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Abstract: Nowadays many travelers use online travel agency (OTAs) to book flights, hotel rooms, rent-a-cars, 
cruises or entire vacation packages. Usually OTAs allow their users to give scores and to write reviews about 
what was used. Each OTA defines the terms and conditions for guest rating or review score and hoteliers are 
giving increasing importance to the scores and reviews their guests do in OTAs. This paper proposes two guest 
reputation index to help hoteliers to monitorize their presence in OTAs. The Aggregated Guest Reputation 
Index (AGRI), which shows the positioning of a hotel in different OTAs and it is calculated from the scores 
obtained by the hotels in those OTAs. Another one, the Semantic Guest Reputation Index (SGRI), which 
incorporates the social reputation of a hotel and that can be visualized through the development of word clouds 
or tag clouds. Examples of usage of these indexes are given with data extracted from 5-stars hotels in the 
Algarve, south region of Portugal, that are available on Booking and Expedia. 
 
Key-Words: Guest reputation index, Hospitality, Online Travel Agency, Positioning of hotels, Online 
reputation, Sentiment analysis, Word Cloud.  
 
 
1 Introduction 
The management of rates on hotel management is 
becoming increasingly complex and it is very 
difficult to understand the value that hotels present, 
in a geographical area or in a class of services with 
similar features. 

With the quantity of information that daily 
circulates through the web and a number of users 
estimated at 3 billion in 2015 [1], there is a lot of 
information about competitors, the hospitality 
industry and about consumers trends. This 
information is increasingly more accessible to 
organizations at lower costs, presenting a new 
challenge on creating platforms that are able to deal 
with this huge amount of information that 
organizations have at their disposal. This is the "big 

data challenge" [2], that allows that organizations 
have turned their focus to collect information not 
only from internal sources, but from external ones 
[3]. 

The web 2.0 with its strong interactive 
component allows its users to consult the static 
contents and to share and exchange information 
within the virtual community, which is extremely 
dynamic and influential in the consumers decision-
making. Virtual relationships currently established 
between the hospitality industry and its guests 
provide valuable information, allowing a continuous 
assessment by the hotel managers in its management 
decisions, guests’ feedback and the behavior of their 
competitors [4].  
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The sale of hotel rooms by online channel, 
particularly through the various OTAs (Online 
Travel Agencies) that exist in the market, assumes 
an increasingly importance [5]. Many travelers 
consult different websites before booking online or 
to contact a hotel booking service, which reinforces 
the idea of the increasingly important role that the 
OTAs have in choosing a particular hotel.  

OTAs are the fastest growing segment of the 
travel industry. Booking, Expedia [6], Travelocity, 
Priceline. Orbitz and Kayak are some examples of 
OTAs. Travelers can use these OTAs to search for 
flights, hotel rooms, rent-a-cars, and so on. For 
example, Expedia collect and aggregate data from 
thousands of travel service providers, allowing to 
book flights, hotel rooms, rental cars, cruises or 
entire vacation packages. 

More and more booking traffic is to be carried 
over the traditional channels (travel agencies) to the 
individual customers and to corporate travel 
planners, which use the online intermediaries 
(OTAs) for information queries and to obtain 
pricing information and online reputation of the 
hotel [7]. 
This paper proposes two different guest reputation 
indexes. The first one, the Aggregated Guest 
Reputation Index (AGRI), which shows the 
positioning of a hotel in different OTAs and it is 
calculated from the scores obtained by the hotels in 
those OTAs. The second one, the Semantic Guest 
Reputation Index (SGRI), which incorporates the 
social reputation of a hotel and that can be 
visualized through the development of word clouds 
(also known as tag clouds), which enables a 
facilitated and a graphically attractive visualization 
of the characteristics most mentioned by the guests 
of a hotel in their reviews in the OTAs. 
The AGRI and SGRI can be considered as a new 
Key Performance Indicators (KPI), to be included in 
techniques for an efficient optimization of 
occupancy and rates of hotel accommodations, 
known as Smart Revenue Management (SRM) [8], 
[9].  

Prices and types of rooms, capacity, facilities, 
amenities, and reviews from the hotel guests, among 
others are some of the functionalities extracted by 
webcrawlers [8], [9], which run periodically through 
the webpages of the different OTAs, over different 
periods of time, in order to get suitable data. For this 
work, two different OTAs were analyzed: Booking 
and Expedia. 

After the extraction of the information available 
in OTAs, it is necessary to perform its analysis to 
make available to hoteliers of valid and easily 
legible information about their hotels and about 

their competitive set, in order to enable valuable and 
quick decision-making.  

This paper is structured as follows: Section 2 
presents two scenarios for the calculation of an 
aggregated guest reputation index, while section 3 
explains a semantic guest reputation index, which 
can be developed using the sentiment analysis or 
opinion mining approach or in a simpler manner, 
using word clouds. Finally, section 4 presents the 
conclusion and some guidelines for future work. 
 
 
2 Aggregated Guest Reputation Index 
(AGRI) 
As presented in [8] and [9], the webcrawler 
performs the extraction of several items with 
information about the hotel in a given OTA, for 
instance: the available rooms, prices, features, 
amenities, policies, guest reviews and so on. On 
Booking and Expedia, only the person who booked 
and completed a stay at that hotel can write reviews 
and/or gives scores to that hotel. On Expedia, this 
rate is called the Guest Rating; on Booking is 
considered the Review Score. Any of these two 
designations are used in this paper. On TripAdvisor 
[10] any person can leave a review about a hotel, a 
restaurant, and so on. They do not need to book and 
to complete a stay in that hotel. This is one of the 
reasons why TripAdvisor is not considered in the 
calculation of the proposed indexes in this paper  
[11]. 

The webcrawler also extracts the review score 
that is based on a given number of reviews and the 
score breakdown that rate several information 
dimensions. On Booking these dimensions are: 
Cleanliness, Comfort, Location, Facilities, Staff, 
Value for Money and Free Wi-Fi; on Expedia they 
are: Room Cleanliness, Service & Staff, Room 
Comfort and Hotel Condition. 

Another important information related to guest 
reviews is the customer segment that the guest 
belongs. For example, Booking displays the 
following segments: All reviewers, Families, 
Couples, Group of friends, Solo travelers, Business 
travelers, while Expedia shows the following ones: 
Everyone, Couples, Families, Getaway with friends, 
Business travelers, Overnight stay before 
destination, Personal event, Spa, Golf and other.     

In the process of organizing the information 
extracted by the webcrawler, it was found that the 
Review Score on Booking does not correspond to 
the average of the ratings of each dimension. Figure 
1 shows an example for a hotel on Booking, where 
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the Review Score does not correspond to the 
average of the Score Breakdown. 

On the contrary, the Guest Rating on Expedia 
corresponds to the average of the scores of the 
different dimensions analyzed. Figure 2 displays an 
example of the calculation of the Guest Rating of a 
hotel on Expedia. 

 
Fig. 1 – Differences between Review Score and 
Score Breakdown. 
 

 
Fig. 2 – Guest Rating corresponds to the average of 
the dimensions scores. 
 

To overcome these differences that exists with 
Booking, a first approach to the calculation of an 
Aggregated Guest Reputation Index (AGRI) was 
done using the following items: 

1) Number of reviews by OTA; 
2) Weight of each OTA in the total number of 

reviews; 
3) Review Score by OTA; 
4) Review Score by Segment; 
5) Number of reviews per Segment; 
6) Weight of each Segment in the total number 

of reviews. 
 

Some of these items are extracted by the 
webcrawler, others are calculated, as items 2) and 
6). As the number of reviews in one OTA can be 
different from that number of reviews in another 
OTA, the weight of each OTA in the total number 
of reviews and the weight of each segment in the 
total number of reviews are considered and 
calculated.  

Another important aspect is that OTAs can use 
different rating scales. While on Booking scores are 
assigned on a scale of 1-10, on Expedia the scale 

chosen is 1-5. So, the normalization of the scale has 
to be done. In this paper, the normalization or 
standardisation to the 1-10 scale was chosen for two 
reasons: the first one because it is considered easier 
to have 1-10 scale than 1-5; the other one is because 
Booking continues to be considered the number one 
OTA in the world. 

Table 1 displays an example for a hotel for the 
two OTAs considered, for the dimensions of each 
OTA and showing only one segment, the Families 
one. The other segments are not displayed only for 
lack of space. Furthermore, it was considered that 
the Solo travelers of Booking match the Personal 
Event of Expedia. Finally, the numbers from 1 to 6 
showed in the columns of table 1 correspond to the 
items presented for the calculation of the AGRI.  
 

 
Table 1 – Review Score and one dimension of Score 
Breakdown. 
 

Having in mind this information, several 
scenarios can be drawn. Table 2 shows an example 
of one of them: the calculation of an AGRI as the 
weighted average of the scores obtained in two 
OTAs using the weight that each OTA has in the 
total number of analysed reviews. 
 

 
Table 2 – Calculation of the weighted average using 
a weighted factor in function of total number of 
reviews 
 

Another scenario can be using a weighting factor 
that can be defined by the user. In this case, the 
weighted factor "number of bookings received Year-
To-Date by each channel" (tables 3 and 4) was used. 
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Table 3 – Calculation of a weighted factor in 
function of the number of bookings received Year-
To-Date (YTD) by each channel. 
 

 
Table 4 – Calculation of weighted average using 
weighted factor defined by the user in function of 
number of bookings received Year-To-Date by each 
channel. 
 

Taking into account the need to present reliable 
results and to allow a scalability and a rapid 
information integration in any hotel revenue 
management system, several scenarios for the 
calculation of the AGRI can be proposed. The 
hoteliers have to choose the scenario that for them 
provided the most consistent information with the 
reality of their hotel units. 

It is important to refer that the information 
displayed by the OTAs changes very rapidly. OTAs 
are constantly improving the interface and changing 
the type of information displayed. For this reason, 
the dimensions and segments presented in this paper 
for each OTA can change from one day to another.  
 
 
2.1 Application of the AGRI to Algarve 5-stars 
hotels 
Next, the calculation of the AGRI, using the first 
scenario is demonstrated with the information 
extracted by the webcrawler for forty 5-stars hotels 
of the Algarve region, in the south of Portugal, that 
are available on Booking and on Expedia.  

The hotel designation, score and number of 
reviews were extracted by the webcrawler for each 
OTA and are displayed in table 5. The calculation of 
the AGRI was performed using the total number of 
reviews of the analyzed hotels in the two OTAs 
considered.  

The AGRI can be used to develop KPIs (Key 
Performance Indicators), which can provide 
valuable information about the hotel positioning 
compared with the other 5-stars hotels segment or 
compared with the competitive set. 

For each hotel, the hotelier can analyse the 
weight that each OTA has on the number of reviews 
posted about the hotel. For example, for all the forty 

5-stars hotels of the Algarve that are available on 
Booking and Expedia, graph 1 shows that Expedia 
generated 31,5% of the total number of reviews, 
while Booking generated 68,5%. As expected, this 
reinforces the perception that Booking takes an 
increasingly important role in the number of 
bookings generated by OTAs. It is important to 
stress the importance of choosing a common time 
horizon to the analysis to be done. 

 

 
Table 5 – AGRI calculation for 5-stars hotels of the 
Algarve that are available on Booking and on 
Expedia 
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Graph 1 – Weighted factor calculated using the total 
number of reviews of the Algarve 5-stars hotels on 
Booking and on Expedia. 
 

Graph 2 displays the first ten hotels displayed in 
table 5. Using the information provided by the hotel 
revenue management system or by the Property 
Management System (PMS), it is possible and 
recommended an analysis of the number of 
bookings raised by each OTA and the number of 
reviews that were generated by this same channel, 
allowing to analyse what is the type of guests that is 
more interactive and participative. 

 

 
Graph 2 – Weighted factor per OTA using the total 
number of reviews of each hotel. 
 

Graph 3 shows the positioning of one hotel, 
denoted as “hotel1” in relation to the average of the 
forty 5-stars hotels segment (score 8,8) and also in 
relation to its most direct competitors, its 
competitive set, which are highlighted with yellow 
colour in table 5. This is an example of a KPI that 
can be performed and that is easy to read and to 
understand. 

Finally, saving these KPIs along time, allows 
that the hotelier can check the evolution of the 

AGRIs over time and compared it to the competitive 
set. 
 

 
Graph 3 – Positioning of “Hotel1” compared with 
the weighted average of the segment of 5-stars 
hotels of the Algarve and of the competitive set. 
 
 
3 Semantic Guest Reputation Index 
(SGRI) 
In addition to the analysis that was done using the 
AGRI proposed above, the text of the reviews 
extracted by the webcrawler in each OTA can be 
used in a different manner and need a different 
analysis. 

The reviews reflect the opinions of the guests 
and can highlight aspects and items that are more or 
less valued for them. 

Each OTA has its specifications on how it is 
possible to write reviews on the website. For 
example, on Booking the guest can give a positive 
review that is displayed with a green plus sign  or 
a negative one as grey minus sign. For Expedia, 
the designation is different, the positive reviews are 
designated as “Pros”, the negative as “Cons” and 
there is a different designation “Location”, where 
reviews about the localization can be given. 

Another important aspect of the reviews is the 
language used to write them. On Booking there is 
the possibility to have reviews in 17 languages as 
can be seen in figure 3. 
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Fig. 3 – Languages of the reviews on Booking. 
 

On Expedia the languages used are 13. Czech, 
Russian, Polish and Slovenian are not considered on 
Expedia but used on Booking.  

Another important difference between Booking 
and Expedia is concerning to the reviews showed, 
Booking shows the reviews posted by guests during 
the 14 past months whether Expedia never delete 
reviews apart if the hotel ask it (for example 
following a refurbishment or a property change of 
ownership). 

A relevant aspect is that reviews give valuable 
information about the hotel, what is going well or 
bad with the hotel, related to the various dimensions 
presented before. Recently, Booking changed the 
way as reviews are showed. They began to display a 
summary of the reviews, given information about 
the number of positive and negative reviews about 
Location, Staff, Price, Bathroom, and so on. Figure 
4 shows an example for a hotel. 

 

 Fig. 4 – Total number of positive and negative 
reviews for a hotel on Booking. 
 

It is also important to note that the review can be 
considered positive or negative by the guest, but the 
text of the review itself can give a slightly different 
information, which can be important for the hotelier. 
For instance, the positive review displayed in figure 
5 (extracted from Booking) says that staff is friendly 
but minimal and it was considered by the guest as a 
positive review.  

 

 
Fig. 5 – Example of a positive and a negative review 
for a hotel on Booking. 
 

Finally, there are techniques that allow to extract 
and to evaluate the sentiment expressed in textual 
data. Sentiment Analysis (also known as Opinion 
Mining) allows this evaluation.  
 
 
3.1 Sentiment Analysis or Opinion Mining  
Sentiment analysis or Opinion Mining refers to the 
use of natural language processing, text analysis and 
computational linguistics to identify and extract 
subjective information in different source materials, 
generally from text. These fields of knowledge are 
at the crossroads of information retrieval and 
computational linguistics and have a rich set of 
applications [12], since ranging from tracking users’ 
opinions about products or services, to customer 
relationship management until analysis of hotel 
guest reviews on OTAs. 

To get good results with Sentiment Analysis (or 
Opinion Mining), it is necessary to implement 
previously several techniques to sentiment analysis 
itself, which can help to get the polarity of the text.  

As the text in reviews is normally written in an 
informal way, it is necessary the preprocessing of 
the text to correct grammatical and orthographical 
errors, which can difficult the search of relevant 
information [13]. 

Generally, Sentiment Analysis involves several 
phases: extraction and preprocessing of text; natural 
processing language and sentiment analysis itself.  

In the extraction and text preprocessing the 
abbreviations and linguistics contractions are 
corrected in order to obtain words that exists in a 
given language. In informal text, it can also occur 
the repetition of letters in words to give emphasis 
(for example, “baaaaaad” instead of “bad”). 

The natural language processing also involve 
several steps [13], since the division of the text in 
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simpler terms (tokenization) until complex ones as 
parsing (phrase chunking). Another step is POS 
Tagging (part-of-speech tagging), which determines 
the grammatical class of each component of the 
analyzed sentences. The Apache OpenNLP library 
[14] is the most used software for the processing of 
natural language. It is a machine learning based 
toolkit, which supports the most common NLP tasks 
and also includes maximum entropy and perceptron 
based machine learning. 

Finally, in the sentiment analysis phase the 
subjects of the text are identified. The names that 
expose the subjects of the text and the adjectives 
that characterize those subjects as positive or 
negatives are analyzed in this phase. The terms are 
analyzed according to their grammatical class. 
These operations use databases and lexical 
resources. SentiWordNet [15] [16] is an example of 
a tool that can be used to perform the Sentiment 
Analysis (or Opinion Mining). SentiWordNet 
extends WordNet’s usability by another dimension. 
WordNet as explained in [9] and in [17] is a 
“dictionary of meanings”, which integrates the 
functions of a dictionary and a thesaurus. In 
WordNet, nouns, verbs, adjectives and adverbs are 
grouped into sets of cognitive synonyms, called 
synsets, each expressing a distinct concept. Synsets 
are interlinked by means of conceptual-semantic and 
lexical relations.   

Figure 6 displays a flowchart for the Sentiment 
Analysis process applied on reviews using 
SentiWordNet. According to [16], after 
preprocessing the text, it is reduced to its contents 
words in a normalized form. For each of the words, 
SentiWordNet retrieves the synsets that contain each 
word. If SentiWordNet does not find any synset for 
that word, the sentiment score is defined to zero. On 
the contrary, if more than one synset are returned, 
the word sense disambiguation is necessary. 
According to those authors, there are several ways 
to perform word sense disambiguation using 
WordNet, one of them is using the Lesk algorithms, 
which disambiguate calculating overlaps of the 
context words and the synsets’ glosses. Finally 
scores are then given. Generally the scale [-1.0; 1.0] 
is used, the -1.0 corresponding to the most negative 
sentiment, 0 to a neutral sentiment and 1.0 the most 
positive. 

 
Fig. 6 – Flowchart for Sentiment Analysis (or 
Opinion Mining) process applied on reviews using 
SentiWordNet. Source: [16] 
 

Other solutions are acquiring existing software in 
the market. These solutions allow an easiest 
implementation of the Sentiment Analysis process, 
however implies an extra cost with the acquisition 
of this software. Table 6 listed three of several 
software available in the market. These solutions are 
currently used by several leading companies of 
different areas such as hospitality, consulting and 
social networking among others.  

A different and easier approach to the semantic 
guest reputation index is to use word clouds to 
graphically see the most mentioned words present in 
the reviews. 

 

 
Table 6 – Software for sentiment analysis or opinion 
mining of guest reviews. Source: [18], [19], [20]. 
 
 
3.2 Word Clouds 
Word clouds (also known as tag clouds or text 
clouds) is a visual representation for text data, 
typically used to depict keyword metadata (tags) on 
websites, or to visualize free form text. The 
frequency of each word/tag can be shown with a 
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different font size or color. Wordle, Tagxedo, 
Tagcrowd and Wordaizer are examples of word 
clouds software available in the market.  

In this paper, the Wordaizer [17] software was 
used to analyse the extracted guest reviews. This 
software allows a word counting, revealing the 
items most cited by guests in their reviews. 
Obviously, the software does not identify sentiment, 
feeling or opinion associated to reviews. As was 
explained in section 3.1, Booking and Expedia have 
the reviews classified in positive (pros) and 
negatives (cons), so two different reviews groups 
(Positives and Negatives) were created and analysed 
with Wordaizer. Twenty five reviews on Booking 
and on Expedia of one of the forty 5-stars hotels of 
the Algarve are presented in figures 7 and 8.  

As can be seen in figure 7, room, staff, hotel, 
breakfast, excellent, great, restaurant, facilities, 
services are some of the nouns and adjectives most 
used in the positive reviews.       

 
Fig. 7 – Word cloud of positive reviews. 
 

 
Fig. 8 – Word cloud of negative reviews. 
 

On the other hand, swimming pool, little, hotel, 
euros, warm, breakfast, nothing, reception, short are 
of the nouns and adjectives most used in the 
negative reviews. 

In conclusion, word clouds can give to hoteliers 
an easy and fast way to visualize the positive and 
negative reviews.  
 
 
4 Conclusion 
This paper presents recent developments to hotel’s 
online reputation management, which aims the 
development of smart automatic techniques for an 
efficient optimization of occupancy and rates of 
hotel accommodations [8] [9].  

In this paper two different guest reputation 
indexes were proposed. The Aggregated Guest 
Reputation Index (AGRI), which shows the 
positioning of a hotel in different OTAs and that is 
calculated from the scores obtained by the hotels in 
those OTAs. The Semantic Guest Reputation Index 
(SGRI), which incorporates the reviews given by the 
hotel guests who booked the hotel room using an 
OTA. 

The AGRI proposed can use two different 
scenarios: the first one that calculated the AGRI as 
the weighted average of the scores obtained in 
various OTAs using the weight that each OTA has 
in the total number of reviews analysed. The second 
one, using a weighting factor that can be defined by 
the hotelier. 

The SGRI can also be developed using two 
approaches. One, using Sentiment Analysis (or 
opinion mining) that identifies the sentiment, feeling 
or opinion expressed in reviews; other, the analysis 
and visualization of word clouds (or tag clouds) that 
graphically shows the words most cited by guests in 
the reviews. Each one of the approaches can give 
valuable information to hoteliers to monitorize the 
social reputation and positioning of hotels in OTA. 
Furthermore, hoteliers can anticipate and influence 
consumer behavior in order to maximize revenue. 

The results achieved in this paper open multiple 
paths for future work. One of them is to study and to 
compare the software presented in table 6, the other 
one is to implement the Sentiment Analysis using 
SentiWordNet or other similar software, and create 
a new indicator that integrates the concepts of 
AGRI, SGRI and social networks into a single 
indicator.  
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