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We are aim firstly to extract major keywords using text mining method, secondly to identify prominent keyword from the
keywords extracted from text mining analysis, and then to confirm differences in influences of the keywords which affect
corporate performance. Results were as following. First, keywords have been found to show distinctive features. Since the
keywords posted from the clients showed certain tendency, airlines accordingly need service management by identifying the
service property through keyword analysis. Second, prominent keywords have been found out of the keyword extracted from text
mining. Some of the keywords have significantly correlated with marketing performance, but others not. This implies that the
company could uncover consumers’ needs through the prominent keywords and managing the properties related to the
prominent keywords would help with improving corporate performance. Third, “recommend” should be treated distinctively with
“satisfaction” in terms of service management through the keywords. Results suggest strategic implications to the practical
business environment by analyzing keywords around the industry using text mining. We believe this work, which aims to establish
common ground for understanding these analyses across multiple disciplinary perspectives, will encourage further research and

development of service industry.

1. Introduction

With rapid development of Internet environment and mobile
devices, there have been inevitable changes in way of con-
sumers’ communication. Consumers form their own com-
munity connected with SNS, which refers to social
networking service such as Facebook, Twitter, blog, etc. And
those network services are treated as reliable message sources
over the mass media. As social networks have become in-
creasingly influential, and consumers exploit much WOM
information through the social network, the information of
online communication from social network plays a critical
role in purchase decision making [1]. Moreover, when it is
said that traditional WOM communication is implicit or
personal, online WOM is more open and collective. Due to
the characteristics of the social network, reach of the in-
formation is more extensive and the speed of the information

is also even faster. Importance of active responses to con-
sumers’ online WOM, therefore, increases in government and
social organization as well as corporations.

In this context, online review that consumers produce on
SNS can be influential means to grasp a tendency of con-
sumers WOM and recommendation. Consumers, for in-
stance, even read product review to buy a book, which
belongs to the section of experiential products. Preceding
researches on online review data mainly hire survey method
or text mining method [2]. Survey method is used since it
gets direct and clear opinions from consumers, but is limited
to collect a variety of consumers’ opinions and latent
opinions. On the other hand, using the text mining method,
the limitation of survey method can be overcome by col-
lecting practical opinions from consumers, and through
refining data sourced from online, it can also help with
deducing consumers’ underlying latent opinions as well.
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Text mining, on the other hand, is a method of extracting
unknown and valuable information from randomly orga-
nized text data [3]. Thus, it is described as an automated tool
that extracts undisclosed information from text data which
are of unstructured format such as mail, reviews, web
documents, video clips, or images [4]. Recently, major
statistical packages and data mining programs include text
mining function to facilitate or simplify the analysis process
of those kinds of unstructured data. They provide with
function of preprocess to conduct text mining and function
of summarizing and categorizing to identify the pattern of
the data, but also provides with a variety analysis function of
associate analysis, cluster analysis, etc.

It is important to reduce data in handling big data. Large
data are not necessarily required to discover important
implications. The important thing is the appropriate data.
The academic significance of our research is to derive ways to
reduce to appropriate data. Current text mining method
tends to complement these limitations, accordingly useful to
deduce managerial implication on practical decision-making
[5]. In this context, by firstly deducing major variables based
on the keywords extracted by text mining to reduce large
data that is not necessary to discover important implication,
and secondly combining them with items in questionnaire,
this research will help with suggesting practical implication
in the context of aviation industry.

2. Related Works

2.1. Text Mining. Text mining refers to automated methods
that extract undiscovered and valuable information from
unstructured text by categorizing or structuralizing the text
[6]. By extracting information from big data in a variety of
field, connectivity within information will be uncovered.
This overcomes limitations occurred by simple data analysis
and enables to identify underlying meanings from massive
text data. In this point, the importance of these methods
increases in terms of that the method can be utilized for
suggesting practical future strategies.

Through the method of text mining, researchers would
take advantage of not only extracting concepts of the text,
but also identifying relationship with other concepts and
visualizing the relationship among the concepts. Current
content analysis relies on items that researchers have ar-
bitrarily selected; accordingly, extensive analysis on gathered
data, therefore, is limited, and also external validity is not
secured since it relies on coders of the data. Text mining,
however, has been considered to surpass the limitation of
traditional content analysis and used in a variety of fields
using big data analysis, social network analysis, consumer
product review analysis, and other useful methods. In other
words, text mining extracts the appropriate variables to limit
the breakdown of content analysis. Netzer et al. [7] examined
the relationship between automobile brands through text
mining and analyzed the market structure using the mul-
tidimensional scaling method. In addition, Mostafa [8] has
classified the lexicon through 3D Map in the research that
confirmed the brand sentiments of famous brands such as
Nokia, IBM, and DHL through social network text mining.
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Text consists of words, and analyzing text can be de-
scribed as analyzing relationship among the words. In terms
of it, text network analysis is also called semantic network
analysis. That is to say, depending on the research, it can be
called networks of words, network text analysis, semantic
nets, networks of concepts, networks of centering words, text
network analysis, or semantic networks [9].

Text network analysis, as mentioned above, comple-
ments the limitation of traditional content analysis, and
extracts underlying meaning that the text delivers. More-
over, the pattern of text can be structurally analyzed to
identify the relationship among the meanings and the re-
lationship accordingly can be visualized through the analysis
[10]. Text mining process has two phases including the data
process phase and data analysis phase. The data process
phase is relevant to data gathering and preprocess, while data
analysis phase is relevant to text analysis that extracts sig-
nificant information from the text, and visualizing in-
formation and extracting knowledge from the former
analysis [6].

Through this process, large-volume data can be made
more data-suitable for analysis, enabling continuous re-
search to compare experiments.

2.2. Consumers’ Evaluation Criteria on Airlines. Aviation
industry can be described as a field where degree of in-
teraction, customization, and labour intensiveness is rela-
tively lower than that of other field [11]. Service, compared
to products, has shown distinctive features of intangibility,
heterogeneity, inseparability, and perishability [12]. In other
words, consumers cannot see or touch purchased “services”.
In addition, production and consumption take place at the
same time, and it cannot be stored, but even extinguishes
once it is unused after production. In that properties of
service, therefore, perceived service evaluation or recom-
mendation can be crucial indicators in the field of aviation
industry. Jia [13] has conducted text mining though a
Chinese crowd-sourced online review community, and
49,080 pairs of restaurant ratings and reviews were exam-
ined, with high-frequency words, major topics, and sub-
topics identified. After text mining, multilinear regression
was employed to screen out the most impactful factors that
influence taste, environment, and service ratings. Manage-
rially, the idea of triggering the synergistic benefit from
customer ratings and reviews is referential for market
practitioners both within and beyond the catering industry.

In case of aviation industry, these elements including
flight schedule, fare, services, punctuality, comfort of seats,
safety, and frequent flyer program can be determinants of
service satisfaction on airlines (IATA: International Air
Transport Association). And in research of Hong and Park
[14], factors that determine consumers’ satisfaction on
airline services include punctuality, safety, courteous
agents, clean equipment, space, desirable schedule, prof-
itability of the airline, reliability on the provided service,
and financial costs. In addition, flight fare, boarding
process, space and comfort of seats, in-flight meal, baggage
delivery, and ticketing process also can affect consumers’
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satisfaction. Based on researches, passengers who experi-
ence airline services tend to compare and evaluate its
overall quality on the basis of tangible and intangible
services provided by airlines. Will these factors be derived
from the customers’ texts in Internet? Internet comments
based on anonymity reveal the desire of consumers and
reveal more clear facts.

Aviation industry itself can be defined as a service in-
dustry where degree of interaction, customization, and labour
intensiveness is relatively lower than that of other field [15].
In-flight service which is the interest of this study, however,
can be described with high interaction, high customization,
and high labour intensiveness. Thus, assessment and rec-
ommendation on services which consumers directly have
experienced will be important indicator for the industry. In
general, in-flight service consists of tangible service and
human service that help with passengers’ travel experiences;
comfort of seats, in-flight employee services, in-flight food
and beverage, entertaining services, etc. These elements,
which are important in the aviation industry, are identified
through text mining and classified through cluster analysis.
These studies provide a possibility to become more realistic
studies by combining text mining and statistical analysis.

3. Methodologies

3.1. Research Process. In this study, we conducted the fol-
lowing process to find out whether the core keywords can be
identified through text mining and whether the core key-
words are important for the performance of a company (see
Figure 1). First, we gathered online reviews of customers and
extracted core keywords from it by text mining method.
And, we conducted text clustering analysis to explore the
meaning of extracted core keywords. After that, we con-
ducted empirical test for demonstrating the impact of
core keywords through analysis of the relevance of the
company’s marketing performance, such as satisfaction,
recommendation.

3.2. Data. This study used the online review data of airline
customers, which was provided by global air service eval-
uation agency Skytrax in United Kingdom. This study set
two large air carriers in Korea and Japan. The main contents
of the data consist of two types of data. One type is the text
data containing the customer’s experience after using the air
service. The other type is the survey data which include the
evaluation of services, satisfaction, and recommendation
after using the air service. The questionnaire survey was
conducted online for customers who have recently used
airline. The respondents are confirmed by presenting their
plane ticket. The item of customer satisfaction was measured
as 10 point-Likert scale, and recommendation intention was
measured as binomial scale.

Data period is 3 years from January 2013 to December
2015. In the data period, 197 reviews were for the Korean
carrier and 214 reviews for Japanese carrier. So, this study
collected the review data on 411 people in total during data
period and used them for analysis. Among the collected data,

Data collection « Online review data

!

Text mining ] « Keywords extraction

[
[
I
[
[

« Keywords classification

Text clustering

Empirical analysis ] » Keywords effect test

FIGURE 1: Research process.

text data were used for core keyword extraction and,
questionnaire data were used for empirical analysis to verify
the influence of core keywords.

The number of countries, to which the respondents were
affiliated, was 32 in total, and the United States was found to
be the most (33.8%), followed by Australia (12.7%), United
Kingdom (10.7%), Canada (6.1%), and Singapore (5.1%).
Table 1 shows the top 10 countries on the basis of the
number of respondents.

3.3. Analytic Process. In order to analyze the text data, this
study performed two processes. Text mining process was for
extracting words, and text clustering process was for ana-
lyzing meaning based on extracted words.

The text mining process was a process of extracting
words from a text document and creating word data. And
this process included a step of extracting meaningful
words based on text data. The detailed procedure is as
follows [6]:

3.3.1. Text Mining Process

Step 1 (treat text). This is the process of creating word data
based on words contained in a text documents.

ty = (tf(d, 1), (t£(ds1y))s..., (tF(dty)), (1)

where a is the words vector; D is the documents set
{d\,d,,...,d,}; and T'is the words set {t,t,,...,t,}.

Step 2 (extract words). This is the process of extracting
meaningful words by assigning weights through the ap-
pearance frequency of words between documents set.

! Y P(d,t)log, P(d,1),

W(it)=1+
log,|DI i,

. _tf(d)
with P(d ) = S
(2)

where tf (d, ) is the frequency of word f in a document d.

3.3.2. Text Clustering Process. On the other hand, text
clustering process is a process of clustering through the
distance between words. The cluster is set up and adjusted



TaBLE 1: Characteristics of country.

Korea Japan Total
No. Country
N % N % N %

1 United States 58 294 81 379 139 338
2 Australia 50 254 2 0.9 52 12.7
3 United Kingdom 25 127 19 89 44 107
4 Canada 4 20 21 98 25 61
5 Singapore 3 1.5 18 84 21 5.1
6 Japan 3 1.5 15 7.0 18 44
7 South Korea 13 6.6 1 0.5 14 34
8 Brazil 1 0.5 12 56 13 3.2
9 Germany 7 3.6 4 1.9 11 2.7
10 New Zealand 8 4.1 1 0.5 9 2.2

after the cluster was set. In this method, (1) generate k initial
seed randomly within data domain, (2) create k clusters by
associating every observation with the nearest seed position,
and (3) adjust the center position of each of the k clusters
using the average of the observations belonging to the
cluster. By repeating this process until all observations are
associated, it can make clusters which have similar obser-
vations corresponding to the number of k.

Step 1 (cluster setting). Set up a cluster with random seeds in
the data, and the cluster is grouped by the Euclidean distance
between each data and seed based on near distance.

min S = Zk: Z “x—u,-”2 (3)

i=1 x€s;

where x is the words set {xl, Xy, .. .xn}, s is the clusters set
{s1>55, ...}, and ; is the average of cluster s;.

Step 2 (cluster adjust). Reset the value of cluster and adjust
the position of cluster by using the average of the data in the
cluster.

4. Results

4.1. Keywords Extraction by Text Mining. In this study,
several preprocessing steps were performed to improve the
accuracy of text mining.

First, all uppercase letters in text data are converted to
lowercase letters to unify words. Also, we removed un-
necessary special characters such as “@,” “\\,” and so on. And
the definite article (“the”), the indefinite article (“a,” “an”),
prepositions (“of,” “in,” “for,” “through,” etc), and pronouns
(“it,” “their,” “his,” etc) were also removed. Through this
process, a total of 3,774 keywords were extracted. The key-
words were rearranged based on the sparsity which represents
the ratio of the whitespace in the matrix, because analyzing all
keywords makes it difficult to explain meaningful results.

There were 11 keywords based on the sparsity 0.8, 19
keywords based on the sparsity 0.85, 45 keywords based on
the sparsity 0.9, and 132 keywords based on the sparsity 0.95.
In this study, a total of 45 keywords were extracted by
applying the sparsity 0.9, and it is used for analysis. Too few
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keywords are insufficient to understand customer behaviour,
but too many keywords can distort results with less im-
portant words. In this analysis, 45 keywords were selected
considering the usefulness of the interpretation while
reflecting the customer behaviour.

The keywords with high frequency were “good,” “seats,”
“cabin,” “class,” “excellent,” “comfortable,” “staff,” and so
on. Figure 2 shows the frequency distribution of these
keywords, and Figure 3 shows the frequency of keyword
appearance by the word cloud method.

» <«

» o« » <« » <«

4.2. Keywords Classification by Text Clustering. In this study,
we performed keyword classification analysis for semantic
analysis of extracted 45 keywords. The results are as follows.
Keyword classification was based on hierarchical clustering,
and the distance between the keywords was measured by the
Euclidean method.

As a result of clustering analysis, 45 keywords were
classified into two clusters. Cluster 1 consisted of service
content such as “seats,” “cabin,” “class,” and “staff” who
provide the service. And it has service evaluation-related
keywords such as “good,” “excellent,” “comfortable,” etc.

On the other hand, Cluster 2 consisted of more detail
service content such as “meal,” “movie,” “drinks,” “check,”
“served,” and so on. Also, it has service evaluation-related
keywords such as “great,” “nice,” “well,” “best,” “clean,” etc
(see Figure 4).

Figure 5 shows the result of keyword visualization with
two clusters based on the k-means method for better insight.
The keywords in Cluster 1 are formed to be spaced apart
from each other, and the keywords in Cluster 2 are formed to
be relatively wide spacing. And the two components
explained 61.83% of the point variability.

4.3. Effect of Core Keywords. In this study, we performed
combining analysis with core keywords data extracted by
text mining and questionnaire respondent data to overcome
the disadvantages of existing text mining research and to
provide practical implications to the aviation industry. In
other words, since core keywords appear as a result of text
mining and cluster analysis can be considered to represent
online reviews of airline customers, we attempted to un-
derstand the meaning of representative keywords by ex-
amining the influence of each evaluation concept on
customer satisfaction and customer recommendation based
on the evaluation of these customers.

In the analysis, we analyzed the effect of the four key-
words, such as “seats,” “staff,” “cabin”,” and “class,” which are
the main keywords corresponding to the contents of the
Cluster 1 on customer satisfaction and recommendation. The
reason for this is that adjective and adverbial keywords among
the keywords of Cluster 1 are mainly keywords indicating the
result of the service. And the keywords appearing in Cluster 2
are keywords that deal with details of the service contents of
Cluster 1. So, we define that these keywords are conceptually
included in the above four top keywords.

In the analytical model, the questionnaire items
were used as variables. Independent variables were the
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FIGURE 2: Distribution of keyword frequency.
comfortable satisfaction, but class did not (see Table 2). In other words,
the WOM (word of mouth) of the customers related to seat
class g OOd and staff services influence directly on customer satisfaction.
definitely On the other hand, the customers of the airline talk fre-
‘f"'wazs really  odomey "M quently about class type such as first class and business class,
experience . .
oficent  heckin  €CONOMY made but the class does not affect the customer satisfaction.
movies . T .
space  best ) b meals | This means that the airline should pay particular at-
. mucl e . .
board ooy friendly n'ce;nboar 4 aftentive 9 tention to the seat service, and the staff’s efforts are needed to
another last . .
however ~ served % banau .o wn g complement their service. It also suggests that customer
1=} i . . . . .
sceen . dwe £ offered IMIGN especiay o satisfaction can be improved by paying attention to the
well didnt options -yt lounge late like  without MaNY . . . .
ite o hard service environment factors in the cabin.
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S small jimited e Penes o = % = On the other hand, seats, staff, cabin, and class have a
g e enough polite 8 used large @ 3 . X K .
staff 2 meal 3 oty ce O boarding significant effect on recommendation. And in terms of power
a configuration egs . .
orofessional wnconforiavle gven NN Gices of influence, seats service was found to have a greater effect on
e i . . . .
room & st screens ek better recommendation than staff service. These results indicate that
drinks experience business seat service is also an important factor in customer recom-
selecion (v bl n seating mendation and the service of airline crew can complement it.
ground . . . . .
t However, cabin and class service did not have a significant
Se atS grea effect on recommendation (Table 3). These results indicate
entertainment that although airline passengers talk a lot about the services in
excellent the cabin, they do not really have much to do with customer

referrals on recommendation. As a result, it is suggested that
seats and staft services are especially required to provide
airline with recommendations from their customers.

FIGURE 3: Word cloud of keywords.

questionnaire items for service evaluation on seats, staff,
cabin, and class. And dependent variables were satisfac- 5. Conclusion
tion and recommendation after using airline service.
As a result of analysis, seats, staff, and cabin were found ~ Data mining techniques need to be used in the aviation
to be core keywords which had a significant effect on  industry to understand consumer behaviour. That is, this
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TasLE 2: Effects of core keyword on satisfaction. TasLE 3: Effects of core keyword on recommendation.
Variables B B t-value p-value Variables B B t-value p-value
Seats 0.987 0.513 18.6™"* 0.001 Seats 0.156 0.536 13.5%** 0.001
Staff 0.874 0.334 11.27** 0.001 Staff 0.110 0.275 6.4 0.001
Cabin 0.555 0.235 7.4%* 0.001 Cabin 0.020 0.055 1.2 0.224
Class 0.056 0.011 0.5 0.645 Class 0.039 0.051 1.5 0.139

***p<0.001; F value: 342.4; R* 0.771. ***p <0.001; F value: 111.0; R* 0.518.
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study used text mining to develop a unified understanding of
keywords in the aviation industry in a data-driven way.
Based on the airline review data, we proposed a two-step
process of extracting key keywords by text mining and
grouping them into cluster analysis. Specifically, we used
a combination of metrics and clustering algorithms to
preprocess and analyze text data related to keywords ex-
traction method, including text from the scientific literature
and news articles. This study seeks firstly for identifying
prominent keywords at consumers’ side using text mining
method on consumers’ online review data and then for
confirming influences that the keywords affect corporate
marketing performance. This study is not only the research
that searches for key keywords [16], but also the research
that identifies marketing performance in the aviation in-
dustry through text mining in service category level. Con-
clusion and implication are as follows.

First, keywords are shown to have distinctive cluster
characteristics. As a result of identifying characteristics of
major keywords through clustering, the keywords have been
classified into three sections, including service that airlines
provides with, details of each service, and assessment on the
services. In other words, since the service provided by airline
and the details of each service are differentiated at different
levels, it indicates that service management should be
centered on core service elements that can be clearly rec-
ognized in order to improve service evaluation.

Second, the key keywords extracted from text mining
were found to have a different relationship with corporate
performance. In other words, the service of the seats and the
staff was more important to the company performance than
the cabin or class. These results show that comfort is the key
customer’s needs in long-distance air travel and that the
service focused on the comfort of the seat or the comfort of
the seat is an important factor in corporate performance.

Third, recommendation and satisfaction should be
managed distinctively in the service management of the
aviation industry. The results show that keywords that affect
consumers’ satisfaction and keywords that affect consumers’
recommendation are found to differ and the degree of
impacts is also shown to be different as well. In other words,
seats, staff, and cabin are important factors to improve the
satisfaction and recommendation of consumers. Seats are
the most important factors in consumer satisfaction and
recommendation, but relatively more staff and cabin are
important for consumer satisfaction and seats are more
important for consumer recommendation. These results
show that the human service of the crew, which can be
relatively subjective, is more influential in satisfaction. On
the other hand, seats are more important for relatively
objective recommendations.

This study presents academic implication that the study
has extended its application area of text mining. It has
currently focused on exploratory study, while this study has
extended it to study field of cause and effect. Moreover, the
research also presents practical implication for corporations
to efficiently manage keywords. In spite of the implications
and advantage of text mining [17], this study has limitations.
First, the research range is limited to two airlines in Korea

and Japan. Secondly, since the review data are produced
spontaneously by clients, collected data can be biased and
limited to active clients who are willing to express his/her
experience. Therefore, in future study, selecting more rep-
resentative airlines is needed and also minimizing conve-
nience of the respondents is needed to generalize the results
of the study in the future.

Data Availability

The text mining data used to support the findings of this
study are available from the authors upon request. The data
used in this study are Airline Reviews and Rating data from
Skytrax (http://www.airlinequality.com).
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