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Clustering
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Abstract: Customers' demands have become more dynamic and complicated owing to the functional diversity and lifecycle reduction of products which pushes enterprises
to identify the real-time needs of distinct customers in a superior way. Meanwhile, social media turned as an emerging channel where customers often spontaneously can
express their perceptions and thoughts about products promptly. This paper examines the customer satisfaction identification and improvement problem based on social
media mining. First, we proposed the public opinion sensitivity index (POSI) to uncover target customers from extensive short-textual reviews. Subsequently, we presented
a customer segmentation approach based on the sentiment analysis and the variable-scale clustering (VSC). The approach is able to get several customer clusters with the
same satisfaction level where customers belonging to each cluster have similar interests. Finally, customer-centered marketing strategies and customer difference marketing
campaigns are planned under the shadow of customer segmentation results. The experiments illustrate that our proposed method can support marketing decision marketing
in practice that enriches the intention of the current customer relationship management.
Keywords: customer satisfaction; scale transformation; short text clustering; social media mining

1

INTRODUCTION

Political factors have been increasing the uncertainty
of our fragile global economy recently, and unpredictable
trade risks might last even longer [1, 2]. Enterprises,
especially multinational firms, must focus on the
continuous improvement of their product quality and
service level to survive [3]. Thus, the key issue depends on
whether the enterprise is able to understand and respond to
the customer needs.
However, customer demands have gradually become
more dynamic and complicated due to the functional
diversity and lifecycle reduction of products [4]. That
pushes enterprises urgently to mine the real-time needs or
opinions of different customers through appropriate
techniques and methods. Although the traditional customer
satisfaction investigation (usually based on questionnaires)
is able to get the reliable customer attitude，relatively long
data acquisition time and high communication cost make it
hard to meet today’s business requirements [5, 6].
Contributing to the rapid development of information
network technology, social media comes into being and
shows excellent advantages on the social interaction and
information exchange [7]. Since the convenience and
freedom of social media, it turns into an emerging channel
where customers often spontaneously express their
feelings and ideas about products [8,9]. Hence, social
media platforms unconsciously provide an open data
source, which stores plenty of real-time customer opinions
on various products of different companies even from their
competitors [4, 10-12].
Several researchers have noticed the potential value of
social media, and previous works are organized mainly
from two perspectives. As for the service-oriented
enterprises, the study related to improving the business
performance through mining customer-concerned factors
gain more popularity. Zhao et al., [13] and Guo et al., [14]
study the customer satisfaction influence factors gathering
from online reviews to improve the management
performance of hotels. One important conclusion
illustrates that online reviews positively influence the
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electronic word of mouth, and thus positively influence
customers' overall satisfaction. Geetha et al., [15] confirm
the consistency between the online ratings and actual
customer feelings across two different categories of hotels.
The research also suggests that managers of budget hotels
should pay more attention to staff performance, compared
with other premium hotels.
As for the product-oriented enterprises, the study
related to direct the product planning through mining
customer-generated topics gains more popularity. Jeong et
al., [4] propose an opportunity mining approach based on
social media modelling for product planning. According to
the topic discovery and sentiment analysis method, the
research evaluates the satisfaction level of each product
topic and devises the development strategies referring to
the primary keywords of topics. Jan [16] presents an
automatic opinion mining method of customers' textual
online reviews. The algorithm provides the word cloud of
each product, which could enlighten enterprises on the
production operation in the next stage.
In a word, researches above mostly apply the social
media analysis to improve the enterprise competitiveness
of the core business and then affect customers' feelings or
experience. However, incentive strategies and marketing
activities could directly promote customer satisfaction if
they can arouse customers' interest accurately. Therefore,
this paper studies the problem of customer satisfaction
identification and improvement based on social media
mining methods, which enriches the intention of the
current customer relationship management (CRM).
The main contributions are as follows. First, we
propose the public opinion sensitivity index (POSI) to
measure the importance and popularity of a customer
review. The POSI could be utilized to find target customers
from extensive initial textual reviews. Second, we present
a customer segmentation approach based on the sentiment
analysis and the variable-scale clustering (VSC). The
approach is able to get several customer clusters with the
same satisfaction level, and also customers belonging to
each cluster have similar interests or concerns. Third,
specific customer-centered strategies are provided to
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support the enterprise marketing decision following the
results of our customer segmentation approach.
The rest of the paper is organized as follows. Section
2 presents previous works related to this research,
including the customer satisfaction analysis and social
media mining. Section 3 describes our main methodology
together with related data analysis tools in detail. We
present our experiment analysis that verifies the
effectiveness of the proposed approach in Section 4. And
the paper is concluded in Section 5.
2 LITERATURE REVIEW
2.1 Customer Satisfaction Analysis
Customer satisfaction refers to the difference between
customers’ expected effect and their actual feeling after
purchasing the product or receiving the service [16].
Facing the fierce market competition, high customer
satisfaction will promote enterprises to win more customer
loyalty and earn more customer value. On the contrary, low
customer satisfaction will cause much customer loss and
make enterprises hard to maintain their competitiveness.
Therefore, customer satisfaction is one of the best
indicators reflecting the future profitability of enterprises.
Since different enterprises operate characteristic
products and service, they have to establish their own
customer satisfaction indices (CSI). For example, Helia et
al., [17] calculate the CSI for a health referral centre from
five dimensions that is reliability, responsiveness,
assurance, empathy, and tangibility. Masound [18] builds
a five-layered CSI system for e-commerce enterprises,
consisting of the product layer, service layer, information
technology, and network systems layer, payment system
layer, and finally the loyalty and bonus program layer.
Take the product layer as an example, and it is divided into
six aspects, i.e., product customization, product price,
product information, product scope, product quality, and
product warranty indices. Besides, several countries have
developed their standard CSI, such as American (ACSI),
Swedish (SCSI), and Korean (KCSI) [19-21].
According to the CSI, enterprises attempt various ways
to gather the basic information. Common approaches
depend on establishing the information feedback and
consultation system, as well as conducting the satisfaction
questionnaire survey [16]. The customer complaint system
facilitates the direct dialogue with customers via the
telephone contact or on-site visit, which enables
enterprises to know the satisfaction degree of different
customers. Similarly, the statistical analysis on a large
number of satisfaction questionnaires also successfully
quantifies the customer satisfaction degree. However,
these approaches have the same disadvantages, i.e. the
extended data acquisition time and high communication
cost.
In this regard, the network information technique
provides new methods for customer satisfaction
identification. On the one hand, a great many online
platforms, like e-commerce websites, have already opened
the rating function, which invites customers to score the
product or service they offered, and the customer
satisfaction degree could be derived from the evaluation
scores. Ding et al., [22, 23] estimate the customer
satisfaction of the personalized cloud service by
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establishing a satisfaction function. They figure out that the
strength of customer satisfaction is slightly increased when
the actual feeling surpasses a certain value (expectation),
while it is significantly reduced when the actual feeling
falls below expectation. Let Tui represent the actual feeling
(score) of customer Cu after purchasing product Pi or
receiving service Si offered by an enterprise, and Texp
represents the expectation of customer Cu, the customer
satisfaction function Cu is defined as [22]:
TuiTui ≥ T exp
Cui = 
exp
exp
δ
Tui (Tui − T + 1) Tui ≤ T

(1)

where the parameter δ ∈ N+ reflects the customer’s
tolerance to low-quality Pi or Si.
Although customer satisfaction can be directly
calculated via Eq. (1), enterprises still encounter the
challenge of missing value, since most of the customers
ignore the evaluation process due to their carelessness or
unwillingness.
On the other hand, customers would like to post online
reviews to express their attitudes towards some products or
services on public social media platforms, which implies
their satisfaction degree. The discussions usually consist of
textual words, emoticons, and even pictures, etc. Jeong et
al., [4] gather the online reviewing topics of a mobile phone
product and then calculate the sentiment stock of every
topic based on deep learning methods. The sentiment
polarity of a topic is determined by its keyword weight
(frequency) and the sentiment intensity of each keyword.
Besides, they transform the sentiment stock of product
topics to a scale of 0-10, that is satisfaction level, which
successfully supports the subsequent application. Hence,
this research selects the social network mining method to
study the customer satisfaction identification of
multifunctional products.
2.2 Social Media Mining
Social media mining aims to discover the inherent
information and knowledge using the online data of social
media platforms, which requires high data processing
techniques including social media data gathering, preprocessing, modelling and analysis (see Fig. 1).
Web crawling is the most common technique to gather
numerous online reviews in the text or picture format on
social media [24]. Although crawlers can scrape the target
dataset conveniently and continuously from any websites,
they consume resources of visited systems and will cause
the load and schedule issue [25]. To improve the data
extraction efficiency, several crawling tools could be
installed and utilized directly, such as Scrapy (scrapy.org),
python-requests (docs.python-requests.org), and bazhuayu
(www.bazhuayu.com).
Different from other websites, the web crawling results
of social media platforms always exist in the short content,
big noise, low normativity and high sparsity feature, which
challenges the traditional text mining techniques. [26].
Certain data preparing and modelling methods should be
designed especially for social media mining.
Traditional data pre-processing work of text mining
mainly contains the word segmentation and stop words
Technical Gazette 26, 1(2019), 193-200
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removal. If we implement the word segmentation directly
on the initial short-textual data of social media, it is bound
to drive a high dimensional sparse model with massive
noise in the next text modelling stage. Thus, appropriate
text filtering work is of great significance utilizing the extra
descriptive statistics information provided by social media
platforms. For instance, Howells et al., [27] indicates that
online users usually express their support of a post on
Facebook by a click of "like," which enables us to filter
valuable short texts according to the number of "likes" that
a post gets.
There are two classic approaches of the text
representation, that is the vector space model (VSM) and
word embedding [28]. The VSM maps a document to a
great many content-related words or phrases, which
successfully translates the textual document calculation to
the vector calculation [29]. Word embedding is widely
utilized in the natural language processing (NLP) that
contains the one-hot representation and distributed
representation [32].
After solving the data pre-processing and modelling
problem for the unstructured short texts of social media,
various common text mining applications could be utilized
directly to the social media analysis, e.g., social media
topic modelling, sentiment analysis, short text
classification, etc. Notably, the sentiment analysis that
focuses on discovering people's polarity of sentiment
implied in textual words [38] could form the basis of our
customer segmentation method by estimating the
satisfaction degree of every online customer.

3.1 Data Gathering and Preprocessing
In the beginning, we decide a target product and collect
all the related online data from the social media platform
via an open source crawling tool. The retrieval content not
only contains all the textual reviews that at least mentioned
the target product once but also includes the descriptive
information of every review (e.g., number of forwarding,
number of comments, number of likes), as well as the
necessary information of every social media user.
According to the characteristic of the social network,
the more significant a review is, the more it spreads, and
vice versa [39]. We assume that social media users only
interact with valuable and attractive reviews. Therefore,
the social media data cleaning is achieved by setting
coefficients on the descriptive information of the whole
reviews.
3.2 Target Customers Identification
After data pre-processing, we start the formal word
segmentation and stop words removal, where multiple
reviews from the same user are merged for the
completeness. Although marketers are eager to know the
personality of consumers as much as possible (that is not
limited to their past experiences, brand loyalty, perception
of brands) when planning a marketing campaign, what they
care about most is their response to campaigns, which
might rapidly form the public opinion of an enterprise in a
short term. Thus, we propose the public opinion sensitivity
index (POSI) to measure the influence of online review(s)
by the same customer to the enterprise’s current public
opinion.
Given the keywords of the enterprise’s current public
opinion on the target product, the public opinion sensitivity
index (POSI) is expressed as:

=
µi lg

Figure 1 The research framework of social media mining

3

RESEARCH METHOD

In this section, we present a customer satisfaction
estimation method using social media data. There are three
significant issues that need to be solved. First, filter and
exclude irrelevant and worthless reviews or metadata
collected from social media platforms, such as
advertisements, news, etc. Second, identify the essential
and active customers regarding the numerous textual
reviews, who are more probably to become the target
audience of enterprises' marketing campaigns. Third,
divide the customer base and reveal their demographics,
perceptions, and concerns, to better support marketing
decision making. Relative solutions are proposed in the
following three phases.
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(∑

N
tf
k =1 ik

∗ Hk

)

(2)

where N is the total number of keywords in the public
opinion, Hk ∈ (0,1] is the importance of keyword wk and
N

∑ k =1 H k

= 1 , tfik is the term frequency of word wk in the

reviews of customer Ci.
Customers with higher POSI either have larger
frequency or higher importance, both represent that they
are exactly the active and important target audience of
enterprise's marketing campaigns.
3.3 Customer Segmentation
Although the POSI is able to distinguish target
customers in terms of their short-textual reviews, it is still
unable to satisfy marketers when creating deep insight into
the consuming markets. Therefore, a customer
segmentation algorithm based on the VSC is proposed to
provide rich customer information for marketers in detail
(see Fig. 2).
The algorithm consists of three steps as (1) Classify
customer opinions through the sentiment analysis. At this
point, customers have been classified into different groups
following their sentiment attitudes (i.e., positive, neutral,
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and negative), which greatly contributes to developing
marketing strategies. (2) Segment customer bases via the
VSC. Since multiple reviews of one customer have been
merged during data preprocessing, customers with similar
interests or concerns are divided into the same customer
base according to the short text clustering results. (3)
Identify customer characteristics by the VSC. Identify the
key characteristic of every customer base to support
enterprises planning specific marketing campaigns.

Figure 2 The process of the customer segmentation approach

As is known that people naturally are able to analyze
and decide a problem from different perspectives,
hierarchies, and dimensions spontaneously, that is referred
to as scale transformation (ST) [42]. According to the basic
definitions (i.e., the concept space (CS), the scale
transformation rate (STR), and the granular deviation
(GrD)) in [41], we propose a variable-scale clustering
(VSC) method to solve the customer segmentation problem.
Given a dataset D, the CS of attributes in D, the scale
transformation threshold S0, and the initial clustering
parameter k, the pseudo code of the VSC is shown in
Algorithm 1.
Algorithm 1 AttributeScaleUpClustering(D, CS, 𝑆𝑆0 ,k)
1: C=D.initialCluster(k)
2: 𝑅𝑅0 = max(𝐺𝐺𝐺𝐺𝐺𝐺(𝐶𝐶𝑖𝑖 . 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞))
3: D. delete (𝐶𝐶𝑖𝑖 . 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞)
4: for𝐷𝐷 ≠ ∅do
5:
for all 𝐴𝐴𝑗𝑗 ∈ 𝐷𝐷do
6:
ifSTR�𝐴𝐴𝑗𝑗 , 𝐶𝐶𝐶𝐶(𝐴𝐴𝑗𝑗 )� < 𝑆𝑆0 then
7:
D. update (𝐴𝐴𝑗𝑗 , 𝐶𝐶𝐶𝐶(𝐴𝐴𝑗𝑗 ))
8:
break
9:
end if
10:
end for
11: 𝑅𝑅0 = max(𝑅𝑅0 , 𝐺𝐺𝐺𝐺𝐺𝐺(𝐶𝐶𝑖𝑖 . c𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙))

12: C=D.Cluster(k-count (𝐶𝐶𝑖𝑖 . 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞))
13: for all 𝐶𝐶𝑖𝑖 ∈ 𝐶𝐶do
14:
if𝐺𝐺𝐺𝐺𝐺𝐺(𝐶𝐶𝑖𝑖 ) < 𝑅𝑅0 then
15:
D. delete (𝐶𝐶𝑖𝑖 )
16:
end if
17: end for
18: end for
The VSC overcomes the problem that the
characteristics of clusters are less prominent especially
handling the high dimensional dataset, of the traditional
clustering algorithms. The time complexity of VSC is
𝑂𝑂(𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛) , whereas the number of instances, 𝑚𝑚 is the
number of attributes, 𝑘𝑘 is the number of clusters, and 𝑡𝑡 is
the number of iterations.
4

RESULTS AND DISCUSSIONS

Wechat, QQ, and Weibo are the three most popular
social media networks in China and their usage from Dec
2017 to Jun 2018 is shown in Fig. 3. Currently, the usage
rate of Wechat and QQ remains relatively stable, while
Weibo gains a substantial increase due to the prevalence of
short videos and multi-channel network (MCN)
institutions [39]. Hence, this paper takes Weibo as the data
source of social media, and the data gathering scheme is
shown in Tab. 1.

Figure 3 The usage rate of major social media in China from Dec 2017 to Jun
2018

We apply the professional web crawling tool, Scrapy,
to collect approved online reviews on Weibo, and all the
experiments are performed in OS X (10.11.3) environment
on a machine with 8GB RAM.

Figure 4 The POSI of qualified social media users
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Figure 5 The customer segmentation results based on the VSC
Table 1 The data gathering scheme

Social Media
Target Product
Time Period
Retrieval Conditions
Data Structure

No.
1
2
3
4
5
6
7
8
9

Object
Customer
reviews

Customer Satisfaction
Positive
Negative
Neutral
Positive
Positive
Positive
Positive
Positive
Negative

Weibo
iPhone X
2018-06-18 00:00to 2018-06-24 24:00
(1) Original microblogs
(2) Social media users have passed the personal identity authentication
Descriptive Information
Customer Information
Number of forwarding, Number of comments,
Gender, Birthday, Country, Education,
Number of likes, Release time
Affiliation, Occupation, Position
Table 2 The statistic results of the VSC

Proportion
0,0000
0,9448
1,0000
0,9032
0,9149
0,8250
0,9750
0,9500
1,0000

4.1 Experimental Results Analysis
Following the requirements of data gathering in Tab.1,
there are 15165 original microblogs related to iPhone X
during the valid period, while identity authorized online
users posted only 4350 of them. Hence, we take 4350
microblogs as the initial social media dataset of our
experiments.
The descriptive information is applied to the data
preprocessing, where we set the minimum likes number as
3, the minimum comments number as 2, the minimum
forwarding number as 1. Consequently, we gain 1607
qualified microblogs in total. It can be seen that all the
irrelevant and worthless microblogs are excluded, which is
consistent with the investigation result that over 40%
reviews on the social media are advertisements, news, or
other spam messages [40]. We merge multiple microblogs
posted by the same user, and finish the word segmentation
and stop words removal through professional tools in
Section 2.
Then, we begin to identify the target customers from
qualified social media users via the POSI (see Fig. 4). It
can be seen that the POSI curve stays in a rapid decline
trend in general, while part of it is relatively gentle. In order
to identify the online users that truly affect the current
Tehnički vjesnik 26, 1(2019), 193-200

Avg. Age
22,8(0,3046)
24,9 (0,3379)
24,7 (0,3034)
23,6 (0,2742)
26,1 (0,3404)
26,3 (0,3750)
23,8 (0,4000)
24,6 (0,2500)
24,1 (0,3671)

Interests / Concerns
After-sales service, promo
Video apps
Sales, consumer
Running
Movie
Discount, product, gifts
Celebrity
Photograph
Member, World Cup

public opinion of iPhone X, we finally choose the top 634
users as our target customers.
Fig. 5 presents the customer segmentation results
based on the proposed method VSC. Different colour
represents different customer satisfaction (sentiment), i.e.,
positive, neutral, and negative, and each rectangle
represents a customer base distinguishing the gender factor.
We find out that (1) the distribution of the customer
structure is extremely unbalanced, and the first two
customer bases own over 54% customers. (2) there are nine
customer bases in total, and five in positive, two in negative,
one in neutral, which means most of the customers are
currently satisfied with iPhone X. (3) The male proportion
of customer base 2-9 is quite high (over 90%) and two of
them (that is customer base 3 and 9) even reach 100%.
However, the largest customer base has only the female.
What's more, Tab. 2 also provides further insight into
the customer segmentation results, including customer
satisfaction, gender proportion, average age, and customer
characteristics (interests or concerns) of every customer
base. The number in brackets of the attribute Avg. Age
represents the age missing rate of each customer base and
floats about 30%. And most importantly, the VSC
discovers the various customer characteristics known as
interests or concerns being hidden in customers' reviews.
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These characteristics not only represent the similarity of
customers but also are at the lowest (detailed) conceptual
hierarchy, which further verifies the effectiveness and
feasibility of the VSC in practice.
Finally, marketers could make reasonable marketing
strategies on behalf of the estimated customer satisfaction
and characteristics (see Section 4.2).
4.2 Customer-Centered Marketing Strategies
This section illustrates how to make marketing
decisions using the results of the VSC. Firstly, decide
customer-centered marketing strategies through customer
satisfaction. For example, there are totally three different
satisfaction levels in Tab. 2, i.e., positive, neutral, and
negative. We could offer the precise benefits to positive
customers, improve the stickiness of neutral customers,
and increase the feedback collection of negative customers
respectively.
Secondly, plan customer personalization marketing
campaigns following the proposed marketing strategies. As
for the precise benefits strategy, customer bases 1, 5, 8
most probably respond to the exclusive benefits of their
interested software or apps. Customer base 7 might look
forward to the intangible spiritual enjoyment (like meeting
favourite celebrities), while customer base 6 might expect
the tangible material reward (like valuable or saleable
gifts). And termly pushing the running related information,
such as distinctive or available marathon races to customer
base 1 could improve their satisfaction. Referring to these,
various marketing campaigns for positive customers could
be designed. As for the customer stickiness and feedback
collection improvement strategy, marketers could make
full use of the known customer concerns to set up a more
effective conversation and gain better solutions.
Last but not least, evaluate all the possible marketing
plans and make the final decision. Since experience
marketers are likely to brainstorm lots of marketing plans
towards different customer base, it is necessary to establish
an evaluation measurement of marketing plans. Let Pij
represents the jth marketing plan of customer base CBi, the
evaluation indicator of Pij as:
Eval(Pij ) =∂ i ∗

POSI i
cij

(3)

where cij ∈ (0,1) is the normalized cost of Pij, ∂i is the of
CBi, and POSIi is the average public option sensitivity of
CBi.
The marketing plans with higher evaluation score
would earn larger return rate, compared to the lower ones.
Hence, marketers could easily select the candidate
campaigns following the descending order of evaluation
scores under funding constraints.
5

CONCLUSIONS

The fierce market competition pushes enterprises to
seek more effective and flexible techniques for
continuously keeping the competitive advantages.
Therefore, this paper focuses on the problem of customer
satisfaction identification and improvement on the
198

perspective of social media mining. The public opinion
sensitivity index (POSI) was presented to measure the
importance and popularity of a customer review. We also
proposed a customer segmentation approach based on the
sentiment analysis and our improved algorithm, the
variable-scale clustering (VSC) algorithm. The
functionality of the method was verified herein using the
iPhone X short-textual data crawling from Weibo, one of
the major social media in China, between 18 Jun 2018 and
24 Jun 2018. Customer-centered marketing strategies and
customer personalization marketing campaigns were
designed through this case study. Moreover, an evaluation
measurement of marketing plans was also established to
support marketers decide the final candidate plans under
funding constraints. Our proposed methods enrich the
intention of the current customer relationship management
with the help of the popular social media, which could not
only develop the scale transformation thought of clustering
algorithms in theory, but also save enterprises' time and
cost of the marketing decision process in practice.
However, excessive spam messages on the social
media provide challenges for our proposed methods. The
identity authentication also limits the amount of the
available online data. Therefore, future study will focus on
the data gathering phase to better fit the data environment
of social media. And more contrast experiments will also
be implemented on other popular social media (like
WeChat and QQ) to further verify the effectiveness of our
proposed methods.
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