2+1+(x2—,3)/K2+ +1+(x5—,5)2/K2

=0 )

In the above formula, when K — oo is used, the Myriad filter is transformed into a linear
mean filtering form and the calculation formula for Bis as follows:

N X ety

d M

®

By substituting the results of formula (8) into formula (1), the interference noise in
e-commerce consumer behaviour data can be removed.
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2.3 E-commerce consumer behaviour data mining based on concept hierarchy
tree

Based on e-commerce consumer behaviour data without interference noise, a concept
hierarchy tree algorithm is used to establish an e-commerce consumer behaviour data
mining model, and the results of e-commerce consumer behaviour data mining are output
through this model.

The conceptual hierarchy of e-commerce consumer behaviour data is a partially
ordered set, which can be represented by (g, <), where ¢ is a limited concept set, and < is
a partially ordered set on ¢, which is described in the form of a tree or linked list (Shao
et al., 2021). The nodes of the concept hierarchy tree represent a concept, while the
branches represent partial order relationships. Taking the age group data of e-commerce
consumers as an example, the concept hierarchy tree is established, as shown in Figure 2.

Figure 2 Age concept hierarchy tree of e-commerce consumers (see online version for colours)
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After the establishment of the e-commerce consumer concept hierarchy tree, a bottom-up
e-commerce consumer concept hierarchy tree is generated using domain expert
participation and machine learning algorithms (Richens et al., 2020). The generation
process is shown in Figure 3.

Whether the front position is the end of the document, if so, the process will end. If
not, the frequency of attribute occurrences in the document will be determined to be
greater than the threshold. If so, the concept hierarchy tree corresponding to the attribute
will be used as a concept node. If so, a new concept will be generated, and the new
attribute concept will be used as a concept node in the concept hierarchy tree. Then, the
concept node will be inserted into the concept hierarchy tree, and the step of determining
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whether it is the end of the document will be returned, after repeated iterations of the
above steps, a hierarchical tree of e-commerce consumer concepts is generated.

Figure 3 Generation process of e-commerce consumer concept hierarchy tree (see online version
for colours)
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After the generation of the concept hierarchy tree for e-commerce consumers, the concept
hierarchy tree is encoded. This article combines sequential encoding and binary encoding
to form a depth first traversal and assigns sequential encoding to the encoding form. This
encoding form encodes a node as a, and then when traversing to its first child node, the
child node is encoded as b, the above nodes are encoded as a/b, and when traversing to
the next node as ¢, encode it as a/c. According to the above coding form, the pseudocode
of e-commerce consumer concept hierarchy tree is as follows:
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Input: E-commerce consumer concept hierarchy tree

Initialisation: Using depth first traversal to establish a binary linked list of e-commerce
consumer concept hierarchy trees

i=1;
If (root !=null)
{
Print(“root->data”,IntToString(i));
P:=root;
Do
If (“root->RChild->data”, “root->parent->code”+”/root->code +”/”+ IntToString(++1)”);
P:=root->RChild;

}

Until(P==null);

DO

If (P->LChild!=null)
{

Print(“root->LChild->data”, “root->parent->code”+”/root->code +”/’+ IntToString(++i)”)
P:=root->RChild;
¥
Until(P==null);
Output: Conceptual hierarchy tree all node encoding sets

According to the above program, the hierarchical tree nodes of e-commerce consumer
behaviour concepts in Figure 4 can be encoded in the form of Table 1.

Figure 4 E-commerce consumer behaviour hierarchy tree nodes (see online version for colours)

5
4 G G
Table 1 Conceptual hierarchy tree node encoding
Concept node Code
A 1

C 12
E 1/2/3
D 1/2/4
B 1/5
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After completing the coding of the e-commerce consumer concept hierarchy tree nodes
through the above steps, a preference model for e-commerce consumer ¢; is established,
with the expression formula as follows:

V; :(V[I,Vl-z,“‘,qu\) .

In the above formula, v; represents the preference model of e-commerce consumer ¢;, and
|D| represents the total number of nodes in the concept hierarchy tree; vi represents the
evaluation of ¢; e-commerce consumer on nodes within the conceptual hierarchy, and
ke D.

Let Q represent the total number of ratings given by e-commerce consumer ¢; for each
e-commerce item, and its calculation formula is as follows:

0= Zllel Vik (10)

Distribute the results of formula (10) evenly to the items that e-commerce consumers
like, and then evenly distribute the scores of each item to its sub items (Yang et al.,
2020). Use this method to obtain the initial value of the category that e-commerce
consumer c¢; likes, and the calculation formula for this initial value is as follows:

1
t(d, (11)
) =T TR

In the above formula, b; represents the preferences of e-commerce consumers; dj
represents the type of project; #(dj) represents the initial value of the category of
e-commerce consumer ¢; preferences; E represents the type of preference items that R;
commerce consumers belong to; (b)) represents the total number of project categories.

Assign the initial score of project category dj to its upper level project categories. If
Py and P, respectively represent the top and bottom nodes of the conceptual hierarchy
tree, then the node path from Py to P, can be represented by (p,, p;,:*+, p,), and P, = dj,

then the score calculation formula for the node F: of each level in path (p,,p,,---, p,) is
as follows:
D 0p)=t(dy) (12)
1

0(p,)=0(pn)x (13)

b(pi+1)+l

In the above formula, Q(p;) represents the score obtained by node P; of each level in path
(po>P1> -+ P, ); b(p,) represents the number of sibling nodes in node P,

Add the result of formula (13) to the vector component of the i preference inner level
node P; in the preference model of e-commerce consumer ¢;. By iterating repeatedly, the
preference model of e-commerce consumer ¢; can be obtained. By using this model, the
behavioural preferences of e-commerce consumers can be mined.

In order to mine more accurate behavioural preferences of e-commerce consumers
(Silva et al., 2020), we searched for the nearest neighbours of e-commerce consumers in
each preference category by calculating similarity, making the deeply mined results of
e-commerce consumer behaviour more accurate. The detailed process is as follows:
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Step 1 Divide a subset of project categories

Based on the node attributes in the conceptual hierarchy tree of e-commerce
consumer behaviour data, the direct subtree of its root contains attributes of item
types as independent relationships. The categories of e-commerce consumer
items are divided into:

D =(Root, D,,D,,---,D,) (14)

In the above formula, D represents the set of types of e-commerce consumer
projects; Root represents the root node of the conceptual tree of e-commerce
consumer behaviour data; w represents the total number of elements within the
category set of e-commerce consumer projects.

Step 2 Find neighbours with preferred species

For categories of items that e-commerce consumers pay less attention to or have
never paid attention to, they are considered as categories that e-commerce
consumers are not interested in. When the result of dividing the number of items
in the subset of visited categories by the total number of visited items is less
than 10%, it is determined that the subset of item categories is an item category
that users do not prefer. After determining the type of preference items for
e-commerce consumers, based on this type of item, calculate the Pearson
correlation coefficient between e-commerce consumers and each subset of
preference items. The expression formula is as follows:

simy, (cl-,cj):|: ‘Z‘(Vik_v_j)’(vj _2)}
x ! (15)
1Dl —\2 il —
\/Zlil(vfk _vf) 'sz:l(V.ik _vj)

In the above formula, v, and vj respectively represent the ratings of e-commerce

consumers ¢; and ¢; on the types of projects; Dj is a subset of project types; v;

represents the average score of the project category; simx(c;, ¢;) represents the
Pearson correlation coefficient values of e-commerce consumers ¢; and ¢; on
each subset of preference items.

Use formula (15) to repeatedly calculate the Pearson correlation coefficient value
between e-commerce consumers, and select the top K users who are most similar to user
preferences as a subset of project types. This set is the result of deep mining of
e-commerce consumer behaviour data.

E-commerce consumer behaviour data mining based on concept hierarchy trees can
present a large amount of data in a visual manner, and more intuitively understand the
relationships and structures between data. The concept hierarchy tree can divide data into
different levels and categories, facilitating the classification and organisation of consumer
behaviour data, thereby better understanding and analysing user behaviour. In addition,
by analysing the relationships between various levels in the conceptual hierarchy tree,
potential patterns and trends can be discovered, thereby predicting user behaviour,
formulating marketing strategies, and providing personalised recommendations and
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services. Finally, the concept hierarchy tree can also quickly and accurately query and
retrieve consumer behaviour data, improving work efficiency. In summary, e-commerce
consumer behaviour data mining based on concept hierarchy trees can optimise
operational strategies, improve market competitiveness, and help enterprises better utilise
and understand consumer behaviour data.

3 Experimental analysis

Taking a certain e-commerce platform as the experimental object, it is a major 3C online
shopping professional platform in the B2C market. The platform takes products, prices,
and services as its long-term development strategy. After development, its market share
ranks among the top e-commerce network platforms. This e-commerce platform has a
large number of consumer users, covering various age groups. In order to more
accurately recommend products to users, this e-commerce platform applies the method in
this article to mine its e-commerce consumer behaviour data and obtain user shopping
preferences.

Using the method described in this article, consumer behaviour data on the
e-commerce platform was collected. A certain e-commerce consumer was used as the
experimental object, and consumer behaviour data was collected within 12 days. The
results are shown in Table 2.

Table 2 Collection results of e-commerce consumer behaviour data

Time/day  Login to e-commerce platform/time  Retrieve products/time  Place an order/time

1 1 15 1
2 1 9 1
3 2 8 0
4 4 22 3
5 3 17 2
6 1 2
7 0 0
8 3 28 5
9 4 19 4
10 5 15 1
11 4 9 1
12 2 10 0

According to Table 2, the method proposed in this article can effectively collect the
number of times e-commerce consumers log in to e-commerce platforms, search for
products, and place orders for products. This can provide a good data foundation for
further in-depth exploration of e-commerce consumer behaviour.

Test the responsiveness of the method used in this article to collect e-commerce
consumer behaviour data. Under different requests for collecting e-commerce consumer
behaviour data, the method collects the response time of e-commerce consumers and sets
the response time threshold to 0.40s. The test results are shown in Figure 5.
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Figure 5 Response curve of e-commerce consumer behaviour data collection
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Analysing Figure 5, it can be seen that the response curve of this method in collecting
e-commerce consumer behaviour data increases with the number of commands collected,
but the increase is extremely low. When the number of commands to collect e-commerce
consumer behaviour data is 55, the command response value is about 0.25s, which is
lower than the preset command collection response threshold. The above results indicate
that the method proposed in this article responds quickly when collecting e-commerce
consumer behaviour data, and can effectively collect e-commerce consumer behaviour
data.

Figure 6 Results of removing interference noise from e-commerce consumer behaviour data,
(a) before noise removal (b) after removing noise (see online version for colours)
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To verify the ability of the method proposed in this article to remove interference noise
from e-commerce consumer behaviour data, 200 e-commerce consumer behaviour data
were used as experimental objects. The spatial representation of e-commerce consumer
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behaviour data and perception noise was used, and the interference noise contained
within it was removed using the method proposed in this article. The results are shown in
Figure 6.

By analysing Figure 6, it can be seen that using the method proposed in this article to
eliminate the interference noise contained in e-commerce consumer behaviour data can
effectively remove a large amount of interference noise. Only residual noise exists in the
lower left and right corners of the space, but the interference noise is slightly far from the
e-commerce consumer behaviour data point and does not affect it. In summary, the
method proposed in this paper has a strong ability to remove interference noise from
e-commerce consumer behaviour data, which indirectly indicates that the method has a
strong ability to deeply mine e-commerce consumer behaviour data.

Validate the method in this article to deeply explore the behavioural ability of
e-commerce consumers. Using 12 e-commerce consumer behaviour data as the
experimental object, we deeply mine their shopping behaviour preferences. The results
are shown in Table 3.

Table 3 Deep mining results of e-commerce consumer behaviour data

User code Product preferences S}ZZZ %Zegnlzzle prgjge}:ebgce prg’zceizce
1 Home life products 09:00-15:00 blue 100-300
2 Local specialties 13:00-21:00 yellow 10-200
3 Beauty products 11:00-13:00 pink 20-500
4 Women'’s clothing 10:00-18:00 white 300-600
5 Women'’s clothing 18:00-24:00 grey 100-300
6 Maternal and infant products 13:00-17:00 red 100-400
7 Sport products 15:00-21:00 yellow 50-600

8 health food 21:00-24:00 blue 300-700
9 fruit 11:00-14:00 yellow 10-100
10 home decoration 10:00-16:00 blue 300-1,000
11 Men'’s clothing 18:00-23:00 blue 200-800
12 Electronic digital 13:00-19:00 black 1,000-8,000

By analysing Table 3, it can be seen that using this method to deeply mine e-commerce
consumer behaviour data can effectively mine the product preferences of e-commerce
consumers, the time period when they like to log in to e-commerce platforms for
shopping, the colour of the products they like, and the level of consumption ability.
Based on the above preferences of e-commerce consumers, it is possible to recommend
categories that meet their consumption level and preferences, in order to increase the
revenue of e-commerce consumption platforms. The above results indicate that the
method proposed in this article can effectively and deeply mine e-commerce consumer
behaviour data, obtaining a large amount of detailed consumer information, and has
significant applicability.

The Pearson correlation coefficient is used as an indicator to measure the user
behaviour data of deep mining e-commerce platforms in this article’s method. Twelve
users from the above experiments were used as experimental subjects, and the Pearson



336 Y. Han

coefficient values of their user preference deep mining results were calculated. The
results are shown in Table 4.

Table 4 Pearson coefficient of deep mining results of e-commerce consumer behaviour
S;; pi}:ib:zcctes Shp‘;{; f,el:legntcl;ne Colour preference  Price preference
1 0.91 0.93 0.91 0.95
2 0.93 0.92 0.95 0.94
3 0.94 0.96 0.93 0.91
4 091 0.95 0.91 0.93
5 0.95 0.94 0.93 0.96
6 0.93 0.91 0.96 0.95
7 0.91 0.91 0.95 0.94
8 0.93 0.92 0.94 0.93
9 0.95 0.93 0.93 0.92
10 0.92 0.95 0.91 0.96
11 0.94 0.93 0.93 0.92
12 0.92 0.92 0.96 0.93

According to Table 4, after mining e-commerce consumer behaviour data using our
method, the Pearson coefficient values of consumer behaviour preferences are all higher
than 0.9, indicating that our method is more accurate in mining e-commerce consumer
behaviour data.

Figure 7 Precision test results of e-commerce consumer project classification, (a) recall rate
(b) accuracy (see online version for colours)
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Using recall and precision as measurement indicators, the classification of e-commerce
consumer item categories is a key step in mining e-commerce consumer behaviour data.
Testing the accuracy of the method used in this article for classifying e-commerce
consumer item categories. To make the experimental results more comprehensive,
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method of Wagner et al. (2020), method of Riad and Chami (2021), and method of Popp
(2022) conduct the experiment, and the experimental results are shown in Figure 7.

Analysing Figure 7(a), it can be seen that when the four methods are used to deeply
mine e-commerce consumer behaviour data, the recall value when dividing consumer
item categories decreases with the increase of e-commerce consumer data volume. Before
the number of e-commerce consumer behaviour data reached 2,000, the recall value of
Method of Riad and Chami (2021) was higher than that of this method. However, as the
number of e-commerce consumer behaviour data gradually increased, the recall value of
this method was lower than that of this method. Among the four methods, when 10,000
consumer data were caught, the recall value of this method was the highest. From
Figure 7(b), it can be seen that the precision numerical curve of the method in 4 shows a
stable state as the amount of e-commerce consumer data increases, with the method in
this paper having the highest precision value. The above results indicate that the method
proposed in this paper has a high accuracy in classifying the types of e-commerce
consumer behaviour data, and its deep mining effect is good.

To verify the application results of the method in this article, three e-commerce
consumers were selected as the experimental subjects. After the application of the
method in this article, the year-on-year consumption increase ratio of these three
e-commerce consumers in different product categories was calculated, and the results are
shown in Table 5.

Table 5 Year-on-year consumption growth ratio of e-commerce consumers in different
product categories (%)

E-commerce platform product categories Consumer 1 Consumer 2 Consumer 3
Women'’s clothing 10.8 10.4 18.2
Beauty makeup 5.2 8.2 10.5
Department store 3.6 5.6 11.4
Wash and care 4.2 4.7 5.9
Food 15.9 4.6 19.4
Menswear 23 4.1 6.8
Jewellery 3.8 6.5 8.4
Footwear 4.1 52 2.5
Mother and baby 16.6 3.8 6.8
Luggage and bags 7.1 1.1 6.4
Digital appliances 0.9 2.3 3.7

According to Table 5, after the application of the method in this article, the consumption
amounts of the three consumers on the e-commerce platform under different product
categories have all increased compared to the same period, with the maximum increase
being 19.4% and the minimum increase being 0.9%. The above results indicate that after
applying the method proposed in this article to provide product recommendations for
e-commerce consumers, the consumption amount of consumers in different product
categories has been effectively increased. The above results indicate that the method
proposed in this paper has good practical application effects and can be widely applied in
the field of e-commerce.
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4 Conclusions

This article studies a deep mining method for e-commerce consumer behaviour data
based on concept hierarchy trees. By establishing a concept hierarchy tree for
e-commerce consumer behaviour data, the behavioural preferences of e-commerce
consumers are mined. E-commerce platforms can recommend related products based on
their behavioural preferences. After multi-perspective validation of the method in this
article, it has been found that the method can quickly and effectively collect e-commerce
consumer behaviour data, effectively remove the interference noise contained within it,
and accurately mine e-commerce consumer behaviour data. By applying this method to
provide product recommendations for e-commerce consumers, the consumption amount
of consumers in different product categories has been effectively increased. Therefore,
this method can provide users with more accurate and personalised product
recommendations by mining the behavioural preferences of e-commerce consumers.
However, the establishment of the concept hierarchy tree in this method requires manual
participation and definition of the relationships between concepts, which may lead to the
introduction of subjectivity and subjective bias. In future work, recommendation
algorithms can be further improved to improve the accuracy and user experience of
recommendations.
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