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Abstract—Tourist destinations are increasingly affected by 

the travel-related information shared through the Web. More 
and more people first check the previous experiences of other 
customers before doing their own decision-making. This paper 
explores the image of travel destinations by analysing the content 
of opinions shared using sentiment analysis techniques. A 
sentiment score is obtained and analysed considering several 
tourist features of the travel destination as well as the usefulness 
of shared opinions. A well known e-word of mouth community 
and the city of Barcelona have been used as a case study. The 
results obtained reveal the sentiment orientation towards the city 
of Barcelona and its tourist offer. Finally, a sensitivity analysis 
related to the calculation of the sentiment score is included. 

Keywords—Social Media; sentiment analysis; travel-related 
information; tourism 2.0 

I.  INTRODUCTION 

Destination image is one of the topics that are widely 
studied in the literature. This is because it is considered a 
powerful tool for destination marketers in order to obtain a 
high competitive advantage in the tourist markets [1], [2]. It is 
commonly accepted that destination image highly influences 
the destination choice as well as the future behavioural 
purchase intentions [3].  

Recently, studies on tourism have examined the image 
formation process of the pre-visit experience using different 
sources of information, generally beyond the destination 
marketer organisations (DMOs) [4]. The image formation 
prior to the visit has been highly influenced by the information 
provided by travellers’ worth of mouth (WOM). This is 
related not only to the service quality but also to the quality of 
the experience in the tourism destination [5]. Thus, WOM has 
been sought as a credible source of information for the 
destination choice. On the other hand, service quality [6], [7] 
and, more recently, the quality of experience [8] and perceived 
value [9], [10] appear to be the key drivers for the intention to 
revisit and the willingness to recommend a destination. This 
leads to new destination image perceptions after the visit. 

The development and acceptance of information 
technologies have changed the sources of information for the 
image formation process. This has been traditionally focused 
on WOM, media, travel guidebooks, brochures and magazines 
[11]. The growing trend of online communities [12] has 

encouraged customers to interact and share experiences 
through an increasing number of reviews, based not only on 
product quality but also on service experiences [13]. As a 
consequence, highly-involved virtual customers seek and learn 
from online consumer reviews displayed in online travel 
communities. This way, they can acquire information and 
create their own travel experience for a tourist destination 
[14]. Decision-making based on others' previous experience 
can also lead to wrong decisions, as decision criteria can be 
different for different customers. However, the information 
quality in virtual communities is assured through peer 
evaluation in terms of the utility score given by other 
community members. Trust and previous experience are also 
key mechanisms to reduce the uncertainty from users’ reviews 
[15], [16]. Although the user posting the reviews can also 
score the product or service under review, this study proposes 
going further in the analysis of the content of shared reviews. 
More specifically, this study proposes to measure a sentiment 
score associated with each review and decide about its 
sentiment (positive or negative) orientation. The sentiment 
orientation can then be used to measure the image destination 
in the case of travel experiences. It can also be correlated with 
some other available information, such as scores received or 
previous experience. The rest of the paper is organised as 
follows: section II includes the most relevant work in this 
field. Section III introduces the case study as well as the 
methodology for calculating the sentiment score. Section IV 
shows the results obtained and, finally, conclusions are 
detailed in section V.    

II. RELATED WORK 

It is widely accepted that image is the ability to influence 
customers’ perception of the products and services offered 
[17] and therefore their purchase decision-making. However, 
there seems to be a general agreement that the destination 
image formation process is a complex task with no consensus 
concerning the measurement process. In the service literature, 
researchers admit that image can be seen as a 
multidimensional construct formed by the cognitive and the 
affective dimensions [18]. The cognitive component is 
determined by the evaluation of the destination’s objective 
attributes according to external stimulus, including sources of 
information, past experience and WOM. These stimuli allow 



travellers to gather knowledge or beliefs about a certain 
destination [19]. The affective counterpart is focused on 
feelings. These in turn depend on the socio-psychological 
travel motivation and psychological and personal 
circumstances [20]. The study of the cognitive and the 
affective dimensions enable a better comprehension about the 
mental representation of the idea of a certain destination. 

The projected representation considered in the literature as 
a “push factor” in the election of a tourist destination appears 
to be of great interest for its adequate promotion and 
commercialisation [21]. A positive mental representation 
becomes a high-perceived costumer value influencing future 
buying behaviour [22]. 

The destination image literature review reveals that most of 
the studies have been traditionally focused on the image’s 
cognitive component to formulate the idea in the tourists' 
minds [23]. These studies emphasise the use of tangible 
attributes related to the tourist resources of the specific 
destination [24]. However, a growing number of studies also 
highlight the importance of jointly evaluating the cognitive 
and affective perception of a tourist destination [25], [26]. 
Moreover, Kim and Richardson [20] admit that in a tourist 
context the affective attributes of a destination are even more 
important than the evaluation of the tangible attributes.    

Traditionally, two methodologies have been applied to 
measure the destination image: structured and unstructured 
techniques. Structured methodology is focused on the 
assessment of a battery of relevant attributes for a destination 
previously identified in the study by the researcher. Structured 
methodology using Likert or semantic scales has been 
frequently applied in the literature, including tangible 
attributes [27] and affective attributes [28], [20] to measure 
the destination image. However, it is widely recognised that 
this technique cannot capture those attributes that could be 
considered of special relevance by the respondents [29] and 
the unique component of the destination [30]. On the other 
hand, the unstructured technique based on open-ended 
questionnaires apprehends the holistic components and unique 
features of a destination image [31], [32]. But in this case, the 
great variability in the individual description and impressions 
of a destination makes any comparative analysis difficult. 
Thus, as identified by Echtner and Ritichie [33], due to its 
inherent mental representation complexity the measurement of 
the destination image justifies using a combination of 
structured and unstructured methodologies.  

While past qualitative and quantitative research was 
focused on defining the multi-attribute destination image, 
recent studies have explored the role of information sources in 
the creation of the destination brand image. Stokes and Lomax 
[5] recognise the strong influence of WOM information in the 
brand image creation. They suggest that DMOs and 
entrepreneurs should have a high understanding of that 
information source as part of their marketing strategy to create 
an engaging, memorable and newsworthy travel experience. 
Further evidence of the power of WOM as a brand image 
builder can be also found in Hanlan and Kelly [34]. They 
identified the dominant attributes image in the individual 

mental representation. The rapid and growing development of 
the Web2.0 providing efficient tools to create and share ideas 
(eWOM) through the World Wide Web has led to a new 
image measurement paradigm. Online travel communities, 
blogs and forums encourage people to share information about 
a wide variety of destinations. This helps other information 
seekers to create their own destination image. Since the 
information on the web is unstructured, a new field within 
content analysis based on sentiment orientation is starting to 
appear in the tourist literature [35], [36]. Marketer planners are 
increasingly using sentiment analysis to develop their 
marketing strategies according to the consumer attitudes 
manifested through e-WOM communities. Until recently, 
most research based on sentiment analysis was focused on 
product reviews rather than on service reviews. This research 
means to fill this gap in the literature by examining electronic 
reviews in the online community Ciao as an information 
source for the creation of a destination brand image.   

III.  CASE STUDY AND METHODOLOGY 

The case study is based on a well-known e-WOM 
community, covering a wide variety of products and services. 
The next subsections introduces e-WOM communities as well 
as the data collection and the methodology applied. 

A. e-WOM communities 

The emergence of Internet and the Web 2.0 has changed 
the way in which users look for information and their purchase 
decisions. Previously, much of this information was received 
directly from companies or from friends or relatives in 
informal conversations. However, traditional WOM has now 
its digital counterpart with e-WOM. e-WOMs allow 
consumers to share their experiences, exchange product- and 
service-related information and socially interact with other 
consumers [37]. e-WOM takes place in a computer-mediated 
context and, in contrast with traditional WOM, conversations 
are visible to the rest of the consumers. This fact makes these 
communities ideal for researchers because plenty of 
information can be obtained via the web. Typically, reviews or 
posted experiences are rated by the rest of the community in 
terms of their usefulness [38]. This information is useful for 
consumers to distinguish malicious opinions. As Internet is a 
relatively anonymous medium, vendors can be tempted to 
manipulate opinions by over scoring their products or services 
and persuading against competitors. Additionally, some data 
about users who share reviews are also displayed, such as 
previous experience posting information, activities, reputation 
or the date they joined the community [39]. 

B. Data collection 

Data were collected from the website ciao.co.uk. This is a 
well-known e-WOM community that covers a wide variety of 
products and services. The website is organised in 28 main 
categories. One of them is the category 'Travel', which in turn 
is divided into continents, countries and cities within each 
continent. This study is specifically focused on the city of 
Barcelona, which is one of the top touristic destinations in 
Spain. Basically, Ciao distinguishes four areas related to the 
experience of travelling to Barcelona: Hotels, Attractions, 



Restaurants and Pubs, Bars & Nightlife. Registered Ciao users 
can freely post reviews about any of these subcategories 
related to travelling to Barcelona. These reviews can receive a 
score from the rest of the community and this is also publicly 
displayed. Finally, some statistics about users are also 
available, such as the date they joined the community, the 
number of previous submitted reviews or a trust score given 
by the number of community members who specifically trust a 
given user. All this information as well as the content of the 
reviews was collected using a web scraper developed in R. 
The function readLines() from the base package, that reads 
data from a URL, was used to access the shared reviews. 
However, webpages are formatted in HTML code, and 
accessed data contains both the webpage content and the 
HTML tags. Therefore, it is necessary to parse the HTML file 
using the htmlParse() function . This generates an R structure 
representing the HTML tree. Once online webpages are 
available as an R structure, meaningful data can be easily 
identified using regular expressions that are also supported in 
R, for instance, in packages such as XML. Table 1 summarises 
the information collected.  

Variable Description 
text Body of the posted review 
size Size of reviews in words 
user Alias and link to the user statistics 
Date  Date on which the user became a member 

of Ciao 
Reviews Number of previously posted reviews 
Trust Members trusting this user 
Subcategory Hotels, Attractions, Restaurants, 

Pubs_Bars_Nightlife 
Table 1.  Information extracted from reviews posted in the 

category Travel -> Spain -> Barcelona 

C. Sentiment analysis 

Sentiment analysis refers to detect and classify the 
sentiments expressed by an opinion holder. There are two 
main approaches to the problem of automatically extracting 
sentiment. A lexical-based approach involves calculating the 
semantic orientation for a document from the semantic 
orientation of words or phrases in the document. This is based 
on a predefined list of words, where each word is associated 
with a specific sentiment. Machine learning techniques 
involve building classifiers from labelled instances of texts or 
sentences through a supervised classification process [40]. The 
advantage of machine learning techniques is that they can 
create trained models for specific contexts. Nevertheless, they 
also require the availability of labelled data. This compromises 
their applicability to new data. This study follows the first 
approach based on AFINN-111, which is a list of English 
words rated for valence with an integer between minus five 
(negative) and plus five (positive) for 2477 word forms [41]. 
Although the original ratings vary between -5 and +5, a 
reclassification in a lower number of categories was done to 
clearly highlight the semantic orientation. As a result, four 
categories were distinguished: very negative (Vneg, rating -5 
and -4), negative (Neg, rating -3, -2, or -1), positive (Pos, 
rating 1, 2, or 3) and very positive (Vpos, rating 4 or 5). For 

each review, the number of words belonging to each category 
was calculated, and the final sentiment score was obtained as: 

VposwPoswNegwVnegwSentiment ⋅+⋅+⋅−+⋅−= 2112 )()(  

w1 and w2 being two weight factors that consider the relative 
importance of very positive or negative terms with respect to 
the positive or negative terms. Obviously, it is required that 
w2> w1 to emphasise the weight of very positive or negative 
terms. In general, people avoid being too extreme in their 
opinions, so the presence of very positive or negative words 
should be considered as a clear semantic orientation.  

IV.  RESULTS 

A total of 200 posted reviews about the city of Barcelona 
posted were collected at Ciao.co.uk using the web scraper 
developed.  
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Figure 1. Opinion distribution by travel subcategories. 

The distribution of the opinions by travel subcategory is 
also important to understand those attributes of the destination 
that should be improved. Figure 1 shows how many reviews 
each travel subcategory has received, revealing those tangible 
aspects of the city which are more assessed by travellers. 
Hotels, followed by Attractions and Restaurants are the 
categories receiving more attention from travellers. In 
contrast, Pubs, Bars and Nightlife received a lower number of 
reviews. This fact can be explained by the wide variety of 
pubs and bars in Barcelona which makes it more difficult for 
users to become engaged in discussions about them.   

The sentiment analysis approach proposed has been 
applied to the reviews collected. As a result, and using the 
referenced dictionary, 6660 terms belonging to the four 
categories considered (VNeg, Neg, Pos, Vpos) were identified. 
Table 2 and Figure 2 describe the distribution of the sentiment 
reviews by travel subcategory.  

  VNeg Neg Pos VPos 
Hotels 4 749 1887 89 
Attractions 2 500 1360 104 
Restaurants 4 582 1086 37 



Pubs&clubs 0 77 171 8 
Table 2. Distribution of sentiment reviews by travel 

subcategories.  

It can be noted that users don not tend to use very positive 
or very negative terms. A positive bias towards the city of 
Barcelona can also be observed, although the negative 
sentiment scores deserve special attention by destination 
marketing planners. In general, travellers appear to be 
reluctant to give very polar opinions to any subcategory.  
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Figure 2. Distribution of sentiment reviews by travel 
subcategories 

Sentiment scores were calculated for the 200 reviews 
about the city of Barcelona, considering the score described in 
section III with weight factors w1=2 and w2=5.  

0.000

0.005

0.010

0.015

0.020

-50 0 50 100 150 200
Sentiment score

de
ns

ity

 

Figure 3. Sentiment Scores histogram with fitted density 
curve  

Figure 3 shows the histogram of sentiment scores with its 
density curve superimposed. The result obtained exhibits a 
clear right skewed distribution. This means that most travellers 
have a positive orientation towards Barcelona as a tourist 

destination. Additionally, and due to the chosen weights, the 
sharp shape of the histogram means that most opinions are 
concentrated in a narrow range of sentiment scores. 

Several subsequent analyses have been performed to detect 
if the sentiment score is affected by travel subcategories or the 
perceived utility of reviews. Table 3 provides the analysis of 
the variance (ANOVA) results to test for any significant 
differences among the mean scores for the four travel 
subcategories.  

 N Mean F value Sig 

Hotels 93 29.04 1.084 0.357 

Attractions 62 35.97   

Restaurants 36 35.28   

Pubs & clubs 9 25.33   
Levene Test=1.4754, Sig. = 0.2225 

Table 3. ANOVA results for subcategories of the city of 
Barcelona. 

Levene's test is not significant. This means that the 
homogeneity of variance assumption was not violated. The 
ANOVA results show that there are no differences in mean 
sentiment scores among the travel subcategories 

The utility of reviews is another important aspect for 
customers when making decisions about travelling. The 
ANOVA test has been applied to detect possible differences in 
sentiment mean scores among different utility perceptions.  

Table 4 shows a significant F value, which indicates 
differences in the sentiment scores’ means but it does not 
provide a multiple pairwise comparison.  

 N Mean F value Sig 
Helpful 42 16.76 22.67 0.000 

Very Helpful 96 28.28   
Exceptional 62 46.98   

Levene Test=7.3868, Sig. = 0.0001 
Table 4. ANOVA results for utility of reviews.  

For this purpose, the Tukey post-hoc test has been used to 
determine the differences in sentiment scores between each 
pair of utility categories. The sentiment score mean is higher 
whenever the review’s utility perceived by the online visitors 
is also higher.  

 diff Sig. 
helpful-exceptional -30.22 0.000 
very helpful-exceptional -18.70 0.000 
very helpful-helpful 11.52 0.023 

Table 5. Results of the Tukey post hoc test. 

This result indicates that users tend to evaluate positive 
reviews better than negative reviews. This actually seems 
logical, as positive reviews are helping users to find 
accommodation or attractions, while negative reviews just 
make them continue looking for other alternatives.  



Several other continuous variables collected were finally 
correlated with sentiment scores in Table 6, including (1) 
Sentiment scores, (2) Number of previous reviews, (3) Trust, 
(4) Size of reviews in words, (5) Time reviewers have been 
members of Ciao. 

 (1) (2) (3) (4) (5) 
(1) 1     
(2) 0.18* 1    
(3) 0.14 0.75***  1   
(4) 0.57***  0.59***  0.69***  1  
(5) -0.03 -0.03 0.16 -0.06 1 

Note: ***p<0.001; **p<0.01; *p<0.05 
Table 6. Correlation Analysis 

The sentiment score is positively correlated with the length 
of reviews and the previous experience of the reviewers. The 
first result seems to be logical, since the higher the length of 
the text, the clearer its semantic orientation. The positive, 
although weak, correlation with the number of previous 
reviews means that experienced users tend to review those 
services where they had a positive experience. Other results 
show that experienced users tend to be trusted and they also 
write more detailed reviews. 

A sensitivity analysis was next performed to test the 
influence of weights in the sentiment score calculation. 
Several combinations of weights were chosen and applied, 
considering the restriction of w2> w1. The histograms obtained 
are shown in Figure 4.  
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Figure 4. Sentiment Scores histogram with fitted density curve considering several weights combinations. 
 

It can be noticed that, as weights become higher and the 
difference between w2 and w1 is also higher, the density curves 
exhibit a higher positive skew. Additionally, distributions 
become flatter, with a greater variety of scores. In general, a 
wider variety of scores is preferable to better identify those 
tourist features of the city that can be improved. 

V. CONCLUSIONS   

This paper proposed a sentiment score of travel 
destinations based on the content analysis of opinions shared 
through the web. The case study about the city of Barcelona 
shows that users are mainly focused on hotels and attractions, 
and their opinions tend to avoid the use of very positive or 

negative terms. According to the sensitivity analysis 
implemented, it is better to overweigh very positive or 
negative terms to achieve a higher variety of scores. 
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