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Abstract: In this paper, the impact of initial clusters on the stability of customer segmentation methods
based on K-means is investigated. We propose a novel customer segmentation framework, Gms-
Afkmc2, based on the Gaussian mixture model and ASSUMPTION-FREE K-MC2, a better cluster-
based K-means method, to obtain greater customer segmentation by generating better initial clusters.
Firstly, a dataset sampling method based on the Gaussian mixture model is designed to generate a
sample dataset of custom size. Secondly, a data clustering approach based on ASSUMPTION-FREE
K-MC2 is presented to produce initialized clusters with the proposed dataset. Thirdly, the enhanced
ASSUMPTION-FREE K-MC2 is utilized to obtain the final customer segmentation on the original
dataset with the initialized clusters from the previous stage. In addition, we conduct a series of
experiments, and the result shows the effectiveness of Gms-Afkmc2.

Keywords: customer segmentation; Gaussian mixture model; K-MC2; K-means

1. Introduction

Customer segmentation is the process of dividing a customer base into groups of indi-
viduals who have similar characteristics or behaviors. This allows businesses to tailor their
marketing efforts and product offerings to specific segments, increasing the effectiveness
of their strategies [1]. The methods based on K-means and the RFM model in [2–4] are a
typical class of the customer segmentation task, which constructs a dataset of customer
segmentation with the attributes of Recency, Frequency and Monetary and then generates
a customer segmentation result by K-means-based clustering methods. Compared with
the traditional customer segmentation methods, this could deal with larger data due to
its automatic optimization feature. In addition, those algorithms based on K-means have
advantages in terms of algorithm complexity and algorithm time consumption compared to
current clustering algorithms such as spectral cluster [5], DBSCAN [6] and deep learning [7].
For example, using spectral clustering methods, it could be time-consuming to compute
the Laplace matrix and feature vectors for large-scale datasets. DBSCAN-based clustering
algorithms are more sensitive to the choice of neighborhood radius and minimum num-
ber of samples. And it is difficult to obtain the optimal domain radius and minimum num-
ber of samples. Moreover, the DBSCAN-based clustering algorithm may need more time
to compute the domain of each point on large-scale datasets. However, since the quality
of the initial clustering centers has a large impact on the performance of K-means, how to
enhance the quality of initial clusters is an interesting topic.

Lloyd et al. in [8] proposed a Least Squares Quantization in 1982, usually referred to
simply as K-means. The method is to find the best clusters to fix a preassigned set of quanta.
Inaba et al. [9] were the first to give an exact algorithm for the K-means problem with the
running time of (O ( nkd )) by minimizing the Sum of Squared Errors within clusters. Those
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methods are flawed in terms of the randomized seeding technique, which causes the low
quality of the initial cluster and then makes the K-means unstable.

David Arthur proposed K-means++ in [10], which has been widely adopted. It im-
proves the selection of initial clusters by using a specific probability distribution and proves
its complexity is more competitive than that of K-means. In addition, Makarychev et al.
provided theoretical analysis and evidence of the effectiveness of the K-means++ algorithm
in [11]. But K-means++ seeding does not scale well to massive datasets as it is inherently
sequential and requires a full pass through the data.

Bachem et al. in [12] proposed ASSUMPTION-FREE K-MC2, the seeding technique
of which is enhanced by a Markov chain-based initial cluster center generation algorithm.
Compared to K-means++, it exhibits stronger competitiveness in terms of complexity and
the quality of initial clusters, particularly performing better on large-scale datasets.

Customer segmentation methods based on K-means and K-means++ have been widely
investigated. Maryani et al. introduced a customer analysis algorithm based on the K-
means algorithm and the RFM model and successfuly applied it to 82,648 transaction
records of 102 customers in a specific company [13]. Similarly, Dzulhaq et al. also proposed
an improved customer segmentation method based on K-means and RFM, by optimizing
the algorithm’s performance through techniques such as elbow plots [14]. Other relative
customer segmentation methods can be seen in the literature [15,16]. Anitha et al. pre-
sented a customer segmentation method in [15] through Silhouette analysis and validated
its effectiveness. The aforementioned studies only utilized K-means-based clustering tech-
niques and had relatively limited customer scenarios. Khalili-Damghani et al. introduced a
practical composite customer analysis algorithm [16] based on K-means, aiming to meet a
broader range of application scenarios. This algorithm, based on the K-means clustering
algorithm, effectively integrates decision tree technology and rule extraction techniques.

However, the above-mentioned references mainly discuss the issue of improving
the quality of customer segmentation, which, so far, has not been solved. Specifically,
the existing customer segmentation methods based on K-means still have the follow-
ing challenges. The quality of the initial clusters is still unstable, which may potentially af-
fect the customer segmentation results. In addition, the current methods may pose a chal-
lenge to the performance and time cost when the size of the customer segmentation dataset
is more large and more complicated. Meanwhile, the topic motivates this work. This paper
proposes Gms-Afkmc2, which is more stable in performance and consumes less time than
the existing customer segmentation methods based on K-means by generating better initial
clustering centers. In general, the main contributions are as follows. First, we propose a
novel customer segmentation framework (Gms-Afkmc2) based on the Gaussian mixture
model, Olivier Beachem’s K-means algorithm and the RFM model. It not only generates
high-quality initial clusters but also reduces the following iteration costs. Second, we ana-
lyze the impact of the parameter of sampling rate on the subsequent number of iterations
and the quality of customer segmentation. And then, we obtain the optimal sampling
rate for Gms-Afkmc2 in the dataset. Third, Gms-Afkmc2 shows the ability of customer
segmentation in a comparison with the methods of K-means and K-means++. The pro-
posed Gms-Afkmc2 not only has the advantage of handling large-scale customer data but
also achieves better clustering results. It helps enterprises grasp customers’ consumption
patterns and ultimately enhances the competitiveness of their products.

The rest of this paper is organized as follows. In Section 2, the related theory is
described. A novel Gms-Afkmc2 is designed in Section 3. Section 4 analyzes the efficiency
of the proposed Gms-Afkmc2 through a series of comparative experiments on public
datasets and details the application of customer segmentation results.

2. Related Work
2.1. RFM Model

The RFM model is a classic customer segmentation method. In this model, R (Re-
cency) represents the time period since the customer’s most recent purchase, F (Frequency)
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represents the number of purchases made by the customer within a certain period of
time, and M (Monetary) represents the amount spent by the customer within a certain
period of time. Yao Zhang et al. proposed the RFMC model by using Clumpiness [17].
Heldt et al. proposed the RFM/P model based on the RFM model, which further enhances
the performance of the RFM model by adding the new attribute of product price [18].

2.2. K-Means

K-means has been widely applied in customer segmentation for its high performance
and lower complexity. There are two main types, Lloyd-based K-means [8] and Elkan-based
K-means [19]. Lloyd-based K-means divides all elements of the dataset into K clusters so
that the distance between all points in each cluster and the cluster center is the shortest,
which can be represented in Equation (1).

min

{
k

∑
j=1

Varα
(
Sj
)
| k − clustering(S1, · · · , Sk) ∈ S

}
(1)

where S is a dataset and Sj represents the clustering results of dataset. Varα refers to
variance-based intra-cluster criterion, which is presented in Equation (2).

Varα(S) = |S|α−1 ∑
Xi∈S

∥Xi − x̃(s)∥2 (2)

where x̃(s) is the centroid of S, which is defined by Equation (3).

x̃(s) =
1
|s| ∑

Xi∈S
Xi (3)

The main process of the K-means algorithm is as follows. Firstly, we set the number of
clusters, denoted as K, and generate the initial clusters of K, and then we assign the class
of each point by finding the nearest center. Then, we optimize the clusters by calculating
the distance between clusters and other elements of the dataset and reassign the classes of
all points based on new centers. Finally, we iterate the second step until the termination
condition. The termination condition is usually set to a specific number of running K-means,
or the cluster results are sufficiently stable. The main factors affecting the performance of the
K-means include the quality of initial clusters, optimization function and distance metrics.

However, Lloyd-based K-means calculates the distance from all points to every center
in every iteration, which could cost a lot of time. Elkan-based K-means accelerates K-
means by using the Triangle Inequality [19]. Specially, Elkan utilizes Theorem 1, when
1
2 d(c, c̀) ≧ d(x, c) is true, to avoid calculating d(x, c). And Elkan-based K-means applies
Theorem 2, when it is supposed that in the previous iteration a lower bound l̀ is known
such that d

(
x, b̀
)
≧ ὶ is true, to calculate d

(
x, b̀
)

by max
{

0, 1 − d
(

b, b̀
)}

faster.

Theorem 1. Let x be a point and let c be a center. If d(b, c) ≧ 2d(x, b), then d(x, c) ≧ d(x, b).

Theorem 2. Let x be a point and let b and c be centers. Then, d(x, c) ≧ max{0, d(x, b)− d(b, c)}.

In summary, the RFM model is widely and successfully applied to customer segmen-
tation. Inspired by this, we propose a Gms-Afkmc2 framework for customer segmentation
based on the RFM model. In addition, since Elkan-based K-means [19] is more efficient
than Lloyd-based K-means in terms of solving clusters, the proposed Gms-Afkmc2 adopts
Elkan-based K-means to optimize clusters.

3. The Proposed Gms-Afkmc2

In this section, we will detail the implementation of the proposed customer segmen-
tation framework Gms-Afkmc2. Firstly, the proposed dataset sampling method Gms is
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introduced in Section 3.1. And then, the details of Gms-Afkmc2 are presented on the basis
of Gms in Section 3.2.

3.1. Gaussian Mixture Model Dataset Sampling Algorithm (Gms)

The Gaussian mixture model is a powerful non-linear model for accurately fitting vari-
ous data distributions. Vemuri et al. proposed a Bayesian sampling framework-based Gaus-
sian mixture model in [20]. In this work, a generalized Gaussian mixture model was used to
learn the data distribution. Feng Wang et al. [21] used the Gaussian mixture model to obtain
the existing data distribution for a more accurate prediction. Inspired by those works, the
Gaussian mixture model in this paper is utilized to fit the dataset distribution.

The proposed Gms method ensures similar distributions on each relative data com-
ponent between the subset and the original dataset. The Gaussian distribution function
corresponding to each component is represented via Equation (4).

g
(

x | µj
)
=

1

(2π)1/2 | ∑j |1/2
exp

{
−1

2
(

x − µj
)
∑

j

(
x − µj

)}
(4)

where g
(

x | µj
)

denotes the probability of x on the component µj. And µj, ∑j are the expec-
tation vector and covariance matrices on the component j, respectively. And the Gaussian
mixture model, representing the final probability distribution in the subsampled dataset,
is a combination of the independent Gaussian distribution functions. The distribution
function pθ(x) of the Gaussian mixture model is shown in Equation (5).

pθ(x) =
J

∑
j=1

ωjg

(
x | µj, ∑

j

)
(5)

where θ is a manual parameter and ωj represents the weights of the Gaussian function
of the ith component, respectively. The Gaussian mixture model pθ(x) of the data in this
paper is computed by maximizing the log-likelihoodEq(x) log pθ(x) in Equation (6) [22,23].

Eq(x) log pθ(x) = Eq(x)

[
Eq(z|x) log

pθ(x | µ)

q(z | x)

]
+ KL[q(z | x) ∥ pθ(z | x)] (6)

where q(x) is the variational data distribution andEq(x)[] is the expectation of data, which is
estimated with data samples from q(x). KL is a function of the Kullback–Leibler divergence in
Equation (7), which is used to measure the difference between two probability distributions.

KL[q(z | x) ∥ pθ(z | x)] = ∑
x

pθ(z | x) log
(

pθ(z | x)
q(z | x)

)
(7)

In order to obtain optimal pθ(x) in Equation (6), the approximate posterior q(z | x)
needs to be iteratively updated with Equations (8) and (9).

q(z | x) = pθ(z | x) =
Eq(x)[q(z | x)]g(x | µz, ∑z)

∑K
j ωjg(x | µz, ∑z)

(8)

KL[q(z | x) ∥ pθ(z | x)] = ∑
x

pθ(z | x) log
(

pθ(z | x)
q(z | x)

)
(9)

The data sampling algorithm based on the Gaussian model designed in this paper has
three main steps. In the first, we configure the size of the goal subset and the corresponding
weights of each component in the dataset. In the second, we train the Gaussian mixture
model by the original dataset. Moreover, we generate a new sample dataset with the
trained Gaussian mixture model. The parameter W, the weight of each component in the
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dataset, also refers to work [15]. The specific implementation of the algorithm is shown in
Algorithm 1.

Algorithm 1 Gaussian mixture model dataset sampling (Gms)
Input: DSraw(Original dataset), ω(Weight of each comonent), k(Num of cluster),
nsample(Num of subset)
Output: DSsample (Subsample dataset)
# Train Gaussian mixture model with DSraw
# The fit function is a python library function belonging to sklearn, a machine learning
library
ModelGMM = GMM. f it(DSraw)
# Obtain the samples
# The sample function is a python library function belonging to sklearn, a machine learning
library
Sample = modelGMM.sample()
# Find the nodes of the dataset closest to the samples as DSsample
for sample in samples

for index < len(DSnorm)
dis = norm((DSnorm − sample)× ω)
if dis < dismin

dismin = dis
indexmin = index

DSsample = DSsample
⋃

DSraw[indexmin]
return DSsample

3.2. Assumption-Free K-MC2 (Afkmc2)

The afkmc2, based on a Markov chain and the Monte Carlo algorithm, is for generating
initial clusters with a distribution of a dataset. Specifically, the distribution is shown in
Equation (10), and the function for generating a Markov chain is presented in Equation (11).

q(x | c1) =
d(x, c1)

2

2 ∑ẋ∈X d(ẋ, c1)2 +
1

2n
(10)

π
(
xj−1, yj

)
= min

(
e
(
yj, c

)2

e
(
xj−1, c

)2 , 1

)
(11)

where q(x | c1) refers to the probability that x belongs to c1, d(x, c1) denotes the dis-
tance between x and c1 and n is the number of datasets, with probability π

(
xj−1, yj

)
in Equation (11). We then set state xj−1 to yj and probability 1 − π to xj−1. e(x, c) can be
denoted via Equation (12).

e(x, c) = min
c∈C

∥x − c∥2
2 (12)

Algorithm 2 details the proposed Gms-Afkmc2. The main process of Gms-Afkmc2
consists of three steps. Firstly, a subset is generated by the proposed Gms from the raw
dataset. Secondly, we utilize the proposed Afkmc2 algorithm to make stable clusters from
the previous subset. Thirdly, we make the final customer segmentations with Afkmc2 and
the initial centers on the original dataset.



Electronics 2024, 13, 3523 6 of 13

Algorithm 2 Gms-Afkmc2
Input: DSraw(Original dataset), ω(Weight of each component), k(Num of cluster),
nsample(Num of subset)
Output: CCF (The final clusters)
# Produce a subsample dataset DSsample by the function Gms in Algorithm 1

DSsample = Gms
(

DSraw, ω, nsample

)
# Generate initial centers of subdataset CCSI
c1 =Point uniformly sampled(DSsample)
for x in DSsample do

q(x) =Compute data distribution
(

x, DSsample

)
CCSI = {c1}

for i in range(2, k) do
x =Point uniformly sampled(DSsample)

ci = comput
(

x, DSsample

)
CCSI = CCSI

⋃
ci

# Make initial clusters of dataset CCSF
# The AFkmc2 function is a python library function belonging to kmc2-0.1, a library pro-
posed by Oliver Bachem

CCSF = AFkmc2
(

DSsample, CCSI

)
# Obtain final segmentations CCF
CCF = AFkmc2(DSraw, CCSF)
return CCF

4. Experiments
4.1. Dataset and Evaluation Metrics

In this work, two public e-commerce consumption datasets are used to evaluate the
performance of the proposed Gms-Afkmc2. These two datasets contain four attributes:
Customer ID, Recently Purchased Time, Frequency of Purchase and Purchase Amount.
Among them, Customer ID is used to uniquely identify the customer. And the terms
Recently Purchased Time, Frequency of Purchase and Purchase Amount correspond to the
Recency, Frequency and Monetary of the RFM model, respectively. The first dataset (named
Dataset 1) is a raw online retail dataset named online retail II dataset from kaggle, which
has 5878 pieces of customer data and consists of more than 1.04 million consumption
records. And the steps of preprocessing are as follows. Firstly, the raw data are cleaned,
de-duplicated and filled with missing values to ensure the accuracy and usability of
the data. Secondly, we generate the final Dataset 1 based on the RFM model for the
following segmentation tasks. The second dataset (named Dataset 2) is a public customer
segmentation dataset from kaggle, which contains 10,000 pieces of customer data.

In order to measure the quality of segmentation results belonging to the proposed
method and other comparison algorithms more comprehensively, three popular metrics
for evaluating the quality of clusters are applied for assessment. These are the Sum of
Squared Errors, Silhouette Coefficient [24] and Davies–Bouldin [25]. Among them, Sum of
Squared Errors, named SSE in Equation (13), quantifies the variance within each cluster.
The index of Sum of Squared Errors, where a smaller index indicates a higher quality of
clusters, is calculated as the sum of the squared distances between each point and the
centroid of the cluster it belongs to. It is easy to understand and compute, but it does not
provide information about the separation between clusters. The Silhouette Coefficient,
named SH in Equations (14) and (15), measures how similar an object is to its own cluster
compared to other clusters, where a high value indicates that an object is well matched to
its own cluster and poorly matched to neighboring clusters. The index of Davies–Bouldin,
named DB in Equations (16) and (17), refers to the relation between distances of inner
clusters and distances of external clusters. When the index is larger, the clusters are better.
The Davies–Bouldin considers both within-cluster scatter and between-cluster separation
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and can be used with any clustering algorithm, not just those based on centroids. But it
may not be sensitive to the addition of new clusters if the new clusters are small.

SSE =
n

∑
i=1

∑
c∈C

∥xi − c∥2
2 (13)

SH =
min(d(i, C))C ̸=A − d(i, A)

max
{

min
(

d(i, C)C ̸=A

)
, d(i, A)

} (14)

d(i, A) =
1
n

n

∑
j=1

∥xi − xj∥2
2 (15)

DBI =
1
n

k

∑
i=1

max

(
Si + Sj

d(ci, cj)

)
i ̸=j

(16)

Si =
1

|Ci| ∑
x∈Ci

d(x, Ci) (17)

4.2. Experiment Analysis

The optimal number of clusters is crucial for the quality of clusters. The elbow,
which measures the relationship between the number of clusters and the distance within
clusters, is a popular approach for finding the optimal cluster number in clustering methods.
In this work, two elbow diagrams from Dataset 1 and Dataset 2 are used to find the
optimal clustering number, as shown in Figures 1 and 2. According to these two diagrams,
the optimal number for the largest inflection point is k = 4.

Figure 1. Elbow chart on Dataset 1.

Figure 2. Elbow chart on Dataset 2.
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In order to obtain high-quality initial centers with smaller subsets, we research the
impact of sample rates on runtime, the number of iterations and the quality of clusters,
shown in Tables 1 and 2. The two tables show trends that the sample rate is higher,
the quality of clusters is better and the following iteration costs after seeding is fewer,
but the cost time of the proposed method is higher. Therefore, we should find the optimal
trade off among these factors. And when the sample rate is 0.5, Gms-Afkmc2 achieves a
better balance.

Table 1. The index of different sample rates on Dataset 1.

Rate Iterations Runtime SH ↑ DBI ↓

1 6 0.024 0.916 0.415
0.8 6 0.024 0.916 0.415
0.6 8 0.032 0.916 0.415
0.5 8 0.032 0.916 0.415
0.4 9 0.036 0.913 0.420
0.2 11 0.044 0.910 0.423
0.1 12 0.048 0.910 0.423

0.05 12 0.048 0.910 0.423

Table 2. The index of different sample rates on Dataset 2.

Rate Iterations Runtime SH ↑ DBI ↓

1 9 0.027 0.355 1.065
0.8 10 0.030 0.355 1.065
0.6 12 0.036 0.355 1.065
0.5 13 0.039 0.355 1.065
0.4 13 0.039 0.354 1.066
0.2 13 0.039 0.352 1.067
0.1 15 0.045 0.352 1.067

0.05 15 0.045 0.350 1.068

In this paper, we compare our algorithm with K-means++ and K-means algorithms in
terms of Sum of Squared Errors, Silhouette Coefficient and Davies–Bouldin metrics as well
as the running time of the algorithm in Dataset 1 and Dataset 2, as shown in Tables 3 and 4.
The optimal values of each index of these tables are in bold. According to the results in
Tables 3 and 4, it is obvious that the proposed Gms-Afkmc2 is better than other algorithms
in terms of the indicators of clustering, which further validates the effectiveness of the
algorithm. Specifically, the results demonstrate the effectiveness of using Gaussian mix-
ture models to fit the customer consumption dataset and the performance of the pro-
posed sampling method because of its obtaining better initial clusters. Moreover, the re-
sults of this experiment prove that the performance of the proposed Afkmc2 based on
Markov chains and Monte Carlo is better than that of the comparative methods such as
K-means, K-means++, etc.

Table 3. The evaluation results on Dataset 1.

Method SSE ↓ SH ↑ DBI ↑ Runtime

Gms-Afkmc2 28.19 0.92 0.42 0.018
K-means++ 29.57 0.90 0.44 0.008

K-means 31.25 0.89 0.52 0.051
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Table 4. The evaluation results on Dataset 2.

Method SSE ↓ SH ↑ DBI ↑ Runtime

Gms-Afkmc2 241.423 0.355 1.065 0.026
K-means++ 245.745 0.352 1.067 0.013

K-means 248.131 0.347 1.071 0.0750

4.3. Customer Segmentation and Application

Customer segmentation divides all customers into several clusters based on their
consumption behavior, and customers within a cluster have similar consumption habits.
According to the segmentation results, enterprises could further analyze the proportion
of customers in each category and consumption habits and other specific information to
master product marketing better. Therefore, they can carry out more targeted research to
improve product quality and develop a more comprehensive sales strategy for enhancing
the competitiveness of products in the market. In this work, the segmentation results on
Dataset 1 and Dataset 2 will be analyzed to summarize the consumption capacity and habits
of customers and then provide reference for enterprises to formulate marketing strategies.

The segmentation distribution of Gms-Afkmc2 is shown in Figures 3 and 4. We analyze
the meaning of each cluster by mean and median statistics in terms of Recency, Frequency
and Monetary in Tables 5 and 6. Cluster 3 and cluster 4 perform best in Recency, Frequency
and Monetary indexes, these belong to high-quality customers. So, enterprises can adopt a
relative marketing strategy to stabilize these two clusters. However, customers in cluster
1 perform the lowest in every index, so enterprises can appropriately reduce the marketing
investment. In addition, the size of cluster 2 is large, accounting for 25.43%. And customers
in this cluster have higher consumption potential than those in cluster 1. Therefore, this
category of users is a potential growth point for enterprise revenue, and enterprises can
moderately increase marketing efforts.

Table 5. The mean value in terms of RFM on Dataset 1.

Rate Recency ↓ Frequency ↑ Monetary ↑

Cluster 1 13.46% 597.76 30.24 657.41
Cluster 2 25.43% 348.1 56.62 1099.67
Cluster 3 60.85% 54.09 169.44 3451.62
Cluster 4 0.26% 3.86 4629.43 204,593.38

Table 6. The median value in terms of RFM on Dataset 1.

Rate Recency ↓ Frequency ↑ Monetary ↑

Cluster 1 13.46% 593 18 284.85
Cluster 2 25.43% 375 31.5 515.82
Cluster 3 60.85% 36 87 1428
Cluster 4 0.26% 2.5 3844 143,587.09

The segmentation distribution of Gms-Afkmc2 is shown in Figures 5 and 6. We an-
alyze the meaning of each cluster using mean and median statistics in terms of Recency,
Frequency and Monetary in Tables 7 and 8. The customers of cluster 4 are much better
than other customers in Monetary and Frequency, which belong to high-quality customers.
The enterprise should design a targeted strategy to maintain this type of customer. In addi-
tion, from the data in Tables 7 and 8, the Recency of customers in cluster 1 is significantly
slower than that of other types, and the Frequency and Monetary of cluster 1 are higher
than the average value. This indicates that the customers of cluster 1 are the most active
among all clusters and are potential customers with high consumption capacity, so the
company’s marketing investment on these customers of cluster 1 may earn better benefits.
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Figure 3. Distribution on Dataset 1.

With the high development and popularization of the Internet and the increasingly
large amount of customer consumption data, customer segmentation plays a more impor-
tant role in helping enterprises to grasp customer consumption behavior more accurately.
Moreover, customer segmentation could improve the marketing efficiency and reduce the
marketing cost of enterprises by analyzing the consumption behavior of customers. In ad-
dition, it can also support enterprises to better designate their marketing strategy, improve
the competitiveness of the products of the company and enhance service for customers.

Figure 4. Scatter3D on Dataset 1.
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Table 7. The mean value in terms of RFM on Dataset 2.

Rate Recency ↓ Frequency ↑ Monetary ↑

Cluster 1 28.99% 101.69 93.57 202,034.79
Cluster 2 34.20% 314.14 76 169,933.59
Cluster 3 28.11% 210.99 73.24 156,509.03
Cluster 4 8.7% 203.36 334.14 756,760.6

Table 8. The median value in terms of RFM on Dataset 2.

Rate Recency ↓ Frequency ↑ Monetary ↑

Cluster 1 28.99% 104 56 142,673.87
Cluster 2 34.20% 312 43.5 111,913.43
Cluster 3 28.11% 213 48 122,743.21
Cluster 4 8.7% 203 278 747,008.31

Figure 5. Distribution on Dataset 2.

Figure 6. Scatter3D on Dataset 2.
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5. Conclusions

In this paper, we proposed a novel customer segmentation framework, Gms-Afkmc2.
Compared to clustering algorithms based on Spectral and DBSCAN methods, the proposed
Gms-Afkmc2 has an advantage in processing large-scale customer data. Meanwhile, the re-
sults indicate that the proposed method is more competitive than other classical clustering
methods based on K-means. However, there are still some limitations which need to be
noted. The proposed Gms-Afkmc2 needs more time to generate the sample dataset and ini-
tial clustering centers. In addition, it suffers from a higher sample rate. From the results of
the sample rate in Table 1, our Gms still needs to be optimized to obtain a better subdataset
with a lower rate and reduced time cost. From Table 2, it can be seen that Gms-Afkmc2 costs
twice as K-means++. Meanwhile, in the massive consumption data scenario, these cus-
tomer segmentation methods, training the initial customer segmentation model via a high-
quality sampling dataset and further fitting the final segmentation model with the original
dataset and obtaining accurate customer segmentation results, are still valuable since they
effectively reduce the iteration time of the customer segmentation model on the source data
and make segmentation models more stable. So, there are several aspects which can be
considered in the future. First, we could optimize the Gaussian mixture model or design
a novel model to better learn the data distribution of the original dataset for obtaining a high-
quality sampling dataset. Second, we could further improve the efficiency of the sample
dataset algorithm to shorten the running time. Third, we could further study and im-
prove the K-means algorithm so as to enhance the quality of customer segmentation results.
In addition, e-WOM can be quantified through semantic analysis and then combined with
the current work to obtain more comprehensive and accurate customer segmentation re-
sults, because many customers usually give online feedback on their own products, so
enterprises have a huge amount of valuable e-WOM of their products [26–28].
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