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T

he number of Web 2.0 websites has recently
experienced significant growth. These web-

sites emerged as an evolution of Web 1.0, or static,
websites. In Web 2.0, users aren’t only content
consumers, they can also generate content and collaborate with other users. In this way, users take
an active role and create a virtual community.
Web 2.0 websites include blogs (Blogger or Wordpress), media content (Prezi, YouTube, Flickr), wikis (Wikipedia, WikiSpace), collaboration (Dropbox, Google Docs), and social networks (Twitter,
Facebook, Google+).1 The burgeoning information explosion offered through Web 2.0 suggests
that customers often check other users’ opinions in forums, blogs, and social networks before buying a product or contracting a service.

TripAdvisor emerged in 2004 as a Web 2.0 application for the tourism domain. This user-generated
content website offers a plethora of reviews detailing travelers’ experiences with hotels, restaurants, and tourist spots. TripAdvisor has
since been ranked as the most popular site for
trip planning, with millions of tourists visiting the site when arranging their holidays (see
Figure 1).
Sentiment analysis is a natural language processing tool that is useful for monitoring Web 2.0
applications, as it can reveal public opinion about
numerous issues without requiring satisfaction
enquiries. 2,3 According to the Oxford dictionary, sentiment analysis is the process of computationally identifying and categorizing opinions
expressed in a piece of text to determine whether
the writer’s attitude toward a particular topic,
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product, and so on, is generally positive, negative,
or neutral. The interest in sentiment analysis has
increased significantly over the last few years due
to the large amount of stored text in Web 2.0 applications and the importance of online customer
opinions. As a result, more than 1 million research
papers contain the term “sentiment analysis,” and
various start-ups have been created to analyzesentiments in social media companies.
Multiple studies on TripAdvisor exist, but there
is no complete analysis from the sentiment analysis viewpoint. This article proposes TripAdvisor
as a source of data for sentiment analysis tasks.
We develop an analysis for studying the matching between users’ sentiments and automatic sentiment-detection algorithms. Finally, we discuss
some of the challenges regarding sentiment analysis and TripAdvisor, and conclude with some final
remarks.

TripAdvisor and Sentiment Analysis
According to Wikipedia, TripAdvisor is an American travel website company providing reviews
from travelers about their experiences in hotels,
restaurants, and monuments. Stephen Kaufer
and Langley Steinert, along with others, founded
TripAdvisor in February 2000 as a site listing information from guidebooks, newspapers, and magazines. InterActiveCorp purchased the site in 2004,
and one year later, spun off its business travel
group, Expedia. After that, the website turned to
user-generated content. It has since become the
largest travel community, reaching 390 million
unique visitors each month and listing 465 million
reviews and opinions about more than 7 million
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accommodations, restaurants, and
attractions in 49 markets worldwide.
Figure 2 shows the Google search rate
for TripAdvisor, illustrating its popularity around the world.
Because it has so much data, TripAdvisor has become extremely popular with both tourists and managers.
Tourists can read the accumulated
opinions of millions of everyday tourists. They can also check the popularity index, which is computed using
an algorithm that accounts for user
reviews and other published sources
such as guidebooks and newspaper
articles. This index runs from number 1 to the overall total number of
restaurants, hotels, or other attractions within the city. Travelers can
find the most interesting visitor attraction or most popular restaurant.
Linked to this is the bubble rating
(user rating), a 1–5 scale where one
bubble represents a terrible experience and five bubbles an excellent
experience. All reviewers are asked
to use this scale to summarize their
feedback. Together with this rating,
users include their opinions, which
can coverthe performance of a restaurant, hotel, or tourist spot. Therefore, reading and analyzing reviews
can help develop a business.
The World Travel & Tourism Council report shows that tourism generates 9.8 percent of the wider gross
domestic product and supports 248
million jobs.4 These numbers suggest
that the tourism industry is the most
important economic driver of many
economies. Therefore, it’s important
to understand the main drivers of the
tourist flow as well as tourists’opinions
abouta city’srestaurants, hotels, and
tourist attractions.
TripAdvisor has enough standing
to be used as a text source, 5 storing
numerous reviews of tourist businesses around the world. Sentiment
analysis extracts insights from this
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Figure 1. Granada (Paseo de los Tristes). TripAdvisor is the most popular site for
planning a trip.

Figure 2. Map of the popularity of TripAdvisor searches in Google over the last
five years.

data. Sentiment classification, the
best-known sentiment analysis task,
aims to detect sentiments within a
document, a sentence, or an aspect.
This task can be divided into three
steps: polarity detection (label the
sentiment of the text as positive, negative, or neutral), aspect selection/
extraction (obtain the features for
structuring the text), and classification (apply machine learning or lexicon approaches to classify the text).
Sentiment analysis methods (SAMs),
which are trained for sentiment polarity detection,6–8 can automatically
www.computer.org/intelligent

detect sentiments from documents,
sentences, or words. A large variety
of SAMs address the different categories of texts (blogs, reviews, tweets,
and so on). However, the analysis of
feelings is not a perfect science, especially when applied to the unstructured texts that predominate in social
networks.9 Human language is complex, so teaching a machine to detect
different grammatical nuances, cultural variations, jargon, and misspellings in messages on the network is a
difficult process, and it is even more
difficult to automatically understand
3
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Figure 3. Distribution of sentiments between TripAdvisor users (bubble ratings) and four sentiment analysis methods (SAMs):
SentiStrength, Bing, Syuzhet, and CoreNLP. Red indicates negative sentiments, orange neutral, and green positive.

how the context can affect the message’s tone. Because humans can apply a contextual understanding, we
can intuitively interpret the intentionality of any writing. Computers, however, have difficulty understanding the
context in which a phrase is expressed
and detecting whether a person is being sarcastic or not.
A few sentiment analysis studies set
TripAdvisor as a data source. For example, researchers have collected reviews about the TripAdvisor app in
Google Play Store for extracting app
features to help developers.10 Others
analyzed TripAdvisor’s hotel reviews
for classifying good and bad customer
opinions.11 Still others propose a
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system to summarize comments from
travel social networks, such asTripAdvisor, for analysis.12 Similarly, other
researchers developed a tool to analyze tourists’ opinions of restaurants as
well as hotels from a region in Chile.13

A Study for Calibrating
User’s Polarity
We scrape TripAdvisor webpages
on three well-known monuments in
Spain: Alhambra, Mezquita Córdoba, and SagradaFamilia. We consider user ratings of one and two
bubbles as negative, three as neutral,
and four and five as a positive sentiment. We then apply four SAMs (SentiStrength,14 Bing,15 Syuzhet, and
www.computer.org/intelligent

CoreNLP6) and extract the overall
polarity on each opinion.
Figure 3 shows the results. We observe that the distributions of polarities are different from user ratings. The
user ratings bar plot shows that users tend to rate their visits to the three
monuments positively, with more than
90 percent of ratings having four or
five bubbles. SentiStrength and Syuzhet
methods reach a similar distribution
to the user rating. However, Bing and
CoreNLP detect more negativity in the
TripAdvisor opinions. In all cases, the
number of neutral polarities is higher
than the neutral ratings (three bubbles).
Next, we studied the distribution
of bubble ratings over the negative
IEEE INTELLIGENT SYSTEMS
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Figure 4. Distribution of SAMs’ negative polarity by user rating in TripAdvisor.

SAM polarities. We thus analyzed
the behavior of user feedback against
the SAM evaluations. Figure 4 presents 12 bar plots (four SAMs for each
of three monuments) containing the
shares of all negative SAM polarity
over the bubble evaluation (percent
over the original user ratings). Analyzing this data, we observe that SentiStrength and Syuzhet detect at best
57.48 and 45.10 percent of negative
reviews. However, they misclassify
on average 20 percent of positive user
reviews (three and four bubbles). On
the other hand, Bing and CoreNLP
methods detect as negative more
negative user ratings, but misclassify
over 30 percent of positive reviews.
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Bing and CoreNLP tend to highlight
the negative opinions.
In general, we observe that users
tend to write negative sentences on
positive user ratings, and vice versa.
Therefore, we suggest not setting the
user rate as a label sentiment for the
whole review and analyzing the opinionsin depth.
This study clearly shows the need
to analyze opinions beyond user ratings. As a practical methodology, we
propose following three steps: handle
the negative opinions identified with
SAMs via learning models, get a good
clusterization according to consensus
degrees among SAMs, and discover
relationships among common aspects
www.computer.org/intelligent

to characterize the cause behind the
negative comments.

Challenges
Several challenges arise when Trip
Advisor uses sentiment analysis, due
to the specific content in TripAdvisor-based opinions. Although some
related topics have been extensively
studied in the literature, their adaptation to the context of TripAdvisor
opinions requires revisiting them.
Aspect-based sentiment analysis
(ABSA) is an important sentiment
analysis task.16 An aspect refers to
an attribute of the entity, for example, hotel room cleanliness, the staff
at a tourist spot, or the service at a
5

restaurant. ABSA aims to identify the
sentiment toward an aspect and extract fine-grained information about
specific TripAdvisor-based opinions
(hotels, monuments, restaurants,
and so on). Recent relevant studies
are based on deep learning,17 which
should be analyzed in the TripAdvisor context.
ABSA is helpful to business managers because it allows for the extraction of transparent customer
opinions. Discovery knowledge techniques such as subgroup discovery18
can be applied to discover relationships among common aspects and get
aspect associations for both positive
and negative opinions.
The detection of irony and sarcasm
is a complex sentiment analysis task.
The detection of ironic expressions
in TripAdvisor reviews is an open
problem that could help to extract
more valuable information about the
study’s subject.19 Spam is another
sentiment analysis-related concern.
Some authors have developed studies
to measure the credibility of TripAdvisor with satisfactory results. 20
A novel approach is the extraction
of aspects/features from opinions
to raise the issue as a bag of feature
vectors, considering the problem as
multi-instance learning. 21 This might
provide a robust approach from the
classification viewpoint.

S

entiment analysis is an incipient research field. It is difficult to
determine how it will evolve in the
future, although there is a general
belief that this analysis needs to go
beyond a simple classification of
texts on a positive and negative onedimensional scale. Over the last few
years, the list of sentiment analysisrelated challenges has grown (subjectivity classification, opinion summarization, opinion retrieval, and so on).
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Through Web platforms such as
TripAdvisor, tourists can openly describe their experiences and thus affect a business’s viability. Therefore,
the implementation of sentiment
analysis techniques to mine sources
of opinion is crucial to understanding the faults and assets of a tourist
service. Given the large number of
applications in the tourist domain,
sentiment analysis has great potential
to directly influence quality improvement in tourism.
Because of inconsistencies between
user ratings and SAM evaluations,
with users often writing negative sentences in positive opinions and vice
versa, we need new approaches to fix
the positive, negative, and neutrality
via consensus among SAMs, as well
as design models to discover relationships among common aspects to
characterize the reasons behind negative comments.
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