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Abstract 

The e-tourism is an online business that tries to provide to possible customers a good 
accommodation that can be purchased online. However due to the widespread of 
people and the high number of possible destinations and accommodations, customers 
that decide upon an accommodation might not be satisfied with the choice they have 
made. Feedback systems are in place to allow previous bookers to share their 
knowledge about the accommodation with other potential customers. This builds also 
content, but also trust in the e-tourism website, which reinforces the marketing strategy 
Word of Mouth that is used on such websites. However besides building trust, the issue 
lies in how to interpret the feedback that customers are providing, so that in the future 
more of them will be satisfied with their choice made through the online business. 
There are different processes that take place at a cognitive level when assessing the 
quality of a hotel, and there are different measuring scales that people use to 
accomplish this task. In this thesis we explore the possibility to predict, based on the 
review scores that are provided by customers, and their demographic data, as well as 
the expectation that there are always satisfied and unsatisfied people for a certain item, 
if they would recommend the hotel or not. We have train and tested several models that 
reached a correct classification accuracy of 93%. Since the best classification model 
performed accurate enough, we explored also what is the distribution of predictions on 
the bookers that provided review scores, but not a clear answer if they would 
recommend the hotel or not. In the end of the thesis we proposed a schema to use this 
satisfaction model in improving future recommendations of destinations on a already 
deployed system. 
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1. Introduction

This thesis is structured in 6 chapters and a set of Appendixes. The thesis tries to answer to the 
research questions and the problem that is presented in the first chapter “Introduction”. In the 
second chapter we will present related work to the topic, as well as background information 
about the business and the problems that it faces. The third chapter presents Booking.com 
business and explores from the perspective of the research questions; the dataset information 
that was received from the company .The fourth chapter presents the Experimental setup 
through which we intend to answer the thesis questions. The fifth chapter presents the results 
that we obtained, as well as discussions and interpretation of the results. The last chapter draws 
the general conclusions of the thesis and proposes possible directions of research based on the 
results obtained. 

1.1.

The evolution of internet over the past years has given the e-tourism business the possibility of 
getting closer to their potential customers and offer services and recommendation with a wide 
area of possibilities. Providing the right destination and convincing the customer to book from a 
certain supplier of tourism is the objective of many of the e-tourism businesses. Performing this 
task in a distributed and a large scale is not something trivial. Different recommendations 
technologies have been successfully applied, but in a dynamic field, new and innovative 
systems are needed.  One of the main problems is to make decisions  without sufficient user 
information that are specific enough to be interesting, but also generic enough to give choices to 
the customer in a particular range. 

Finding a good hotel or a suitable destination can be in many cases frustrating, since the pool of 
selection is very broad. Creating rankings based on different models and knowing your 
customers is important, especially in a business in which the rate of bookings per customer is 
low. There are only a small number of people that have booked a lot of trips before, most of 
them being first or second timers, as it is shown in our analysis in Chapter 3.2 Data 
understanding. From this perspective the recommender systems applied in this domain suffer 
from the “cold start” problem. The information from the user is restricted at the moment of  
reaching a website, so most of the models have to be developed offline, and just adapted with 
minimum input for most of the potential users.

Customers can provide feedback in two ways. The first one is if whether they book or not a 
hotel. The conversion rate is a important e-metric and represents the ratio between those who 
visit the website, and those who actually book something from the website. A good conversion 
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rate is close to 0.2 (Rodolfo B, 2003). The second way to provide feedback is after the trip, 
through the review score they give to the hotel. The second type of feedback is more qualitative, 
but also is scarcer, since not all bookers give feedbacks. Taking into account that on the 
Booking.com website1 they report more than 30 million unique visitors per month which means 
[removed on request of Booking.com]. Since we received data across one year that represents 
approximately 2 million records, this means that only around 3% of the bookers provide also a 
review score. The percentage is low but still the question is how to use these review scores of 
previous bookers to create a model that will improve the experience of future customers. 

The review scores present a series of difficulties that we will present in the Chapter 2 that raise 
the problem of how to interpret one’s review score. Interpreting a certain value as a direct 
indicator of satisfaction is a naive method that allows the use of the review scores for future 
recommendations. However this method does not perform too well in correctly identifying if  
someone is satisfied with the hotel they book, and if they will recommend it as we will show in 
Chapter 5.  Therefore we want to search for a better method in identifying if someone’s review 
score means that he/she will recommend the hotel that they previously booked.

1.2.

This research aims to explore the offline information from company customers to develop a 
satisfaction model that can aid developers to have better insights in the booker’s behavior. This  
should lead to an improvement of  companies’ recommender system. Knowing your customers 
is a very important step in attracting new ones. Creating a satisfaction model that can predict in 
an acceptable way if a booker was satisfied with the choice he made enables us to improve
future recommendations to him. 

Due to the nature of e-tourism business, the target group consists of customers spread 
worldwide, making the problem complex and difficult. However the review survey is the 
strongest qualitative feedback that a booker can give to a hotel. Also, in most of the cases the 
prospective customer is for the first time using the system, so based on what should the system 
provide an acceptable subset of recommendations? The demographic data of bookers is a trait 
that is strongly used in new recommendation systems (RecSys, 2012). Therefore, the main 
research question of this thesis is:

1 http://www.booking.com/general.en-
us.html?sid=6c4343fe6ee107c6d3151149e181856e;dcid=1;tmpl=docs/about
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“Can we predict if someone would recommend the hotel they booked, based on demographic 
data and personal ratings?”

In order to provide an answer to this research question we need an exploration of how the 
ratings of bookers worldwide relate to the demographic aspect of the data. 

A second interesting insight that we set to obtain it is represented by the behavior of bookers  
that don’t provide a clear answer whether they would recommend or not a hotel. Since most of 
the users don’t provide a feedback, if the model of classification is good enough, can we infer 
that all the bookers would intend to behave in a certain way?

Therefore, the second question that we want to answer is the following:

“If the model developed as an answer to the first research question is acceptable, what can we 
infer about booker’s behavior for which we don’t have data if they would recommend or not the 
destination they booked?”

For most of the e-tourism businesses, the number of reviews is low compared to the total of 
bookers that use a system and book through it as we explained in the above subchapter. 
Finding a satisfaction model that performs acceptable would allow also inferring some behavior 
on the level of all the bookers, but should also be deployable and easy to use. 
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2.

The problem of finding a model in which people are satisfied with a product is a common 
problem, and different solutions are proposed to solve this problem. In the following chapter 
we will present some important concepts and ideas that are relevant from the perspective of  
hotel recommendations and for our approach. The main purpose of this chapter is to present 
and discuss the following aspects that will be later explored in the dataset that we have at our 
disposal: 

1) Better understanding of how to interpret the personal ratings in the context of e-tourism 
business and satisfaction of customers. 

2) Possible methods to use the demographic data and personal ratings to answer our research 
question.

a) Possible models which can be used to answer the research question

b) Methodology used in conducting the data mining process

2.1. E-

Providing services and offers of accommodations in worldwide destinations as well as 
simplifying the process of actually booking such an offer has lead to an increase of online 
booking (Qiang et all,2011). By attracting more customers, more companies appeared that 
provide such services, an thus the interest raised in how to create models that perform better in 
recommending the right destination and accommodation offers to the potential customer. 
Creating new business models, as well as new recommendation technologies (Francesco Ricci, 
2004) proved to be challenging but rewarding as well since the margins for e-tourism 
companies are raising (Qiang et all,2011). This created a new market for Recommender Systems 
that facilitates crossing a communication cloud (Werthner & Klein, 1999) that allows the tourist 
to find the proper accommodation, price and availability.  The decisions are based on prior 
information that the system has gathered and the heuristics that were used in developing the 
system. More information about e-tourism business models is presented in the chapter 3 where 
it is discussed from Booking.com’s perspective.
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2.2. E-

The new e-tourism field has lead to changes in business models by developing new model or 
improving the current ones, and changes in marketing strategies. One of the most well known 
and efficient marketing strategy is word of mouth. The electronic Word of Mouth (e-WOM) is 
an adaptation of the common marketing strategy and can be defined as “informal communication 
directed to customers via the Internet, in the context of experience of the use of certain 
products/services”(Goldsmith et al, 2008). Especially in an e-tourism business in which the pool of 
selection is too broad, the decision of picking one accommodation is done based on the 
available information on e-tourism the website. The content available on the website is mostly 
influenced by previous reviews of  bookers. Moreover, from these reviews, the negative ones  
have a higher influence on the prospective customers than the positive reviews. (Kirby & 
Mardsen,2006). 

The main difference between Word of Mouth WOM and e-WOM is that in the second case, the 
recommendations and comments are coming from people you don’t know. This doesn’t seem to 
be an important difference,  but if in WOM the interaction is done face to face, and the effect is 
based also on elements like memory, or linguistic common ground, in the e-WOM this is  
missing. Thus, the communication channel becomes also a mediator of communication. The 
online feedback mechanism is also referred as a reputation system so the trust in the mediator is 
very important (Dellarocas, 2003).The trust of customers is a key point that e-tourism business 
needs to achieve in order to be successful. 

The e-tourism business can implement the e-WOM following two strategies. The first one 
allows customers to rate their products, and second allows customers to be active in posting 
comments in the hotel’s webpage. Both of implementations raise a series of problems related to 
review interpretation, being two different cognitive processes of quality assessment. Because of 
the two strategies there are also two distinct approaches in how to interpret the feedback from 
users. This is an important issue since there are major effects on the consumer behavior and the 
decision-making process of a potential booker. (Pritwani & Sharma, 2011)  

Besides the trust that is created in the image of an e-tourism business, according to a recent  
study, enabling the communication through the user comments, it creates also a higher 
intention will to accept recommendations provided by the Online Tourism Agency (OTA) (Lu & 
Chen, 2012). This is very important, because the time that a possible customer stays on an OTA 
website is limited, and since there is a high variety of OTA websites, the window of persuasion 
is very small. Maintaining a high satisfaction level among previous users keeps the market 
share and also helps in the brand visibility and trust. 
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Overall it seems that the e-WOM is a good marketing strategy and it is also very effective, most 
of the e-tourism business having it enabled on their websites. For our research question is very 
important to understand what the e-WOM strategy is, since it represents the main mechanism 
of bookers to provide feedback about their experience. This is a source of information for the 
OTA. Extracting the correct knowledge from the feedback provided by users is very important 
in improving the quality of the services and increasing in the end the margin of the business. 

2.2.1. Issues with the implementation of e-WOM 

Related to the e-WOM, a main issue refers to the feedback that the booker is proving through 
the comments or ratings. Is it a positive or a negative one? Finding the right questions in the 
feedback questionnaire, or allowing the right rating scale for the user is something very hard to 
achieve.Taking each review and analysis when there are couple of million reviews per year, is 
not a viable solution, so a automatic model is in need. Different models have been developed to 
measure the satisfaction of users ( Shchlik & Barnes 2004, Yoon & Zaheki 2002, Szymansky & 
Hise 2000) and all refer to the satisfaction, or e-satisfaction of the entire process of booking not  
only on the item they procure. The process of booking and also the experience of going to a 
certain hotel is a very complex situation. 

The booker rates in the feedback form also the quality of service, and the usability of the 
website, as well as the quality of the hotel and the services of the hotel. Many times the two are 
tangled and measuring the overall rating might represent for some people a certain level of 
satisfaction, while for others it might represent a different level. There are a lot of factors that
influence one’s rating and comments on the website, such, therefore the measured satisfaction 
doesn’t necessarily reflect the quality of the hotel, or the quality of the website, but the 
experience as a whole.

We distinguish in this case 2 different approaches on the e-WOM and measures of satisfaction:

1. Open text comments. 

2. Review feedback form (our focus)

They can both be enabled on a website but since the focus and the techniques used in extracting 
knowledge from them are different, we will further consider them separately.  Also the way 
that the information is recorded and measured is important. If the open text comments can be 
considered as a direct measurement, the feedback form and ratings are indirect measurements. 

The difference in indirect and direct measurements is a broad topic which is not the focus of this 
research paper, but we mention that from sociological perspective the measuring methodology 
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has a big impact in how a person perceives a stimulus, and consequently also how it reacts to it 
(Wagenaar, 1975, Krantz 1972) proposed two main theories on how people are scaling and 
reacting to a stimulus (see Figure 1). The Mapping theory assumes that the stimulus is 
translated into a sensation, since it is not possible to directly measure a sensation, what is done 
is to map it to another quantifiable modality that then can be measured. In the Relational theory 
the assumption is that the stimulus is directly tied to a scale that can be assessed numerical. 
Both theories are still reaching the same behavior that a person has an internal reaction that 
needs to be synchronized with a numeric value based either to an internal scale, or an external 
scale. 

Figure 1. Flow diagram of two process models of ration scaling (Source: Wagenaar, 1975, pp. 229)

This information is important for our thesis because in our case the stimulus on which the 
potential customer reacts and sets his expectation is mainly the hotel characteristics. One of the 
most prominent characteristic of a hotel is the average rating of previous bookers. Therefore this 
is a stimulus that sets an expectation in the bookers mind. This expectation will be the reference 
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point in the reviews since the hotel score should represent an indicator of quality. Since the 
hotel scores are the average of a large variety of bookers, the following question raises:

Based on what scale are actually people rating?

Providing a rating scale on the website is not always as easy to use when it comes in rating the 
quality or the satisfaction level of a service or an item. The Likert scales are a common way of 
measuring a rating online. The Likert scale is a psychometric scale used in questionnaires, and it 
was invented in 1932 (Norman, 2010). The main advantage of the scale is that it provides a 
simple schema for retrieving information. However, if the information that is trying to be 
obtained is not easily quantifiable by the user, it can lead to strongly biased results.  However it
allows an easy mapping between concepts and numbers that enables us to analyze and create 
models and systems to be built on such data. 

In the case of human perception and quality, Likert scale makes the assumption that the rating 
behavior is linear and that the differences between the values of the scale are the same. Also 
from the business approach of e-WOM (Hu, Pavlou & Zhang 2006) as well as from the sociology 
field (Wegnaar, 1976)  it is clear that we do not react to negative stimuli the same as from 
positive stimuli, and we are inclined to react on a “power function” distribution when 
increasing linearly a stimulus. This leads to different rating distributions for the items that are 
scored. 

According to Weber’s law, the just noticeable differences concept is the minimum amount by 
which stimulus intensity must be changed in order to produce a noticeable variation in sensory 
experience (Krueger, 1989).  This is a concept that cannot be captured by a linear Likert scale but 
important in understanding why there are so many variations of ratings on the same scale for 
the same item. Is it the scale used in providing a feedback the scale that is provided by the 
website, or each individual has his own way of assessing the quality of a product? The question 
might raise a sociological debate, but also raises a question about a strong assumption that 
recommendation system uses. The fact that the average of ratings is an accurate indicator of the 
quality of the hotel is this assumption.

One of the most common uses of ratings is to utilize them in an average way to signal to other 
users the “quality” level that a certain item has in a simple to understand way. Also this mean is 
further used internally by recommender systems to compute coefficients and create rankings of 
other items. Also it considers that all the users are rating based on the scale that is available on
the website. 

This approach makes a strong assumption that the distribution of user is a normal distribution, 
and that all the previous users reach an “agreement” that is represented by the average of 
ratings. In the paper of (Hu, Pavlou & Zhang,2006) the case of a rating over an item is observed 
and tested against this hypothesis of unimodality of user ratings. The findings show that the 
distribution is actually bimodal. The experiments were made on items from the Amazon 
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website, and there were expected since the e-WOM strategy is expecting to have two types of 
buyers, the unsatisfied and the satisfied ones. 

Thus the strong assumption that the value of the rating represents on an absolute scale the same 
for all users was disproven for their dataset. This was expected since it is clear that the value of 
a certain numeric, for example “7” could be for some considered good, and for others 
unsatisfactory. The question is if this bimodal behavior is present also in the e-tourism business.

It is clear that we guide our decisions based on heuristic internal scales, and that we don’t have 
an absolute scale for all our decisions. In this case the question is what could be the features that 
distinguish between big groups of people with common scales that could be learned by a 
machine. 

2.3.

Another problem of the e-tourism business is that it has to deal with people that come for the 
first time on their website. This is known as a “cold start problem” that a recommender system 
has to deal with and provide a set of viable recommendations based on minimal user data. Of 
course any prior data can be used in relation with the minimal data that is obtained from the 
user. A recent study called “Cold Start Context-Based Hotel Recommender System” at the 
RecSys conference (2012) proposes a solution to this problem by focusing on the text analysis of 
the previous bookers and giving different coefficients in relation with the minimal profiling 
created for the user. They are successfully providing good recommendations for new users.

We are not focusing in the higher form of e-WOM and text mining algorithms, but what is 
important is that one of the information that are used is the country of the user. The 
demographic information is a good indicator for clustering people in the e-tourism business. 
This can be happening also because there are a set of common set of standards or common 
measuring scales. The educational system might play an important role in this common ground 
because it forces people from a certain region to have a common weighting scale. In this case it 
makes sense to focus in determine if the satisfaction of bookers is also strongly influenced by 
the origin or destination of bookers.

Based on the e-WOM success, as well as other models that are using demographic data and text 
analysis, we expect that information about the satisfaction and probability to recommend a 
hotel to other people to be also encapsulated in the feedback that is provided by a booker. 
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2.4.

The sociological approach of how people rate and how they perceive if a service or item was 
satisfactory is important to be understood. However from a technical and business perspective 
it needs also to be applicable, not just defined. From the technical perspective the main research 
question needs to be answered by providing a working model in a set of parameters. E-
satisfaction models were developed before but they were including always the entire experience 
of the booking. 

Figure 2. Conceptual Model of e-satisfaction (Source: Pritwani & Sharma, 2011, pp. 196)

We want to focus on the satisfaction of the product only (see Figure 2), and try to predict if a 
booker would recommend that hotel or not. We assume that this excludes or at least minimizes 
the experience of booking the hotel, and focuses on the hotel and destination characteristics. 

In this case from a technical point of view we have a classification problem in which we try 
based on the website available information to classify bookers in those satisfied and those 
unsatisfied. In most cases the machine learning approaches in creating recommendations or 
rankings of hotels and destinations are based on text mining or ontology engineering, but in this 
paper we want to apply a simple model through feature engineering and data mining 
techniques to solve the classification problem. 

Our approach wants to create a simpler model that can also solve the cold start problem of a 
online tourism agency (OTA) website, and to predict more accurate if a booker was satisfied 
and he would recommend the hotel he booked to someone else, or not.  This is a different 
objective than providing recommendations, but we will try to create models that can also 
provide a ranking solution and could be used in relation to already deployed systems.

Since the problem that we are trying to solve through data mining is a classification problem a 
direct solution is to train a linear model or a logistic model with the target as the classification
label. The main problem is to explore and decide the attributes that will be used in training such 
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a model. This will be one of the main focuses in this thesis in indentifying attributes that make a 
difference in the quality of the model we learn.

2.4.1. CRISP-DM framework

How to extract this information from the dataset available and what are the most promising 
attributes and features that should be used in training such models is not a trivial task.  From 
the procedural perspective of how to conduct a data mining process we followed the CRISP-
DM (1999) framework that is presented as an overview in Figure 3. 

Figure 3. CRISP –DM framework

As easily can be observed the process of data mining is not a straight forward process. The 
CRISP-DM offers a framework that allows the data miner to keep track of the evolution of the 
data mining process. Due to the wide range of possibilities and analysis that it is possible to 
carry out even on a small dataset, it is easy to lose focus on what you want to find out from the 
dataset. Since the data mining process needs to serve a business purpose, the first step is to 
understand what the business is about and what the data represents. This is a time consuming 
step, but crucial in choosing the right path in analyzing the data and providing good models.  

2.5.

This chapter presented the most used marketing strategy e-WOM that is used on the OTA 
websites to build trust and gather feedback and content for the website. The e-WOM strategy is 
the channel through which a booker expresses his satisfaction so it is very important to 
understand how it works. An important goal is to test if the assumption of unimodality of users 
and the use of average ratings is correct, or the assumption of bimodality that comes from the 
satisfied and unsatisfied consumers in the case of WOM strategy is applicable on the e-tourism 
business. 
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Another interest is the Likert scale effect if any and if there are significant differences between 
bookers based on demographic data. The models that will be tested should be able to classify if 
a booker would recommend the hotel or not, based on the ratings he gave, demographic data 
and other data available in the dataset. Finding the attributes that are most promising, as well as 
deriving new ones from the dataset available will be done following the CRISP-DM 
methodology. 

The choice of the models and the feature engineering step in constructing the input datasets will 
be done taking into account that the satisfaction model should be able to be easily compatible 
with already deployed systems. This means that the information that is used in constructing the 
datasets should be available at the moment when the user interacts with the system. Such 
information is the IP address and therefore the country from where the customer is visiting the 
website. 
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3.

The models that will be tested should be able to classify if a booker would recommend the hotel 
or not, based on the ratings he gave, demographic data and other data available in the dataset. 
For the cold star problem a default review average score will be used and the IP address. 
Finding the attributes that are most promising, as well as deriving new ones from the dataset 
available will be done following the CRISP-DM methodology. 

3.1. Busine

The E-tourism business is a very dynamic business that has to maintain a balance between the 
satisfaction of bookers, and the satisfaction of hotels as well. Booking.com is the world’s leading 
online hotel reservations agency by room night sold. They attract over 30 million visitors each 
month via de Internet (http://www.booking.com/). Having a wide range of prospective 
customers raises in the e-tourism business the problem of how to create the best offer for a client 
and how to advertise it properly.  Even if the basis of the business relates to the tourism 
agencies, the problem of e-tourism from the prospective booker perspective is the time that a 
customer takes to book from a certain website or another. 

A general Structural view on the e-tourism business and the potential market for recommender 
System was presented by Werthner and Kleni in 1999. The common case scenario they 
presented had a consumer and a supplier that are separated by a cloud in the internet. The goal 
of the system is to identify a good supplier for a customer and vice versa. Thus should be done 
based on the right features of the products, like price or availability. 

Online travel agencies are part of this e-tourism market. Being able to link the supplier, in this 
case hotels to the potential customers, is the primary objective of the company. This market 
segment is also part of the structural view of Froschl & Werthner from 1997, as presented in the 
paper of Rabanser & Ricci (2005) (see Figure4). 
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Figure 4. Overview of the OTA business (Source: Rabanser & Ricci, 2005,pp.5)

According to Rabanser & Ricci (2005) there are over 9 e-business models that can be used on the 
market of e-tourism. Most of them can be improved or can be adapted to the use of a 
recommender system. 

One of the models is the “Brokerage model” (“agency model”). In this model the business acts 
as an intermediary agent that facilitates transactions. The business gets the fees from the hotel 
and provides to the customer with an offer. This model doesn’t have the highest margins, but it 
has more robustness and less risks. However the capacity of creating and offering the right  
offers to potential customers is a key point of the business. In this context creating good 
recommendation systems and knowing your clients becomes very important in such a business. 

A special form of the model was created by Priceline.com and called ”name-your-price”. Ricci 
talks about his model in which prospective buyers make a bid for a specific good or service and 
the broker arranges its fulfillment. In another variant-the agent model, a software agent is used 
to locate hard to find information such as the price and availability for a good service specified 
by the buyer. 

Booking.com is part of Priceline.com business and it runs naturally on own of the business 
models pioneers by Priceline.com, more specific the “Brokerage model-agent model”. 
Booking.com’ main focus is to provide to possible customers a wide range of accommodation 
offers.  An overview of Booking.com business model can be observed in Figure 5.2

2 http://internetbus inessmodels.skynetblogs.be/tag/online+business+models
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Figure 5. Booking.com business model overview3

In such a scenario and business model the knowledge about your clients and possible interests 
of bookings has to be found out throughout the exploration of data that one has. Experience and 
heuristic laws are applicable but new models can be obtained also by using data mining or 
machine learning algorithms to identify or classify distinct behaviors. This approach can lead to 
an improvement of the recommendation system and thus, to an increase in revenues.

In most of the cases the knowledge about your website visitor is limited, but there is a lot of 
knowledge about the previous visitors and bookers. What are the important attributes and what 
is it that it has to be optimized and maximized is the main question that a data miner needs to 
answer. 

Being a complex situation in which the e-tourism company has to satisfy also the booker, the 
hotel and also create profit, there is more than one way to partially satisfy all. However, there is  
no solution to fully satisfy all. Thus a set of measurements of business performances need to be 
set. One very important measurement is the number of bookings per second. This will also be 
the measurement that we will take into account in the last step of the thesis. 

This is clearly not the only important measurement for the business, since are also important the 
price per booking is important, or the period of the booking. All of these parameters should be 
maximized, and by the nature of the business the loyalty of customers and satisfaction of 
customers is also something very important. 

3 http://bp1.blogger.com/_3kpp1xJfuF0/SAshrkCiMLI/AAAAAAAAAAw/IV9sIFxKI8A/s1600-
h/business_model_stakeholders_rela tions.gif
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The business model that is implemented by Booking.com follows the Priceline directives. This is 
one of the most successful models on the market because of the attention on the bookers’ 
behavior and interests. Creating the image of  trusted online agency as well as the feeling of  
satisfaction and professionalism is a key point in having constant and returning customers. Also 
this creates the basis for a trust relation with the hotels that the company advertising. 

Besides the trust and satisfaction of the customers, the satisfaction and trust of hotels is also 
very important. The process of intermediating the booker and the hotels needs a lot of trust 
from both of the customers. Maintaining such a relation is one of the main focuses of 
Booking.com since this ensures the continuous money flow. 

The relation between customers and hotel should be visible in order to gain a high level of 
transparency and trust. This happens in the Booking.com website by enabling bookers to create 
an account and provide feedback of the book hotel, and also comments. This also creates a part 
of the Booking.com website content, but also allows implementing on the e-business level one 
of the most known and effective marketing strategies, The Word of Mouth. 

Hotels can communicate with their potential customers through the Booking.com hotel page. 
The company maintains a strong tie with the hotels on the website, verifying also if the content  
provided by the hotel is real and updated. The accuracy of the information on a hotel page can 
be also signaled by the bookers that went to that hotel. 

In conclusion, the bookers’ feedback is a very strong and important indicator for Booking.com  
business. The customers’ feedback is very important in identifying different trend in the 
bookers’ behavior, best hotels, or worst hotels. It can lead to the creation of special deals, and 
provides the information for providing better recommendations. There are, many decisions that 
a booker takes previous and consecutively when booking a hotel. Decisions  about the location, 
the price, the stars, the time, the options that the hotel has, and many more are taken based on 
an individual heuristic of the booker. These are indeed based on the desire of the booking, but 
provide the company with a starting dataset about the user behavior. The biggest conscious 
decision is done by booking or not a certain hotel. This is the first level of feedback, since the 
user selects a certain hotel from the pool of open possibilities. 

A second level of feedback is given through the feedback form that a booker can choose to fill or 
not.  In best case scenario, all those who booked are happy with their choices. However, this is  
not a realistic scenario. The feedback through comments and review scores is more qualitative 
important, but also more costly. The cost of this second level of feedback is also because only 
approximately 3% of the booker provides this type of feedback, so the models developed based 
on this data can be biased and not that general, so they need more testing and stronger 
validation. A second problem to this type of data is how to deal with the missing data, since 
more than 25% of the feedbacks are incomplete. 
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Another problem with this data is how to interpret correctly the feedback. Some recommender 
systems are basing their recommendation on text analysis and sentiment analysis. (RecSys, 
2012).Thus finding a satisfaction model and a way of interpreting the feedback given by the 
users is a very important step for the e-tourism business and is something that many others  
have been focusing in identifying. 

We will not  focus on text mining,  but more in review scores  mining. We position ourselves  on 
identifying a satisfaction model based mainly on review scores and demographic statistics. 
Following the Crisp_DM methodology we will try to provide an answer to our research 
question in this thesis.  

3.2.

The dataset received from Booking.com contains [removed on request of Booking.com] records 
with hotel information, booking information and booker’s information that were filtered based 
on the condition that the booker has given at least one review. This review is not necessarily 
complete, so missing values are present in the dataset. Taking into account the information on 
Booking.com that they have more than 17.5 million reviews, this means that we received 12% of 
the review database that Booking.com has. The dataset was sampled from reviews that were 
registered between [removed on request of Booking.com This represents data spread over 
approximately 7 and half months.  In this chapter we will take all of the 26 attributes that the 
dataset contains, and explore the general characteristics and information. For a full summary of 
the dataset please refer to Appendix 1.

3.2.1. Summary of primary dataset (histogram and description of each attribute of 
the dataset)

The dataset received has the following 26 attributes. In the exploration of data we will present 
them individually, but based on the type of information that each of it contains, they can be 
aggregated as it follows:

Booker review scores : booker_staff_score, booker_services_score, 
booker_clean_score, booker_comfort_score, booker_value_score,
booker_location_score, booker_average_score
Hotel review scores: hotel_staff_score, hotel_services_score, hotel_clean_score, 
hotel_comfort_score, hotel_value_score, hotel_location_score, hotel_average_score
Identifiers: booker_id,   hotel_id,  booking_id
Location codes: hotel_city_code, hotel_country_code, booker_country_code
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Temporal information: booking_date, date_review_completed
Special details: stay_purpose, stay_customer_type, stars, recommend

Most of the variables are self explanatory from the name, but we will go through each of them 
and summarize the most important characteristics. 

3.2.1.1.

The survey that is used to collect review scores from bookers is formed from a 4-item Likert 
scale presented in Figure 6. We can easily observe that there is a linear mapping between the 
qualitative feedback (poor, fair, good, excellent) that is collected and what the actual rating is 
computed and used in the system. Also in this situation the language is important and can lead 
to major interpretation differences.   

Figure 6. Likert scale with 4 items used by Booking.com

Each row is transformed in a value based on the scale: 1-poor, 2-fair, 3-good, 4-excelent. 
booker_staff_score
booker_services_score
booker_clean_score
booker_comfort_score
booker_value_score
booker_location_score

The value of each of the 6 rows from the survey is then placed in each of the variables described 
above. The histogram of these review scores can be seen in Figure 7:
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Figure 7. Histogram of individual ratin g scores

As expect the majority of reviews have high values as 3 and 4 which signals that the bookers 
rate the dimensions “good” or excellent in most of the cases. An important observation is that 
location score has the highest frequency of maximum values.  And in this case the services 
receive the least number of maximum scores.

Figure 8. Histogram of bookers average score
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The histogram of the booker_average_score in the dataset is presented in Figure 8.  From this 
histogram we can observe that the frequency of review scores in the upper range of the scale is  
higher than the frequency of review scores in the lower range of the scale. This was expected 
since also on each of the dimensions that build the booker_average_score the same behavior was 
present. Because the value of each booker dimension is between 1 and 4, we expected that there 
are a number of 20 levels of aggregated values (booker_average_score levels). We can observe that 
we actually have more levels and this is due to the fact that some bookers provide answers only 
on some of the individual dimension scores (location, services etc.). This results in partial scores 
that are still used in the system. In the dataset that we received we have 38 levels of different 
scores, and as we can observe on the OX axe the difference between levels is of 0.18. This is 
important from 2 perspectives. First the review is on a discrete scale, but the hotel reviews  
showed on the website are computed based on a continue scale, as we will explain later. Second 
is that the score has discreet values computed based on the transformation of qualitative 
concepts (poor, good, fair and excellent), without making a direct connection between their 
review and the hotel score that is shown on the website.Also we can observe that there is not a 
normal distribution, but it looks like a mix distribution of two normal distribution centered on 
value 3, respectively on value 4 that might actually map two types of behavior of bookers 
reviews.

In Figure 9 we can observe how the review scores of the bookers is presented to future bookers. 
As argued in the first chapter, e-WOM strategy has a disadvantage that the visitor doesn’t know 
the person who commented, so he/she needs to trust the system. If the booker has rated each of 
the scores described earlier on the qualitative Likert scale, we can observe that the score on the 
website is on a 10 value scale. This allows different interpretations of both the Totale Hotelscore, 
as well as the Likert scale scores

Figure 9. Bookers review scores on the website
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Another observation that people tend to provide scores that differ is that for example Veronica 
has scored the hotel with 8.3 and has a positive, and a negative remark, while Durmisi has 
scored 7.5 with also a positive and a negative remark. Indeed the comment remarks could 
provide through text mining a certain degree of satisfaction or dissatisfaction, but based on the 
review scores that is our focus, we observe that there is a difference in the review scores. 

In conclusion, the booker_average_score that is mapped from the qualitative feedback in the form 
to the 4 value scale is then again multiplied with a 2.5 constant and published on the website on 
a 10 value scale.  This also raises the problem of interpretation with respect to the score that 
someone sees, since the scale has a maximum of 10, but the minimum in this case is 2.5 score. 
Thus the mean of the scale is not 5 as it is perceived on a 10 scale, but 6.25.  However by 
computing the mean of the feedback from the bookers, we can observe that most of the values 
are around 7.5-8 value score (see Table 1).  The values that are bolded in Table 1 represent the 
values that are shown on the website. The second decimal is ignored, the value being cut. Thus 
some hotel that received grades that have a mean of 7.99, will get a score of 7.9 on the website.

Table 1. Stat istics of the Booker’s Review scores

Name of column Median Mean Mean*2.5 (website)
booker_staff_score 3 3.26 8.15
booker_services_score 3 3.04 7.6
booker_clean_score 3 3.29 8.225
booker_comfort_score 3 3.08 7.7
booker_value_score 3 3.1 7.75
booker_location_score 3 3.35 8.375
booker_average_score 3.2 3.18 7.95

As a conclusion about the values and distribution of the booker scores is that due to the 
transformations and the different booker characteristics, different perspectives on the review 
scores reveal different interpretation of what a good and bad score to a hotel is. However also it 
reveals that the information about the satisfaction of people is somehow encapsulated in these 
values they provide to the system. 

3.2.1.2. H

The hotel review scores are based on the bookers that went to that particular hotel and also 
reviewed it. For each of the 6 dimensions that the booker reviewed the hotel, an average score 
over all the responded bookers is computed. The average score of all the hotel scores is then 
posted on the Website (see Figure 9). 

Each of the following values is computed based on the information provided by bookers review 
scores that have answered on each of the hotel dimension. 

hotel_staff_score
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hotel_services_score
hotel_clean_score
hotel_comfort_score
hotel_value_score, 
hotel_location_score

Not all bookers answer all the questions, so partial scores from partial feedback forms are also 
used. Also due to the different popularity of hotels, the values that this variable can take are 
from a continuous scale, which is a major difference compared with the values from the booker 
scores. In Appendix 2 the histograms of all the variables are presented. We can observe that all 
are normal distributions, only the location score having a more flat distribution and skewed to 
the left. This is expected, since also the booker location scores were in general skewed to the left. 

The histogram of the average score of the hotels is shown in Figure 10.

Figure 10. The histogram of hotel_average_score

The distribution is centered on a mean of 3.216 (8.0 on website). In Table 2 a statistical summary 
of the hotel review scores are presented. We can observe that the means are similar to the means 
of the booker review scores, but not identical. One reason for this happening is that hotels don’t 
have the same review scores distributions. Each hotel has a different number of bookers which 
makes the weight of a booker review score to fluctuate. This also raises the problem of hotel 
score stability.
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Table 2. Review score statistics hotel

Name of column Median Mean Mean(Website)

hotel_staff_score 3.323 3.306 8.265
hotel_services_score 3.099 3.067 7.6675
hotel_clean_score 3.369 3.322 8.305
hotel_comfort_score 3.144 3.106 7.765
hotel_value_score 3.15 3.123 7.8075
hotel_location_score 3.414 3.376 8.44
hotel_average_score 3.243 3.216 8.04

3.2.1.3.

The booker_id is a column that uniquely identified the booker in the Booking.com database. In 
our dataset there are [removed on request of Booking.com] unique bookers.  From this, we can 
observe in Figure 11 that most of the bookers have provided at most one review (76%). Those 
who gave more than 5 reviews represent approximately 2.1%. In Appendix 3 there is also an 
exact value for how many bookers are in each class. In the dataset there is also an outlier that 
has reviewed over 25 times. We will discard this booker for further processing.

Figure 11. Histogram of reviews per bookers

Since the majority of bookers provide one review at most, it is important to find a model that 
can use that 1 review information to predict if the booker was satisfied or not. Even if the 
situation is not a cold start problem in which there is no information about the booker, since the 
information available for each booker is very limited, the predictive model has to be able to deal 
with this. Therefore a model based on previous booker information cannot be used in this  
situation, but a more general model is needed.  
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The hotel_id is a column that uniquely identifies the hotel in the Booking.com database. In our 
dataset we have [removed on request of Booking.com] unique hotels. Taking into account that 
there are 251 695 properties worldwide promoted by Booking.com, this means that we have 
information for approximately 55% of their properties. However most of the reviews are 
focused in a small percentage of the hotels (see Figure 12). The distribution of reviews is  
concentrated on a small number of hotels however. For example there are [removed on request 
of Booking.com] hotels (65%) that have less than 10 reviews in our dataset. For them we show 
in Figure 13 the histogram on a logarithmic scale.

Figure 12. Histogram of the reviews per hotel on a logarithmic scale

Figure 13. Histogram of the reviews per hotels that have at least 10 reviews
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This distribution shows that the score for the majority of the hotels can vary very much on each 
new booker review, so for many hotels the information of the reviews is very important. Only a 
small number of hotels have a stabile review score. 

The booking_id represents a unique id that was given to the transaction that one booker made 
when booking a particular hotel. This column can be used as a primary key in the dataset, and 
can identify each record in the Booking.com dataset. We will recode this identifier in order to 
maintain the anonymity of the records between the dataset used in this thesis and the real 
records in Booking.com database.

3.2.1.4.

The hotel_country_code is a unique code that identifies the country where the hotel is located. In 
our dataset we have hotels from 155 countries. Taking into account that Booking.com has 
business in 178 countries, we have bookers from most of the countries (87% coverage). We 
represent the number of booker reviews from each country in Figure 14. Since we can observe 
that the tail of the distribution is very long and most of the countries have only a few reviews in 
our dataset, we show also the top 10 country distribution in Figure 15. More than 80% of the 
bookers gave reviews to hotels that are located in one of these 10 countries. 

Figure 14. Booker country destination
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Figure 15. Top 10 destination countries

From the above figures we can observe that there are 5 countries that outrank all the other 
destination, These popular countries in the order of the reviews are (es=Spain, it=Italy,
fr=France, de=Germany, gb=Great Britain) all having over 50 000 reviews, and close to 100 000 
reviews. Since we do not have also access to bookings distribution that are not reviewed, we can 
only assume that the percentage of reviews is uniform across countries, and then these are also 
one of the most popular destinations booked. 

The hotel_city_code is a unique code that can be used in identifying where the hotel is located. In 
our dataset we have [removed on request of Booking.com] cities that have hotels which were 
reviewed. We will focus on the country level in our thesis, but a similar logic could be applied 
to this level of aggregation and conduct experiments based on country to city distributions. 

The booker_country_code is a unique code that identifies the country from which the booker is  
located. In our dataset we have bookers from 233 countries, from all the countries worldwide 
from which bookers can come. In Figure 16 we present the distribution of reviews per booker 
country of origin. As in the destination countries, there is a long tail to the distribution, so we 
show also the top 10 countries from where bookers that reviewed hotels are coming (see Figure 
17). We can observe that there are only 6 countries with more than 50 000 reviews. These are in 
the order of popularity (fr=France, it=Italy, es=Spain, gb=Great Britain, de=Germany, 
nl=Netherlands). The top 10 countries contain over 70% of the booker’s reviews in the entire 
dataset. 
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Figure 16. Booker country of origin

Figure 17.Top 10 countries

Combining the information that bookers come from one country and they are going to visit 
another country, we can create a trip column. We show in figure 18 the distribution of reviews  
from country to country trips. There are 8473 trip combinations in the dataset, and as we can 
observe they also have a long tail distribution, but the top 10 trips contain 37% of the bookers 
that provided a review. The percentage is lower than in the first two country distributions, but 
if we consider that the number of trips is 50 times bigger, we realize that actually the percentage 
of the top 10 country is high as well (see Figure 19).
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Figure 18. Booker country to country

Figure 19. Top 10 trips

The country to country column that was named Coder in the datasets was also used to compare 
the average review scores for bookers that go abroad, or in the same country of origin. We have 
observed that there are significant differences (max 0.5 on the 1-4 scale) between the average 
score of a country of destination, depending if the bookers originating from that country and if 
they come from abroad. 
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3.2.1.5.

[removed on request of Booking.com].

3.2.1.6. Special details

The stay_purpose column represents the type of trip the booker has made. It can be business 
related, leisure, other or not responded (NA). We can observe in Figure 22 that there are 8 
possible choices and that most of the bookers have booked accommodation either for a 
leisure: city trip, or leisure:holiday. 

Figure 20. Histogram of the booker’s stay purpose

The stay_customer_type represent the type of booker that the reviewer identifies with. There are 
7 possibilities that one can chose from when reviewing. As we can observe in Figure 23, most of 
the bookers that review are solo travelers or couples : either mature or young. 
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Figure 21. Histogram of stay customer type

The stars represent the number of stars of the booked hotel. In Figure 24 we observe that most of 
the hotels have 3 or 4 stars, but there are also a high number of hotels without any star that are 
booked. 

Figure 22. Histogram of hotel stars



39

The recommend column represents the most important column in our dataset, quantifying the 
answer to the survey question: ”Would you recommend hotel xxx to other travelers?” yes/no 
answer. The “yes” answer is coded with value 1, while “no” is coded with value 0. The non 
respondents have NA. For an easier use, we preprocessed the data from the dataset and coded 
NA with the value “-1”. In Figure 25 we can observe that most of the reviewers would 
recommend the hotel, but also that there are a high number of people that don’t answer this 
question (~25%). In this situation answering our second research question in how those who 
did not answer would is important and can make a real difference.

Figure 23. Histogram of the recommendation variable

3.2.2. Exploratory data analysis (in depth exploration of primary dataset)

In the previous section we have explore each of the columns individually. For the purpose of 
answering our research question this provides little information but helps understanding the 
data we have. The purpose of this subchapter is to explore the primary dataset more in depth, 
focusing in the relation between the columns and the relation or effect on the recommendation 
column which is the focus of our main research question. 

First we will explore how the recommendation ratio is distributed across the rating scale. Do 
recommendations of hotels correlate with higher review scores? Is the ratio between positive 
and negative recommendations constant? In Figure 26 we can observe the recommendation 
ratios on the average booking scores.
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Figure 24. Recommendation ratios on the booker’s average scores

We can observe that the smaller booker average scores have a higher percentage of non-
recommendation of hotels compared with the high booker scores that have high 
recommendation rates. This was expected, since the values of the reviews should quantify the 
quality of the hotel, and a high quality hotel should be recommended to other users. Interesting, 
however, is to observe that the score at which the percentages of those who recommend and not 
recommend is comparable is around 2.5 value (6.25 on website). This is also the middle of the 
Likert scale, but is not the mean of the distributions neither of the bookers average scores, 
neither of the hotel average score or other dimension. This is a first indication that the average 
score of the review scores might not be the best indicator in answering if a user will recommend 
or not the hotel. However we can observe that there is variance with the booker average score,  
thus there is information about the recommendations in the column of bookers review. 

Comparing the stars of the hotels and the recommendations rates in Figure 27 we can observe 
that the percentage of non-respondents to the recommend survey question (NA) is the same, 
almost invariant to the star hotels. In this case the percentage of positive and negative answers  
are strongly inverse correlated, thus there is information that connects the stars of the hotel with
the probability that one would recommend or not the hotel. Also in Figure 28 we can see more 
clearly how the negative and positive percentages are tangled across the distribution of star 
hotels. 
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Figure 25. Recommendation frequency per hotel stars Figu re 26. Star frequency per recommendations

During the exploration of relations between the different column, we have also look if different  
purpose stay groups have different review behaviors, if some are more exigent than others in a 
constant way or not.  

In the first chapter we mentioned that there are debates on how people are reacting to a 
stimulus. In our case the most important stimuli is the hotel score since this is something that 
the potential customer sees first on a hotel. Thus if we consider that the score of the hotel 
represents the stimulus, the reaction is the review score that the booker is providing.  We have 
taken the dataset and because website publishes scores up to 1 decimal, we considered the 10 
scale and thus 75 possible scores from 2.5 to 10, with a difference of 0.1 in between them. On 
this scale we aggregated the average scores of the bookers and plot them to observe what is the 
distribution based on the type of bookers.  We wanted to test if the linear expectation is 
satisfied, and if hotels receive constant reviews, or not. 

In Figure 29 we plotted the results that we obtained for each of the purpose stay group. The 
black line represents the first diagonal, being what it was expected that a booker to rate. 
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Figure 27. Comparison between the target hotel scores and the average scores per purpose stay groups

We observe that there is a high variance of review scores for hotels that have a score around 6.5. 
Also we see that there are little reviews below the value 5. At higher value hotels the reviews  
are following the linear distribution. However, we observed also that solo travelers are constant 
reviewing beneath the expected value. We observe that there is a high variance of review scores  
for hotels that have a score around 6.5. Also we see that there are little reviews below the value 
5. At higher value hotels the reviews are following the linear distribution. However we 
observed also that solo travelers are constant reviewing beneath the expected value
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3.2.2.1. Review score correlations

The values of the booker review shores and the hotel review scores contain most of the 
information that we want to use in predicting if the user would recommend the hotel or not. 
The reason for this is that this information is strongly tied with the user preference of choice and
tied with the user’s inner review rating scale. For this reason we find useful to check the Kendal 
correlation between all these scores and the recommendation and observe if our assumption is 
right. In Figure 30 there is a graphic representation of the Spearman correlation matrix. The red 
represents negative correlation, the blue represents the positive correlation. For a score of 0 we 
have a perfect circle. The complete values are shown in Appendix 4. In Figure 30 we can see the 
correlation scores between the booker’s score, hotel scores and the recommend label. They are 
all positive correlations but some are stronger correlated than others.  As interpreted from the 
histograms, we can observe that the location score correlates the least with the “recommend” 
column. The booker location score correlates the least with the other booker scores, and also the 
hotel location score correlates the least with the other hotel scores.  The hotel scores however 
have almost no correlation with the recommend score. An important insight from the matrix is 
that even if the booker scores are the ones that have a correlation stronger than the hotel scores, 
still the correlation is not very strong. Another important insight is that the review scores on 
each dimension are stronger correlated, thus the answers that the booker give are not  
independent. 

Figure 28. Spearman correlation matrix
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The correlation matrix also raises the question if averaging the bookers scores is the best 
indicator, since the location score behaves different than the other bookers scores, observation 
that was made also in subchapter 3.2.1.1.  

3.2.3. Exploratory experiment: bimodal distribution on hotel ratings (Hartigan 
test)

A very important exploratory experiment was done to observe if the theory that the reviews are 
not coming from a unimodal distribution, but from a bimodal distribution is applicable also on 
the case of hotel reviews (Hu, Pavlou & Zhang,2006). They have proven in their paper that for 
Amazon items, the reviews are not coming from a normal distribution, but rather from a U 
shape distribution. They have tested this by using “Hartigan test of unimodality”( Hartigan, 
1985) and the “diptest” package in R environment . The test compares if a set of values comes 
from a normal distribution or from a bimodal distribution.  We have used the same setup as Hu, 
Pavlou & Zhang to test if their theory holds for the case of hotels reviews.  

The test can be applied for sets with at least 3 values, but due to the law of high numbers, it is  
recommended to have at least 30 records in the set that is evaluated.  Since in our dataset the 
distribution of reviews per hotel shows that there are many that have less than 10 reviews 
(65%), but we saw that we could aggregate hotels based on the review score they have, we used 
the same scale as in the stay purpose exploration, and cluster all the bookers in hotels ranges of 
length 0.1. We then have sets of bookers  that have provided reviews and booked hotels, for 
example between 8 and 8.1 scores. Since the hotel is evaluated with the same visible value on 
the website, it can be considered in the same item class (provides the same stimuli). The dip test 
showed that for most of this sets the distribution is  not a unimodal distribution. We can see in 
Figure 31 that the significance p-value is lower than 0.01 for most of the sets tested. Besides the 
hotels that have a perfect maxim score of 10, or for hotels that have scores lower than 3.5 the 
reviewers don’t come from a normal unimodal distribution. This is very important for our focus 
because it means that the general assumption that the average of reviewers is the most 
representative might not be the best solution for the majority of reviews. 
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Figure 29. P-value distribution on the 10 scale of Hotel website score

The Hartigan test provides only the answer to whether the values come from a unimodal 
distribution or not. Based on the assumption that e-WOM is generating two interest pols of 
people that are satisfied and people that are not satisfied, and due to our focus in finding also 2 
classes of people who will recommend a hotel, and those who not, we are looking for a bimodal 
mix model distribution. 

The Expectation-Maximization (E-M) was the algorithm that we implemented in order to 
identify the mixed models in the distributions. The algorithm is an iterative method of 
maximizing the likelihood estimates of parameters from a certain statistical model. The process 
has two steps:

The E step that creates a function for the expectation of the likelihood
The M step that computes the parameters based on step E function. 

This is done iterative until a certain level of likelihood error is reached. From implementation 
perspective we have used the R package “mixtools” to search for a mix model of two Gaussians: 

and with different mean, variance and also apriori probability. An 
example of fitting is given for hotel id=10003, in the following Figure 32:

Figure 30. Hotel 10003 review distribution – EM mix model fitt
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If we consider the apriory probability equal with 0.5(bookers can be satisfied or unsatisfied with 
the same probability), and we consider that the intersaction is on the value of T, then we will 
have the following condition:

That, after we logarithm it, we reach the second degree equation in T:

For each of the selected hotels we can compute the boundary value and we will get 2 values T1 
and T2. 

We consider T1 < T2. Because we computed these values on the continue distributions, the 
values might be out of the 1-4 scale on which we know that the users can give feedback. Thus 
we compare T1 and T2 that are in the domain. At least one of the values is inside of the domain. 
If only one of them is in the domain, we consider that value as the Bayesian boundary. If both 
are in the domain we consider the smaller value T1 as the Bayesian boundary.  These values can 
be an alternative to represent the booker distributions taking into account the dual behavior of  
reviewers satisfied/unsatisfied. 

Since the E-M algorithm is an iterative algorithm and it is known that it performs better if the 
set has more values, we subset our dataset by selecting only the hotels that have at least 100 
reviews and that have answered if they would recommend the hotel or not. This resulted in 
122330 bookers being still part of the dataset.  For this subset we have made a small test in 
which case we are predicting more accurate if a booker would recommend the hotel or not than 
the baseline rule. 

The baseline experiment was the comparison between the booker average score and the hotel 
score. If the review score was higher than the hotel score than we assume that the booker would 
recommend the hotel, if not we assume that it will not. 

The test experiment compared the booker average with the Bayesian boundary within the 1 to 4 
boundary that we computed at the intersection of the two Gaussians found through the E-M 
algorithm. The rule applied was that if the review score was higher than the Bayesian boundary 
than the booker is assumed that will recommend the hotel, in the other case it is considered it 
will not. 

The baseline scored 65.84% correct classifications and 34.12% error rate, while the experiment  
scored 73% correct classifications and 27% error rate. This proves that a bimodal distribution 
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can provide information that can lead to better predictions for our e-satisfaction model. 
However running the search on hotel level raises the problem of the majority of hotels that 
don’t have enough reviews. 

3.3.

In this chapter we have explored the dataset on individual attributes as well as in some of the 
relation between them. We also tested if the hypothesis of bimodality of reviews can be applied 
and if it serves the purpose of better identifying who would recommend a hotel or not. We have
shown that using the new Bayesian Boundary as an indicator for the satisfaction of bookers 
proved to be more accurate than the average score of bookers. Therefore we consider that the 
booker reviews come from people that are satisfied and those who are not satisfied, hypothesis 
that is supported also by the e-WOM. Therefore we will use the new information in 
constructing new attributes. The initial dataset contains much information and its size raises 
also opportunities but also limitations in the approach that we can take in order to answer the 
research question of the thesis.  Combinations among all the data can be done, but exploring in 
detail each perspective is not an applicable approach. Thus we need a methodology that could 
allow us to aggregate the most promising information in the dataset, and allow us to create a 
model to predict the recommend label of the dataset. 

In the business understanding chapter we have presented the difficulty that e-tourism deals 
with the cold start problem, thus we need to limit our search space to the attributes that can 
either be accessed or filled. In this case we can aggregate the information of the datasets that we 
have available, but also combining it to booker unique information if any. 

In the next chapter we will present a procedure through which we will try to achieve these 
objectives while answering the research question. In this chapter we will present the process 
steps that are needed to answer the research question. We will first start with the Preprocessing 
of Data step, following the CRSIP-DM methodology. Next we will present the models to be 
applied. The next section will present the Measures that we will use in order to pick the best 
model that we tested, and also the Validation procedure used while testing. The last chapter 
will again be the Chapter Conclusion in which we will summarize the procedure and the main 
reasons of creating such a methodology. 
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4.

The main research question of the thesis is if we can find a model that uses review scores 
information and demographic data in order to predict if someone would recommend a hotel or 
not. In essence we want to find a model that classifies based on the input information if that 
booker is part of one class or another. Therefore from a technical perspective the research 
question can be transformed in a classification problem:

“Based on a set of inputs, classify as accurate as possible if a record is part of a labeled class”

Therefore in this chapter we will discuss about the following:
1) Preprocess and clean primary dataset

2) Create new dataset tables

a. Attribute datasets

b. Features datasets
c. Reduce dimensionality of datasets-Principal Component Analysis(PCA) datasets

3) K-fold cross validation on the classification models

a. K-fold cross validation
b. Classification models

4) Model performance measures 

4.1. Preprocessing primary dataset

As presented in the chapter 3.2 of Data Understanding, some columns in the dataset present 
more potential than others. Also some columns will raise computational problems and need a 
more solid theoretical foundation why they can be influential in predicting if a booker would 
recommend his hotel. We decided to discard the following columns from the dataset as 
presented in Figure 33. 

Figure 31. Selecting the dataset information
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For each of the below columns variables we explain also the reason why they were not used as 
input information for the models in this thesis. 

Temporal information: booking_date, date_review_completed-
The temporal information can be relevant but more analysis is needed to be made since the 
values directly don’t provide useful information in the approach we are using in this thesis. 
Interesting insights can be obtained by combining the review scores with the dates by having 
more accurate values of what a hotel had as a score at a certain moment in time, but without the 
information about the hotel from the beginning of the existence, this can not be done. The 
average of a hotel is fluctuating in time, and it is more stabile if it has a high number of reviews, 
but also it is more robust to changes, not allowing showing if there was a significant raise or 
dropping in the review average per hotel. These are information’s that could be used at a later 
point to increase the performances of the satisfaction model, but based on the available 
information it is not possible to compute the value of the hotel at the booking and review date, 
and therefore we decided to discard the temporal information since it would bring noise, and 
force us to add complexity both the data interpretation as well as to the processing of data.  

Special details: stay_purpose, stay_customer_type

The Special details columns contain important information as we seen in the section 3.2.2., but 
we set as one of the objectives to provide also a simple schema that the model can be used on a 
recommender system already set into place. For a booker who intends to book a hotel, the 
information of what type of booker is, or what is the stay purpose, is information that is 
registered posteriori. This doesn’t allow the use of this information for new visitors, and also it 
would add complexity to the use of the model. In comparison the information about the country 
of origin can be simply traced based on the IP address of the visitor and it is done when the user 
reaches the website. By using this information and rely on it we will not be able to use the 
model to aid new customers, but we will force to wait for the information to be completed by 
the user. This behavior introduces serious limitations to the model usage and we decided that 
we will not use this information as an input. In the data understanding chapter we have seen 
that booker average scores based on the separation of bookers on these columns can provide 
insights, and might be of interest to improve our e-satisfaction model at a later point. 

More preprocessing was done also on the recommend column in which the NA values were
transformed in the value -1, for an easier use of the dataset. A new column that was called 
initial_dataset_row was created to map any future records to the initial dataset. The booking_id
was replaced and the new column was used to index records. 
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4.2. Creating

As argued earlier at the beginning of the chapter, the research question is in essence a 
classification problem. Consequently we will need to define a set of input, a set of metrics, a 
model(s) to train, and identify the label class we are targeting.  Our main assumption is that if 
someone is recommending the hotel then he was satisfied with the choice he made. Therefore 
we will use the target label as the recommend column.

The set of inputs that we want to use should be based on the review scores and the 
demographic data, but using only a country label would not provide much information to our 
model. Thus based also on the success of the exploratory experiment, we wanted to use 
information about the distribution of bookers by subsetting them based on the demographic 
information like:

Country of origin

Country of destination

Country to country information
In the exploratory step we observed that there are differences in bookers review scores  
depending on the country of destination and country of origin, so we considered in 
generalizing the exploratory experiment. Following the same procedures, and the subsetting 
schema earlier presented, we constructed statistical datasets presented in Figure 34.

Figure 32. The process of creating datasets with statistical information about booker’s countries and trips

Based on the country information, we run the processes for three types of bookers. Firstly for 
those who are originating from the same origin country, secondly for those that went to the 
same country, and lastly for those who had the same country to country pattern. On each of the 
subgroups we run the same processes as shown in Figure 34. 
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First we try to fit a normal distribution on the distribution of bookers average score. We fit a 
normal distribution model also to the hotels average scores. Based on the experimental setup, 
we also run an Expectation –Maximization algorithm searching for a mixmodel of two 
Gaussians on the booker average scores. Besides the new columns based on the fitting of  
distributions, a set of statistics were also computed and saved as new columns. For each of the 
subgroups we computed the statistical values for the columns described in Table 3.

Subgroups: Country of origin (Italy, Spain, etc), Country of destination (Netherlands, Greece,  
etc), Country to Country (Italy to Netherlands, Spain to Germany, etc).

Table 3. Country specific dataset –column description

Process Column description
Fit a normal distribution Mean of the Gaussian fitted on the booker’s average score distribution of 

the subgroup
Fit a normal distribution Standard deviation of the Gaussian fitted on the booker’s average score 

distribution of the subgroup
Fit a normal distribution Loglikelihood of  the Gaussian fitted on the booker’s average score 

distribution of the subgroup
Fit a normal distribution Mean of the Gaussian fitted on the hotel average score distribution of the 

subgroup
Fit a normal distribution Standard deviation of the Gaussian fitted on the hotel average score 

distribution of the subgroup
Fit a normal distribution Loglikelihood of  the Gaussian fitted on the booker’s average score 

distribution of the subgroup
E-M bimodal distribution Mean of the lower Gaussian distribution identified through the E-M 

algorithm
E-M bimodal distribution Standard deviation of the lower Gaussian distribution identified through the 

E-M algorithm
E-M bimodal distribution Probability(lambda) of the lower Gaussian distribution identified through 

the E-M algorithm
E-M bimodal distribution Mean of the higher Gaussian distribution identified through the E-M 

algorithm
E-M bimodal distribution Standard deviation of the higher Gaussian distribution identified through 

the E-M algorithm
E-M bimodal distribution Probability(lambda) of the higher Gaussian distribution identified through 

the E-M algorithm
E-M bimodal distribution The lower value where the two Gaussians distributions intersect. Bayesian 

Boundary min
E-M bimodal distribution The higher value where the two Gaussians distributions intersect. Bayesian 

Boundary max
E-M bimodal distribution Loglikelihood of the fitting of the mixmodel through the E-M algorithm.
Statistics The percentage of how many bookers have recommended the hotel. 

Positive recommendation ratio
Statistics The mean of the booker average score of bookers that did recommend the 

hotel 
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Statistics The mean of the booker average score of bookers that did not recommend 
the hotel

Statistics The frequency of hotels with no star
Statistics The frequency of hotels with 1 stars
Statistics The frequency of hotels with 2 stars
Statistics The frequency of hotels with 3 stars
Statistics The frequency of hotels with 4 stars
Statistics The frequency of hotels with 5 stars
Statistics Mean of bookers average score
Statistics Mean of bookers staff score
Statistics Mean of bookers services score
Statistics Mean of bookers clean score
Statistics Mean of bookers comfort score
Statistics Mean of bookers value score
Statistics Mean of bookers location score
Statistics Hotel  of hotel average score
Statistics Mean of hotel staff score
Statistics Mean of hotel services score
Statistics Mean of hotel clean score
Statistics Mean of hotel comfort score
Statistics Mean of hotel value score
Statistics Mean of hotel location score

Total = 41 new columns

a) Attribute dataset

The new datasets based on the country will be used in combination with the booker review 
scores for each record to create Attribute datasets. By selecting a minimum number of  bookers  
that had to travel from one country to another, we can select a list of countries of origin and 
destination as well as combinations country to country that are available in our initial dataset. 
Based on this selection we can combine the information in creating an Attribute dataset that 
contains booker information and country statistical information. In Figure 35 the process flow of 
building an Attribute dataset is presented. 

The Booker Record information contains 4 columns: initial_dataset_row that represents an 
identifier from the initial dataset, the recommend column that is used as a label, the booker average 
score and a Coder column that contains a string with the country to country information label 
(Example: “it uk” the trip was from a booker in Italy to UK). 
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Figure 33. Process of building an Attribute dataset

As we can observe, based on a single condition of a minimum number of bookers from one 
country to another, we can build 4 Attribute datasets: an Origin country dataset, a Destination 
country dataset, a Country to Country dataset, and an Aggregate Attribute dataset.  

b) Features datasets

The Attribute datasets provide country specific information adding it to each of the records in 
our datasets. Also it allows us to restrict the dataset and reduce noise by selecting only those 
countries that contain a certain number of bookers in the dataset. However for each country we 
have the same country specific values added in the attribute dataset, which leads to 
singularities. Having columns that are linear transformations of another column doesn’t add 
new information to the dataset. 

Thus based on the Attributes datasets, that allowed us to aggregate the statistical country 
specific information with the records in our initial datasets; we constructed also a Feature 
Datasets that combines the Attributes datasets and the booker personal information (see Figure 
36).
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Figure 34. Attribute dataset relation with the Features dataset

In order to construct the Features Dataset columns we followed 4 major approaches (difference 
features, class features, model fitting features and attribute passing value) for each of the 3 
subgroups based on the country of origin. – The Feature engineering process.

Difference features:

We have computed the difference between the booker average score and the available means in 
the Attribute dataset. This leads to the creation of 16 new features in the dataset.  

Class features:

If the difference between the booker average score and the means computed earlier as a feature, 
then we created also correspondent dichotomy feature. If the value was positive, meaning that 
the booker average score had a bigger value than the mean compared with, and then we gave 
the 1 to the value of the new feature, else we gave the value 0. This leads to the creation of  
another 16 features for each subgroup.

Model fitting features:

Based on the loglikelihood of the mix models and the normal distribution model, which 
measures which of the two models best fit, we created also a feature that captures the better 
indicator. If the best fit of the distribution was the normal distribution, then the mean of the 
distribution should be taken as best indicator. If the bimodal distribution was a better fit, then 
the lower Bayesian Boundary should be considered a better indicator, therefore the feature will 
have this value. If the value of the lower Bayesian Boundary is smaller than 0, then the higher
Bayesian Boundary will be choose as a feature value. 

Another feature constructed based on the two models, was to compare the mean of  the two 
Bayesian Boundaries with the mean of the normal distribution. We have considered the 
difference between the average of the Bayesian Boundaries and the mean.

Attribute passing value:

For all the Feature datasets 4 columns were copied.  Due to the direct importance of the 
attribute of positive recommendation ratio, this attribute was passed as a feature in the new 
dataset. Also the recommend column that will be used as a classification label was passed in the 
new dataset. Also we pass the Coder column and the initial_dataset_row to trace back the records 
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to the initial dataset and to the subgroup they were part of. There are 4 feature datasets that can 
be created using the feature construction described above. A feature dataset based on the 
Attribute original, destination and country to country. By aggregating these 3 datasets, we 
obtain a fourth feature dataset, Aggregate feature dataset. 

c. Dimensionality reduction of datasets Principal Component Analysis(PCA) based 
datasets

Due to the high dimensionality of both the Attribute datasets, and the Features datasets, a step 
of dataset reduction was needed. We have applied Principal Component Analysis (PCA) to the 
Attribute Aggregate dataset, and the Feature Aggregate dataset without the column of 
recommend, Coder and initial dataset row. These 3 columns where taken out of the dataset used 
as an input in the PCA because they contained identification information tied to the dataset, so 
not to the rating information, and also the label information that we want to predict, so it 
should not be part from an input dataset. 

Principal Component Analysis (Witten F, 2005) is a mathematical procedure that uses 
an orthogonal transformation to convert a dataset into a set of variables that are linearly 
uncorrelated. The method allows a high level of information reduction by providing a set of 
components that represent a rotation space in which the information in the dataset can be 
projected best. By comparing the variance of each of the component, we can obtain a ranking of  
importance of components and also an estimate of the information quantity that can be 
maintained by limiting the space only to a subset of components. The advantage of such a 
transformation is that most of the information is kept, but the dimensionality of the dataset is 
considerably reduced. 

In Figure 37, the variance of  the components after PCA transformation of the Attribute dataset
is presented, with the condition that at least 1000 bookers have traveled from one country to 
another. 

Figure 35. PCA variance on the Attribute aggregate dataset
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Depending on the problem, different numbers of PCA components can be selected. There is 
always a trade-off between keeping enough information, but reduce the dimensionality. 
However as a good practice, it is recommended not to lose more than 10% of the variance. 
Therefore we set our threshold limit at 90% variance. (Joliffe,2005)

By selecting the first 13 components, we reach 0.90962% variance. Therefore we will use these 13 
components to create a new dataset called PCA13Attribute

A second dataset was constructed through the same method of PCA from the Feature 
Aggregate dataset. In Figure 38 we present the PCA variance on the Feature Aggregate dataset. 

Figure 36. PCA variance on the Feature Aggregate dataset

We can observe that the variance of the components in this case is different that the PCA on the 
attribute aggregated dataset. Indeed by only selecting the first 5 components we reach 0.90709% 
variance. Therefore we will use only 5 PCA components to reduce the dimensionality of the 
dataset and create the PCA5Feature dataset.  The reason for taking this action is the same as in 
the case of the Attribute aggregated dataset, to reduce dimensionality of the data and to lower 
the cost of computation for training and testing classification models.

In conclusion there are 10 datasets that were created in this section:

Table 4. Summary of the input datasets that will be used as input tables to the classification models

Name of 
dataset Description Number of columns

Attribute_orig
Attribute dataset based on the country of origin of 
the booker

41+4(Booker Record 
information)=45

Attribute_dest
Attribute dataset based on the destination of the 
booker

41+4(Booker Record 
information)=45

Attribute_c2c
Attribute dataset based on the country to country 
trip of bookers

41+4(Booker Record 
information)=45

Attribute_agg Attribute Aggregate dataset, that aggregates the 
above 3 Attribute dataset in only one dataset.

41*3+4(Booker Record 
information)=127
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Feature_orig Feature dataset based on the Attribute dataset 
based on the country of origin of the booker

35+3(Booker Record 
information without the 

booker_average_score)=38

Feature_dest
Feature dataset based on the Attribute dataset 
based on the destination of the booker

35+3(Booker Record 
information without the 

booker_average_score)=38

Feature_c2c
Feature dataset based on the Attribute dataset 
based on the country to country trip of bookers

35+3(Booker Record 
information without the 

booker_average_score)=38

Feature_agg
Feature Aggregate dataset , that aggregates the 
above 3 Feature datasets in only one dataset.

35*3+3(Booker Record 
information without the 

booker_average_score)=108

PCA13Attribute
PCA13Attribute based on the Attribute aggregate 
dataset that uses top 13 components of the PCA 
orthogonal transformation (>90% variance)

13+3(Booker Record 
information without the 

booker_average_score)=16

PCA5Feature
PCA5Feature based on the Feature aggregate 
dataset that uses top 5 components of the PCA 
orthogonal transformation(>90% variance)

5+3(Booker Record 
information without the 

booker_average_score)=8

4.3. K-

The purpose of creating numerical datasets as we did above was to allow the application of
numeric prediction models. These models can be used to classify if a booker would recommend 
the hotel or not. Two of the simplest models that can be used in our case are the linear model 
and the logistic model. The models are similar and they benefit from using the inputs in a 
weighted sum which allows an easy interpretation of the importance of each of the inputs. 

In any model that is built on data, there is the step of training, and the step of testing and 
validation of the model. Creating models that learn the data but don’t have actual predicting 
power will create a model with no usability. For this purpose, and for the purpose of trusting 
the models we build and their performances, we will use for all models a validation technique 
called cross validation. 

a) K fold Cross validation

The k-fold cross validation is a technique that partitions the original sample into k equal size 
subsamples and then uses k-1 subsamples as a training data, and the 1 remaining subsample as 
a test sample. By running this process for k times (folds) we will have in the end k models 
trained and tested (Witte, 2006). By averaging the results we obtain a performance index that is 
less biased, and closer to the probable real performance. In the case of no validation, the 
performances of the model could be biased by the data selection that we made. It might be the 
case that we just selected a good training set that contained very similar information that the 
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test set, and our model performed really well. By sampling as describe above we reduce the 
probability that all the selections are just best case scenarios.

As shown in figure 39, we setup up an experiment for each of the input datasets presented 
earlier to train a classification model, and then validate the results using cross validation 10 
fold.

Figure 37. Classification models setup and 10 fold Cross validation

b) Classification Models:

The classification models that we intended to use as mentioned in Section 4.2 are the linear 
classifier and the logistic model. By using a generalized linear model, with two distinct 
activations function we are able to train and test the both models. 
Generalized linear models (GLM) are a broad class of models that can be used for classification 
purposes. As the name says, a GLM represents a generalization of a linear model, and can be 
expressed as it is expressed in formula (1).

(1) )()( 0wxwfxy T

)(xy -output
f (.) -activation function (link function)

Tw -weight vector (transposed)
x -input vector 

0w -intercept

One of 
the 10 

datasets

Training Set 
(90% sample)

Classification

Model

Test Set (10% 
sample)

Cross-fold 
Evaluation

Repeat 10x for 10 – Fold Cross 
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In our case the output is of type binary, being either “1” if the booker would recommend the 
hotel or “0” if the booker would not. Depending on the link function used, different models can 
be built.

By using an identity activation function zzf )( we obtain a simple linear model. By using an 

activation function )
1

log()(
z

z
zf , called logit link function, we will obtain a logistic 

regression model. 

The regression model in the case of binary data is often used because the output that will be 
between (0,1) can be interpreted as the probability of a particular outcome.
The linear model and the logistic model were used as a classification model, and therefore the 
output was compared with the 0.5 threshold, and if the value of the output was higher, then the 
predicted class was 1, while if it was a smaller value the class label was 0. 
Based on the new predicted classes for each record and the known classes, a set of measures 
were computed to quantify the quality of the models. This performance measures are presented 
in the following section.

4.4.

By having therefore a set of predicted classes and actual classes, a Confusion matrix could be 
created for each dataset and each model trained and tested as shown in the below Table 5. 

Table 5. Confusion matrix

Predicted class 1 Predicted class 0

Actual class 1
True 
positives(TP)

False 
negatives(FN)

Actual class 0
False 
positives(FP)

True 
negatives(TN)

The total number of classifications is: N=TP+FN+FP+TN

On the values of TP, FN, FP, TN and N a set of metrics can be computed to express better the 
performance of a classification model. We have computed and reported the following metrics
(Table 6):
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Table 6. Performance measures

Performance measure Description

True_Positives_ratio The percentage of classification TP out of the total 
number of classifications done by the model(N)

True_Negatives_ ratio
The percentage of classification TN out of the total 
number of classifications done by the model(N)

False_Positive_ ratio
The percentage of classification FP out of the total 
number of classifications done by the model(N)

False_Negatives_ratio The percentage of classification FN out of the total 
number of classifications done by the model(N)

Accuracy (TP+TN)/N
Recall TP/(TP+FN)
Precision TP/ (TP +FP)
Specificity TN/(TN+FP)
Balanced_accuracy_rate 0.5*(TP/(TP+FN)+TN/N)
Balanced_error_rate 0.5*(FP/(TP+FN)+FN/N)
Harmonic_mean (2*Precision*Recall)/(Precision+Recall)

Actual_Recommend_no_recommend_ratio The ratio of the number of actual recommend class 1 
divided to the number of actual recommend class 0

Pred_Recommend_no_recommend_ratio
The ratio of the number of predicted recommend 
class 1 divided to the number of actual recommend 
class 0

The TP, TN, FP, FN ratios are a good indicator of what is the percentage of misclassification by adding 
the FP and FN ratios. However it is important to see also these values compared with the percentage of 
all the positives and negatives we have in the dataset. The dataset doesn’t have a balanced percentage 
of records from a class and the other, the ratios allows us to compare the amount of misclassifications 
for each of the classes easier.

Accuracy represents the percentage of correct classifications and will be the metric used to decide 
which of the models will be the winner. We have chosen this metric as the most important because the 
purpose is to correct classify as many records as possible, and we are not that interested in which 
classes the model performs better for example.

However we have computed also other performance measures since they could serve for a different 
interpretation of the results if a cost matrix is added to the classes, or if later models are applied and 
comparisons are needed.  

The two metrics: Actual_No_Recommend_recommend_ratio Pred_No_Recommend_recommend_ratio 
are important in trying to answer the second research question. Therefore we wanted to use 
these ratios as an indicator of the model performances over the NA dataset. 
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In conclusion the quality of the answer to the first research question “Can we predict if someone 
would recommend the hotel they booked, based on demographic data and personal ratings?”
will be answered by the accuracy of the models that are trained and tested. The best model in 
combination with the right dataset will be then used to explore the NA dataset. A 
correspondent dataset will be constructed based on the NA dataset that contains bookers that 
have reviewed the hotel but not provided the answer to the question if they will recommend the 
hotel or not.  The classification model that performed best will be trained on the entire 
Respondent dataset and applied on the NA dataset.  

The second research question will be answered by exploring the NA dataset using the predicted 
class of recommend. Depending on the level of accuracy of the model that will be measured on 
the first question, the exploration will present limitations as well. 

Implementation details

The environment that was used to conduct the experiments was R and Rstudio. R  is a  free 
software for statistical computing and graphics (http://www.r-project.org/). The Rstudio is an 
open source IDE for R that is released under the GNU AGPL license. All the packages used in 
conducting the experiments were downloaded and used also under the GNU license from the 
Compresive R Archive Network (CRAN). 

The experimental setup as all the trials and codes were conducted on Booking.com local 
hardware. For the extensive computations a computer with 8 Gb memory, Intel Core i3-2120 
3.30Ghz CPU and a windows 64 Bits operating system was used. 

Following the procedure from the previous chapter we have first discarded the columns that we 
will not use in the analysis. We have then computed the country statistics for bookers that 
originated from the same country, that went to the same country or there had the same trip 
from a country to another. 

Fitting the normal distribution was made using the package (MASS) and the function fitdist that 
returned all the values that are saved in country specific dataset. The second process of the E-M 
bimodal distribution was done using the package(mixtool), and the function normalmixEM 
using the setup with two Gaussians that have variable standard deviations and probabilities. 
Based on the models fitted through the E-M we have computed the Bayesian Boundaries as 
presented in the above chapter, and saved the values in the correspondent columns.  For the 
statistical measurements simple calculations were used. We have initially tried to run this  
method for all the subsets that we could build. In the case that the number of booker was to low 
(there are countries with only 1 booker in the dataset), or if the E-M algorithm didn’t converge,  
we just added missing values (NA) in the statistical datasets. 
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The training and testing of the models were made by using the function glm() with the 
“identity” link function for the linear model, and with the “binomial” link function for the 
logistic model. The plotting of images in R was made with functions from package(ggplot2). 

5. Results Discussions

In the previous chapter the experimental procedure and setup was presented. Based on it in this 
chapter we will explain how it was applied on the dataset received from Booking.com , and 
what were the results as well as the conclusions of these experiments. 

One of the main results was that indeed review scores are likely to come from a bimodal 
distribution instead of a normal distribution as shown in section 3.2.3. Using this information 
and the demographic data available, we constructed initially 3 statistical datasets: Origin, 
Destination and Country to Country. Taking all the possible combinations of the country to 
country trips introduce noise to our model from those combinations with few reviews. 
Therefore, we need to cut down the records in the dataset, so that the E-M and the normal 
distribution fit to perform well and have enough bookers We selected only the subgroups with 
at least 1000 country to country reviews. We experimented also with 10000, 20000, and 50000, 
and the performances of the models were similar. However, wanting to have a good coverage,  
the rule of 1000 bookers limited the country to country dataset to 237 combinations, which were 
based on 68 originating countries and 68 destination countries. Considering that on the website 
the space for only 12 destination recommendations, having a selection base 6 times bigger is
considered sufficient. Also this limitation left us with a dataset of approximate 1 million 
records. 

Based on this statistical datasets, we constructed the Attribute and the Feature datasets as 
described in the Experimental setup (chapter 4), using the limit of booker from country to 
country to the value 1000. 

We have applied the function glm(.) to both  linear model and logistic model, with different 
link functions as a parameter. The glm(.) function is part of the default package(stats). The 10 
folds Cross validation and the measurement average were implemented based on core 
functionality of R, independent scripts being used.

The complete results are presented in Appendix 5. In Table 7 we present the results of the 
datasets and models, with the averaged accuracy and its standard deviation. On the initial 
dataset we used the entire dataset available, so no standard accuracy is reported. 
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Table 7. Accuracy Results of the Experiment

10 Cross validation results
Dataset Model Accuracy

average
Accuracy
Standard deviation

Initial dataset Baseline 0.652234

Initial dataset Bayesian Boundary Rule 0.73167
Attribute origin Linear 0.924028 0.000933
Attribute origin Logistic 0.930603 0.000792
Attribute destination Linear 0.923803 0.001004
Attribute destination Logistic 0.930484 0.000699
Attribute country to countr y Linear 0.927764 0.001015
Attribute country to countr y Logistic 0.93027 0.000601
Attribute aggregate Linear 0.929272 0.000824
Attribute aggregate Logistic 0.93011 0.000877
Featur es origin Linear 0.92866 0.0006988
Featur es origin Logistic 0.930844 0.000712
Featur es destination Linear 0.930216 0.0007339
Featur es destination Logistic 0.930826 0.000784
Featur es countr y to country Linear 0.927764 0.0006201
Featur es countr y to country Logistic 0.93088 0.000647
Featur es aggregate Linear 0.929273 0.016967
Featur es aggregate Logistic 0.931871 0.0003112
PCA13attribute Linear 0.743008 0.003382
PCA13attribute Logistic 0.74292 0.003382
PCA5features Linear 0.927502 0.000865
PCA5features Logistic 0.930391 0.000823

Based on the accuracy measure, the Feature aggregate dataset in combination with the logistic 
model was the best combination, providing an accuracy of 0.931871. The second accuracy value 
was from the PCA5features also with the logistic function. The difference between the 
Accuracy’s values is 0.00148, which is 5 times bigger than the standard deviation of the first 
model, and 3 times bigger than the second model; thus, we can consider it significant. 

However the computational effort for the PCA5 features is significant smaller, only the memory 
usage being 20 times smaller for the use of the second model, so it should be considered as a 
solution for online implementation, instead of the winning model. The details of the winning 
model can be found in Appendix 6. 

The first research question was:

Can we predict if someone would recommend a destination based on demographic data and 
personal ratings?”

Through the features engineering, and based on the previous data and booker average score, as 
well as country specific information we have provided 18 combinations dataset-model that have 
accuracy higher than 92%, and a winner combination with more than 93% accuracy. We 
consider that the question is answered with the limitation that we don’t have a perfect model.



64

We can predict with high confidence if someone will recommend or not a hotel based on the 
demographic data and personal ratings.

Since the answer to the first question is positive, keeping in mind that the model doesn’t  
provide a perfect classification, we continued with answering the second research question:

“If the model developed as an answer to the first research question is acceptable, what can we 
infer about booker’s behavior for which we don’t have data if they would recommend or not the 
destination they booked?”

We first applied on the NA dataset the baseline rule. In Figure 37 we present the distribution of 
what would have been the satisfaction prediction based on the baseline rule. The baseline rule 
assumption is that if the booker average score is higher than the hotel average score, then the 
booker will recommend the hotel. This rule divides the bookers with a ratio of 48% no 
recommendation, and 52% recommendation. This ratio is not consistent with the rest of the 
dataset. We can see in Figure 41 that the ratio is consistent across all range of booker average 
score.  As shown in Table 8 the accuracy of the baseline rule is very low (65%), and therefore we 
run also the winner algorithm on this dataset.

Figure 38. Distrbution of the NA baseline rule

By applying the logistic model on the NA dataset (178656 records) we constructed and created a 
new column of recommend, and we show the distribution in Figure 42. We observed that the 
average ratio between “recommend” and “not recommend” is 9 “recommend” to 1 “not 
recommend”. Interesting also we can see that even if the bookers give smaller review scores, 
this doesn’t mean that the intention is not to recommend the hotel. 



65

Figure 39. Distribution of the Logistic model Prediction

In conclusion the performances of the classification model increased up to 93% based on the 
demographic data and on the assumption that review scores come from a bimodal distribution. 
Also based on the model we were able to observe the predicted behavior of those that have not  
answered if they would rate or note the hotel they booked. This showed first that not 
necessarily the low review rates mean that a booker would not recommend a hotel, and 
secondly showed that also the ratio between those who would recommend an not recommend 
is similar to those who are answering the question. Based on the model we don’t see a total 
distinct behavior on those who are answering the question and those who are not answering the 
question
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6. Conclusions

In this chapter we will draw the main conclusions of our research and propose a schema for 
further use and research based on the results of the thesis.

First main conclusion is that there should be more research in the interpretation of the review 
scores of bookers. Strong assumptions like the existence of a normal distribution of review 
scores for all item is not necessarily true. The reasons behind this phenomenon can be either the 
cognitive mechanism of assessing quality, the marketing strategy implements (e-WOM), 
transformation of the Likert scale done behind the website, assumptions made in the other parts 
of the system that change the experience of the booker, etc. 

However taking into account only one of these factors, the e-WOM and the expectation of 
having two classes of reviewers, we were able to improve correct classification of people that 
would recommend the hotel they booked from 65% to 73%.

Using the new information and adding demographic information on the country level of the 
booker, we were able to create even a better classifier model that reaches 93% correct 
classifications. This allowed us to give a positive answer to the main research question, even if  
limited and not 100% accurate. 

More research could be done in selecting the best features and attributes and reduce also the 
noise but also the computational effort done to train and test the model. A secondary result was 
that by applying a data reduction procedure we reduced the dimensionality to 5% of the dataset
and lose only 0.015 %in accuracy. This indicates that there are many variables that are not 
providing real information, and a better selection could be done. A feature selection algorithm 
could be used though it is very computational expensive.

Another research approach would be to focus on country to city bookers and their behavior. We 
have chosen a high granularity for our research from country to country, based on the 
assumption that there is a common behavior based on this demographic data. The results 
support this assumption, but by applying the same experimental setup using instead of 
destination country, the city that the booker has went, it could provide better results, and a 
more straight forward applicability. The model based on country to country information is hard 
to be used to improve recommendations, providing more information about the usability of 
such data in our problem. Using Country to city information could provide based on the output 
of the models a ranking that can be used to adapt recommendations to future customers. 
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A third direction of research is based on how to use this satisfaction model for new users to the 
website. We have kept in mind while selecting and building the satisfaction model, that besides 
allowing some insights in the behavior of those who did not answer the survey question if they 
would recommend the hotel, we should be able to use this model to improve future 
recommendations as well. Thus we used demographic data that can be used from the already 
collect information and based on the IP address of the visitor. The second information was the 
booker average score, so if it is the case that the user had booked before the website might have 
already the information, while if this is not the case, a default value that could be the average 
score of the origin country could provide the data needed. Based on this information and 
combining with the possible destination, the model should be able to distinguish between the 
two classes of recommend.  This is only a proposed schema, others being possible. However the 
initial information that is needed to build the input dataset and apply the model is a country of 
origin, and a booker average score. 

On a personal level the experience has taught me many valuable lessons, from which I will refer 
only to the most important ones here.  First it shown me that sky is the limit, but applicability of
research is very important, so the objectives should be realistic. Secondly I have learned that 
talking with people is hard but very important in order to check your ideas and get new ones. 
Time management is crucial in reaching a good output. I should work smarter and document 
all the trials and new information. Even reading my own code after a while is difficult. Working 
with big dataset is hard, but also interesting and attractive. Doing codes that could be reused 
makes things easier, even if it takes more time initially. Finally I learned that a company 
environment is different than academic environment. Doing “baby steps” that are clear and 
applicable is rewarding as well and not everything has to be a new research. 

The biggest lesson that I learned is that doing mistakes is part of the process and is important to 
share even the failures so I don’t get stuck in repeating them and so that others could be aware 
of the possible mistakes. 
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Appendix1- [removed on request of Booking.com].


