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With the rapid growth and dissemination of mobile services, enhancement of customer satisfaction has
emerged as a core issue. Customer reviews are recognized as fruitful information sources for monitoring
and enhancing customer satisfaction levels, particularly as they convey the real voices of actual custom-
ers expressing relatively unambiguous opinions. As a methodological means of customer review analysis,
sentiment analysis has come to the fore. Although several sentiment analysis approaches have proposed
extraction of the emotional information from customer reviews, however, a lacuna remains as to how to
effectively analyze customer reviews for the purpose of monitoring customer satisfaction with mobile
services. In response, the present study developed a new framework for measurement of customer sat-
isfaction for mobile services by combining VIKOR (in Serbian: ViseKriterijumsa Optimizacija I Kompromisno
Resenje) and sentiment analysis. With VIKOR, which is a compromise ranking method of the multicriteria
decision making (MCDM) approach, customer satisfaction for mobile services can be accurately measured
by a sentiment-analysis scheme that simultaneously considers maximum group utility and individual
regret. The suggested framework consists mainly of two stages: data collection and preprocessing, and
measurement of customer satisfaction. In the first, data collection and preprocessing stage, text mining
is utilized to compile customer-review-based dictionaries of attributes and sentiment words. Then, using
sentiment analysis, sentiment scores for attributes are calculated for each mobile service. In the second
stage, levels of customer satisfaction are measured using VIKOR. For the purpose of illustration, an empir-
ical case study was conducted on customer reviews of mobile application services. We believe that the
proposed customer-review-based approach not only saves time and effort in measuring customer satis-
faction, but also captures the real voices of customers.

� 2013 Elsevier Ltd. All rights reserved.
1. Introduction

With the recent advances in wireless technology, the number of
people using mobile devices has increased, and the development of
mobile services, already rapid, has accelerated (Wang, Lin, & Luarn,
2006). And as mobile services proliferated in number, customers
began to develop and express opinions on services they had expe-
rienced. Compared with the e-business environment, this phenom-
enon has occurred more often, because people have the ability to
access information anytime and anywhere, as the move towards
use of mobile technologies rapidly accelerates (Perry, O’Hara, Sel-
len, Brown, & Harper, 2001). As a result, the necessity of mobile
service providers enhancing and maintaining high levels of cus-
tomer satisfaction by monitoring and listening to customer voices
has emerged as a core issue (Choi, Seol, Lee, Cho, & Park, 2008;
Deng, Lu, Wei, & Zhang, 2010; Kim, Park, & Jeong, 2004; Kim &
Yoon, 2004; Kuo, Wu, & Deng, 2009; Lee, Lee, & Feick, 2001; Wang
& Lo, 2002; Woo & Fock, 1999).

Customer review is utilized frequently to monitor and, so, en-
hance customer satisfaction with mobile services. Customer re-
view is an attractive alternative to average ratings, in that the
latter, given their typically bimodal distribution, often do not pro-
vide particularly helpful information on customer satisfaction
(Abulaish, Jahiruddin, & Doja, 2009). In bimodal distributions, aver-
age ratings are either extremely high or extremely low, and as
such, might not convey very much information that is helpful for
the purposes of monitoring and enhancing customer satisfaction.
Actual customer reviews, by contrast, include customers’ voices,
which are starkly revealing as to the positive and negative aspects
of a given service (Zhang, Narayanan, & Choudhary, 2010). Thus,
actual customer reviews have been recognized as a valuable infor-
mation source for monitoring and enhancing customer satisfaction
with mobile services.

Mobile service customer review has characteristics distinct
from those of other types of e-business customer review. For
VIKOR
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example, unlike web service customer reviews, in mobile services,
each customer review has a concise core content focused on
important criteria. This is due to the fact that many people gener-
ally write their opinions through their mobile devices: it is rela-
tively more difficult to write review contents with a mobile
device than with a keyboard, and so, in the mobile environment,
people tend to write their reviews brief and to the point with re-
gard to the important key criteria. Moreover, customer reviews
of mobile services tend to be relatively clear and unambiguous.

For mobile service providers, customer reviews can be a useful
and relatively low-effort means of understanding the minds of cus-
tomers. Knowledge thus gained, furthermore, is quite reliable,
since customers write reviews voluntarily. Customer reviews dis-
seminate information such as the functional characteristics, advan-
tages and disadvantages of certain types of mobile service.
However, mobile service providers efforts at monitoring customer
reviews have suffered due to the lack of an effective methodology
for effective analysis. Also, from the customer’s point of view,
many people only consider information about overall ratings when
they first select a specific alternative (Poston & Speier, 2005), due
to the difficulty of reading a huge number of customer reviews
to obtain information on all of the many alternative-mobile-service
criteria (Hu & Liu, 2004a,b).

Certainly, there is a great need for effective analysis of customer
reviews. For maximization of the value of information obtained,
customer satisfaction with mobile services needs to be analyzed
by way of simultaneous consideration of customers’ heterogeneous
preferences for multiple and various service attributes, rather than
on the basis, simply, of general, overall ratings of a whole service.

In order to obtain information on customer satisfaction with mo-
bile services with respect to each service attribute, sentiment analy-
sis can be utilized. Sentiment analysis is a technique for identifying
the ways in which sentiments are expressed in text and for determin-
ing whether they represent positive or negative feelings toward a
specific product or service (Nasukawa & Yi, 2003). Sentiment analysis
has several specific advantages. First, it can extract emotional infor-
mation from text semi-automatically. Based on predefined senti-
ment dictionaries, sentiment analysis quickly captures the polarity
of a specific attribute by analyzing vast numbers of customer re-
views. This entails transformation of textual information into a single
number or word revelatory of a certain level of customer satisfaction.
Second, sentiment analysis provides customer satisfaction informa-
tion in terms of the several and specific attributes of a service.

However, for the most effective decision-making support, over-
all customer satisfaction with a whole service, not just with indi-
vidual attributes, also needs to be provided. Sentiment analysis is
less than suitable for this purpose, because, first, the multiple attri-
butes of a mobile service affect customer satisfaction simulta-
neously, but their respective significances differ; and, second,
attributes impacting on customer satisfaction differ greatly among
the various categories. Measurement of overall customer satisfac-
tion at the whole-service level, therefore, calls for an alternative
methodology. The multicriteria decision making (MCDM) approach
is pertinent for reflecting these points because its strength is the
simultaneous consideration of various criteria. It can also reflect
the importance of each criterion in evaluating alternatives.

Among the various MCDM approaches, VIKOR (in Serbian: Vise-
Kriterijumsa Optimizacija I Kompromisno Resenje) was utilized in the
present study. VIKOR is a compromise ranking method to optimize
the multi-response process (Opricovic, 1998). It is used for ranking
and selecting from a set of alternatives in the presence of conflict-
ing criteria based on the closeness to the ideal solution. Compared
with the other MCDM approaches, VIKOR has some advantages.
First, with respect to mobile services regarding which customer re-
views are frequently generated, unsatisfactory attributes affect the
selection of the whole mobile service remarkably, because these
Please cite this article in press as: Kang, D., & Park, Y. Review-based measuremen
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kinds of mobile service have various similar services in the same
categories. For example, in App Store, Apple’s market of mobile
application services and a forum for numerous customer reviews,
many similar services exist. In the case of music player, there are
more than 1500 mobile application services. In such a situation,
when a customer chooses one service he prefers, he rules out, in
an initial, screening step, others that have unsatisfactory attributes.
And this step, in fact, is very essential to mobile service selection.
Here, VIKOR is advantageous in that it provides not only informa-
tion on maximum group utility, which is the utility that reflects con-
sideration of all relevant criteria, but also information on individual
regret, which is the marker of consideration of the most unsatisfac-
tory criterion. Second, mobile services are classified into many cat-
egories, the characteristics of which are distinguishable. Thus,
according to the mobile service category, the evaluator can set
the weights of maximum group utility and individual regret differ-
ently. For these reasons, VIKOR, compared with other MCDM ap-
proaches, can be better applied for sentiment-analysis-result-
based measurement of total customer satisfaction with mobile
services.

Accordingly, this study presents a new framework for measur-
ing customer satisfaction with mobile services that uses sentiment
analysis and VIKOR to analyze customer reviews. The proposed
framework consists mainly of two stages: data collection and pre-
processing and measurement of customer satisfaction. In the data col-
lection and preprocessing stage, text mining is used to compile
dictionaries of attributes and sentiment words based on the review
data. Then, using sentiment analysis, sentiment scores of attributes
are calculated in terms of each mobile service. In the measurement
of customer satisfaction stage, a sentiment score matrix is con-
structed, after which, using VIKOR, total customer satisfaction is
calculated in consideration of the various attributes. In this study,
an empirical case study was conducted based on the customer re-
views of mobile application services.

The remainder of this paper is organized as follows. Section 2
introduces the basic concepts along with definitions of sentiment
analysis and VIKOR. Section 3 proposes the overall measurement
framework and explains in detail the process steps therein. Sec-
tion 4 presents a case study in which the proposed framework
and approach were applied, and explains the results. Finally, Sec-
tion 5 concludes the paper and anticipates future research.
2. Literature review

2.1. Sentiment analysis

Sentiment analysis is a method for identifying the ways in
which sentiment is expressed in texts and whether such expres-
sions include positive or negative opinions on a certain product
or service (Nasukawa & Yi, 2003). Specifically, it is an analysis of
the opinions and emotions contained in direction-based text. Sen-
timent analysis typically has been employed at two levels (Wilson,
Wiebe, & Hoffmann, 2005). First, sentiment analysis is conducted
at the document level to distinguish positive from negative re-
views (Beineke, Hastie, & Vaithyanathan, 2004; Pang & Lee, 2004;
Pang, Lee, & Vaithyanathan, 2002; Turney, 2002). Second, it has
been conducted at the sentiment level or phrase level to perform
tasks such as multi-perspective question answering and summari-
zation, opinion-oriented information extraction, and customer re-
view mining (Hu & Liu, 2004a,b; Kamp and Mark, 2002; Liu, Hu,
& Cheng 2005; McDonald, K., & T., 2007; Popescu & Etzioni,
2005; Täckström & McDonald, 2011; Wilson, Wiebe, & Hoffmann,
2009; Wilson et al., 2005; Zhang, Xu, & Wan, 2008).

Generally, sentiment analysis begins with sentiment expression
with regard to a given object, and then distinguishes a lexicon of
t of customer satisfaction in mobile service: Sentiment analysis and VIKOR
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positive and negative words and phrases (Kang & Park, 2012).
There are three types of lexicons: positive polarity (e.g. wonderful),
negative polarity (e.g. bad, pessimistic, terrible), and contextual
polarity (i.e. phrases in which a word or words can carry different
meanings in different contexts).

There has been a steady academic interest in sentiment analy-
sis. The body of research usually has focused on document-level
classification of overall sentiment that distinguishes positive from
negative reviews. Turney (2002) proposed a simple algorithm for
classification of reviews as recommended or not recommended
based on the value of the average semantic orientation of phrases
containing adjectives or adverbs. Pang and Lee (2004) presented a
novel machine-learning method that applies text-categorization
techniques to the subjective portions of a document based on min-
imum cuts. Beineke et al. (2004) extended the traditional senti-
ment classification procedure by re-interpreting it as a Naïve
Bayes model.

Additionally, many studies have employed advanced tech-
niques to analyze sentiment at the sentence or phrase level. For
example, Kamps and Marx (2002) explored how the structure of
the Word-Net lexicon database might be used to assess affective
or emotive meaning, specifically by formulating measures based
on Osgood’s semantic differential technique. Also, Wilson et al.
(2005) presented a new approach to phrase-level sentiment analy-
sis that classifies whether an expression is neutral or polar and,
subsequently, disambiguates the polar expressions. Meanwhile,
McDonald et al. (2007) constructed a model for joint classification
of sentiment based on standard sequence classification techniques
that utilize a constrained Viterbi algorithm, which is a dynamic
programming algorithm for finding the most likely sequence of
hidden states. Recently, Täckström and McDonald (2011) intro-
duced two variants of a semi-supervised latent variable model
for sentence-level sentiment analysis.

Although the aforementioned research dealt broadly with senti-
ment analysis at both the document and sentence levels, it focused
only on the techniques themselves, and thus is of limited useful-
ness for deriving useful information to measure customer satisfac-
tion. Accordingly, there is a need to obtain additional information
on customer satisfaction using the results derived from sentiment
analysis. Accordingly, this paper proposes a sentiment-analysis-
based framework for measuring customer satisfaction.

2.2. VIKOR

Multicriteria decision making (MCDM) is one of the most preva-
lent methods for resolving conflict management issues (Deng &
Chan, 2011). MCDM deals with decision and planning problems
by consideration of multiple criteria and the importance of each
(Haleh & Hamidi, 2011). Among the many MCDM methods, VIKOR
is a compromise ranking method to optimize the multi-response
process (Opricovic, 1998). It uses a multicriteria ranking index de-
rived by comparing the closeness of each criterion to the ideal alter-
native. The core concept of VIKOR is the focus on ranking and
selecting from a set of alternatives in the presence of conflicting cri-
teria (Opricovic, 2011). In VIKOR, the ranking index is derived by
considering both the maximum group utility and minimum individ-
ual regret of the opponent (Liou, Tsai, Lin, & Tzeng, 2011).

VIKOR denotes the various n alternatives as a1, a2, . . ., an. For an
alternative ai, the merit of the jth aspect is represented by fij; that
is, fij is the value of the jth criterion function for the alternative ai, n
being the number of criteria. The VIKOR procedure is divided into
the following five steps:

(1) Determine the best f �j and worst f�j values of all criterion
functions. If the jth criterion function represents a merit,
then
Please cite this article in press as: Kang, D., & Park, Y. Review-based measurement of cu
approach. Expert Systems with Applications (2013), http://dx.doi.org/10.1016/j.eswa.20
f �j ¼ maxifij; f�j ¼ minifij ð1Þ
(2) Compute the values Si and Ri, i = 1,2,3,. . .,m, by the relations
Si ¼
Xn

j¼1

wj f �j � fij

� �
f �j � f�j

ð2Þ

Ri ¼ max
wj f �j � fij

� �
f �j � f�j

2
4

3
5 ð3Þ
where wj is the weight of the jth criterion which expresses their rel-
ative importance of the criteria.

(3) Compute the value Qi, i = 1,2,3,...,m, by the relation
Q i ¼ v Si � S�

S� � S�

� �
þ ð1� vÞ Ri � R�

R� � R�

� �
; ð4Þ
where S⁄ = miniSi, S� = maxiSi, R⁄ = miniRi, R� = max1R1 and v is the
weight of the strategy of maximum group utility, whereas (1 � v) is
the weight of the individual regret. Here, when v is larger than 0.5,
the index of Qi follows majority rule

(4) Rank the alternatives, sorting by the values S, R and Q, in
decreasing order.

VIKOR is advantageous in the context of multicriteria-based
decision making, particularly in situations where the decision ma-
ker is not able, or does not know how he/she expresses his/her
preference at the early stage of system design. Because VIKOR pro-
vides a maximum ‘‘group utility of majority’’ represented by min S,
and a minimum ‘‘individual regret of opponent’’ represented by min
R, decision makers can determine compromise solutions based on
their negotiated preferences. Thus, where unsatisfactory attributes
can remarkably affect the selection of an entire service, VIKOR,
compared with other MCDM methods, is useful for achieving the
purpose of this study, because the decision maker can set the
weights of maximum group utility and individual regret differently
according to various situations.

3. Proposed approach

3.1. Overview

The framework of proposed approach is portrayed in Fig. 1. As
shown, the process mainly consists of two parts with respective
to overall perspective: data collection and preprocessing and mea-
surement of customer satisfaction. In the data collection and prepro-
cessing stage, first, customer reviews on the web are collected.
Then, on the basis of those data, text mining is used to compile dic-
tionaries of attributes and sentiment words, after which the review
data is transformed, with reference to the dictionaries, into key-
word vectors of customers’ opinions. A keyword vector is com-
prised of the sentiment rating scores for each important
attribute. In the measurement of customer satisfaction stage, a ma-
trix of customer satisfaction is constructed by integrating the key-
word vectors according to the various mobile services, and the
weights of each attribute are calculated. Lastly, the final levels of
customer satisfaction for a given mobile service are evaluated by
considering customer satisfaction with the attributes and the
weights of those attributes simultaneously with VIKOR.

3.2. Preprocessing data

In the preprocessing phase, mobile service review data is col-
lected from a relevant website. Generally, customer reviews in-
clude subjective evaluations of attributes that are components of
a whole service. Those subjective evaluations use polarity scores
stomer satisfaction in mobile service: Sentiment analysis and VIKOR
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to represent the merits or demerits of attributes. According to the
presence of attribute mentions (i.e. the ‘‘term presence’’) in cus-
tomer reviews, the attributes that customers consider to be impor-
tant can be identified.

In this study, review data on similar mobile services were col-
lected. Since similar mobile services generally belong to the same
category, the important attributes that customers consider do no
greatly differ among services. For this reason, common attributes
can be extracted from review data of similar mobile services and
analyzed to measure and compare their respective customer
satisfactions.

3.3. Compilation of dictionaries of attributes and sentiment words

In this phase, two dictionaries are compiled based on the col-
lected review data: a dictionary of attributes, and a dictionary of
sentiment words. The dictionary of attributes comprises the
important attributes among the various services, which attributes
are extracted by text-mining. In the present study, extraction was
carried out using Stanford parser, a program that determines the
grammatical structures of sentences. This program assigns Parts-
Of-Speech (POS) tags to all words based on the contexts in which
they appear (Abulaish et al., 2009). This POS information is utilized
to locate different types of information of interest in text docu-
ments. More specifically, it provides information on which groups
of words go together (as ‘‘phrases’’) and which words are subjects
or objects of verbs. Generally, attributes in the review data are ex-
pressed as noun phrases, and opinions are expressed as adjectives.
In the present study, noun phrases were extracted from the review
data using Stanford parser, from which phrases important attri-
butes were derived by experts.

In the compilation of the dictionary of sentiment words, senti-
ment words, typically expressed in verb phrases, adjective phrases
and adverbial phrases, were extracted, again using Stanford parser.
Please cite this article in press as: Kang, D., & Park, Y. Review-based measuremen
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Then, the polarities of the derived sentiment words were classified
into several groups: positive polarity, negative polarity, and neu-
tral polarity. For each sentiment word, the sentiment score was ex-
pressed with reference to WordNet (Miller, 1998), because
WordNet is a large electronic lexical database for English and Eng-
lish nouns, verbs, and adjectives are well organized into synonym
sets, each representing one underlying lexical concept. More spe-
cifically, the sentiment score was calculated as an integer number
between �2 and 2 with reference to sentiment classification
scheme of Moreo, Romero, Castro, and Zurita (2012). Moreo et al.
(2012) classified sentiment expression into 5 categories; very posi-
tive, positive, neutral, negative, and very negative. Thus, in this study,
if a sentiment word is strongly positive, its value is 2, and if posi-
tive, 1. Meanwhile, if a sentiment word is strongly negative, its va-
lue is �2, and if the polarity for a certain attribute is negative, its
value is �1. Lastly, if there is no sentiment, the word is expressed
as having a value of 0.

3.4. Construction of keyword vectors of customers’ opinions

After compiling the two dictionaries, review documents are
transformed into keyword vectors of customers’ opinions. In re-
view documents, if attribute and sentiment words appear in the
same sentence, that sentence is considered to be a customer’s
opinion. In this case, the sentiment score is counted for the corre-
sponding attribute. For example, suppose that a customer writes
the following review of a specific service:

‘‘Graphics are perfect. Accuracy is also good. Graphics are good.
Camera function is somewhat normal.But Sound is terrible.
Also, Update should be necessary.’’

Then, the keyword vectors of that customer’s opinions are con-
structed with reference to the dictionaries. In the present study,
those keyword vectors were constructed as
t of customer satisfaction in mobile service: Sentiment analysis and VIKOR
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CRi ¼ ð PAi1; PAi2; . . . ; PAimÞ ð5Þ

CRi: Review of customer i.
PAij: Customer i’s polarity for jth attribute.
Fig. 2 shows examples of construction process of keyword vec-

tors based on dictionaries of attributes and sentiment words.

3.5. Measurement of customer satisfaction with respect to each
attribute

Once the sentiments of attributes have been detected in indi-
vidual customer review, it is desirable to extend this to every cus-
tomer reviews that attributes appear in. One of the most
straightforward, popular, and simple ways to accomplish this is a
linear combination of all polarity from every documents (Mejova,
2009). The merit of this ways to apply the present study is that it
assumes there is no difference between the importances of docu-
ments, because the importances of customer reviews are the same.
Thus, in this study, the levels of customer satisfaction for each
attribute are measured by summing up the polarity scores from
customer reviews as follows

CS ¼
Xn

i¼1

CRið PA1; PA2; . . . ; PAmÞ ð6Þ

CS: Customer satisfaction for each service.
PAk: Sum of polarity scores of n customers for kth attribute.
Meanwhile, in order to measure the weights of attributes,

weighting scheme needs to be established, as there are many ways
to measure attributes’ weights in opinion mining and sentiment
analysis. Traditionally, term frequency – inverse document fre-
quency (td-idf), which is a term frequency-based numerical statis-
tic that reflects how important a word is to a document, has been
well utilized for weighting attributes (Chi, Prolli, & Chen, 2001;
Djoerd, 2000; Ponte & Croft, 1998; Salton & Buckley, 1988; Zhang,
Yoshida, & Tang, 2011); but in contrast, recently, Pang et al. (2002)
obtained better performance using term presence rather than term
frequency. That is, binary-valued feature vectors in which the enti-
ties merely indicate whether a term occurs (value 1) or not (value
0) showed a more effective performance for review polarity classi-
Fig. 2. Example of construct

Please cite this article in press as: Kang, D., & Park, Y. Review-based measuremen
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fication than did real-valued feature vectors in which entity values
increase with the occurrence frequency of the corresponding term.
For this reason, in this study, term presence – based weighting
scheme is adopted for measure the weights of attributes. The term
presence and weights of attributes are formulated as

d
!

:¼ ðn1ðdÞ;n2ðdÞ; . . . ;nmðdÞÞ

W ¼ ðw1;w2; . . . ;wmÞ

wk ¼
nkðdÞPm
k¼1nkðdÞ

ð7Þ

nk(d): Number of times kth attribute occurs in document dwk:
Weights of kth attributes

After summing up the polarity scores for customer reviews and
measuring the weights of attributes, in the next step, the polarity
scores for attributes are normalized to a number between 0 and
1 for calculation convenience, as shown in Fig. 3.

3.6. Evaluation of final level of customer satisfaction

In this phase, VIKOR is used to evaluate the final level of cus-
tomer satisfaction by considering all attributes, as based on the de-
rived decision matrix that includes their weighted polarity scores.
In VIKOR, a service alternative is evaluated by measuring only its
closeness to an ideal solution. The final level of customer satisfac-
tion is determined by adjusting the opponent’s weights of maxi-
mum group utility and minimum individual regret. According to
the importances of maximum group utility and minimum individual
regret assigned, respectively by the evaluator, their weights for the
opponent can be set variously to reflect different situations.
4. Empirical case study

To illustrate the efficacy of the proposed approach, an empirical
case study was conducted. Recently, given the proliferation of
smartphones, the number of mobile application services has in-
creased dramatically. In the case of App Store which is Apple’s
ion of keyword vector.

t of customer satisfaction in mobile service: Sentiment analysis and VIKOR
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Table 2
Criteria for measurement of customer satisfaction with mobile application service in
category of social networking service.
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mobile application market, the number of registered mobile appli-
cation services is already more than one-half million. Since people
can easily download a mobile application service with their mobile
device, anytime, anywhere, many of them disingenuously write re-
views of purchased services. Thus, a vast number of customer re-
views has emerged in the online market. For this reason, the
present empirical case study focused on customer reviews of mo-
bile application services in App Store.

4.1. Preprocessing data

In this phase, App Store customer review data was prepro-
cessed. In App Store, there are 20 categories, as among which are
social networking, entertainment, and navigation. Social network-
ing was selected for the study, owing to the fact that in this cate-
gory, there are many similar services, each of which has similar
attributes compared with the other service categories. The data
source was AppStoreHQ, a website that provides reviews of mobile
application services from blogs, Twitter and YouTube. Specifically,
1487 reviews were collected from 8 mobile application services in
the social networking category, as shown in Table 1.

4.2. Compilation of dictionaries of attributes and sentiment words

The attributes customers considered important could be ex-
tracted by analysis of the collected customer reviews. First, Stan-
ford parser was used to extract noun phrases. Then, the
important attributes were derived based on the judgment of ex-
perts. In the result, 9 attributes were selected for measurement
of customer satisfaction with mobile application services in the
category of social networking services, as shown in Table 2.
Table 1
Number of customer reviews in each category of mobile application service.

Mobile application service Number of customer reviews

Bump 166
Facebook 303
Foursquare 144
Fring 112
Google+ 152
Skype 231
Twitter 271
WordPress 108

Please cite this article in press as: Kang, D., & Park, Y. Review-based measuremen
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Second, the dictionary of sentiment words was compiled based
on the words expressed in verb phrases, adjective phrases and
adverbial phrases extracted using Stanford parser. In the result, a
total of 287 sentiment words were derived, which were scored
by experts as a number between �2 and 2, as shown in Fig. 4.

In this study, a large positive number indicated a highly positive
sentiment toward a certain object. Conversely, a large negative
number reflected a highly negative sentiment. For example, the
word best was scored as 2, whereas good was scored as 1. Likewise,
the word terrible was scored as �2, and the word bad, as �1.
4.3. Construction of keyword vectors of customers’ opinions

Based on the two dictionaries, 1487 review documents were
transformed into keyword vectors of customers’ opinions. For the
9 attributes, sentiment scores were calculated using sentiment
analysis. In this study, we created a C-language-based program,
‘‘Sentiment Detecting,’’ to determine whether a given attribute
and sentiment word appeared in the same sentence or not.
4.4. Measurement of customer satisfaction with respect to each
attribute

First, keyword vectors of customers’ opinions were formulated
for 8 mobile application services, as shown in Table 3. Then, the
attributes’ polarity scores were normalized to a number between
Aspect and
criterion

Description

Download (C1) Ease of downloading of various contents
Interface (C2) Accessibility of functions through simple operation
Message (C3) Smoothness of communication through message
Notification

(C4)
Immediacy of notification about new tidings

Photo (C5) Diversity of functions for uploading and decorating photos
Post (C6) Smoothness of uploading of text, photos, and music
Search (C7) Ease of searching of various information
Touch (C8) Ease of clicking and dragging of various contents
Update (C9) Continuous updates for bug fixing, improvement of

functions, and addition of new functions
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Fig. 4. Dictionary of sentiment words.

Table 3
Calculated scores of attributes in each mobile application service.

C1 C2 C3 C4 C5 C6 C7 C8 C9

Bump �1 13 �1 11 1 0 0 52 1
Facebook 5 44 6 15 0 0 1 68 0
Foursquare 4 12 3 5 �1 0 2 25 �1
Fring 2 15 1 12 2 0 0 23 0
Google+ 1 5 0 �1 0 0 1 13 0
Skype 0 16 �3 8 0 3 0 38 1
Twitter 10 47 5 15 1 0 3 87 0
WordPress 2 4 �1 9 2 1 0 20 0
Term presence 232 164 199 352 395 184 517 484 309

Table 5
Positive ideal solutions f �j and negative ideal solutions f �j .

C1 C2 C3 C4 C5 C6 C7 C8 C9

f �j 0.144 0.556 0.100 0.100 0.056 0.067 0.067 1.000 0.044

f�j 0.022 0.078 0.000 0.000 0.022 0.033 0.033 0.178 0.022
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0 and 1, as shown in Table 4. Also, the term presence of attributes in
customer reviews was transformed into weights using Eq. (7).
4.5. Evaluation of final level of customer satisfaction

4.5.1. Calculation of ranking of final level of customer satisfaction
VIKOR was applied to evaluate the final level of customer satis-

faction. First, according to Table 4, two referential sequences of po-
sitive ideal solution f �j and negative ideal solution f�j were obtained

using Eq. (1), as shown in Table 5. Next, the
wj f �

j
�fij

� �
f �
j
�f�

j
term in Eq. (2)

was calculated as shown in Table 6.
Based on the Table 6, Eq. (2) and Eq. (3) results, Si, Ri and Qi

could be obtained for each service, as shown in Table 7. Here, the
Table 4
Normalized scores of attributes and weights of attributes.

C1 C2 C3 C4

Bump 0.022 0.178 0.022 0.156
Facebook 0.089 0.522 0.100 0.200
Foursquare 0.078 0.167 0.067 0.089
Fring 0.056 0.200 0.044 0.167
Google+ 0.044 0.089 0.033 0.022
Skype 0.033 0.211 0.000 0.122
Twitter 0.144 0.556 0.089 0.200
WordPress 0.056 0.078 0.022 0.133
Weight 0.139 0.065 0.124 0.109

Please cite this article in press as: Kang, D., & Park, Y. Review-based measuremen
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Qi value of each service was calculated using each v value as
v = 0, v = 0.5, and v = 1. According to Table 6 and Table 7, the
momentous criterion (Search (C7) and Touch (C8)) for improving
customer satisfaction with the mobile application services could
be found from the Ri values. Besides, it was also found that Google+
and WordPress need to improve service performances for each cri-
terion according to the ranking of the Ri values. Thus, to improve
customer satisfaction, each mobile application service must ini-
tially pay attention to search (C7) and touch (C8). If a decision ma-
ker sets the v values as v = 1, the Qi values of each mobile
application service, Buimp, Facebook, foursquare, fring, Google+,
Skype, Twitter, and WordPress, are 0.662, 0.392, 0.857, 0.705, 1,
.728, 0, and 0.767, respectively. Therefore, the ranking of the 8 mo-
bile application services is Twitter > Facebook > Bump > fring >
Skype > WordPress > foursquare > Google+. If the decision maker
sets the v values as v = 0.5, the Qi values of each mobile application
service, Buimp, Facebook, foursquare, fring, Google+, Skype, Twit-
ter, and WordPress, are 0.831, 0.437, 0.761, 0.852, 0.950, 0.864, 0,
and 0.883, respectively. In this case, the ranking order of the 8
C5 C6 C7 C8 C9

0.044 0.033 0.033 0.611 0.044
0.033 0.033 0.044 0.789 0.033
0.022 0.033 0.056 0.311 0.022
0.056 0.033 0.033 0.289 0.033
0.033 0.033 0.044 0.178 0.033
0.033 0.067 0.033 0.456 0.044
0.044 0.033 0.067 1.000 0.033
0.056 0.044 0.033 0.256 0.033
0.182 0.171 0.082 0.058 0.070
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Table 6
Scores of wjðf �j � fijÞ=ðf �j � f �j Þ.

C1 C2 C3 C4 C5 C6 C7 C8 C9

Bump 0.082 0.046 0.055 0.031 0.046 0.065 0.182 0.081 0.000
Facebook 0.037 0.004 0.000 0.000 0.093 0.065 0.122 0.044 0.054
Foursquare 0.045 0.047 0.023 0.078 0.139 0.065 0.061 0.143 0.109
Fring 0.059 0.043 0.039 0.023 0.000 0.065 0.182 0.148 0.054
Google+ 0.067 0.056 0.047 0.124 0.093 0.065 0.122 0.171 0.054
Skype 0.074 0.042 0.070 0.054 0.093 0.000 0.182 0.113 0.000
Twitter 0.000 0.000 0.008 0.000 0.046 0.065 0.000 0.000 0.054
WordPress 0.059 0.058 0.055 0.047 0.000 0.043 0.182 0.155 0.054

Table 7
Q values and ranking.

Si Ri Qi (v = 1) Rank Qi (v = 0.5) Rank Qi (v = 0) Rank

Bump 0.587 0.182 0.662 3 0.831 4 1.000 5
Facebook 0.419 0.122 0.392 2 0.437 2 0.482 2
Foursquare 0.710 0.143 0.857 7 0.761 3 0.665 3
Fring 0.614 0.182 0.705 4 0.852 5 1.000 5
Google+ 0.799 0.171 1.000 8 0.950 8 0.901 4
Skype 0.629 0.182 0.728 5 0.864 6 1.000 5
Twitter 0.174 0.065 0.000 1 0.000 1 0.000 1
WordPress 0.653 0.182 0.767 6 0.883 7 1.000 5
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mobile application services is Twitter > Facebook > foursquare >
Bump > fring > Skype > WordPress > Google+. Finally, in the case of
v = 0, the Qi values are ranked as follows: Twitter > Facebook > four-
square > Google+ > Bump, fring, Skype, and WordPress, and the Qi

values are 1, 0.482, 0.665, 1, 0.901, 1, 0, and 1, respectively. From this
result, the Twitter mobile application service, scoring high customer
satisfactions for the various criteria, can be considered as a bench-
marking mobile application service for improving customer satisfac-
tion with other mobile application services.

4.5.2. Interpretation of results and sensitivity analysis
Meanwhile, if the v value is 0, the v Si�S�

S��S�

h i
term in Eq. (4)

becomes 0. Thus, the Qi value is affected, absolutely, only by the
Fig. 5. Sensitivi
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Ri value. This fact reveals which criterion should be considered
momentously to improve customer satisfaction. From this, one
can obtain guidelines for identification of areas for improvement
in specific aspects of a service operation. For example, most of
the mobile application services require improvement of service
performance for search (C7) and touch (C8) with reference to Ta-
ble 6 and the Ri values in Table 7. Additionally, interface (C2) and
message (C4) do not need much improvement in most of the ser-
vices. Also, although Twitter does a good job in terms of most of
the criteria, post (C6) should be improved.

Lastly, this study also conducted a sensitivity analysis to rank
the influence levels of the v values, as shown in Fig. 5. The
rankings of Twitter and Facebook were not at all affected by
ty analysis.
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the v value. This means that Twitter and Facebook enjoy high
customer satisfaction in terms of both maximum group utility
and minimum individual regret. On the other hand, the rankings
of Google+ and foursquare were improved according to decreases
of v value. This fact reveals that Google+ and foursquare have
higher customer satisfaction when one focuses on minimum indi-
vidual regret. Also, the rankings of Bump, fring, Skype, and Word-
Press were high when the v value was large, indicating that their
rankings were increased when the importance of maximum group
utility was increased. In other words, they scored high customer
satisfaction levels when maximum group utility was considered
to be important.

5. Conclusions

This study proposed a framework for measuring customer satis-
faction in mobile services based on analysis of customer reviews.
We presented the technique of sentiment analysis by VIKOR, which
entails two main consecutive stages: data collection and prepro-
cessing, and measurement of customer satisfaction. By integrating
the strength of sentiment analysis and VIKOR, the proposed ap-
proach measures customer satisfaction using actual customer re-
views. The results of an empirical case study on mobile
application services are presented herein to illustrate the effective-
ness of the proposed approach.

The contribution and potential utility of this methodology is two-
fold. First, traditionally, measurement of the customer satisfaction
was conducted using customer surveys. In collecting useful informa-
tion, much time and effort necessarily is spent. To solve this problem,
the proposed approach measures the level of customer satisfaction
semi-automatically using sentiment analysis. According to effective-
ness, the proposed approach can have similar effects of customer
survey which contains customers’ view because review documents
that are written by customers are utilized in this study. Thus, it
can be the basis of further studies that use customer reviews to ex-
tract information on customer satisfaction. Second, this study used
the MCDM approach, which, significantly, can consider several attri-
butes simultaneously. Notably moreover, VIKOR can provide infor-
mation on customer satisfaction by considering both maximum
group utility and individual regret. The focus of this study was not lim-
ited to the means of measuring customer satisfaction; rather, the
proposed approach provides guidelines for identification of areas
for improvement in specific aspects of service operation.

Despite all the advantages and possibilities of the proposed ap-
proach, it has several limitations that suggest paths for our future
research. First, this study used basic techniques of sentiment anal-
ysis in formulating the framework for measurement of customer
satisfaction presented herein. Therefore, the proposed approach
can and should be improved by incorporating more advanced tech-
niques of sentiment analysis. Second, the reliability of the results of
the empirical case study presented in these pages was not vali-
dated. To that end, a comparative analysis with other MCDM meth-
ods should be conducted. Finally, the kind of case study conducted
in the present research should be carried out for additional mobile
services as well.
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