
Journal of Applied Science and Engineering 33 (2026) 26033054 1

Precision Marketing Analysis Based On HC K-means Algorithm
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In order to improve the sales level of e-commerce platform products and promote the healthy development of
e-commerce platform, a construction method of e-commerce affective precision system based on Hierarchical
Clustering K-means algorithm (HC K means) is proposed. This method first combines the weighted Euclidean
distance with the Recency, Frequency, and Monetary (RFM) model and adopts an entropy-weighted method to
improve the evaluation dimension of customer value. Further, the density index and the maximum-minimum
distance method are introduced to optimize the selection of initial cluster centers, and a dynamic radius
adjustment mechanism is designed to adapt to the data distribution, to solve the defects of the traditional
algorithm being sensitive to the initial centers and having unstable clustering results. Experimental results
based on 100,000 real transaction records from an e-commerce platform show that the HC K-means algorithm
has a customer data classification detection rate of 91.83%, which is 10.86 and 6.54 percentage points higher than
GMDA (80.%) and TSCEA (85.29%), respectively. The false detection rate is only 2.91%, which is lower than
GMDA (5.86%) and TSCEA (8.92%). In customer value segmentation, the accuracy of potential customer value
classification is 93%, the current value classification accuracy of core customers is 91%, and the customer loyalty
classification accuracy is 93%. Main contributions: An improved HC K-means clustering framework is proposed,
through density-guided initial center selection and dynamic radius adjustment, significantly improving the
accuracy of e-commerce customer segmentation and marketing conversion efficiency, providing quantifiable
decision support for enterprises’ precise marketing.
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1. Introduction

With the rapid development of the Internet and e-
commerce, competition among e-commerce platforms
(ECP) is becoming increasingly fierce [1, 2]. To maintain
competitive advantage, ECP requires precise marketing
analysis to understand customer needs and provide per-
sonalized services. Affective precision is a data-driven
approach that segments customers into different groups
to send targeted marketing messages. However, existing
online marketing processes face several challenges. Tradi-
tional customer classification methods lack accuracy and

efficiency, resulting in wasted marketing resources due to
untargeted strategies. Moreover, clustering algorithms like
K-means are prone to local optima, leading to unstable and
biased customer classification. Additionally, the lack of
a scientific weighting method for classification indicators
reduces the reliability of customer segmentation, making it
difficult to identify high-value customers and their poten-
tial needs [3–6].

Current research on affective precision has several short-
comings. Some approaches heavily depend on big data,
facing privacy and processing limitations [7]. The AISAS
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model may be insufficient in data dimensionality and real-
time performance [8]. Sales prediction systems may have
limited forecasting accuracy and generalization ability [9].
Marketing strategies may lack rapid response to market
dynamics [10]. To address these limitations, Chatterjee et
al. proposed an integrated webpage prediction technique
using K-means clustering to categorize web log datasets, ef-
fectively reducing the impact of user delays in e-commerce
[11]. Liu et al. proposed various generalization methods
based on the K-means algorithm, including changing data
representation, distance measurement, and label alloca-
tion, to solve complex clustering problems such as iterative
subspace projection and constrained clustering [12]. To
improve the intelligent evaluation of e-commerce trans-
action volumes, a system combining K-means and SOM
algorithms was proposed, achieving a better denoising ef-
fect and an AUC value of 0.9712 [13]. Wang proposed the
Dynamic Update Hash Index (DUHI) clustering method
for DNA storage, which reduces sequence redundancy by
more than 10% and improves sequence reconstruction rate
to over 99% [14].

To compensate for the deficiencies of existing methods,
this study proposes an affective precision analysis method
combining HC K-means with the RFM model. By introduc-
ing weighted Euclidean distance and entropy-based weight
allocation, the accuracy and objectivity of customer classi-
fication are improved. The dynamic radius adjustment
mechanism and density index enhance the algorithm’s
adaptability and robustness. Different from existing stud-
ies that focus only on system integration, the algorithmic
innovation lies in density-guided initial center selection
and dynamic radius adaptive adjustment. This assumption
breaks through the theoretical limitations of traditional K-
means, which is sensitive to initial centers and has poor
adaptability to uneven density. Experimental evidence
demonstrates that HC K-means significantly outperforms
existing benchmark methods in classification detection rate
and error rate.

2. Materials and methods

To provide data support for affective precision, this study
uses cluster analysis of e-commerce customer data to clas-
sify customers based on their purchasing behavior, geo-
graphic location, age, gender, interests, and other character-
istics, to better identify the characteristics and behavioral
patterns of different customer groups. By applying the HC
K-means algorithm to the user data of ECP, a system that
can realize affective precision is constructed. Following the
workflow of data preprocessing, feature extraction, clus-
ter analysis and performance evaluation, Pandas is used

successively for data cleaning and Z-score standardization.
Based on the RFM model, customer feature vectors are ex-
tracted. The HC K-means clustering algorithm and compar-
ison algorithm are implemented using Scikit-learn. Finally,
the performance is evaluated through indicators such as
classification detection rate and error rate. The system can
effectively divide users into different groups and develop
personalized marketing strategies for the characteristics of
different groups.

2.1. modeling

The K-means algorithm is also easy to obtain the local
optimal solution. Therefore, the study uses data similarity
as a metric in the clustering process for the classification of
e-commerce customers. To describe the similarity metric,
the study introduces the Euclidean distance to describe
the similarity metric of K-means algorithm for e-commerce
customer classification [15]. The definition of Euclidean
distance can be expressed in Eq. (1).

d (zu, zw) =

√√√√ Nd

∑
j=1

(
zu,j − zw,j

)2
(1)

In Eq. (1), zu and zw denote the feature vectors of the
e-commerce customer data samples, respectively; zu,j de-
notes the data value corresponding to the j th feature vector
in the data samples; zw,j denotes the value of the j th fea-
ture vector in the data samples; and Nd denotes the num-
ber of feature vectors. In the data processing of different
e-commerce customer objects, there are variable differences
in the data of different objects. To determine the reliability
of the similarity measure calculation, the study performed
a weighting operation on the Euclidean distance, and the
weighted Euclidean clustering can be calculated by Eq. (2).

d (zu, zw) =

√
∑ wj

(
zu,j, zw,j

)
(2)

In Eq. (2), wj denotes the weight value of the j th sample
in the customer data sample. The method of selecting the
initial cluster center based on density index and maximum
minimum distance method in this study can be applied
multiple times, and then the clustering results obtained
each time are compared to select the optimal combination
of initial cluster centers. This can further improve the accu-
racy of the algorithm, reduce clustering result bias caused
by improper selection of initial clustering centers, and thus
enhance the performance of the algorithm in handling com-
plex data. The RFM model is based on three key indicators -
Recency, Frequency, and Monetary. The study utilizes RFM
to segment the information of customers that need to be
collected, and the model segments e-commerce customers
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from the three dimensions of purchase interval, number of
purchases and purchase amount [16]. The study combines
the consumption characteristics of e-commerce customers
and assigns different weights to the segmentation indexes
of e-commerce customer groups from the three dimensions,
so as to more accurately assess the value of each customer.
A schematic diagram of the RFM model is shown in Fig. 1.

Fig. 1. Schematic diagram of RFM model.

In carrying out the assignment process, the study in-
troduces the entropy value method, this is because the
entropy value method is an objective weight determination
method. The study utilizes the entropy value method to
assign weights to the three indicators in the classification
of e-commerce customers [17, 18]. The study assumes that
the original data in the e-commerce customers is m and the
corresponding index for classification is n, which enables
the entropy value method to be utilized for the classifica-
tion study of e-commerce customer data. In the study of
e-commerce customer classification, the relevant original
index data needs to be preprocessed first to ensure data
consistency. The preprocessing process is divided into two
parts: positive processing and negative processing. The
positive processing can be represented by Eq. (3).

x∗ij =
xij − min

(
xj

)
max

(
xj

)
− min

(
xj

) (3)

In Eq. (3), xij denotes the j th categorical observation
corresponding to the i th studied client in the original
data; min

(
xj

)
denotes the observed minimum value; and

max
(

xj

)
denotes the observed maximum value. The neg-

ative treatment can be expressed in Eq. (4).

−x∗ij =
max

(
xj

)
− xij

max
(

xj

)
− min

(
xj

) (4)

After the positive and negative processing of the raw
data, it is possible to calculate the information entropy of
the customer categorization index, which can be calculated
using the Eq. (5).

Hj = −K
m

∑
i=1

Yij ln Yij (5)

In Eq. (5), K is a constant coefficient, which takes the
value of 1

ln(m)
; Yij represents the information entropy value

of j corresponding to the i customer under study in the
customer classification. In this case, j corresponds to the
weight of the customer classification index, which can be
expressed in Eq. (6).

wj =
(

1 − Hj

)
/

(
n −

n

∑
i=1

Hj

)
(6)

The study is carried out on the new data obtained after
weighting the indicators using the entropy value method,
and the optimal number of clusters is determined by clus-
tering several times. In the process of determining the
optimal number of clusters, experiments were conducted
with K values ranging from 2 to 10 . When K = 6, the
average intra-cluster distance decreased to 0.1588 , and the
data generalization ability reached 0.94 . Further increasing
K beyond 6 yielded no significant improvement in either
metric. Therefore, the number of clusters was set to 6 for
subsequent customer classification.

2.2. E-commerce affective precision system based on HC
K-means

First, the RFM model is used to subdivide customers from
three dimensions: purchase interval, purchase frequency,
and purchase amount. Next, Python is used for data pro-
cessing, obtaining a total of 3,000 samples. The dataset
includes the following fields: Order ID (unique identifier),
Item Title (product name), Purchase Interval (integer, days),
Purchase Frequency (integer), Purchase Amount (float),
and optional fields such as Geolocation, Age, Gender, In-
terest Categories, and User Registration Date. For each
customer, statistical measures such as average purchase in-
terval, total purchase frequency, and total purchase amount
are calculated to reflect overall consumption characteristics.
The data then undergoes cleaning (removing incomplete or
canceled orders), conversion (calculating derived features),
and Z-score standardization to ensure comparability across
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features. The processed data will be used for subsequent
cluster analysis [19].

On the basis of e-commerce customer classification, us-
ing the density index and maximum minimum distance
method, the clustering center is effectively improved, and
the sample point with the highest density is selected as the
starting center of clustering. Density is defined by Eq. (7).

ρ(x) =
1

∑y∈Nr(x) ∥x − y∥2 (7)

In Eq. (7), Nr(x) is all the points in a neighborhood
centered on x and of radius r. The sample-point with the
highest density can serve as the initial center of the cluster-
ing. In addition, a dynamic radius adjustment mechanism,
which can adaptively adjust the radius of a neighborhood
according to the distribution characteristics of the data, is
introduced. Fig. 2 is a schematic diagram of the cluster
analysis based on the density index and the maximum
minimum distance clustering.

Fig. 2. Analysis diagram based on density index and
maximum minimum distance clustering.

From Fig. 2, The light blue cluster at the upper left cor-
ner shows higher classification values, indicating a dense
concentration of points with similar characteristics. The
orange cluster at the lower left corner shows lower classifi-
cation values, with points scattered slightly between them.
The green cluster, located in the lower right corner, is in
between in terms of classification values, but also shows a
degree of variability. Although there is some overlap, espe-
cially in the middle region of the classification value space,
clusters often reflect the true categories of data points. The
clustering method used makes use of the density index
and the maximum minimum distance metric. Density in-
dex captures local density features of data points, helping

to identify arbitrarily shaped clusters. At the same time,
the maximum-minimum distance ensures a clear bound-
ary between clusters by measuring the separation between
clusters. Although high dimensional data can pose chal-
lenges to clustering algorithms, the key is how the data is
modeled, not the algorithm itself [20]. This combination
enables accurate and robust clustering in high dimensional
data spaces. In the affective precision system, it is necessary
to first calculate to get the average distance of all customer
elements in the system data, which can be expressed by
Eq. (8).

dc =
2

g(g − 1)

n

∑
i=1

n

∑
j=i+1

dij (8)

In Eq. (8), g denotes the number of sample data in the
data set of the system; dij denotes the Euclidean distance
from xi to xj of the data in the data set. At this time, the
local density of the data in the system can be calculated by
Eq. (9).

ρi = ∑ x
(

dij − dc

)
(9)

In Eq. (9), χ denotes the random variable in the density.
The study addresses the limitations of density point selec-
tion in the first initial sample by calculating the density
point with the largest data set in the system sample. A
new HC K-means algorithm is proposed, whose algorithm
flow is shown as: Step 1: Input the data set and number of
clusters, Step 2: Compute the sample average distance, and
Step 3: Compute the sample density value, for each sample
object xi in the data set Z, based on the definition, which is
the number of sample objects in the area centered on the
sample object xi and with the radius of dc. Eq. (7) is quoted
to define the density, and Eq. (9) is used to calculate the lo-
cal density of the data in the system. Step 4: Select the first
initial cluster center, find out the point pi with the greatest
density in the sample, and use it as the first initial cluster
center, ci. Step 5: Select other initial cluster centers, and
select the remaining initial cluster centers according to the
maximum-minimum distance criterion combined with the
density method. Using the minimum-maximum distance
method, the point with the farthest distance and highest
density from the selected cluster center is selected as the
next initial cluster center in the remaining samples. The
object with the largest density value in all sample points
within the range of sample point xj mean distance dc is
selected as the next initial cluster center, and this process
is repeated until the K th initial cluster center, ck, is found.
Step 6: construct the sample distribution matrix and calcu-
late the feature weights, construct the sample distribution
matrix and calculate the proportion of each sample under
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each feature, as shown in Eq. (10).

P(i)
j =

x(i)j

∑n
j=1 x(i)j

(10)

In Eq. (10), P(i)
j denotes the specific gravity of the j th

sample at the i th characteristic. This specific weight reflects
the relative importance or contribution of the sample to a
particular feature. x(i)j indicates the value of the j th sample
on the i th characteristic. In data set Z, each sample con-
sists of multiple features, here specifically referring to the
specific value of the j th sample on the i th feature. n rep-
resents the total number of samples in the data set. Then,
calculate the proportion of each sample under each feature,
the information entropy of the attribute, the difference co-
efficient on the feature dimension, and the weight of the
feature. After obtaining the feature weights, the entropy
of the customer attribute information can be calculated, as
shown in Eq. (11).

H(i) = −
n

∑
i=1

P(i)
j log P(i)

j (11)

At this time, the coefficient of variation of the dimension
of e-commerce customer characteristics can be expressed
by Eq. (12).

qi = 1 − H(i) (12)

After calculating the coefficient of variation of the fea-
ture dimension, the clustering weights in the e-commerce
customer affective precision system can be defined, as
shown in Eq. (13).

ωi =
qi

∑m
i=1 qi

(13)

Step 7: Compute the weight distance, computing the
distance from each sample xi in the data set to the cluster
center ci. Step 8: Categorize sample points, classifying
individual sample points into individual clusters based on
weight distances. Step 9: Compute the mean of objects
of the same class, computing the mean of objects within
each cluster. Step 10: Update the cluster center with the
mean value of the objects within the cluster as the new
cluster center. Step 11: Judge if the cluster center changes
or reaches the maximum number of runs, repeating steps
seven to ten until the resulting cluster center reaches the
maximum number of runs or no more changes. Step 12:
output the results, output the clusters formed by clustering.

From this study, an e-commerce affective precision sys-
tem based on HC K-means is constructed. To implement
the system, Python is first used in the study combined with
relevant data processing and machine learning libraries,
such as Pandas for data cleaning and pre-processing, and

Scikit-Lean implements K-means and HC-K means cluster-
ing algorithms. Flask or Django are used to build web ser-
vices for user interaction and data presentation. To ensure
real-time performance, research was done to increase com-
putational efficiency by using frameworks such as Apache
Hadop to distribute data and computing tasks to multiple
servers for parallel processing. When implementing this so-
lution, the MEM Caching Distributed Caching System was
used to cache commonly used data to reduce double count-
ing and data read time. The front end uses HTML, CSS, and
Javascript to implement the user interface, and the back end
uses AJAX to exchange data asymmetrically, improving the
user experience. The system implementation assumes that
the customer consumption behavior maintains a stable pat-
tern in the short term and that the RFM indicators can fully
represent the customer value. The key parameters include a
clustering number K = 6, a density radius coefficient α = 1.0,
a high-density threshold of 1.2, a low-density threshold of
0.8, and a maximum iteration number of 100. The research
is based on 100,000 real transaction data from a certain ECP.
The customer feature vectors are constructed using the
RFM model, and HC K-means is compared with GMDA,
TSCEA, K-means and KNN. The implementation process
includes data standardization, density-guided initial center
selection, and dynamic radius iterative clustering. The per-
formance is evaluated using classification detection rate, er-
ror rate, retention rate, complaint rate and customer value
classification accuracy. Each group of experiments is re-
peated 30 times and the mean and standard deviation are
calculated.

3. Results and discussion

To validate the performance of the affective precision sys-
tem for ECP, the study obtained relevant public data of
customers in an e-commerce company, which include regis-
tration, order, comment, browsing, activity and conversion
data. This information was used in the construction of the
dataset for validating the performance of the affective pre-
cision system. The following experiments were designed
to verify the performance of the proposed algorithm. The
main purposes included evaluating the detection rate and
error rate of customer classification, analyzing the ability
to segment customer value, testing the classification effect
of consumption habits, assessing the enhancement effect
on product sales after system application, and examining
the stability of the algorithm through parameter sensitivity
analysis. The study used K-Nearest Neighbor algorithm
and K-means algorithm to compare with HC K-means in
the system.
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3.1. Performance analysis of ECP affective precision sys-
tem

To verify the effectiveness of the ECP precision marketing
system constructed in this study in the process of classi-
fying and processing customer data in e-commerce, the
GMDA clustering algorithm proposed in the latest liter-
ature [21], the two-stage clustering ensemble algorithm
(TSCEA) proposed in literature [22], and the HCK-means
method (random scan clustering efficiency ERSC) used in
literature [23] were adopted for comparative experiments.
Comparison of the detection rate and detection error rate
of data during customer classification using three methods
is shown in Fig. 4.

Fig. 3. Location of the KVMRT project

Fig. 4. Comparison results of detection rate and detection
error rate of data during customer classification process.

From Fig. 4(a), the classification of e-commerce customer
data fluctuated as the number of detections increased. The
detection rate of HC K-means was 91.83% for customer
data, and 80.97% for GMDA and 85.29% for TSCEA. From
Fig. 4(b), the false detection rates for customer data by all
three methods were low, all less than 10%, indicating that
all three methods had some accuracy. HC K-means had an
error rate of 2.91% for detecting customer data, and 5.86%

for GMDA and 8.92% for TSCEA. ERSC performed the
worst. This indicates that the HC K-means method used
to construct the model has high reliability. To verify the
ability of the affective precision system to classify the value
of customers on the ECP, the study took the potential value,
current value and loyalty of customers as indicators and an-
alyzed them using the system. The study analyzed a 2021
sales dataset from a store provided by Alibaba’s Tianchi
platform. This dataset contains over 100,000 transaction
records, covering 11 key fields including order number,
transaction time, payment platform, and order amount,
and includes known customer classification tags. This test
set can be a subset of the entire dataset, where each cus-
tomer has a real classification label. As shown in Eq. (5), it
is the result of analyzing customer value through a affective
precision system.

Fig. 5. Analysis results of customer value in affective
precision systems.

In Fig. 5, blue represents potential customers, red rep-
resents core customers, green represents important cus-
tomers, and orange represents general customers. Through
the analysis of the customer types in the figure, it was found
that the potential value of potential customers was the high-
est, 0.93; the current value of the highest core customers
was 0.91; the loyalty of the highest general customers and
core customers, the two were 0.93 and 0.92 respectively.
The customer value system could effectively classify ex-
isting customers in ECP. The categorization of customers
was conducive to the formulation of corresponding market-
ing strategies for different customer groups, so as to better
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provide strong support for the development of the ECP.
The above customer value segmentation results not only
verified the effectiveness of the HC K-means algorithm in
differentiating various value groups, but also revealed the
essential differences in value drivers between potential cus-
tomers and core customers: The high value of potential
customers mainly stems from the improvement of their re-
cent activity levels, while the high value of core customers
is maintained by both high frequency and high amount
of transactions. This provides a direct basis for the subse-
quent formulation of group incentive strategies. To verify
the ability of the affective precision system to classify dif-
ferent customer consumption habits in the clustered data,
the study also utilized the three methods mentioned above
for comparison. The density peak clustering proposed by
[24] and [25] was introduced. As shown in Fig. 6, the re-
sults of the classification of customer spending habits in
the clustered dataset by three methods are shown.

Fig. 6. Classification results of three methods for customer
consumption habits in clustered datasets.

From Fig. 6, the classification results of GMDA and
TSCEA were closer in terms of purchase spacing, at about
65% and 68% respectively, while HC K-means showed
higher classification capability, reaching about 75%. In
terms of purchase frequency, the classification result of
GMDA was slightly lower at about 62%, while TSCEA
and HC K-means were about 66% and 68% respectively.
At user level, the HC K-means method showed a signif-
icant advantage, with classification results close to 80%,
far higher than 70% for GMDA and 73% for TSCEA. This
indicates that HC K-means is more efficient at handling
user level data. In terms of uncertain time, the classification
result of GMDA was slightly lower at about 63%, while
TSCEA and HC K-means achieved 67% and 72% respec-
tively, showing the advantages of the latter two methods
in processing uncertain time data. As for the rate classifi-
cation, GMDA and TSCEA performed similarly at about
64% and 65% respectively, while HC K-means was slightly

lower at about 63%. However, literature [24] and literature
[25] performed poorly, with an average of 61% and 65%,
respectively. Overall, the HC K-means method shows a
higher ability to categorize customer spending habits on
most indicators, especially in terms of purchase quantity
and decision time, followed by the TSCEA method and
the GMDA method is relatively weak. This indicates that
the classification of the affective precision system on the
customer consumption system has a more reliable classifi-
cation ability and can provide reliable data for the develop-
ment of affective precision strategies. To further validate
the performance of the affective precision system, the study
took the retention rate and complaint rate of e-commerce
customers as validation indicators for performance testing.
The classification ability of the three methods on customer
retention rate and complaint rate is shown in Fig. 7.

Fig. 7. The classification ability of three methods for
customer retention rate and complaint rate.

From Fig. 7(a), the three approaches did not differ sig-
nificantly in the classification of customer retention rates,
but HC K-means’ still had some advantages. Of these,
HC K-means classified customer retention rates as 96.08%,
and GMDA and TSCEA had 93.26% and 91.84% capability
to categorize customer retention rates, respectively. From
Fig. 7(b), HC K-means classified the customer complaint
rate as 90.13%, and GMDA and TSCEA had 87.24% and
85.47% respectively.

3.2. Application performance analysis of ECP affective
precision system

To verify the performance of the application of the affective
precision system of the ECP, the study applied the system
to the classification statistics of the platform’s utilization
rate and potential customers as a means of verifying its
performance in the platform and its predictive ability in
the future development. The results of low user utilization
and potential customer classification are shown in Fig. 8.

From Fig. 8(a), the study categorized the reasons why
users do not use a platform into six points, and the sys-
tem’s statistical probability distribution of the reasons for
not using the platform was 28.04%, 21.01%, 10.96%, 25.91%,
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Fig. 8. Low user usage and potential customer
classification results.

16.83%, and 22.37%. From Fig. 8(b), the system’s statistics
on being able to become a potential customer were 36.95%,
22.19%, 47.83%, 18.29%, 33.42%, and 39.92%. From the
data, the system is able to differentiate and analyze the
low utilization rate caused by different causes in detail,
while accurately evaluating the possibility of conversion
of various cause groups into potential customers. This
shows that the system achieves accurate grasp and predic-
tion of user behavior through advanced data analysis and
machine learning mechanisms, providing strong support
for increasing user activity and conversion rates. To effec-
tively analyze the effectiveness of the platform’s daily use
and satisfaction, the study combined the affective precision
system to evaluate the feasibility of the ease of use and
satisfaction. As shown in Fig. 8, the comparison results of
retrieval ease and satisfaction survey are shown.

Fig. 9. Comparison of retrieval difficulty and satisfaction
survey results.

As shown in Fig. 9(a), the system’s analysis of search
difficulty revealed that 56.39% of users found the search
very easy, 39.57% found it relatively easy, and 3.53% found
it difficult to find the desired products. From Fig. 9(b),
among the customers who participated in the satisfaction
survey, the system judged that 89.08% of the customers
were very satisfied with the use of the platform, 9.17% of
the customers were more satisfied, and only 1.75% of the

customers were dissatisfied with the use of the process.
This indicates that the affective precision system is able
to effectively categorize and count the information of the
existing ECP, providing assistance in formulating appro-
priate strategies. To further validate the feasibility of the
affective precision system, the study took the hot-selling
plush hat in winter and the hot-selling sunscreen clothes
in summer as the validation commodities, and compares
the sales of the commodities after applying the affective
precision system with the sales of the commodities without
using the system. As shown in Fig. 10, the results of the
comparison of the sales of the commodities before and after
the use of the affective precision system are shown.

Fig. 10. Comparison results of sales volume of products
before and after using affective precision systems.

In Fig. 10(a), there was a difference in the sales of plush
hats before and after using the marketing system. Since
the plush hat was a best-selling item in winter, its sales
in winter were significantly higher than in summer. The
average monthly sales volume without using the system
was 159, and the average monthly sales volume after us-
ing the system was 201. From Fig. 10(b), sunscreen cloth-
ing was a best-selling product in summer, and its average
monthly sales volume was 239 pieces without using the
system and 271 pieces after using the system. The reason
and mechanism for the difference in sales of the plush hat
and sunscreen clothing in Fig. 10 before and after using
the marketing system is mainly the effective use of the
affective precision system. The system subdivided the con-
sumers through K-means algorithm combined with RFM
model, and deeply understood the consumption habits
and demands of different consumers. To compare the per-
formance of various models in practical application, the
research implemented the marketing models based on HC
K-means, GMDA, TSCEA, KNN, and K-means, which were
applied to different industries to explore the sales increase
rate of 100 enterprises. The experiment was conducted for
3 years, and the experimental results are shown in Table 1.

From the data in Table 1, the HC K-means model had
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Table 1. Comparison of experiment results of marketing system.

Industry HC K-means GMDA TSCEA KNN K-means
Fashion & Apparel 25% 18% 20% 15% 17%
Electronics & Gadgets 22% 16% 19% 14% 15%
Home & Garden 20% 15% 17% 13% 14%
Health & Beauty Products 28% 21% 23% 17% 20%

the most outstanding performance in four industries, with
higher sales growth rates than other models. Specifically, in
the fashion clothing industry, HC K-means achieved a 25%
improvement rate, seven percentage points higher than the
second ranked GMDA and eight percentage points higher
than K-means. In the electronics and accessories industry,
HC K-means had a 22% improvement rate, six percentage
points higher than GMDA and seven percentage points
higher than K-means. In the home horticulture industry,
HC K-means had a 20% improvement rate, five percentage
points higher than GMDA and six percentage points higher
than K-means. In the health and beauty products industry,
HC K-means had the highest rate of improvement, at 28%,
seven percentage points higher than GMDA and eight per-
centage points higher than K-means. The GMDA model
performed second only to HC K-means in the health and
beauty products industry, with a 21% improvement rate,
while performing more evenly in other industries. The
TSCEA model performed more closely across all industries,
with an improvement rate between 17% and 23%. The
KNN model had the weakest performance of any industry,
rising between 13% and 17%. K-means models performed
between KNN and TSCEA, with a rate of improvement
between 14% and 20%. The overall comparison results of
the experiment are shown in Table 2.

In Table 2, HC K-means algorithm performed better in
several key indicators. HC K-means’s customer data classi-
fication detection rate reached 91.83%, which was signifi-
cantly higher than GMDA’s 80.97% and TSCEA’s 85.29%.
In terms of error rates, HC K-means led the way with a
low error rate of 2.91 percent, compared to 5.86 percent for
GMDA and 8.92 percent for TSCEA. In terms of customer
retention and complaint rate classification capabilities, HC
K-means also showed higher accuracy. In addition, HC
K-means also showed good results in the evaluation of
platform usability and satisfaction, with a high proportion
of customers believing that retrieval is easy and satisfied
with the use of the platform.

HC K-means was compared with four benchmark algo-
rithms (GMDA, TSCEA, K-means, and KNN) on the same
e-commerce customer dataset (with 100,000 records). Seven
indicators were used to evaluate the classification and pre-
diction performance. The results are shown in Table 3.

Table 3 shows that HC K-means outperformed the com-
parison algorithms in all indicators. Compared with the
second-best performing TSCEA, the detection rate of HC
K-means increased by 6.54 percentage points, and the error
rate decreased by 6.01 percentage points; the classification
accuracy of retention rate and complaint rate was 4.24 and
4.66 percentage points higher respectively; the classifica-
tion accuracy of potential value, current value and loyalty
was 4.80, 5.90 and 5.50 percentage points higher respec-
tively, verifying the superiority of this method in precise
marketing of e-commerce.

To assess the impact of parameters on the algorithm’s
performance, Table 4 presents the mean, standard devi-
ation, and the 5th percentile of the detection rate under
different parameter settings.

To evaluate the sensitivity of the HC K-means algorithm
to key parameters and the stability of clustering, the den-
sity radius coefficient (α) and high/low density thresholds
were adjusted. Each set of parameters was run 30 times,
and the mean detection rate, standard deviation (SD), and
the 5th percentile (P5) were recorded. The optimization
objective was to maximize the detection rate and minimize
the fluctuation. The detection rate was the highest and the
fluctuation was the smallest under the benchmark parame-
ter combination, verifying the rationality of the parameter
settings. When there was no dynamic radius adjustment
or random initialization, the performance significantly de-
clined, indicating that these two improvements are crucial
for stability.

3.3. Discussion

By combining K-means algorithm and RFM model, this
study aims to accurately classify e-commerce customers
and optimize marketing strategies. Research has found that
using HC K-means algorithm can significantly improve the
generalization ability of customer data and the accuracy
of intra-class average distance. In terms of selecting the
number of clusters, when the cluster value is set to 6, the
data generalization ability reaches 0.94, and the average
distance within the class drops to 0.1588, indicating the
best classification performance at this time. In addition,
the entropy method is used to allocate weights to the three
dimensions of the RFM model, further enhancing the ac-
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curacy of customer classification. In performance testing,
HC K-means algorithm outperforms KNN and traditional
K-means algorithm in customer detection rate, error rate,
customer value classification, consumption habit classifica-
tion, as well as customer retention rate and complaint rate
classification. Specifically, the customer detection rate of
HC K-means is 91.83%, with an error rate of 2.91%, signifi-
cantly higher than KNN and K-means. In customer value
analysis, potential customers have the highest value, reach-
ing 0.93, while the current value of core customers is 0.91.
The most loyal general customers and core customers are
0.93 and 0.92, respectively. In terms of product sales, after
using a affective precision system, the sales of winter plush
hats and summer sunscreen clothing increase from an aver-
age of 159 and 239 pieces per month to 201 and 271 pieces,
respectively, verifying the feasibility and effectiveness of
the system.

The superior performance of HC K-means algorithm
in e-commerce affective precision system mainly benefits
from its scientific data processing methods and innovative
algorithm design. First, HC K-means algorithm combines
K-means clustering algorithm and RFM model, and classi-
fies customers into groups with similar consumption char-
acteristics and behavior patterns by multidimensional anal-
ysis of customer purchase history, viewing behavior and
other data. This classification method not only improves
the accuracy of classification, but also provides strong sup-
port for enterprises to develop personalized marketing
strategies. Secondly, the entropy method is introduced into
the clustering process to weight the classification indexes,
which ensures the objectivity and rationality of the weights.
This weighted processing makes the clustering results more
realistic, improving the reliability of classification. In ad-
dition, the HC K-means algorithm employs a dynamic
radius adjustment mechanism, which adaptively adjusts
the neighborhood radius according to the distribution char-
acteristics of the data, thus identifying the cluster centers
more accurately. This mechanism allows the algorithm to
show greater flexibility and robustness when dealing with
complex data. The limitations of the proposed method lie
in the fact that the density radius and dynamic threshold
still require empirical setting, and the computational cost
is relatively high when dealing with large-scale data. The
research results show that the HC K-means algorithm can
provide a highly stable solution for customer segmenta-
tion in fields such as e-commerce and finance, and offers
a modeling reference for density-guided initialization in
improving unsupervised clustering. From the data such
as detection rate (91.83%), error rate (2.91%), and standard
deviation (1.24%), it can be directly observed that HC K-
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Table 3. Comprehensive performance comparison of the proposed HC K-means algorithm and the benchmark algorithm.

Evaluation indicators HC K-means GMDA TSCEA K-means KNN
Customer data classification detection rate (%) 91.83 80.97 85.29 82.14 78.56
Error rate of customer data classification (%) 2.91 5.86 8.92 6.23 9.47
Accuracy rate of customer retention classification (%) 96.08 93.26 91.84 90.15 88.32
Accuracy rate of customer complaint classification (%) 90.13 87.24 85.47 84.63 81.79
Accuracy rate of potential value classification (%) 93 87.5 88.2 85.6 83.1
Current classification accuracy of value categories (%) 91 84.3 85.1 82.4 79.8
Accuracy rate of loyalty classification (%) 93 86.7 87.5 84.9 82.3

Table 4. Comprehensive performance comparison of the proposed HC K-means algorithm and the benchmark algorithm.

Parameter settings Mean detection rate (%) SD (%) P5 (%)
Reference parameters ( α = 1.0, high-density threshold = 91.83 1.24 89.52
1.2, low-density threshold = 0.8 )
α = 0.8 89.76 2.03 86.31
α = 1.2 90.41 1.78 87.65
High-density threshold = 1.5, Low-density threshold = 0.5 90.15 2.21 86.92
High-density threshold = 1.1, Low-density threshold = 0.9 90.83 1.56 88.14
No dynamic radius adjustment 88.94 2.45 85.03
Random initialization 85.62 4.12 79.48

means outperforms all the comparison algorithms. Thus,
it can be inferred that the density-guided initial centers
and the dynamic radius adjustment mechanism are the
core factors for improving the stability and accuracy of the
algorithm.

4. Conclusions

This paper proposes an e-commerce affective precision
system based on the HC K-means algorithm. The main
conclusions are as follows. First, the HC K-means algo-
rithm effectively optimizes the selection of clustering cen-
ters by introducing density index and maximum-minimum
distance methods, while the dynamic radius adjustment
mechanism enhances adaptability to data distribution. Sec-
ond, experimental results based on 100,000 real transaction
records from an e-commerce platform show that the algo-
rithm achieves a customer data classification detection rate
of 91.83% and a false detection rate of only 2.91%. Third,
in customer value segmentation, the accuracy of poten-
tial customer value classification reaches 93%, the current
value classification accuracy of core customers is 91%, and
the customer loyalty classification accuracy is 93%. These
results demonstrate that the proposed system provides re-
liable and quantifiable decision support for precise market-
ing in e-commerce. Fourth, the system effectively improves
product sales, as verified by the increased monthly sales of
seasonal products after system application.

The HC K-means algorithm exhibits strong robustness
and stability, benefiting from density-guided initial center
selection and dynamic radius adjustment. The weighted

Euclidean distance combined with the RFM model and
entropy-based weight allocation further improves the ob-
jectivity of customer classification.

Limitations of this study include the empirical setting of
density radius and dynamic thresholds, as well as the rela-
tively high computational cost when processing large-scale
data. Future work will focus on three directions: devel-
oping adaptive methods for density radius and dynamic
threshold selection to reduce reliance on empirical tun-
ing; introducing distributed computing frameworks to im-
prove computational efficiency for large-scale data; and
extending the HC K-means algorithm to cross-platform
user behavior analysis to verify its generalization ability in
multi-source data fusion scenarios.
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