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Recently, the Internet has brought a big change in tourists' behavior patterns. Travelers not only reserve hotels
and airline tickets online, but also exchange travel information and descriptions of pleasant or unpleasant travel
experiences through online review sites and personal travel blogs. In spite of the increasing use of online
channels, application of online text data has been limited since the volume of the data set is too large to analyze
manually and comprehensively. With recent technological advances in processing big data online, consumer-
generated information can be automatically analyzed by artificial intelligence.
As an aspect of smart tourism, this study applied the sentiment analysis method to analyze travelers' online re-
views of Paris. A total of 19,835 pieces of review data collected from a traveler review site (www.virtualtourist.
com)were processed. All reviewswere grouped into 14 categories as follows: overview, restaurants, sightseeing,
hotels, things to do, night life, transportation, shopping, sporting & outdoors, favorites, off the beaten path, what
to pack, tourist traps, warnings and danger, and local customs. Tourists' perception about the service in each cat-
egory was successfully measured, and as an illustration, we chose “transportation” category that reported rela-
tively low level of service quality for post-hoc analysis to reveal why tourists feel negatively about the
transportation service.
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1. Introduction

“The purpose of visiting and using websites has changed from read-
only to read-write.” (Cambria et al., 2013). This evolution has created
enthusiastic users interacting with others and sharing information
through social networks, online communities, blogs, wikis, and
other collaborative media. Indeed, the Web has become a major com-
munication channel. The large amount of information contained in
microblogging web-sites makes them an attractive source of data for
opinion mining and sentiment analysis (Cambria et al., 2013; Pak and
Paroubek, 2010). Hence, many studies on mining online review data
in the marketing and information business sector are in progress. Also
the Web has encouraged a big change in tourists' behavior patterns.
Travelers not only reserve hotels and airline tickets online, but also ex-
change travel information and descriptions of their pleasant or unpleas-
ant travel experiences through online review sites and personal travel
blogs as well.
nj.park@gmail.com (O. Park),
.

In spite of the increasing use of online channels and contents, applica-
tion of online text data in the context of destination hospitality services
has been very limited because the volume of the data set is too large to
analyze manually and comprehensively. However, with recent techno-
logical advances in processing online big data, consumer-generated on-
line data can be automatically analyzed by artificial intelligence. In
previous studies on tourism and hospitality services, most studies
employed simplemethods and targeted small quantity of reviews to un-
derstand customer's perceptions (Lee et al., 2011; Pan et al., 2007;
Svetlana Stepchenkov, 2006; Tang et al., 2011). Currently, several studies
used advanced text mining technique and analyzing large data set to get
insights from online review data sets (e.g. Yee Liau and Pei Tan (2014)
employed sentiment analysis to measure customer's sentiment level on
airline service; Also, Mankad et al. (2016) in the hotel business contents,
adopted similar tactics to get insights from user-generated content
(UGC). Despite these efforts to apply the text mining approach, several
limitations have been noted in existing tourism and hospitality studies:

First, the methods such as word counting, networks analysis can be
useful to extract some important keywords; however, it is difficult to
show positive or negativemood of the reviews. Similarly, the sentiment
analysis can represent the degree of positivity or negativity of the data,
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but has little prescriptive and practical implications; in other words,
using sentiment analysis, we can find out tourists perceive how nega-
tively about certain destination services, but cannot discover why they
feel like that. Second, in spite of the existing large volume of available
data on travel review sites, the average number of words collected
and analyzed in the previous studies was very small (around
100– 300 words), which was not able to generate sounding results.

In order to fill this current knowledge gap, the purpose of this re-
search is to investigate visitors' perceptions of destination services
through the hybrid analysis of travellers' online review data by
employing both sentiment analysis methods for diagnosis and co-oc-
currence analysis for prescription. That is, our research question is that
“What is the current sentiment level of tourists shown in their reviews
on various designation services (e.g. hotels, restaurants, shopping, etc.)
and why do they feel negatively about the certain services?” With the
research findings, we suggest various action plans for improving the
service performance of destination services. Furthermore, to overcome
the methodological limitations of prior studies, we collected a vast
amount of data (19,835 reviews) and employed hybrid analysis
methods to derive more insight from the text data.

The results of this study provided valuable insights for hospitality
and destination services marketer to understand perceptions and opin-
ions of travellers visiting various destinations. Moreover, analysing cus-
tomer-generated reviews is more economic and less time-consuming
than a field survey and allows researchers to immediately and periodi-
cally estimate consumers' perceptual evaluation of service performance.

Next, we review the concept of big data, smart destination manage-
ment, and related concepts, along with previous text mining research
on tourism and hospitality. Then, we present researchmethodology, in-
cluding research design and data collection. Following this, sentiment
analysis and co-occurrence analysis, and their results are described.
Finally, we discuss theoretical and practical implications based on
research findings.
2. Literature reviews

2.1. Big data, user-generate-content (UGC) & smart destination
management

“Data lies at the core of all smart tourism activities.” (Gretzel et al.,
2015a, 2015b) Recently, analysing user-generated-content (UGC) is
getting much attention in tourism & hospitality industry. According to
this trend, hospitality& tourism studies have been focusing on concep-
tualizing smart tourism and its ecosystem (Gretzel et al., 2015a,
2015b; Koo et al., 2013). Also, the researches on destination marketing
research emphasize the importance of analysing UGC as an aspect of
smart tourism (Buhalis and Amaranggana, 2015; Huang et al., 2012;
Kim et al., 2014; Miguéns et al., 2008).

Buhalis and Amaranggana (2015) argued that “Smart Tourism
Destinations should make an optimal use of big data by offering right
services that suit users' preference at the right time”. Kim et al. (2014)
Table 1
Text mining research on tourism & hospitality research.

Source Data Context Findin

Lau et al. (2005) Web-documents Hotel Catego
Svetlana Stepchenkov (2006) Web-documents Tourism (destination) Destin
Pan et al. (2007) UGC (BLOG) Tourism (destination) Under

Bjorkelund et al. (2012) UGC (traveller's reviews) Hotel Report
and m

He et al. (2013) UGC (SNS) Restaurant (pizza) Compe
Duan et al. (2013) UGC (traveller's reviews) Hotel Revisit
Yee Liau and Pei Tan (2014) UGC (traveller's reviews) Airline Service
noted that “Web 2.0 not only engages consumers but also increases
the opportunities for businesses to interact with consumers.” They pro-
posed that DMO (Destination Marketing Organization) officer need to
put more effort into analysing consumers' information processing on
SNSs. Huang et al. (2012) also argued that to improve tourism service
quality and promote tourismmanagement, it is a necessary to combine
the ICT with destination marketing.

Among big data which can provide valuable insights about the
existing and potential customers, UGC especially has high value on tour-
ism & hospitality marketing since user-generated data is more credible
for potential customer's decision making than the host-generated data
since tourism activities are the representative experience goods/ser-
vices. (Akehurst, 2009; Cox et al., 2009; Miguéns et al., 2008; Ye et al.,
2011) In this regard, previous research has proved that impact of UGC
on tourist behavior & destination image. (Buhalis, 1998; Miguéns et
al., 2008; Poon, 1993; Sheldon, 1997; Wang et al., 2002). As noted by
Cox et al. (2009) a 10% increase in the ratings of user reviews can
boost index of online hotel bookings, by more than 5%.

Although these attempts have highlighted the importance of analy-
sis user-generated data, these are still in the preliminary and descriptive
stage. Hence, the in-depth analysis of UGC, such as traveller's reviews
might be one of the important key factors for successful destination
marketing management.
2.2. Text mining on tourism & hospitality research

“Text mining, also known as text data mining or knowledge discov-
ery from textual databases, refers generally to the process of extracting
interesting and non-trivial patterns or knowledge from unstructured
text documents” (Tan, 1999). Text mining not only for market surveys
but also for various studies in diverse contexts (e.g. customer relation-
shipmanagement, biomedicine, tourism etc.) has been applied to previ-
ous research. Furthermore, several studies have employed text mining
on various subjects in tourism & hospitality research.

As an aspect of restaurantmanagement, research by He et al. (2013)
applied text mining to analyse content on social media sites (e.g.
Facebook and Twitter) of the three largest pizza chains: Pizza Hut,
Domino's Pizza and Papa John's Pizza. The results revealed the value of
social media competitive analysis and text mining as an effective tech-
nique to extract business value from the vast amount of available social
media data. In the context of hotels, Bjorkelund et al. (2012) analysed
textual reviews and visualized data on Google Maps, providing avenues
for users to easily detect quality hotels. Lau et al. (2005) used text min-
ing technology to analyze web documents of the Hong Kong Hotels
Association and classified hotel types by counting words of web docu-
ments. Svetlana Stepchenkov (2006) conducted their research using
text mining to analyze the destination image of Russia by counting
words in reviews. Also, a study by Choi et al. (2007) applied a similar
technique to the aforementioned study to analyze the destination
image of travelers to Macau. (Tang et al., 2011) also applied a similar
process and technique to conduct research in destination images.
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Fig. 1. Research process of UGC analysis on destination hospitality services.

1 Deep-learning, a remarkable technology by (Gartner, 2013) is a study of machine
learning and is a means of managing human thoughts with computers. The deep-learning
projected computer system functions similarly to a neural circuit in the brain andworks as
a human brain.
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Recently, using advanced technology, (Pan et al., 2007) used text min-
ing to count the ratings of each positive and negative words on reviews
to draw conclusions about service levels. In hospitality & tourism re-
search, several researchers have employed text mining methods to an-
alyse user-generated-reviews. For example, (Duan et al., 2013) used
text mining to study service quality on hotels based on analysis of cus-
tomers' online reviews; they identified factors that significantly impact-
ed user service satisfaction. The representative text mining studies in
the field of tourism & hospitality can be summarized as Table 1.

In order to extend these efforts, the big data analysis usingmore so-
phisticated and rigour techniques is required for smart destination
management. For example, hybrid methods combining the existing
techniques can generate more relevant implications.

3. Research methodology

3.1. Research design

The overall research process can be summarized as Fig. 1. In Stage 1,
we select target data, collect, and process them for the text analysis. As a
next step, in Stage 2, the data analyseswhich include sentiment analysis
and post-hoc analysis (co-occurrence analysis) are done. In stage 3, we
organize, summarize the results, and report research findings. The re-
search process will be explained more in detail in the next section.

3.2. Data collection

Using the programming language Python3.3, this study collected
anonymous travellers' online reviews of their experiences in Paris
(Fig. 2) from the Virtual Tourist website (www.virtualtourist.com).
We believe that Virtual Tourist is the most proper one for our research
since it offers more various categories than other travel review sites; it
has 14 categories (overview, restaurants, sightseeing, hotels, things to
do, night life, transportation, shopping, sporting & outdoors, favourites,
off the beaten path, what to pack, tourist traps, warnings and danger,
and local customs), which couldmake DMO diagnose the current status
of each destination services and prescribe detailed action plans.

With the web crawling program, reviews were extracted from the
14 default categories on the website (Table 2). As an early stage of big
data analysis using text mining technique, we selected Paris as our re-
search context since there are a large volumeof cumulated customer re-
views on Paris as one of the most representative tourism destinations.

4. Analysis and results

4.1. Sentiment analysis

Sentiment has been analysed as an important variable in marketing
and is also considered a critical indicator of consumer behaviour. The
positive influence of consumer sentiment on purchase intention has al-
ready been verified by existing research (Carroll et al., 1994; Gaski and
Etzel, 1986; Mishkin et al., 1978; Throop, 1992).
In recent years, several computer science researches developing
sentiment analysis algorithm are being conducted. There are several al-
gorithms used in the sentiment analysis; in this study, we applied deep-
learning1 based on the Stanford sentiment analysis. The deep-learning-
based sentiment analysis is latest and appropriate for analysis of
syntactic structures and it is more accurate than others algorithms
(Socher et al., 2013).

Table 3 shows the sample results of sentiment analysis. We have
randomly extracted four samples on hotel categories, and two samples
on transportation categories.

This study conducted sentiment analysis on reviews grouped into
Virtual Tourist's 14 categories of travel experience in Paris. The 19,835
reviews were analysed by the Stanford sentiment analysis tool based
on JAVA1.7.0_65. Scores were assigned from 4 to 0 (4: very positive, 3:
positive, 2: neutral, 1: negative, 0: very negative.) The results are sum-
marized in Table 4:

Based on the sentiment analysis, reviews on “night life”, “restau-
rants”, and “things to do”were found to be more positive than reviews
in the other categories. This indicates that travellers seem to feel posi-
tive about their experiences associated with “restaurants”, “night life”,
and “things to do in Paris”. Themost negative reviews were categorized
under “warning and danger” and “tourist traps”. These results indicate
that travellers feel unpleasant about their experiences in those respec-
tive categories. As shown above, the sentiment analysis can act as a use-
ful tool to find out the level of travellers' sentiments such as positive or
negative mood. However, through sentiment analysis, we can only no-
tice the level of customers' sentiment, and cannot find out why they
feel positive or negative sentiment. Therefore, we attempted to perform
co-occurrence analysis as a post-hoc analysis to identify causes of the
problems identified.

4.2. Co-occurrence analysis

Previous hospitality studies adopting text mining approach have
limitations in terms of their practical values. They only report sentiment
scales of their data without explanations of what made customers feel
negatively or positively. Considering that the ultimate goal of evaluating
service quality is service performance improvement, identifying the
causes of issues related to service is essential for sustainable business
practices. As a solution, we employed co-occurrence analysis as a
post-hoc analysis.

Co-occurrence analysis is a kind of content analysis technique that
uses patterns of co-words of pairs of items (i.e., words or noun phrase)
in a corpus of texts to identify relationships (He, 1999). Co-occurrence
analysis is an important bibliometric way to map the relationship
among concepts, ideas, and problems (Callon et al., 1983; Liu et al.,
2011; Small, 1973). Co-occurrence analysis has mainly been used to

http://www.virtualtourist.com


Fig. 2. Travel reviews (Virtual tourist).
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analyse research trends or structure in information & library science
studies. In various fields, researcher have adopted co-occurrence analy-
sis to determine cognitive constructs of topics from text data. (Liu et al.,
2011; Wang et al., 2015; Yan et al., 2015) As a result of the analysis, re-
searchers can diagnose issues of their service.

Therefore, we performed co-occurrence analysis, as a post-hoc anal-
ysis, of “Transportation” categorywhich showed a relatively low service
performance in order to provide the insights about why customers feel
negatively about the certain category.

Before conducting co-occurrence analysis, data pre-processing, such
as stemming and lemmatization to make a common base form by re-
ducing inflectional forms, was done by Stanford NLP (Manning et al.,
2008). As a next step, co-occurrence analysis, using only the negative re-
views of which sentiment scores are 0 and 1 points, was performed by
Python3.3.

And the results are illustrated as Table 5. We reported the most fre-
quently shown together four tofivewordswith the three representative
words (taxi, metro, and bus) in transportation category, after excluding
some function words (e.g. “I”, “we”, and prepositions).

As a result of co-occurrence analysis, the term “expensive” appeared
in the context of taxi and metro. The words, “dense” and “dirty”, ap-
peared in the association with “bus”. Also in the metro review contexts,
“luggage” appeared to be the high in theword frequency count. Because
the French subway is very narrow in some sections, reviewers frequent-
ly complain about the insufficient space for baggage and the difficulties
in carrying luggage when transferring to another subway line (e.g.
“There are no lifts or escalators”). In the bus and taxi review contexts,
drivers were frequently counted on the reviews. After manually
checking the reviews containing the word “driver”, we found out
many cases of complaints related to the driver's demeanour and unfair
billing practices (Refer to sample 5 and sample 6 of Table 3). Through
this process, Paris's tourism board is able to not only recognize current
problems but also evaluate the necessity of proposing solutions to
solve these problems.

5. Conclusion and discussion

Although many industries pay great attention to analysing big data,
studies of elements of the hospitality industry has been lagged.
Table 2
Review categories of Virtual tourist (Paris).

Category # of reviews Category # of reviews

Overview 991 Local customs 677
Hotel 1174 Warnings and dangers 757
Restaurants 1558 Tourist traps 351
Things to Do 8809 What to pack 208
Night life 438 Off the beaten path 1174
Transportation 1448 Sporting & outdoors 78
Shopping 694 Favourites 1476
Recognizing the current knowledge gap, this study analysed reviews
of travel experiences in Paris using sentiment analysis. The application
of automatic sentiment analysis using artificial intelligence on destina-
tion tourism and hospitality services enables us to estimate tourist sen-
timents without undertaking economically challenging and time
consuming research methods such as surveys, observation, and inter-
views in the field. Sentiment analysis is well suited to securing objectiv-
ity in consumer research, particularly in the analysis of the feelings and
emotions of unsatisfied travellers, comparing with the manual content
analysis done by human coders, since there are no inter-rater reliability
problems. Also, it successfully reduces the cost and time necessary to
collect and analyse data and to complete the analysis process.

We were able to measure the service performance in each category
of travellers' experiences and compare the perception of service levels
among 14 categories by analysing sentiment of customers on UGC.
Among those categories, we chose “Transportation” category that re-
ported relatively low level of service performance for post-hoc analysis
to reveal why the reviewers feel negatively about the transportation
service.

5.1. Theoretical contribution

This research has values on initial big data analysis research for
smart tourism field. Considering that “Research in the area of smart
tourism remains very limited and mostly provides case studies of
existing initiatives”(Gretzel et al., 2015a, 2015b). In this regard, first of
all, this study is significant in providing a step-by-step guideline for fu-
ture research by demonstrating a hybrid text mining process. Also, this
study could be applied into future smart tourism studies as a part of
business intelligence, data analytics and other data-based research on
UGC. Second, this study is the kind of interdisciplinary research, which
represents currently popular research trend. Both hospitality & tourism
management cases based on online reviews and computer science stud-
ies based on text analytic algorithms were successfully combined to de-
rive more meaningful research outcomes.

5.2. Practical implications

Lately, significance and demand on big data analysis are increasing
in the hospitality field. However, technical barriers and lack of knowl-
edge on big data analysis prevent service firms from utilizing it. Whole
process of this research could suggest guideline on the service and hos-
pitality firms, which want to bring text analysis on their business.

First, to cope with the limitation of previous text mining studies we
conducted hybrid text analysis on the user-generated-reviews. The re-
sults of this study not only reported numeric data (scales) of previous
text mining research or Dashboard on BI Systems, also showed what
traveller remarked on their service. According to this strength,marketer
and service managers can get more insightful information on their
service to boost service performance than before. For instance, this



Table 3
Samples of sentiment analysis (tourist's reviews on hotel & transportation in Paris).

Sample 1 – hotel (score = 3.5) This was one of my favorite places to stay my entire tour around Europe. A lot of other reviews have this place marked as un-kept and
un-clean, but I found it to have the best atmosphere of almost all the places I stayed, It has a bar on site and a courtyard right in the middle of
it all, it’s not a hostel where you sit in your room and read a book about Paris its somewhere you stay if you want to meet people and LIVE Paris.

Sample 2 – hotel (score = 2.25) I stayed here with my friend several years ago and was repulsed. The place is dirty and full of American frat boys who are in Paris to get drunk
and wake up the next day and do it all over again - in the courtyard, so every room can hear them all night. The rooms were dark and cold.
The only thing good about the place is its location on lovely Commerce Street.

Sample 3 – hotel (score = 1.64) This was a very quiet, relaxed hostel. Most rooms are single sex only with three bunk beds and shared bathrooms. There are a few rooms
with six beds as well as a toilet and shower. They are the same price, approximately 21 euros per person. Unique Quality: The hostel is
relatively near to the metro, and few changes are necessary to get to downtown. Rec room with internet. Very relaxed atmosphere. Maybe a
little less “homey” than other hostels, but very clean. Unlike some other Parisian hostels, there are many rooms, so it is unlikely that it will be
booked in advance, and they take reservations. Directions: From metro Porte de Bagnolet, several signs direct you to the hostel. It is a short
5 minute walk.

Sample 4 – hotel (score = 0.86) A horrible experience – avoid at all costs!!! I arrived and was told that there were no rooms because they needed emergency repairs and that
I'd be taken care of at another equivalent quality hotel. After schlepping on foot across town, I found they'd sent me to a fleabag hotel where
my room was a closet next to the manager's desk on the ground floor. I hiked back to the hotel where magically a room was available but
they wanted a credit card before they'd show me what it looked like. Check the reviews on tripadvisor.com – misuse of credit cards and this
fraud with overselling rooms is apparently standard practice for them. While having it out with the clerk, another guest in the hotel came to
complain that the hotel had taken and lost their passports – ‘check back later, maybe we'll find them’was the response. Unique Quality: Rude
staff who, to put it politely, stretch the truth

Sample 5 – transportation
(score = 1.13)

My friend had arranged for a taxi to pick me up at his apartment to take me to where I had to catch the bus to CDG. I was down there about
10 min before the taxi was to arrive because I wanted to make sure I didn't miss it. Well a taxi pulled up about 15 min later and I assumed it
was for me. The taxi driver said a name that was not mine and so I waited… He waited and his pickup did not show up. Then I asked him
again who he was picking up, again, the name was not mine. I was getting worried and I had to get to the bus stop, so I decided to ask him if
he could take me, he refused because I was not the one he came to pick up. Still his person did not show up. Worried I would miss my bus and
miss my flight, I started walking towards the metro. Now this was about 4:30 in the morning, it was dark and I didn't want to go into the
metro. As I walked away, the taxi driver spoke up and said he'd take me. I was so flustered and worried I'd miss the bus, I never noticed that
he had the meter running all that time he was waiting. I noticed it about 1 min after we were driving. I'm pretty sure he was there to pick me
up, but decided to take advantage of me and scam me. What an #$$! I was so pissed I was ready to just jump from the cab. I told him to stop
because he had kept the meter running and I was not going to pay what was on the meter. I knew how much I should be paying and it was
way, way past that. I argued with him and kept telling him to stop the cab, but he continued to drive. I just finally gave up because at that
point we were almost there. He stopped, I got out and he wanted to be paid before he gave me my luggage, which was in the trunk. I paid
him, he gave me my luggage and I told him he was a VERY BAD MAN and that what goes around comes around. I will NEVER take a taxi in
Paris again. I'll walk or take the metro.

Sample 6 – transportation
(score = 0.67)

Last Monday at the early hour of 5.30 am a taxi was booked to take me to Porte Maillot to catch the coach to Beauvais for a Ryanair flight
(difficult enough at any time during the day…) Everything started to go terribly wrong when the booked taxi failed to show up. My pyjama
clad boyfriend assisted me in trying to flag down an alternative taxi, after 10 min of trying a taxi stopped and, as I have now experienced an
incalculable number of times, the driver could not be arsed taking me to my destination. The result: eventually there were simply no taxi
about so 170 Euros had to be paid up for a new flight ticket (many thanks Juan), two meetings cancelled and a day at work missed. This
seems to be the trend in Paris, for whatever their personal preference of passenger they have very negative/non progressive approach to
customer service… I say bring in the European competition. I strongly advise anyone booking a taxi to catch a flight have secured provision,
get a number and have a backup plan!! XXXX XXX TO FRENCH TAXI DRIVERS…

*Scale of score [4: very positive, 3: positive, 2: neutral, 1: negative, 0: very negative.]
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research not only evaluated service performance of each service catego-
ries, also suggested detailed insight on transportation service by
employinghybrid textmining approach. According to these results, des-
tination marketing officer and government officer could understand
issue on transportation service and need to improve it. And it could be
distinguished competitiveness of Paris.
Table 4
Results of sentiment analysis (Paris).

Overview Things to do Favourites Res

Mean 1.8764 1.7602 1.6937 1.82
S.D. 0.6484 0.6031 0.5605 0.54
Unit 991 8810 1476 155
Rank – 3 5 2

Sporting & outdoors Shopping Local customs N

Mean 1.5809 1.7142 1.6430 1
S.D. 0.4513 0.5088 0.5313 0
Unit 78 694 677 4
Rank 9 4 7 1

# of reviews Average

19,835 1.6494

(Note: S.D. means standard deviation.)
Second, considering that “Data lies at the core of all smart tourism
activities.” (Gretzel et al., 2015a, 2015b), it could expedite application
to data analytics on smart tourism by guiding to business intelligence.
For example, when destination marketing officer want to monitor
their service performance in real time, they could apply customized an-
alytics framework on their customer-relationship-management system.
taurants Transportation Hotel Off the beaten path

96 1.5354 1.6851 1.6403
59 0.5371 0.4770 0.5713
8 1448 1174 1174

11 6 8

ight life Tourist traps What to pack Warning and danger

.9030 1.4911 1.5597 1.4061

.5802 0.4420 0.4256 0.4009
38 352 208 757

12 10 13

Standard deviation

0.5104

http://tripadvisor.com


Table 5
Co-occurrence Analysis (Transportation).

Words Frequency Words Frequency

Taxi Airport (+CDGa) 54 (+28) Metro Airport (+CDG) 54 (+28)
Driver 45 Not 24
Hotel 34 Expensive 21
Traffic 24 Luggage 18
Expensive 21 Only 15

Bus Airport 101 Bus Dense 2
Driver 31 Dirty 2

a CDG: IATA code of Paris main airport (Paris Charles de Gaulle Airport).
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More practically, the several expected advantages of suggested research
process on destination marketing can be summarized as follows:

Firstly, Applying sentiment analysis on destination marketing re-
search could reduce research cost and time. Destination marketer
could easily monitor on UGC, it makes the firms be always ready for
the travellers and their issues on their service. Adopting census ap-
proaches in the field survey is expensive and time-consuming; howev-
er, all the customer-generated data can be relatively easily included in
the analysis using our hybrid methodology; hence, sampling bias can
be minimized. Once you develop a customized algorithms and set up
automated procedures, it is relatively easy to monitor and analyse cus-
tomer reviews almost at a real-time basis.

Secondly, as our research findings revealed, the hybrid-method
could provide practical and detailed insights about reasons why travel-
lers feel negatively about certain travel destinations. For example, trans-
portation service providers could prioritize the improvement of service
levels about the domains frequently mentioned in extremely negative
reviews.

Last, but not least, the newly discovered knowledge and facts from
analyzing vast amount of unstructured text such as UGC, could be
shared and utilized by various stakeholders, such as hospitality service
providers, policy makers, and educational institutes. Based on the find-
ings, they have to develop employee training programs, tourismpromo-
tion policies, and new curriculums in order to make tourism and
hospitality services and strategies really “smart”.
Fig. 3. Results of sentiment analysis (Restaurant).
5.3. Limitations and concluding remarks

This research has the following limitations: First, Stanford Analysis
Library Tool currently recognizes the English language only and this
led to a problem where only English reviews were selected and proc-
essed using sentiment analysis. In future research, data analyses that
support a diverse set of languages from different regions are necessary.
Second, we investigated only one travel information website and only
one destination, Paris, which is hard to be generalized. Expanding the
amount of subject matter to encompass a broader set of data and also
collecting data from other geographical regions is necessary. Third,
this study adopts data-driven and exploratory manner by analysing
large volume of tourists' review. Therefore, more theory-driven and
confirmative approach and interpretation should be attempted in the
near future.

Although several limitations exist as stated above, this research is
significant as it is an initial study conducted using big data in the tour-
ism field. More specifically, it is one of first studies to be conducted
using a sentiment analysis based on artificial intelligence, as well as a
post-hoc word co-occurrence analysis, that is applied to destination
hospitality services. Also, this research deals with a larger set of data
with practical analytical mechanisms compared to those of prior re-
search studies. Thus, construction of know-how for future, large scale
data-analysis is made available through this research. By improving
the limitations of this research, this research is expected to give guide-
line for practical use and further study.
Appendix A
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Fig. 4. Results of sentiment analysis (Transportation).
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