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Abstract 

This paper proposes a platform for extraction and summarizing of opinions expressed by users in tourism related online 
platforms. Extracting opinions from user generated reviews, regarding aspects specific to hotel services, are useful both to clients 
looking for accommodation, and also hotels trying to improve their services. The proposed system extracts hotel reviews from 
internet and classifies them, using an opinion mining technique. Platform is evaluated using a manually pre-classified dataset of 
user reviews. In the paper the efficiency of algorithms are analyzed using text mining domain specific measures, and are 
proposed methods for improving the results. 
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1. Introduction 

Recent advances in web technologies and communications influenced the way people can access information. 
The web has become an enormous deposit of data, to which online users add new information every day. A part of 
that information is represented by online reviews. People now read these reviews and are influenced by them in the 
process of acquiring a product or service. But the enormous amount of data makes impossible for one to read it all. 
In this context is becoming important to have an automated system for collecting and processing data, capable of 
presenting to users relevant information. 
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Detection and extraction of opinions from online reviews is part of a new area of research developed in last 
decade. Opinion mining, also called in scientific literature as sentiment analysis, studies the determination and 
classification of opinions or feelings expressed in text, through the use of computing machines. The challenge of the 
research area is to extract knowledge from unstructured data. The reviews contains opinions expressed in natural 
language, common to people but uninterpretable by computers (Bucur, 2014). 

The domain of tourism extended activity online in the last decade. There are a lot of people that book 
accommodation online because is less time consuming, cheaper and they have the possibility to get detailed 
information about facilities and location of hotels. Concomitantly to development of online booking platforms, sites 
dedicated to presenting reviews in tourism also evolved. Booking sites also include sections with reviews about 
presented hotels.  

The advantage of having access to information and feedback, make users to prefer online booking. Studies about 
consumers online behavior revealed that the decision of acquiring a product is very much influenced by other buyers 
opinions (Bucur, 2014).  

In the past one had trouble deciding to make a booking to a hotel not found in a guide or recommended by an 
agency, due to the lack of information. Now the problem is the excess of information. With so much sites providing 
rating and feedback, is impossible to read it all and, become extreme difficult to find the relevant information for one 
to get an overall image. Some sites only provide a rating system (by stars or numbers) or text reviews, others also 
provide a text review and a rating (Kasper & Vela, 2013). 

A simple number on a rating system is not providing enough information, but neither a long review in which 
users express opinions about more than hotel features. There are a lot of reviews problems, which make them 
difficult to evaluate. Some of them are: 

 
 Reviews are not concise 
 Scalar reviews make difficult to compare hotels with different services offered 
 Reviews refer to more than simple hotel accommodation 
 Totally different opinions from one user to another 
 Some aspects are more important so overall rating is not objective but more influenced on that aspects 
 Some reviews contains answers of hotel stuff to customers complains 

 
A system that could summarize the reviews, extracting the opinions from all this information, offering an overall 

perspective, would save a lot of time and ease the decision process for consumers. Such a system would also help 
hotel managers to find out how their hotel is seen by customers, what services they liked or disliked. A constructive 
feedback would help them on improving their services.   

There are several methods used in research domain for extracting opinions from hotel reviews. The most used 
ones are approaches based on natural language processing techniques and lexical resources and approaches based on 
machine learning.  

Research methods based on natural language processing and lexical resources are using part of speech 
identification and lexical databases like WordNet or other resources derived from it. Most methods based on 
machine learning are using Naïve Bayesian and Support Vector Machine (SVM) classification (Wilson, Wiebe and 
Hoffmann 2005). Naïve Bayesian method is using probability concepts and is based on Bayes theorem. Support 
Vector Machine is a supervised learning method used for classification by recognizing patters in data. 

There are also opinion mining research methods that use multiple approaches combining supervised learning 
methods with lexical resources or ontologies, called hybrid approaches (Saggiona & Funk, 2010). 

2. The proposed system architecture 

The proposed framework has a modular architecture and uses an unsupervised method and a lexical resource to 
extract opinions from user reviews posted on TripAdvisor website. TripAdvisor is a travel web platform dedicated to 
publishing user generated content. On the website users are allowed to add reviews of travel related content. In the 
picture below we present an example of a hotel review: 
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Fig. 1. A review on TripAdvisor.com. 

The system consist of two modules: a content acquisition module which collects the reviews from website and an 
analysis module, witch pre-process the extracted data and implements opinion mining process. 

2.1. The acquisition module 

The acquisition module consists of a web crawler that visit the tourism website starting from a given URL. The 
crawler collects all the links found in visited pages and register the visited ones. The content of visited pages that 
contain reviews, is sent to content extraction module that parse the html source of page and extract the review. (See 
figure 2). The extraction is done by using a predefined mask specific to visited website (Bucur & Tudorica, 2012). In 
this case the review is contained in a <p> tag inside a <div> with class “entry”. 

 

 

Fig. 2. Extracted HTML content. 
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The reviews extracted by the acquisition module are stored in Reviews Deposit. The proposed solution uses a 
MySQL database as storage solution for reviews content. 

2.2. The analysis module 

The analysis module process the reviews from deposit and implement the opinion mining process. It includes the 
processing module, opinion mining module and SentiWordNet lexical database. Opinion mining is performed using 
an unsupervised approach at multiple level: word level, sentence level and document level. The processing module 
process the text for each review and split it into sentences. The review sentences are evaluated identifying parts of 
speech using a POS tagging algorithm. Proposed platform uses an implementation of Eric Brill algorithm in PHP 
and a Brown University lexicon corpus as training dataset. 

 

Fig. 3. Proposed platform for opinion mining in tourism. 

For each sentence an opinion mining analysis is performed. Each sentence, through a tokenization process, is 
split into component words. The words polarity is evaluated using SentiWordNet. 

SentiWordNet is a lexical resource derived from WordNet which assigns numerical values to each sysnet, 
representing the scores of positivity, negativity or objectivity (Esuli, Sebastiani, Baccianella 2010). Each score has a 
value between 0 and 1 and the sum of positivity, negativity or objectivity scores is 1. In proposed platform we use a 
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modified version of SentiWordNet transformed in a MySql data table. This resource was developed by Adam 
Westerski in GI2MO project (http://www.gi2mo.org/) and used for OPAL Drupal module. This version has only the 
highest absolute value of the three scores for each sysnet and the value is positive or negative depending of the 
predominant polarity. 

According to each sysnet polarity value from SentiWordNet, it is calculated a sentence score, as a summary of 
component words scores. A threshold absolute value of 0.2 is selected for determining the classified class for 
sentence. So, if the obtained score is below -0.2 the sentence opinion is classified as negative, also if the score is 
greater than 0.2, is classified as positive. If the score is between -0.2 and 0.2 the sentence is considered as objective 
or neutral. 

The document level evaluation of opinion is made by summarizing the score obtained for each sentence in 
review. The above classification rules with the threshold of 0.2 are also used at document level. 

3. Platform Results 

For estimating the performance of proposed system we use a dataset of reviews extracted from TripAdvisor and 
manually pre-classified. The opinion analysis corpus was collected by Enrique Vallés Balaguer and Paolo Rosso 
researchesr at the Natural Language Engineering (NLE) Lab, Universitat Politècnica de València (Technical 
University of Valencia), Spain (http://users.dsic.upv.es/grupos/nle/?file=kop4.php).  

The corpus contains 3000 reviews posted by users on TripAdvisor.com about hotels in Rome. Reviews have been 
manually classified in positive and negative. Each review was extracted in a separate file tagged as one of two 
classes. In dataset there are 1500 files containing positive reviews and 1500 files containing reviews classified as 
negative (see table below). 

Table 1. Evaluation corpus. 

Review classes No. of reviews No. of sentences. 

Positive reviews 1500 15377 

Negative reviews 1500 16551 

 
In total there are 31.928 sentences, with a medium of 10 sentences per review. The files have been processed and 

content was introduced into the platform Reviews Storage as a MySQL table. 
System classification performance was evaluated using text mining specific measures. For current system are 

calculated: precision, accuracy, recall and F-measure. These values are calculated based on confusion matrix. 
In the following table we present the confusion matrix for all classified reviews in the three classes (positive, 

negative and neutral) according to presented method: 
 

Table 2. Confusion matrix for model. 

Reviews Classified as Positive Classified as Negative Classified as Neutral 

Positive 1284 135 81 

Negative 459 882 158 

 

Accuracy is the proportion of correct classified instances in total classified instances. An accuracy of 1 means 
that all instances are correctly classified. Precision is the proportion of correctly classified instances from a class 
against all instances classified (predicted) as being part of that class. Recall is the proportion of correctly predicted 
instances of a class against all actual instances of that class (Padmaja & Fatima, 2013). 

The following table presents the calculated values of accuracy, precision, recall and F-measure for 100, 1000, 
2000, and all 3000 reviews. 
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Table 3. Evaluation of system performance. 

No. of Reviews Precision Recall Accuracy F-measure 

100 0.75510204081633 0.74 0.72 0.74747474747475 

1000 0.78057553956835 0.868 0.765 0.8219696969697 

2000 0.76232394366197 0.866 0.745 0.81086142322097 

3000 0.73666092943201 0.856 0.722 0.79185938945421 

 
The results obtained show that proposed system has an accuracy between 72% and 76.5%. The performance 

obtained is good for an unsupervised method, but lower than results obtained with supervised algorithms. From 
Table 2 it is noticed that prediction for positive reviews was better than for negative ones.  

Approximately 30% of negative reviews were classified as positive and 13% of total negative and positive 
reviews were classified as objective. Analyzing the reviews it was observed that many users express different or 
mixed sentiments. They have a positive opinion regarding some aspects and negative opinion to other aspects, thus, 
in some cases a human can better distinguish the overall opinion of review. Also, in many reviews users express 
opinions about their travel experience, rather than just about hotel. All of these problems could cause error in 
classification process. 

It was noticed that regardless of the number of reviews classified, the accuracy remain approximately constant, 
because in an unsupervised process, the volume of data does not influence the classification process. An advantage 
of the proposed platform is that it does not require the use of a training dataset, which is a resource consuming 
operation. Another advantage, due to proposed algorithm, is that the proposed platform is not domain dependent. 

 

Table 4 Time spent performing the analysis 

No. of Reviews Number of sentences Time spent Accuracy 

100 937 539.24 0.72 

1000 10347 5985.11 0.765 

2000 21361 12371.8 0.745 

3000 31928 17987.58 0.722 

 
The proposed platform performance is analyzed regarding the time needed for performing the classification. 

Tests were performed on a computer with an AMD Quad Core 3.4GHz processor and 8 GB RAM memory. As we 
can see in Table 4 the medium time to classify a review was around 6 seconds. It can be seen that, from the point of 
view of a real time application, the process is time consuming and cannot be used for real time processing but as 
support background system, if the task consist in analyzing a large number of reviews. 
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Fig. 4. Complexity of reviews vs time and accuracy. 

From the chart in Figure 4 it can be seen that the execution time of classifying process has a linear dependency to 
the number of classified sentences. Also the number of sentences in a comment does not influence the overall 
accuracy of classification. 

4. Conclusion 

In this paper it was presented an opinion mining platform for extracting and classifying hotel reviews posted by 
users on tourism websites. The system visits web pages starting from a given URL, extracts the reviews from page 
content then uses an opinion mining module to process the content and classify reviews as positive, negative and 
neutral.  

The proposed process has an acceptable accuracy and has the advantages that is domain independent and does not 
need expensive resources to operate. Analyzing the reviews, it can be concluded that, in the domain of tourism an 
aspect oriented analysis would improve the performance of the platform, due to the multitude of aspects users 
express opinions about, and the mixed sentiments that are present in reviews.  

A future direction for improving the performance could be the use of an ontology, oriented to tourism domain. 
The proposed architecture could be a useful background tool for summarizing the opinions in tourism oriented web 
platforms. 
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