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1 ABSTRACT

User-generated content provides rich and easilgsatisle data for tourism destination managers,ope
when combined with a sentiment analysis to uncgerceptions and attitudes. These reviews are often
primarily useful in a business/attraction-contaxtl &caling up their relevance for destination manaant is
problematic. Furthermore, the reliability of suchlioe sources can be questioned, thereby impedeg i
application for research and practice. By combirdatp of a traditional in-situ survey in five maiultural
heritage attraction in Antwerp (Belgium) with scedpdata of these same attractions from the Tripgavi
website, this paper attempts to shed a light oratlteed value and reliability of a big data sentinaralysis.
The sentiment analysis combines two lexicons as asllLatent Dirichlet Allocation. The results show
promise in that, even though the characteristitdoen the in-situ sample and the scraped samplguatie
different, the sentiments and themes are largedylapping while the Net Promotor Score as calcdlaia
the TripAdvisor reviews is close to the measuretitemotor Score through the visitor survey. Stdtain
limitations remain within the big data sentimentlgsis approach, leading to the conclusion thah bot
methods can be highly compatible in order to effitly generate deeper, more complete results.

Keywords: sentiment analysis, latent dirichlet edibon, natural language processing, reliabilistitey

2 INTRODUCTION

Social media are gaining importance as a channsh&re information on a diverse set of experiences
(Munar & Jacobsen, 2014; Whiting & Williams, 2013Ranging from photos and tweets to customer
feedback or entire blogs, social media offer a theafl information. Entrepreneurs use it as timediy direct
feedback channels, while researchers explore ttemfial application as a data source for empitieabarch
(see e.g. Garay Tamajon & Canoves Valiente, 20teltaSt Mavragani, 2015; Wong & Qi, 2017). Among
other techniques, applying sentiment analysis t&ersense of large sets of unstructered texts presen
social media is for example used to uncover palitpreferences of social media users (Ceron e2@l4),
predict stock prices (Nguyen & Shirai, 2015) or s@a customer satisfaction (Alaei et al., 2019)ilgvtne
number of start-ups and academic papers applyingnent analysis of social media is skyrocketing, a
number of research gaps still exists. A prime exanip that since the utility of sentiment analysis
application to social media to improve service gyaif hotels or other business has been proveragDet

al., 2016; Chang et al., 2019), linking businessiation-level reviews with a higher-level perceptiof
place and visitor behaviour could assist destinatitanagement organizations and city planners (van
Weerdenburg et al., 2019). To this purpose, webpsat user-generated content needs to be analytied wi
respect to sentiments and topics in order to etalogerarching themes and patterns which wouldraike

be difficult to detect.

A second research gap relates to the reliabilityusdr-generated content for attitudinal and peioept
research. Reliability issues could potentially orége from non-authentic reviews (e.g. Balagud.e2816)
but can also be caused by non-representativenessiné reviewers as compared to the actual populaif
site/destination visitors (Xiang et al., 2017). Jgenerated content is potentially skewed towamsger
users, limited by availability of language groupad might attract reviews at the polar ends offattion
scales (Presi et al., 2014). The lack of insigho ithe representativeness, and thus into the umefsilof
social media can be seen as a major impedimets &pplicability for both research and practice.

This paper presents a proof of concept of what typénformation can be obtained through sentiment
analysis and topic mining, in comparison with toadil survey techniques, particularly focusing on
individual’s value structures and attitudes towasplscific locations in the city of Antwerp, BelgiukVe are
interested in the question to what extent placerg@sons in online reviews actually reflect thevelisity of
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topics and sentiments that can be found in survByscombining the outcome of semantic analysis of
scraped reviews on a selection of urban culturatdge attractions from TripAdvisor with surveydleoted
in-situ, the results can uncover similarities aiftetences between both methods and assess thbiligfi of
user-generated content as an alternative to toaditisurvey methods. Furthermore, a topical armalysthe
TripAdvisor reviews on 5 urban visitor attractiamgght uncover city-level themes and therefore dtevae
scope of individual businesses. Such informationldtcde used to improve city marketing and planning
practices.

3 URBAN TOURISM AND DESTINATION COMPETITIVENESS

Studies on urban tourism and the city as a placeaéation are relatively new, with the reseaogict only
really maturing since the 1980s. Prior to this, aridinating from a spatial modelling history fomdad by
the likes of Christaller (1963), Miossec (1976)dariokeno (1968), tourism and recreation were seen a
functions of the urban periphery. An additional lgemn has been the difficulty to distinguish reciel
visitors from other users in a multifunctional unbantity where facilties are largely co-consumedaby
multitude of user types (Ashworth & Page, 2011)aes in the economic fabric of cities, and the il
tourism as a potential catalyst for a service-d¢edrurban development, inspired a surge of resedudhg

the 1990s and 2000s.

While academic interest in the field of urban tenriis therefore relatively new, the activity itshHs a
much longer history, with urban regions being vesitablished destinations due to their functionasigal
and economic centers and transportation hubs, beésre tourism was acknowledged as a recreational
activity (Urry, 1990). The importance of cities agourism destination has grown exponentially, oning
the continuous rise of a new leisure society (Rga2001). In 2018 the top 20 international toucisies
alone accounted for roughly 18.0% of global intdioral tourist arrivals (mastercard, 2019) — thgreben
taking abstraction of the multitude of domesticrisis and excursionists being attracted to citeddisure
purposes. The same source estimates internationaistt expenditure for the top 20 urban tourism
destinations at US$258.99 billion (mastercard, 2048 such, there is a clear economic incentivecfties

to compete on the international tourist market (den Borg et al., 1996; Judd & Fainstein, 1999; i@uk
1995).

Within the inter-urban global competition, culturadritage is used as a main source to stand ol(@rsh
& Page, 2011). Particularly for the leisure markedture and heritage are among the top visitolivations
(Richards, 2018). For long term success it is égddahat the marketing message reflects the geafitthe
experience and a positive referal is generated éGo& Go, 2004; Martin-Santana, 2017). It is themef
common practice for destinations to perform visgorveys in order to collect a wide range of vdedalon
visitor characteristics, transport methods, infdiorasources used, motivations, attractions visitedrist
experiences, and satisfaction and loyalty (Lewadtaal., 2015; Pearce & Moscardo, 1985). Whileghtil
and providing details that cannot be learned frame @rrival data collected by national statistimateaus, a
limitation of these visitor surveys is the expemrstated to the necessity of an on-site face-to-face
methodology. Next to this, surveys are generallysigiing of predetermined, closed questions whicmat
allow exploration of enot included topics (Alaeiadt, 2019). Therefore, and also resulting from ¢her
increasing availability of online big data, thesean increasing interest and opportunity for destm
management organizations to study online user-gégetcontent as a potential alternative to unctouaist
motivations, behaviour, satisfaction, and spredddifet al., 2019; Oriade & Robinson, 2018; Taeghgroj
& Mathayomchan, 2019; van der Zee et al., 2020).

4 METHODOLOGY

4.1 On-site Visitor Surveys in 5 Tourist Attractions

During the period 2014-2019, Visit Flanders, thestohation management organization of Flanders
(Belgium), developed a subsidy-programme for toansojects and attractions with leveraging potéridia
the wider sector and destination. Such projecte®wemarily focused on international visitors andinty —
although not uniquely — in the theme of culturafitage. Since accountability is becoming increasing
important, a return-of-investment evaluation of |ptip financed projects was warrented. Thereforg,aa
requirement, recipients of subsidies were requicedonduct visitor surveys at the attraction inesrtb
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collect data on, among other things, economic netproject scale, visitor satisfaction, brand efeand
international potential.

For the sake of this study, five projects were el from the overarching thematic programme ‘Ampwe
Baroque’: Museum aan de Stroom, Onze-Lieve-Vrouwaghidraal, Plantin Moretus, Rubenshuis, and Sint
Carolus Boromeus. Visitor surveys took place oe;siising tablets for answer registration and being
interviewer completed. The main survey ran betwednne 2018 until 6 January 2019. Questions retated
visitor profile, visitor experience, and destinatidable 1 provides a short overview of the maiegsgions
and measurement levels.

Category Variable Question Measurement
level
Personal Gender What is your gender? Categorical
characteristics Age When were you born? Ratio
Place of residence Where do you live? Categorical
Trip Information Via which information sources have yearned of [SITE] Categorical
characteristics  Experience How often do you visit a museum or exbif? Ordinal
Visitor type Are you staying overnight in Antwerpia another area in Flanders? Categorical
Travel company How many people are in your traeehpgany? Ratio
Children Are there children in your travel company? Categorical
Visitor Site recommendation Would you recommend [SITE}ientls, family and relatives? Ratio
experience Motivation How important was ‘Antwerp Baroque’ fgour visit to Antwerp? Ordinal
Destination City recommendation Would you recommantiverp as a cultural destination? Ratio
Other attractions Which other attractions have yisited in Antwerp? Categorical

Table 1. Overview of main visitor survey questions

At the five combined attractions, a total of 2,4utveys were collected, 45.6% identified as mas#ars

and 54.1% respondents were female. In terms ofthgemajority of visitors belonged to higher ageugps:
20.8% were above 64, 20.7% between 55 and 64, 18@%45 to 54, 14.4% between 35 and 44, 14.6%
between 25 and 34, and the remaining 11.2% beimg ft8 to 24. Locals were best represented in the
sample, with 36.2% living in Belgium. About onetan (12%) were travelling as a family. Visitorsrrdhe
Netherlands were the second largest group at 13i@%wed by Germany (10.1%), France (7.5%), the
United Kingdom (5.3%), the United States (4.5%) &pain (4.4%). The remaining 303 responses (12.3%)
were collected from a wide range of nationalities.

The primary information sources used to plan tis# are undefined other sources (30.4%) — whiclioan
instance relate to organized group tours — followedhe attraction website (20.6%) and recommendati
by friends and family (19.1%). Review sites suchTagAdvisor only informed 3.3% of the sample
respondents. The majority of the sample (50.5%)wsotivated cultural tourists, visiting culturatesi 5
times a year or more. Over half (54%) did not visd@re than one attraction, and if multiple attraasi were
visited, these were most likely a combination oz&hieve-Vrouwe Kathedraal, Rubenshuis, Sint Carolu
Boromeus and/or Sint-Pauluskerk. The Net Promotmores (i.e. difference between promotors with a
satisfaction score of 9 or 10 and detractors wishtesfaction score of 0 to 6) in the sample wés. +

4.2 Natural Language Processing on Scraped Review andiSey Data

Visitor sentiments of the 5 Antwerp tourist attians were scraped from TripAdvisor on 19 decemli@4dr92

In order to simplify the Natural Language Procegs(hLP) only reviews in English were collected.
Scraping used the RSelenium — for fetching the paged rvest — for extracting page componentsrariks

in R 3.4.0. Through the use of Document Object Md@8M-) parsing, the dynamic contents of the
TripAdvisor pages could be retrieved.

A total of 2,438 reviews were retrieved, 70 for Mum aan de Stroom, 1,339 for Onze-Lieve-Vrouwe
Kathedraal, 35 for Plantin Moretus, 1,004 for Rudens, and 35 for Carolos Boromeus. It turned bat t
(a) the number of scraped reviews is almost sindldhe number of on-site surveys collected, andyifar

the biggest contribution to review data comes fromeze-Lieve-Vrouwe Kathedraal and Rubenshuis. In
terms of pure sample size, one might therefore wonehat the added value of web scraping is in
comparison to traditional survey methods. One atggnis the comparatively low time and effort regdi
for automatized scraping. In contrast, on-siteeagi are time-consuming, demanding for both inteveie
and interviewee, and costly. A second advantagbhesopportunity to collect historic visitor data dur
sample, the earliest review was given in 2010, Wwi#threviews written in 2011, 139 reviews in 201931
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reviews in 2013, and 245 reviews in 2014. The nilgjarf reviews (72.1%) originated in the last fiyears,
with 411 reviews in 2015, 377 reviews in 2016, 3&Zews in 2017, 331 reviews in 2018 and 299 resiew
in 2019. The final 51 reviews missed informationtioa date of experience.

In terms of travel company, 14.1% of reviewers desd themselves as solo travellers, with 37.7%etliag
as a couple, 11.8% being part of a family trip, &A% travelled with a group of friends. Only 3.8¥the
scraped sample were marked as business travel fohildb.6% of the sample, the composition of tlzeret
company was not known. In terms of country of resa®, the singular scraping of English-languagevey
is clearly reflected in the numbers, with — of 826 reviews with location data — Belgium accaumtior
328 reviews, the Netherlands for 125 reviews, Fedioc just 29 observations, German tourists writfidg
comments, and Spain accounting for 20 reviews. 8ytHe largest data is generated by tourists fréva T
United Kingdom (with 618 reviews), and the Unitetht8s (with 477 reviews), therefore providing an
imbalance between actual visiting nationalities] anllected sample via scraping. If we recalcutate 5-
level TripAdvisor score on a 10-point scale the Retmotor Score can be calculated as +53.2, baiitg q
close to the Net Promotor Score of the on-siteesurv

An increasingly popular way of analysing large quaes of unstructured, qualitative data is throughP
(Alaei et al., 2019). NLP is often applied to aBersentiments to microblogs, such as tweets anewsun
order to analyse how people feel, but also to uacolusters of discussed topics in order to maksesef
what people are writing about.

Sentiment analysis can be defined as extractirsgptgiment expressed in a document toward a cextgect
based on the subjectivity and the linguistic chimdstics of the words within an unstructured text”
(Kirilenko et al., 2018 p 1013). In this paper, amalyse both the review dataset as well as the-epdead
survey questions answered in English using twoerdfiit, unsupervised approaches to NLP. From 556
answers to the open-ended questions, a total okfGis in English were used for the analysis.iiimm,
mean, and maximum word lengths of the survey entdee 1, 6, and 61 words respectively. The
corresponding word lengths for the reviews are &, &d 1019 words respectively. Overall, there are
significant differences between the two datasetls oterms of the number of entries and entry.size

For the first NLP approach, we used two differergdefined, ‘off-the-shelf’ sentiment lexicons amsted
how the survey and review datasets match the IegicdVhile using off-the-shelf sentiment analysis
approaches have some downsides, e.g. the fachthatvere not created for the purpose of the saundiare
thus possibly less suitable for uncovering topieesfic sentiments, using pre-existing (Alaei et aD19),
verified lexicons saves a large amount of time eesburces (Kirilenko et al., 2018). In order tossro
validate the sentiment analysis, the data was imaitthed to the AFINN lexicon (Nielsen, 2011) aslwsl

to the NRC lexicon (Mohammad et al., 2013).

The AFINN lexicon consists of 2477 words which aseribed a score ranging from -5 (derogative, words
such as “bastard”) to 5 (very positive, words sash‘breathtaking” or “superb”). The AFINN lexicos i
biased toward negative words that constitute 65%heflexicon. The NRC emtion lexicon is a datadet o
6468 English words, which have been ascribed toobr&emotions (anger, anticipation, disgust, feay,
sadness, surprise, and trust) and optionally edhmositive or negative sentiment resulting in @3.8ntries.
While the AFINN lexicon was created by a singlesoer based on manually examining and scoring tweets,
the NRC lexicon was created through crowd-sour¢Mighammad & Turner, 2010). Both lexicons have
been verified by peers and have been widely appliathcover sentiments from short texts such asetae
(see e.g. Mohammad et al., 2013), online reviewst@kenko et al., 2014) or open-ended survey gqoest
(Kirilenko et al., 2018). The combination betweka two lexicons allows to not only to examine téeel of
positive and negative sentiments, but also to ddehwemotions can be ascribed to the texts in thasets,
allowing to better understand what causes positiveegative sentiments. For the analysis, we uled t
tidytext library in R v3.6.2 that by default inclesl both lexicons.

For the second NLP approach, the review and suthaésy have been studied for the presence of redogcur
topics applying a machine learning technique knawrLatent Dirichlet Allocation (Blei et al., 2003)his
unsupervised bag-of-words method examines the démmu distribution of words over texts and
automatically extracts a predefined number ohliatepics in the form of probability vectors ovletcorpus
dictionary (Rosetti et al., 2016). The word prolitibs indicate the likelihood of words co-occlginnder
the same topic. Furthermore, for each topic, théhatk generates the probability of occurrence iexd t
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document. In this way, LDA is able to representtthd corpus as a mixture of topics, where the dumnt-
topic probability estimates the topic mixture ofji@en text, and the topic-word probability estinsatae
mixture of words that are used to talk about adophe unsupervised LDA models can be used both for
analysing texts according to topic dimensions, a as to predict topic occurrences in new textSAL
topic models have previously been applied to gurgher explanation on why tourist ratings in TripAgbr
reviews (Rosetti et al., 2016), to use variousranbources in order to extract place activitiesldoations
within a city (van Weerdenburg et al., 2019) andléoive controllable dimensions for managing hoietst
interactions from online reviews (Guo et al., 201A) this paper, we apply an unsupervised LDA topic
model to uncover which topics are present in rexaed open-ended survey data on a selected setitaigee
attractions in Antwerp. This approach allows usordy to uncover how visitors feel about their sigivhich

is done by a sentiment analysis), but also what $ag about the touristic attractions when askeekdiy (in

the open-ended surveys) and when they voluntanibpse to share their opion online (in the revietaskt).

By comparing the probability of texts over the difint topics which occur in both datasets, an esiom
can be given on whether the same topics are disguss

In order to train the LDA model, we first cleanedthb corpora by removing punctuation, whitespace and
english stopwords, and then turned them into dootwteem matrices using the term-frequency inverse
document frequency (tf-idf) measure, removing abirds which are less frequent than 0.1. Then we
estimated different LDA models on the review tdrtstopic numbers from 2 to 15. We picked a modighw
14 topics, because it showed the highest log-lilkeld. We then applied this model to estimate
corresponding topic probabilities for the surveytdée The probabilities were then compared agaiashe
other, and we also used them to pick example feotts the online reviews.

4.3 Results and discussion

AFINN sentiment distribution - Survey AFINN sentiment distribution - Review
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Figure 1. Distribution of sentiment scores in syraad review texts applying the AFINN lexicon
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Figure 2. Frequently occuring words and relatedtpesand negative sentiments in the survey andretexts applying the AFINN
lexicon
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When comparing the survey and review datasets gptile AFINN lexicon, similar patterns appear. The
positive sentiments strongly outnumber negativetisemts in both reviews and surveys. This result is
significant considering the negative bias of theMF lexicon. Among the seven highest scoring puositi
words, beautiful, nice, great, good, and amazimgcammon to the review and survey datasets. Amoag t
seven lowest scoring negative words, pay, badparatcur in both datasets. This result suggestiasities
between the two datasets at the lexicon level dsasghe sentiment level. The survey data, altholegs
numerous in the number of texts as well as in @eerord length, contains a higher proportion of dgor
that match a score of +3 or higher. The most fregweords, “beautiful”, “great” and “nice” arescored
according to the AFINN lexiconwith a +3. In a matprof the cases, a word such as ‘nice’ relateth®
entire attraction (e.g. “nice place”) or a parttbé attraction (“nice garden” / “rooftop”). In sonm&ases
however, “nice” relates to a suggestion by theeweir or survey respondent: e.g. “information in rGam
would have been nice”. The present bag-of-wordsaagah is not able to filter the words for the comte
which they are used. In the review texts, more wan@ present which are scored +2. Examples anedite
‘worth’, which is often used in the context of “wibra visit”. Words with negative scores, such as&nor
‘missed’ (score -2) are sometimes used in a negatontext (“we missed part of the exhibition due to
unclear signage or limited opening hours”), bubasmetimes in a more positive way (“not to miss!”)
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Figure 3. Distribution of emotions in survey andiesv texts applying the NRC lexicon

The survey and reviews were then analysed wittNRRE lexicon which uncovers 7 emotions (Figure 3J an
related words (Figure 4). In both Figure 3 and Fégdy an interesting resemblance can be found leette
emotions present in the survey and in the revietasdds. Both positive and negative emotions arsepiten
similar proportions. In both sets, positive emasicare related to ‘joy’, ‘trust’ and ‘anticipationiyhich
correspond to the presence of words such as ‘ibelaulihe emotional state of ‘joy’ was linked to wis
such as ‘information’, while ‘trust’ correspondedthwvords such as ‘guide’. Words such as ‘churatfaat’
related to multiple emotions: ‘joy’, ‘anticipatioand ‘trust’.

Negative emotions are rather rare in the datasehd surveys, some texts refer to the availahilftioilets.
Some of the words ascribed to negative emotiongap have a less negative connotation when cross-
checked manually: references to the word ‘crosghim reviews relate to descriptions of paintingshimi
some of the churches and museums, which can depates related to suffering and martyrdom and
reviewers use words matching negative emotionseseribe them, whilst the same review describesethes
paintings as ‘beautiful’ as well. In general, neégacomments relate to a lack of information, emtefees
and a lack of available toilets.

In the 14 topic LDA model, latent topics are ddsed by the probability of words that describe thid.
Manuel analysis of the 10 most probable words thezeallows us to label and interprete these toffog.
5). In the online review dataset, some topics ediattickets and admission fees and whether thesearth
to spend in relation to what the attraction offgopic 1) or related to its striking appearanceigtd). Topic
8 also mentions tickets, but this topic relates emir practical information on tickets (topic 8).pio 14
relates to practical information considering vigititimes and ongoing renovations. Other topicded@the
quality of the presented works of art or exhibifofopic 2), artifacts (topic 9), the buildings riselves
(topic 4), gothic architecture (topic 11), the dirsurroundings (topic 7), views and vistas (talig, history
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of daily live (of Ruebens, topic 12) and some ott@enember us not too miss certain places (topiant33).
Topic 5 relates to the provided touristic inforroatiand (audio) guides. The fact that these topacs e
interpreted well in the context is an indicatioratthhe word frequencies actually capture a divwersft
themes running across the texts, as opposed totmerartefacts.
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Figure 4. Frequently occuring words and relatedtipesand negative sentiments in the survey andretexts applying the NRC
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Figure 5. 14 topics derived from unsupervised t&ié model

Furthermore, we also computed the average probaloifi each topic over all text documents, for both
reviews and survey texts. This provides us withag vo directly compare the presence or dominandheof
topics in the two corpora. In Fig.6, Topic 5, 12d stand out, while the other topics have quitalar
levels of presence in both datasets. Topic 5, whitates to provided information, (audio) guidesl &s
added value, and topic 14, relating to opening $iotime to spend in the attraction and renovations,
obviously have a higher probability of being dissed in reviews. This may be due to online reviefisno
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focusing on practical information about the usapitif the touristic infrastructure. Correspondinglypics 4

and 12, which both relate to describing the in- artkrior of attractions, have a higher probabititybe

discussed in review texts. Topic 5 has a the higbesbable occurrence on average, followed by tdgic
and 6. This indicates that discussing the qualftprovided information and audio guides (topic §)a

relatively important theme, as well as discussitgtiver the aesthetics of a building makes up fargihg

an entrance fee (topic 6), or to what extent thaetion helps to give a vivid display of histotpic 12).

In general, our analysis indicates that the tostributions are very similar across both corpdiae small

differences in the average need to be seen inghiext of a high topic variance across all textutoents,

which lowers the significance of the differencegha mean. In the future, we plan to test thederdihces
more systematically.

0.4-

source

reviews

average_prob
=
[3%]

survey

0.1-

0.0-
1 2 3 4 5 6 7 8 9 10 11 12 13 14
topic

Figure 6. Probability of presence of LDA topics@view and survey dataset

5 CONCLUSIONS

This proof of concept paper on the opportunitiesv/jpled by big data sentiment analysis as an aligmto
on-site visitor surveys set out to answer two nedeauestions: (a) to what extent web-scraped user-
generated content could provide both internaldetion-specific) and external (destination-widg)its that
might assist destination marketing and planningl @) to test the reliability of topics and sentirtee of
online reviews by comparing them with the resulterf more representative in-situ visitor surveys.

The answer to the second question is the mosgktfarward, the overlap in themes and emotions éetw
the open-ended questions of in-situ surveys andentviews was significant for both the AFINN akBC
lexicons. This is particularly interesting, sinbe tmake-up of survey respondents and online reviewas
very dissimilar. We might therefore hypothesizet thaitors to tourism attractions have a ratheedixset of
elements that are deemed important for evaluatwigia

The first research question cannot be answereditidfi. While the results of the LDA analysis doosh
promise in also uncovering extra-mural topics (&apics 4 and 7), both survey and TripAdvisor rexe
remain predominantly — and quite logically — foals® the attraction being visited. In this senke, DA
offers an interesting algorithm for gaining a deepederstanding of correlating topics, using thetisgent
analysis as a stepping stone for a city-level grial study would require additional sources, incthe

least a combination of geo-localized data. A paatipportunity for further research would thentbeun

the sentiment analysis on an attraction-specifgisbfor multiple attractions across a city whictm ¢hen,
when combined, create a more in-depth analysih@fstrengths and weaknesses of the broader service
sector.
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As a general summary, we might conclude that rathan seeing big data sentiment analysis as an
alternative to traditional surveys, both methods camplement each other. Given the strong coroglati
between the open questions in the surveys andrlieareviews, a higher efficiency might therefdre
achieved by limiting on-site surveys to closed @hgeestions on visitor profiles, information soweesed,
and combined visits, elements which are difficalt uncover from online reviews. On the other hand,
particularly the unstructured LDA supports a richanlysis of experiences, which is difficult to msle via

a traditional survey method.
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