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A B S T R A C T   

Determining the best way to measure level of customer satisfaction (LCS) with service quality and its de
terminants has been a matter of concern for both practitioners and researchers. This is especially so, as LCS can 
be used to retain customers, sell products and services, improve the quality and value of offers and ensure more 
efficient and economical operating. The present study proposes a new LCS evaluation methodology that com
bines data envelopment analysis (DEA) with text mining to analyze online textual reviews. The proposed 
methodology identifies, from online reviews using a term-frequency–inverse document frequency (TF-IDF) al
gorithm, multiple satisfaction metrics that significantly affect customers’ service experience, quantifies them by 
sentiment analysis, and evaluates, by a DEA model, service providers’ LCS with respect to those metrics. To 
illustrate the efficacy and applicability of the proposed approach, an empirical case study applying it to the 
world’s top 20 airlines in 2020 was conducted. This study demonstrates how the DEA model can be effectively 
utilized for evaluation of LCS from online textual review data by combining it with the TF-IDF text-mining 
technique.   

1. Introduction 

Customer satisfaction (CS) is one of the most important sources of 
competitive advantage in service industries, and service quality has an 
important influence on CS (Martín-Cejas, 2006). The marketing litera
ture suggests that the long-term success of a firm is clearly based on its 
ability to rapidly respond to changing customer needs and preferences 
(Webster Jr, 1992). A key motivation for the increasing emphasis on CS 
is that higher CS can lead to a stronger competitive position and higher 
market share and profitability for firms (Yang et al., 2009). During the 
past two decades, determining the best way to measure the level of CS 
(LCS) and its determinants with respect to the quality of service pro
vided has been a matter of concern for both practitioners and re
searchers, since higher CS levels can be leveraged to retain customers, 
sell products and services, improve the quality and value of offers, and 
ensure more efficient and economical operating. The LCS in many ser
vice industries might be measured in various ways for different cus
tomers, as different customers have different perceptions of the same 
service quality. 

Many customers nowadays refer to various websites and social- 
media outlets when preparing consumption, and those communication 
channels become popular as increasing numbers of users share their own 

experiences in online reviews. Online reviews, which can share infor
mation on various products with many customers, are typically known 
to reflect experienced CS and to have a stronger influence on purchasing 
decisions for consumers than offline information (Yoon & Ha, 2010). In 
general, customers can use online reviews to support their purchase 
decisions, and service providers can understand customers’ current 
perceptions and utilize the knowledge of their preferences in product 
improvement, marketing, and customer relationship management 
(Somprasertsri & Lalitrojwong, 2010). More specifically, according to 
Gremler et al. (2001), Peterson and Merino (2003), and Hennig-Thurau 
et al. (2004), positive reviews, such as compliments or explanations of 
useful points, have a positive effect on CS, which subsequently lead to 
purchases, while negative reviews, such as dissatisfaction with the 
product, have a negative effect on purchases. Based on the above 
argument, CS in this study was judged based on the principle that “the 
higher the positive opinions from online reviews, the higher the CS.” As 
online review platforms have become increasingly widespread in recent 
years, customer-generated content in the form of online reviews has 
explosively proliferated (Mariani & Borghi, 2018). For instance, the 
number of online reviews on TripAdvisor increased from 200 million in 
2014 to about 859 million in 2019. Online reviews have generated a 
paradigm shift in the way that consumers share their experiences as to 
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the positive and negative aspects of a given service online; such reviews 
are used as important information for new customers in making pur
chase decisions as well as for business managers seeking to understand 
current customer perceptions of their service provision. Archak et al. 
(2011) and Ghose & Ipeirotis (2011) have shown strong evidence that 
online reviews affect consumer purchasing decisions and are an 
important means of analyzing customers’ requirements for, and evalu
ating their satisfaction with, product or service-quality. 

Despite the increasing role that online reviews play in representing 
more effective and realistic customer opinions, and the empirical evi
dence that social media rating is a more significant predictor than the 
traditional customer, many studies still utilize offline data obtained from 
customer interviews or questionnaire-surveys (i.e. SERVQUAL/SERV
PERF) in measuring LCS for service providers. However, interview- or 
questionnaire survey-based CS measurement has two major drawbacks 
in that 1) the capacity to collect various opinions is limited due to data 
sampling and pre-defined question contents by the investigator (i.e. the 
sample size and survey methods must be selected to ensure it is repre
sentative of customers), and 2) it cannot quickly identify the real-time 
requirements of consumers, given the significant amount of time 
required to gather and analyze opinions (Gordon, 2008). Recently, on
line reviews have been attracting attention as fundamental data sources 
for measurement of service providers’ LCS, because they can collect 
multifaceted information on products from various customers in a short 
time and at a relatively low cost. Above all, online reviews, as they are 
written voluntarily by actual customers, contain less distortion as to 
customers’ practical service experience (Gan et al., 2016). Although 
some studies have utilized the service rating score (a quantitative score 
measured by customers on a 5- or 10-point scale for each predefined 
service factor) for CS evaluation, its use for CS evaluation has several 
limitations. The service rating score does not include the various and 
specific feelings, expressions, and opinions of customers that are often 
expressed in online reviews, and consequently, it may not give the 
discriminative power to the LCS between service providers. The service 
rating score from the TripAdvisor website was surveyed in five-star 
hotels in Korea to examine this. 18 hotels among them have the same 
service rating score of 4.5 points (5-point scale), so it was not possible to 
strictly distinguish the LCS difference between these hotels with only the 
service rating scores. In addition, many online travel agencies such as 
TripAdvisor predefine key service attributes (e.g., lodging charges, 
location, staff kindness, facilities, etc.) for their own service rating sur
vey or evaluation, but these service attributes may not reflect the sub
jective attributes that customers consider important for service 
satisfaction evaluation. The motivation of this study stems from the need 
for a method to evaluate the level of discriminatory CS by reflecting the 
realistic and diverse opinions of customers. 

The aim of this paper is to propose a new LCS evaluation method
ology that combines a data envelopment analysis (DEA) model with a 
text-mining technique in order to analyze online review text data. More 
specifically, the proposed methodology uses a term-frequency–inverse 
document frequency (TF-IDF) algorithm to identify, from online re
views, multiple satisfaction metrics that significantly affect customers’ 
service experience, quantifies them using sentiment analysis, and, 
finally, evaluates the LCS of the service providers with respect to mul
tiple satisfaction metrics using the DEA model. To demonstrate the ef
ficacy and applicability of the proposed approach, an empirical case 
study applying it to international aviation was conducted. The main 
contribution of this study is its demonstration of how the DEA model can 
be effectively utilized with text mining (i.e., TF-IDF algorithm and 
sentiment analysis) to evaluate LCS from online textual review data. 
Although a few studies have utilized online reviews for CS-related pur
poses such as determinants identification of CS from online reviews 
(Hsu, 2008; Li et al., 2013; Zhao et al., 2019; Baydogan & Alatas, 2019) 
and CS analysis (Ba & Johansson, 2008; Ramanathan et al., 2017; Sari 
et al., 2019), they did not provide any systematic decision-making 
method for evaluation of LCS among service providers. The approach 

proposed herein is, to our best knowledge, the first of its kind. 
The rest of this study is organized as follows. Section 2 discusses the 

contributions of this study in the context of the previous achievements in 
the literature. Section 3 introduces the component methodologies of the 
proposed methodology. Section 4 provides various analysis results based 
on examination of real-world data using the proposed methodology. 
Section 5 discusses the implication of this study. Section 6 draws 
conclusions. 

2. Literature review 

Online reviews, which can share information about various products 
with many customers, have a stronger influence on purchasing decisions 
for consumers than offline information (Yoon & Ha, 2010), and it is 
useful for service providers to utilize the knowledge of customer’s cur
rent perceptions and preferences in product improvement, marketing, 
and customer relationship management (Somprasertsri & Lalitrojwong, 
2010). In the literature on online review analysis, most of the studies 
focus on the improvement of text-extracting techniques to derive in
formation from in more effective and efficient ways (Zhan et al., 2009; 
Yi & Niblack, 2005; Lee & Bradlow, 2011). A few studies have been 
carried out on subjectivity analysis and sentiment analysis (Pang et al., 
2002; Arora et al., 2009) of online customer reviews. Also, some re
searchers have focused on the investigation of the relationship between 
product review content, conceptual cues, and review helpfulness (Ghose 
& Ipeirotis, 2011). Additionally, other studies have utilized sentiment 
analysis for new product development in the cosmetic industry (Had
dara et al., 2019) and for measurement of quality satisfaction with 
mobile services (Kang & Park, 2014). 

Customer satisfaction (CS) is defined as “a person’s feelings of 
pleasure or disappointment that results from comparing a product’s 
perceived performance or outcome with his/her expectations” (Kotler & 
Keller, 2009). CS is the leading criterion for determining the quality that 
is actually delivered to customers through the product/service and by 
the accompanying servicing. In short, CS is important to all commercial 
firms owing to its influence on repeat purchases and word-of-mouth 
(WOM) recommendations, both positive and negative (Abubakar & 
Mavondo, 2014). The best known and most widely applied technique is 
the SERVQUAL method (Parasuraman et al., 1988). The SERVQUAL 
method introduced the concept of CS as a function of expectations (what 
customers expect from the service) and perceptions (what customers 
receive), and defined 5 service quality dimensions, namely tangibles, 
reliability, responsiveness, assurance, and empathy, along with 22 items 
for measurement of service quality. To the existing literature on CS, a 
number of both national and international indexes based on customer 
perceptions and expectations have been introduced. Some of those CS 
indexes were designed according to the determinants or configuration of 
a satisfaction index such as the Swedish Customer Satisfaction Barom
eter (SCSB), the American Customer Satisfaction Index (ACSI), the 
Norwegian Customer Satisfaction Barometer (NCSB), and the European 
Customer Satisfaction Index (ECSI) (Bayraktar et al., 2012). All of the 
other models are based on the same concepts, but differ from the orig
inals regarding the variables considered and the cause-and-effect re
lationships applied. The models from which these indexes are derived 
have a very complex structure. More recently, indexes based on discrete 
choice models and random utility theory such as Service Quality Index 
(SQI) have been introduced. SQI is calculated according to the utility 
function of a choice alternative representing a service (Hensher & 
Prioni, 2002). For SQI calculation, the user makes a choice between the 
habitual service, which is described by the user by assigning a value to 
each service aspect, and hypothetical services, which are defined 
through Stated Preferences (SP) techniques by varying the level of 
quality of aspects characterizing the service. 

There have been several studies entailing CS analysis or measure
ment of LCS utilizing online reviews. Hsu (2008) proposed, for online CS 
purposes, an index adapted from the American Customer Satisfaction 
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Index (ACSI). His approach allowed the online retailer to understand the 
specific factors that significantly influence overall CS by reading causal 
relationships on a strategic management map in an electronic-customer 
satisfaction index model. Li et al. (2013) identified determinants of CS in 
the hospitality inductry through an analysis of online reviews. They 
demonstrated that transportation convenience, food and beverage 
management, convenience to tourist destinations and value for money 
are factors that customer booking both luxury and budget hotels 
consider important. Zhao et al. (2019) predicted overall CS using the 
technical attributes of online reviews and customers’ involvement in the 
review community. They found that a higher level of subjectivity and 
readability and a longer length of textual review lead to lower overall 
CS, that a higher level of diversity and sentiment polarity of textual 
review leads to higher overall CS, and that customers’ review involve
ment positively influences their overall satisfaction. Baydogan and 
Alatas (2019) identified CS in comments made on products or services 
using various Natural Language Processing and Machine learning 
methods. Ba and Johansson (2008) proposed viewing the interface be
tween online buyers and sellers through the lens of service management 
to identify possible determinants of online CS. They found that as the 
electronic service delivery system process improves, a customer’s 
perception of the website’s ease of use increases, leading to increased 
service value and perceived control over the process, which increases 
CS. Also, they found that the technological capabilities embedded in 
website processes are an important factor in determining service quality 
and ultimately online CS. Ramanathan et al. (2017) employed a survey 
questionnaire method to elicit opinions on retail CS based on social 
media reviews, service operations and marketing efforts. They found 
that social media reviews dramatically impact CS, and their empirical 
analysis identified the significant and positive effects of service opera
tions on CS levels. Sari et al. (2019) analyzed CS sentiment regarding 
online transporatation in Indonesia using public opinion as expressed on 
Twitter. They used the Naive Bayes method to classify positive, neutral 
and negative sentiments from tweets that had been published on twitter 
by customers. 

To sum up this literature review, most studies related to CS 

estimation from online reviews have focused on automatic processes 
and/or algorithms for extraction of online reviews from online websites. 
Although a few studies have conducted determinants identification or 
polarity analysis of CS from online reviews using sentiment analysis, 
they did not deal with evaluation of CS among service providers from the 
multiple service dimension perspectives. Although the DEA model has 
been utilized to evaluate CS with service providers for the purpose of 
object weight assignment to reflect the relative significances of decision- 
making units (Mariani & Visani, 2019), customers’ opinions had been 
collected not by online review analysis but by questionnaire survey. 
Questionnaire-survey-based data collection, as noted above, has some 
drawbacks in that it is limited in collecting various opinions, and it 
cannot quickly identify the real-time requirements of consumers (Gor
don, 2008). Main difference between the relevant previous studies and 
the present one is that the latter focuses on provision of a coherent 
analysis construct for evaluation of LCS among service providers that 
derives customer perceptions from online reviews through a combina
tion text-mining/DEA method. 

3. Proposed methodology 

Fig. 1 shows the proposed methodology, which is realized in the 
sequence of online review extraction, satisfaction metrics identification, 
satisfaction metrics quantification, and LCS evaluation. The online re
view extraction, satisfaction metrics identification, and satisfaction 
metrics quantification parts are the preliminary stage, while the CS 
evaluation part forms the backbone of the methodology. 

The online review extraction part (Section 3.1) extracts customer 
reviews for each service provider from posting websites and cleans them 
for more highly accurate analysis. These reviews are used as the data 
source for LCS evaluation. As mentioned, the proposed methodology 
applies the DEA model in LCS evaluation, and DEA evaluates the per
formance of decision-making units according to input and output factors 
(i.e., performance measures). In DEA, input and output factors are 
generally determined by evaluators or decision makers. In our case, 
however, they are determined by deriving key service attributes from 

Fig. 1. Proposed methodology.  
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the reviews. The satisfaction metrics identification part (Section 3.2) 
corresponds to the selection of input and output factors in DEA. The key 
service attributes, which represent the specific CS indicators, are derived 
by applying text-mining techniques such as term-frequency–inverse 
document frequency (TF-IDF). The reviews of each service provider are 
categorized by a clustering algorithm according to the key service at
tributes. We note that each cluster corresponds to a satisfaction metric 
(the same meaning as performance measures in DEA), which are used as 
the output factors in the DEA model; consequently, the number of 
clusters determines the number of satisfaction metrics. To quantify the 
satisfaction metrics, the satisfaction metrics quantification part (Section 
3.3) computes the satisfaction score for each cluster through the senti
ment analysis, which score is applied as the satisfaction metric value. 
The LCS evaluation part (Section 3.4) evaluates the LCS of each service 
provider through the DEA model by processing the satisfaction metrics 
as output factors. 

3.1. Online review extraction 

The customer reviews for each service provider are extracted from 
online review websites. Most online reviews are textual. Xiang et al. 
(2015) noted that in order to secure the validity of the text-data analysis 
results, it is necessary to refine the text-data by removing unnecessary 
words and synchronizing similar-meaning words. Ramadan et al. (2019) 
argued that words with the same meaning have to be unified into one 
word to increase the accuracy of the analysis. Thus, the extracted online 
reviews are pre-processed by removing numerous types of stop-word 
morphemes, such as special characters (e.g., %,!, @, *, #, etc.) and 
unclarified numbers, and by making consistent same-but-different ex
pressions with errata (e.g., “checked-out,” “check out,” and “checking- 
out”) into the same expression (e.g., “check-out”). In general, a single 
review contains a number of sentences even on the same subject, and a 
single sentence may include multiple opinions even of the same entities. 
Thus, for a more fine-grained view of the different opinions as well as for 
derivation of the various feelings from reviews, we break down the re
views to the sentence level (Karamibekr & Ghorbani, 2013). Sentences 
are identified by recognizing characters and tabs (e.g.,!,?, ‘…’, ~, etc.). 

3.2. Satisfaction metrics identification 

The refined reviews are categorized into several clusters according to 
the key service attributes. The service attributes, which are evaluation 
indicators of CS, may vary depending on the type of service. For 
example, according to Sainaghi et al. (2019), CS with the service quality 
of a hotel is addressed by service attributes such as ‘service products’ (e. 
g., cleanliness, comfort, tangibility, and room amenities), ‘staff’ (e.g., 
reliability, responsiveness, assurance, and empathy), and ‘hotel traits’ 
(e.g., facilities, ambiance, certification, size, and location). In other 
words, ‘service products’, ‘staff’, and ‘hotel traits’ can be the key service 
attributes that determine the satisfaction with a hotel’s service quality. 

The well-known TF-IDF algorithm is used to discover a number of 
key service attributes from reviews. The TF-IDF provides the statistical 
information required for evaluating the importance of words based on 
frequency, both document- and text-wise (Salton & Buckley, 1988), and 
the TF-IDF result shows that words having high weightage scores have a 
high frequency of occurrence in all reviews. From the TF-IDF result, the 
words are ranked in descending order from those having the highest 
weightage to those having the lowest weightage. In general, since the 
key service attribute is the object or outcome of service satisfaction, the 
words that are emotional expressions (e.g., good, happy, wonderful, or 
unpleasant) are excluded. We apply the concept of Pareto analysis to 
derive the key service attributes from the words having the higher 
weightages. A Pareto analysis helps to identify the top portion of causes 
that need to be addressed to resolve the majority of problems. It ranks 
the data classifications in descending order from the highest frequency 
of occurrence to the lowest. The ‘vital few’ items occupy a substantial 

portion (80 percent) of the cumulative percentage of occurrences, and 
the ‘useful many’ occupy only the remaining 20 percent of occurrences. 
From the words derived from the Pareto analysis, the words with similar 
meanings are grouped as key service attributes. For example, words with 
similar meanings such as ‘food’, ‘drink’, ‘dinner’, ‘breakfast’, and other 
subsidiary meal services are grouped and are determined as a key service 
attribute. Note that this means that one key service attribute may 
include a plurality of words with similar meanings. 

Then, the reviews of each service provider are classified based on the 
key service attributes. For a specific illustration of the clustering process, 
let k, i, j be each index of key service attributes, sentences, and service 
providers, respectively. The clustering procedure searches to determine 
whether the set of words having a similar meaning to that of the kth key 
service attribute exist in the ith sentence of reviews for the jth service 
provider. If a similar-meaning word grouped into the kth key service 
attribute matches one of the words in the ith sentence of reviews for the 
jth service provider, the sentence is clustered into a cluster, Gkj. This 
procedure iterates over all service providers. Consequentially, each 
service provider has as many clusters as the number of key service at
tributes, and each cluster consists of a set of sentences including words 
grouped into the corresponding key service attribute. For example, as
sume that the words ‘food’, ‘drink’, ‘dinner’, and ‘breakfast’ are grouped 
into one key service attribute named ‘Food’, and assume also that there 
is a review consisting of the following 3 sentences: ‘Breakfast was 
fantastic’, ‘And, the staff were friendly’, ‘However, I feel the price is too 
high’. Since the sentence ‘Breakfast was fantastic’ contains the word 
‘breakfast’, it is classified as one group corresponding to the key service 
attribute named ‘Food’. 

3.3. Satisfaction metrics quantification 

As noted, in evaluation of LCS by DEA, the clusters correspond to the 
satisfaction metrics. In order to quantify the satisfaction metrics, we 
compute the satisfaction score in each cluster through polarity identi
fication applying sentiment analysis and use it as the value of satisfac
tion metrics. The sentiment analysis is defined as the task of finding 
opinions, such as perceptions and emotions, of authors about specific 
entities (Gundecha & Liu, 2012). With the constant increase of infor
mation in terms of opinions, emotions and feelings, sentiment analysis 
has attracted more and more interest from the scientific community 
(Liang & Dai, 2013). Note that the present study utilized, among the 
various sentiment analysis methods, a sentiment-lexicon-based senti
ment analysis algorithm that determines the polarity (positive, negative 
or neutrality) of each sentiment expression by comparing it with the 
sentiment-lexicon resource. This method is the most commonly applied 
to the various domains, owing to its relatively simplicity and ease of 
implementation (Ding et al., 2008; Feldman, 2013). The sentiment- 
lexicon-based algorithm is, indeed, very simple. It detects the numbers 
of positive and negative words in each sentence by comparing them with 
the positive and negative lexicons in the sentiment-lexicon resources, 
and then determines the polarity of sentence; as a result, all sentences in 
each cluster are determined as either positive, negative, or neutral. 

For a specific explanation of polarity identification by sentiment 
analysis, let Lp and Ln be a set of positive and negative lexicons in the 
sentiment-lexicon resources, respectively, and let Si be the ith sentence in 
a review. Each sentence is determined as positive, negative, or neutral 
by S*

i = wp
i − wn

i , where wp
i is the number of positive words found in Si 

compared with Lp, and wn
i is the number of negative words found in Si 

compared with Ln. If S*
i >0, Si is regarded as positive, and in the opposite 

case, it is regarded as negative; if equal (neither greater nor less than), Si 
is neutral. To aid understanding, consider the following example review: 
“My friend took me to the restaurant. The facilities were good. But the food 
was terrible”. The review is split into three sentences by periods. Assume 
that sets of {‘good’} and {‘terrible’} are counted as positive and negative 
lexicons in the sentiment-lexicon resource, respectively. The first 
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sentence is regarded as neutral (S*
1 = 0), the second sentence is regarded 

as positive (S*
2 > 0), and the third sentence is regarded as negative 

(S*
3 < 0), respectively. As a result, this review contains one positive 

sentence, one negative sentence, and one neutral sentence. 
Based on the polarity analysis results, the satisfaction score is 

calculated as Scrj = Np
rj/

(
Nn

rj +Nne
rj

)
, where Np

rj, Nn
rj, and Nne

rj are the ag

gregation of the number of sentences regarded as positive, negative and 
neutral in the rth cluster of the jth service provider, respectively. A higher 
satisfaction score indicates a higher proportion of positive opinions 
among all, and thus represents a higher CS in the rth satisfaction metric 
of the jth service provider. In particular, when the satisfaction score is 
greater than 1, the positive opinions in the rth satisfaction metric are 
superior to the sum of the rest (negative and neutral); it also represents 
that the CS in the rth satisfaction metric is relatively higher than 
dissatisfaction or other opinions. 

3.4. Levels of customer satisfaction (CS) evaluation 

The proposed methodology considers multiple satisfaction metrics in 
evaluating LCS; thus it can be considered to be a multi-criteria decision- 
making (MCDM) problem. One key issue in MCDM is how to aggregate 
multiple metrics into a single measure in a proper manner by choosing a 
set of reasonable weights on multiple metrics. The DEA approach pro
vides a way to systematically choose weights on multiple metrics where 
optimal weights are determined by solving mathematical (typically 
linear) programs. A DEA run determines a performance score for a 
decision-making unit (DMU), and the DEA can rank DMUs according to 
their performance scores. Basically, DMUs in DEA correspond to mul
tiple alternatives in MCDM; input and output factors in DEA correspond 
to multiple performance metrics in MCDM, and the notion of perfor
mance in DEA corresponds to that of convex performance of MCDM 
(Bouyssou, 1999; Ramanathan, 2006). When DEA is used as an MCDM 
technique, it can be called multi-factor performance-measurement 
model. 

Note that all satisfaction scores for satisfaction metrics are assumed 
to be positively related to LCS; that is, the larger the level of a service 
provider in terms of these satisfaction scores, the more likely it is to have 
a higher LCS. This assumption renders a DEA model as an output- 
maximizing multiplier with multiple outputs and without consider
ation of inputs. Thus, the proposed methodology uses the following 

model (1) by taking the service providers as DMUs and considering only 
the values of satisfaction metrics as outputs: 

LCSk = Max
∑s

r=1
urkScrk

s.t.
∑s

r=1
urkScrj ≤ 1, j = 1,⋯, n

urk ≥ 0, ∀r

(1)  

where Scrk is the value of he rth satisfaction metric of the evaluated 
service provider k, and urk is the weight given to the Scrk. The weighted 
additive function, LCSk, aggregates the service scores of multiple satis
faction metrics, and its optimal value is used as the LCS for an evaluated 
kth service provider. The function is maximized under the condition that 
the weighted sum of the satisfaction scores for each service provider, 
computed using the same set of weights, should be less than or equal to 
1. Model (1) is similar to the reduced form of an output-maximizing 
multiplier CCR (Charnes, Cooper and Rhodes) model with multiple 
outputs and without consideration of inputs. Through evaluation by 
model (1), all service providers are classified into two groups based on 
their optimal scores. If a service provider is given an optimal score of 1, 
it is classified as the highest-LCS service provider. Otherwise, it is clas
sified as a relatively lower-LCS service provider that needs to improve its 
customer service satisfaction. 

4. Experimentation 

As a demonstration of the proposed methodology, we apply it to real 
online reviews. The online reviews were extracted for the world’s top 20 
airlines, which had been selected as the best airlines for 2020 by SKY
TRAX (https://www.airlinequality.com). Information on the title and 
content in the review comments was trawled and stored in a temporary 
database. We utilized the R programming language to extract the online 
reviews and conduct the text mining techniques. The process of crawling 
from an online website and building a database from the reviews thus 
obtained was performed using the ‘rvest’ package (https://cran.r-pr 
oject.org/web/packages/rvest/index.html) provided by the R pro
gramming language. The R programming language is an open-source 
software developed by the R Development Core Team of the R Foun
dation for statistical calculations (see (R Core Team, 2016) for more 
details on R programming). 

A total of 22,377 reviews were extracted for the 20 airlines. Pre- 
processing was performed on the reviews by removing special charac
ters, unclarified numbers, making consistent same-but-different ex
pressions with errata into one, and identifying sentences by recognizing 
characters and tabs. After cleaning the reviews, a total of 183,188 sen
tences were extracted as shown in Table 1. 

When applying the TF-IDF algorithm to all of the refined reviews, the 
weightage values were calculated for a total of 987 words. After 
removing emotional and concise expressions, there was a total of 412 
words. The distribution of the 412 words in terms of the percentages of 
TF-IDF scores in descending order, obtained through Pareto analysis, is 
presented in Fig. 2. Eighteen (18) words were selected based on the 
cumulative probability of about 80% (i.e., the summation of their TF- 
IDF scores was 81% of the total score). The four most distinctive key 
service attributes were chosen by categorizing the words with similar 
meanings into the same group. The key service attributes were named 
‘Services’, ‘Foods’, ‘Seats’, and ‘Entertainments’. The key service attri
bute, ‘Services,’ included a number of similar variants, such as service 
(TF-IDF score of 763), crew, cabin, staff, and other subsidiary services. 
The variants for ‘Foods’ were food (745), meal, drink, dinner, tea, stack, 
and other eating-related names. Several monetized representations were 
discovered for ‘Seats,’ including seat (678), space, bag, and luggage. 
‘Entertainments’ represented entertainment (376), screen, wifi, and 
other subsidiary entertainment. 

To verify the results of the categorization of key service attributes, 
we compared them with the results of a topic analysis by utilizing the 

Table 1 
Top 20 airlines ranked by SKYTRAX.  

No. Airline Number of reviews Number of sentences 

1 Qata* 1,777 14,916 
2 Sing* 1,339 10,989 
3 Nipp* 540 4,340 
4 Cath* 1,414 12,474 
5 Emir* 2,132 19,591 
6 Eva_* 621 4,933 
7 Hain* 417 2,934 
8 Qant* 1,592 13,555 
9 Luth* 1,718 13,645 
10 Thai* 925 7,298 
11 Japa* 366 3,014 
12 Garu* 876 6,164 
13 Swis* 835 6,864 
14 Chin* 1,925 13,674 
15 Aust* 582 4,596 
16 AirN* 714 5,907 
17 Bang* 388 2,643 
18 KLM* 1,202 9,944 
19 Brit* 2,234 20,372 
20 AirA* 780 5,335  

Sum 22,377 183,188  
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LDA (Latent Dirichlet Allocation) method. Fig. 3 shows a comparison of 
the 12 words of higher weightage by TF-IDF (presented in Fig. 2) with 
the top 12 words of higher per-topic-per-word probability (called β 
(beta)) as computed by LDA. Refer to Appendix A for details on the LDA 
analysis process and results. In particular, since the purpose was to 

compare the derived key service words with each other, we focused on 
computing the cumulative β of words into the whole topics rather than 
interpreting the topic in the LDA analysis. As shown in Fig. 3, the per
centage rankings of words from TF-IDF and LDA were somewhat 
different, but the distinctive words derived by categorizing the words 

Fig. 2. Percentages of TF-IDF scores for discovered 412 words.  

(a) Results from TF-IDF (b) Results from LDA analysis

Fig. 3. Comparison of results for categorized key service attribute words by TF-IDF and LDA analysis.  

Table 2 
Numbers of sentences categorized into four key service attributes.  

No Airline Numbers of sentences 

Services Foods Seats Entertainments 

1 Qata* 2,964 1,904 1,828 711 
2 Sing* 2,263 1,624 1,373 629 
3 Nipp* 811 648 579 202 
4 Cath* 2,386 1,785 1,634 520 
5 Emir* 4,072 2,489 2,200 924 
6 Eva_* 901 720 611 226 
7 Hain* 640 386 306 174 
8 Qant* 2,730 1,763 1,507 572 
9 Luth* 2,446 1,514 1,769 593 
10 Thai* 1,538 1,107 941 361 
11 Japa* 593 453 384 151 
12 Garu* 1,443 879 590 299 
13 Swis* 1,236 743 941 263 
14 Chin* 2,881 1,855 1,458 815 
15 Aust* 850 591 616 163 
16 AirN* 1,054 651 874 266 
17 Bang* 514 360 204 58 
18 KLM* 1,764 1,060 1,388 372 
19 Brit* 3,758 2,476 2,798 631 
20 AirA* 756 323 618 76  

Mean 35,600 23,331 22,619 8,006  

Table 3 
Satisfaction scores corresponding to four service attributes for 20 airlines.  

No Airline Satisfaction score 

Services Foods Seats Entertainments 

1 Qata*  0.88  1.46  1.51  2.53 
2 Sing*  0.91  1.55  1.81  2.57 
3 Nipp*  0.73  1.46  1.44  1.54 
4 Cath*  0.92  1.60  1.61  2.41 
5 Emir*  0.84  1.41  1.19  2.05 
6 Eva_*  0.80  1.37  1.40  2.95 
7 Hain*  0.90  1.47  1.38  2.09 
8 Qant*  0.96  1.65  1.39  2.91 
9 Luth*  0.98  1.67  1.36  2.59 
10 Thai*  1.02  1.53  1.64  2.24 
11 Japa*  0.80  1.72  1.86  2.33 
12 Garu*  0.92  2.02  1.32  2.68 
13 Swis*  1.03  1.60  1.44  3.30 
14 Chin*  0.90  1.61  1.55  2.62 
15 Aust*  0.91  1.65  1.24  2.60 
16 AirN*  0.94  1.80  1.27  2.08 
17 Bang*  0.80  1.58  1.18  1.19 
18 KLM*  0.95  1.77  1.49  2.57 
19 Brit*  1.15  1.98  1.46  3.38 
20 AirA*  0.93  1.54  1.23  2.00  

Mean 0.91  1.62  1.44  2.43  

J. Park                                                                                                                                                                                                                                            
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with similar meanings into the same group were similar to each other. In 
addition, we assessed the overlap of the top 40 words from TF-IDF and 
LDA analysis. The Jaccard coefficient was used to test the degree of 
overlap between the TF-IDF and LDA analyses. N(Atf − idf ) representing 
the set of words derived from TF-IDF and N(Alda) representing the set of 
words derived from LDA, we calculated the Jaccard coefficient as Model 
(2) and obtained a Jaccard coefficient of 0.84. The higher the Jaccard 
coefficient’s value, the higher the degree of overlap between the two sets 
of words. 

JC =

⃒
⃒N(Atf − idf ∩ Alda)

⃒
⃒

⃒
⃒N(Atf − idf ∪ Alda)

⃒
⃒

(2) 

For the categorizing of the reviews according to the key service at
tributes, a pattern-matching function, namely “match” in the R pro
gramming language (https://stat.ethz.ch/R-manual/R-devel/library/b 
ase/html/match.html), was applied. The sentences in the reviews for 
the 20 airlines were categorized and arranged by the key service attri
butes, as presented in Table 2. The mean of sentences in ‘Services’ 

clusters (i.e., service attribute) was higher than in the other three clus
ters, and it was observed that consumers had more opinions on service 
from cabin crews and staff than from the other service attributes. 

This study used Senticnet 5.0 (https://sentic.net/), commonly 
employed for semantic and polarity analysis of text, for the sentiment- 
lexicon resources. The satisfaction scores corresponding to the four 
clusters are summarized in Table 3. It was observed that the satisfaction 
scores were high in the order of ‘Entertainments’, ‘Foods’, ‘Seats’, and 
‘Services’, on average. Specifically, the customers’ positive opinions on 
‘Foods’, ‘Seats’, and ‘Entertainments’, which had mean satisfaction 
scores higher than 1, were more than the sum of the dissatisfaction and 
neutrality opinions. On the other hand, the customers’ positive opinions 
on ‘Services’ were lower than the sum of the other opinions (negative 
and neutrality). It can be interpreted that the airline manager needs to 
make more efforts toward improving in-flight and ground services in 
order to increase the CS with this service attribute. 

Next, the satisfaction scores of the four clusters were used as outputs 
in model (1). The LCS evaluation results for the 20 airlines are plotted in 

Fig. 4. LCS results for 20 airlines.  

Table 4 
Service improvement guidelines.  

No Airline Required improvement 
(satisfaction score) 

Required improvement 
(positive sentence) 

Target set (No) 

Services Foods Seats Entertain 
ments 

Services Foods Seats Entertain 
ments 

1 Qata*  0.11  0.24  0.18  0.31 174 186 131 62 2, 1 
2 Sing*  –  –  –  – – – – – – 
3 Nipp*  0.16  0.32  0.32  1.06 75 84 76 84 2, 11, 1 
4 Cath*  0.06  0.10  0.10  0.39 75 69 63 59 2, 11, 1 
5 Emir*  0.25  0.47  0.35  1.14 552 486 351 345 2, 19 
6 Eva_*  0.30  0.53  0.13  0.27 150 161 33 15 2, 19 
7 Hain*  0.15  0.33  0.23  0.95 51 51 29 53 2, 19 
8 Qant*  0.14  0.24  0.14  0.30 195 160 88 44 2, 19 
9 Luth*  0.13  0.22  0.17  0.63 161 125 127 104 2, 11, 19 
10 Thai*  –  0.22  –  0.71 – 96 – 79 2, 19 
11 Japa*  –  –  –  – – – – – – 
12 Garu*  –  –  –  – – – – – – 
13 Swis*  0.11  0.37  0.03  0.07 67 105 12 4 2, 19 
14 Chin*  0.08  0.13  0.13  0.23 121 92 74 52 2, 11, 19 
15 Aust*  0.23  0.32  0.24  0.73 102 71 66 33 11, 19 
16 AirN*  0.13  0.19  0.14  1.04 71 44 54 89 12, 19 
17 Bang*  0.34  0.39  0.29  2.15 97 54 27 56 11, 19 
18 KLM*  0.08  0.13  0.11  0.46 72 50 61 48 11, 19 
19 Brit*  –  –  –  – – – – – – 
20 AirA*  0.20  0.41  0.26  1.31 78 52 72 33 2, 19  
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Fig. 4. Five of the airlines, namely Sing*, Thai*, Japa*, Garu*, and Brit*, 
were evaluated as having the highest LCS in terms of the four service 
attributes. The remaining 15 airlines are classified as relatively lower- 
LCS airlines needing to improve their service satisfaction. Specifically, 
the airlines Emir* and Bang* were evaluated to have relatively lower 
LCS, because their satisfaction scores were lower than the mean in all 
four service attributes, as shown in Table 3. The airline with the highest 
LCS is likely to be considered a best-practices airline, and would have a 
high chance of becoming a service-improvement target for airlines with 
lower LCS. 

Conventional DEA can provide service improvement guidelines for 

the relatively lower-LCS airlines to enable them to improve their CS. 
Table 4 shows the service improvement (benchmarking) targets, 
guidelines and number of resources that need to be improved for the 
relatively lower-LCS airlines to be able to reach their improvement 
target. Regarding airline Emit*, whose LCS was 0.77, a service 
improvement target set composed of two airlines, Sing* and KLM*, was 
assigned. Accordingly, it needs to improve its CS by 0.25, 0.47, 0.35, and 
1.14 in the four service attributes, respectively, to reach its target. The 
required amount of improvement for Emit* was highest in the service 
attribute ‘entertainments’, followed by ‘Foods’, ‘Seats’, and ‘Services’. 
Note that the required amount of improvement is a ratio value, not a 
quantitative one. In terms of required positive sentences and quantita
tive values, Emit* should increase the number of positive opinions by at 
least 552, 486, 351, and 345 (sentences) in order to improve its satis
faction scores by 0.25, 0.47, 0.35, and 1.14 in the service attributes of 
‘Services’, ‘Foods’, ‘Seats’, and ‘Entertainments’, while maintaining the 
current non-positive opinions. 

The website arilinequality.com provides a service rating survey sys
tem on a 5-point scale in 0.5-point increments to enable customers to 
record their satisfaction with each of the predetermined five service 
attributes including ‘food&beverage’, ‘inflight entertainment’, ‘seat 
comfort’, ‘staff service’, and ‘value for money. These are similar to the 
service attributes estimated in the present study, except for ‘value for 
money’. Even though airlinequality.com further suggests ‘value for 
money’ as a service attribute, it was found that the number of related 
sentences comprising words such as ‘money’, ‘value’, ‘price’, ‘pricing’, 
and ‘value of money’ was very low (2,015 sentences) relative to the 

Fig. 5. Results of service ratings for 20 airlines from the website, arilinequality.com.  

(a) 26 5-star hotels in South Korea (b) 26 cosmetic brands worldwide

Fig. 6. LCS results of 26 hotels and cosmetic brands.  

Fig. A.1. Result of Perplexity.  
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others (e.g. 35,600 sentences for ‘Services’, 23,331 sentences for 
‘Foods’, 22,619 sentences for ‘Seats’, and 8,006 sentences for ‘Enter
tainments,’ as indicated in Table 2). In the present study, LCS was 
estimated additionally for ‘value for money’, and the result was 
compared with those in Fig. 2. Although there was a slight difference in 
the LCS scores for Aust* and Qant*, the correlation coefficient was 
estimated to be 0.896, indicating that both LCS scores had considerable 
similarity over the airlines. From this comparison, we could say that the 
minor difference in the number of service attributes had an insignificant 
influence on the estimation of LCS. What is more important, however, is 
that the service rating score was rated quite similar across all airlines in 
Fig. 5, which did not distinguish the differences in the positive feedback 
from customers. The results of the service rating survey system revealed 
the necessity of a more discriminating customer feedback rating for 
airlines. This issue also was raised in a previous study (Fernández and 
Bedia, 2004), which questioned the usefulness of star-ratings as an in
dicator of service quality, and revealed that the service rating survey 
system is in fact not very useful as an evaluation indicator of service 
quality. 

To validate the generalizability of the proposed framework, it was 
applied to the hotel and cosmetic domains, where customer review 
analysis is considered important, and LCS of hotels and cosmetic brands 
was evaluated. A total of 21,014 reviews were extracted from tripad 
visor.com and ebooking.com websites for 26 randomly selected 5-star 
hotels in South Korea, and a total of 8,357 reviews were extracted 
from MakeupAlley for 26 cosmetic brands worldwide, between March 
2021 and February 2023. The five most distinctive key service attributes 
for hotels were identified as facilities, locations, lodging charges, meals, 
and guest service. Similarly, and the five most distinctive key service 
attributes for cosmetic brands were identified as moisturizing ability, 
color, fragrance, formulation, and absorption power. Each of their LCS 
results is shown in Fig. 6. Through the results presented in Fig. 6, it can 
be indirectly inferred that the proposed framework may also be 

applicable and useful in other domains.. 

5. Implications and discussion 

The case study showed that the proposed text-mining/DEA combi
nation method can be effectively utilized to determine LCS from online 
reviews. Above all, the proposed approach provided for a multi-service 
dimension-based LCS evaluation, showing that more sophisticated 
evaluation and analysis than the service rating score provided by many 
websites is indeed possible. Through experimentation, we identified that 
the proposed method discriminates the LCS more strictly in contrast to 
the star-rating survey system of airlinequality.com website was rated 
quite similar across all airlines. And we found that the satisfaction scores 
were high in the order of ‘Entertainments’, ‘Foods’, ‘Seats’, and ‘Ser
vices’ on average, and that customers’ positive opinions on ‘Foods’, 
‘Seats’, and ‘Entertainments’ were more than the sum of the other 
opinions, indicating that airline managers need to make more efforts to 
improve in-flight and ground services to increase CS. In addition, even 
though the arilnequality.com website suggested value for money as a key 
service attribute, we found that customers have few expressions of 
satisfaction or dissatisfaction with this attribute, indicating that the 
website managers need to discuss whether to continue to include the 
attribute value for money as one of the key service attributes. 

The proposed approach can be applied to various service practices, 
though it is important to select proper DEA and sentiment analysis ap
proaches. This study employed only the output-oriented CCR model 
with multiple outputs and a constant input along with sentiment- 
lexicon-resource-based sentiment analysis to evaluate LCS from online 
reviews; there are, however, various DEA models and sentiment analysis 
approaches available. Selecting a proper DEA model and sentiment 
analysis approach according to the specific purpose of the analysis and 
the domain properties may enhance the applicability and diagnostic 
power of the proposed approach. 

Fig. A.2. Top 10 words for each topic when number of topics is 9.  
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Also, the following two issues need to be discussed with regard to 
selection of the appropriate DEA model. First, the weight to be assigned 
to the four service attributes is not absolutely reflected in evaluating 
convinced LCS for all airlines. The main advantage of a general DEA is 
that it does not require information on the weights assigned to the inputs 
and outputs. However, this advantage leads to distorted results via 
assignment of extremely favorable weights to specific inputs or outputs 
for a particular DMU to achieve higher efficiency result. The weights to 
inputs and outputs are chosen in a manner that assigns a best set of 
weights to each DMU to obtain a maximized efficiency score. However, 
if commonly accepted views on the weights of inputs and outputs are 
taken into account, the weight flexibility in DEA leads to unrealistic 
efficiency scores (Allen et al., 1997). Adopting weights-restriction DEA 
models such as assurance regions (AR) would be expected to produce 
more realistic LCS evaluation results by considering the preference of 
weight assignments according to the various service industries 
(Thompson et al., 1986). Second, the efficiency score derived by the 
general DEA model is limited to a maximum of 1, and thus, the general 
DEA models do not allow for ranking of efficient DMUs. Some full- 
ranking techniques have been developed, such as cross-efficiency 
(Sexton et al., 1986) and super-efficiency (Andersen & Petersen, 
1993). Utilizing these models can support more realistic competitiveness 
evaluation by enhancing discriminant power. 

In addition, sentiment analysis can be classified into three categories 
according to the process learning, which are the machine-learning 
approach, the lexicon-based approach, and the hybrid approach 
combining both machine learning and lexicon-based approaches as 
mentioned before. Notably, the lexicon-based approach is divided into 
two parts, a dictionary-based approach and a corpus-based approach, 
which means that positive-ratio results can vary depending on the type 
of sentiment analysis approach applied (Mukwazvure & Supreethi, 
2015). Thus, calculation of more sophisticated and reliable positive- 
ratio results by sentiment analysis needs to be considered in any dis
cussion of the above-mentioned approaches. 

6. Conclusions 

This study derived a new data envelopment analysis (DEA)-based 
level of customer satisfaction (LCS) evaluation methodology based on 
the exploitation of online review text data. The proposed methodology 
quantifies LCS by the term-frequency–inverse document frequency (TF- 
IDF) algorithm, a text-mining technique, according to multiple service 
attributes that significantly affect customers’ service experience; sub
sequently, the LCS of the service providers is evaluated by the DEA 
method. To illustrate the efficacy of the proposed approach, an empirical 
case study applying it to the top 20 global airlines was conducted, the 
results of which indicated how it can effectively utilize online reviews 
for LCS evaluation. In addition, we showed the applicability of the 
proposed approach in examining a benchmark reference set to provide 
service improvement guidelines for the relative lower-LCS airlines. 

The proposed approach is expected to replace the questionnaire 
survey method that has been widely applied by service-provider man
agers for analysis of customer satisfaction (CS) and its improvement. 
Furthermore, we hope that it can be used as a source of fundamental 
data applicable to efforts to improve both airline service competitive
ness and provision of systematic services quality. Despite its valuable 
contributions, this study also has several drawbacks. First, sentiment 
scoring is very sensitive depending on the accuracy of the sentiment- 
lexicon resource applied. Although this study applied the general 
sentiment-lexicon resource widely utilized in other studies, a more 
highly accurate sentiment dictionary will be needed for more sophisti
cated sentiment analysis. Second, this study focused on the LCS evalu
ation from online reviews analysis and did not consider a detailed 
content analysis to deduce the reason of customer’s negative reviews. 
However, as the results of the LCS evaluation must ultimately lead to the 
improvement of the service level of the service providers, a detailed 

content analysis is essential. Both of these issues will be addressed in 
upcoming research. 
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Appendix A 

LDA is a particularly popular method for fitting a topic model; it 
treats each document as a mixture of topics, and each topic as a mixture 
of words. LDA is used to obtain the distribution of the keywords for each 
topic and the distribution of the topics in the text. In general, it needs to 
determine the number of topics for a more reliable analysis result in 
applying the topic analysis. If the number of topics is too many, there is a 
high possibility that excessively subdivided topics will appear, whereas 
if the number of topics is too small, the interpretation of the topic may 
become ambiguous. Among the studies on the determination of the 
number of topics (Cao et al., 2009; Zhao et al., 2015), this study utilized 
the Perplexity method, which has been widely utilized in many studies. 
The topic modeling will be reliable when the number of topics is 
determined at the lower point of the Perplexity index. We set the number 
of topics as 10, according to the lowest value in the Perplexity index 
shown in Fig. A.1. The reason the number of topics was somewhat small 
is that the focus of this case study was limited to customer opinions of 
aviation services. Fig. A.2 shows the sort-out results of the top 10 words 
for each topic. By removing the words related to emotional expressions, 
the topics could be categorized into services of staff, comfort or conve
nience of seats, and quality of food and entertainment. 
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