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The World Wide Web has made communication easier than ever. Before this happening

People used to ask acquaintances about their opinion before a purchase has been made. Nowadays one can
find someone else's opinion on the internet with a few clicks. The growth of reviews on the internet has
made electronic word-of-mouth an important aspect in helping customers with their buying decision. The
goal of this research is to classify customer reviews based on their sentiments by making use of data mining
techniques. The main focus is to find out how well data mining techniques perform and which aspects are
most important for classification. The data that will be used is based on 20 hotels of which 10 of them belong
to the expensive ones in London, while the other ones belong to the less expensive hotels in London. The
reviews of the expensive hotels have a higher positive sentiment on average than the reviews of the less
expensive hotels. The models that have been built all had a high prediction accuracy. The model that is
based on Random forest performed the best when it comes to the reviews of the expensive hotels and the
inexpensive hotels. What became clear is that the customers of the expensive hotels talk more about the

aspects of the hotel, while customers of the less expensive hotels talk more about the non-hotel aspects.
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1. Introduction

1.1. Importance of customer reviews

Since the advent of the World Wide Web, the internet has become very important for
customers, but also for organizations. Many years ago, before reviews were available on the
internet, people asked their family and friends for their opinion. Nowadays, the opinions of
others can easily be found on the internet (Liu, 2012). With an ever-growing popularity of e-
commerce on the internet, the total number of customer reviews and expert opinions keeps
growing. The growth of reviews has made electronic word-of-mouth (eWOM) an important
aspect in helping customers with their buying decision (Tang, 2017). Customers write about
the feeling they get when they buy a product, but also the value they give to a product
(Kulmala et al., 2013). With this information, a potential customer can have an indirect opinion
about a product without the direct knowledge they otherwise would have when they would
have bought the product themselves. Customers don’t depend anymore on the information

of a product that has been provided by the producer of the product (Tang, 2017).

Companies ask their customers to give a review about what they have bought in order to
manage customer opinions. Customer’s behavior and choices are based on the perception and
beliefs of others. When customers want to make a decision, they seek out the opinions of
other customers. This is due to the fact that customers find it difficult to assess the quality of
a product or a service (Park & Nicolau, 2015). Therefore, having reviews available as a
company will help other potential customers to make a decision when they want to buy any
kind of product (Hu & Liu, 2004). This is not only important for customers, but also for
companies because it helps them to better understand the buying behavior of their
customers. By having a better knowledge of what a customer likes or dislikes, a company can
give good customer service which is one of the key factors to maintain and improve the loyalty

of customers (Reibstein, 2002).

The importance of reviews for customers has been discussed in several studies. The following
empirical studies give an indication of how important these reviews are for both the

customers and organizations:
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% 92% of online customers make use of customer reviews before they make a buying

decision (Ludwig, et al., 2013).

¢ Internet users who are looking for more information about a product in-store often
skip the retail employee and search for information on their phone, according to a
survey which has been conducted by eMarketer (2019). About sixty-nine percent of
the respondents indicated that they would look for reviews on their smart phone
instead of asking information to an employee. This shows how offline resources have

been replaced by word-of-mouth e-marketing.

¢ The research of Park & Nicolau (2015) showed that 86% of online travelers find
consumer reviews websites helpful when making decisions about which hotel they

want to book.

+* The research of Pang & Lee (2008) even indicate that purchase decisions of more than

three-fourth of the consumers are influenced by product reviews.

X/

s According to the research of Park and Han (2007), customers buying intentions

increases with the quality and quantity of online reviews.

The abovementioned shows how important customer reviews are for customer purchase
decisions. The importance of reviews for customers makes it even more important for
organizations to analyze the reviews in order to find the different sentiments that can be
found in the several reviews. Analyzing this data can lead to new business opportunities and

competitive advantage.

One way to analyze reviews of customers is to make use of sentiment analysis. Sentiment
analysis is also called opinion mining and is a natural language processing (NLP) technique
which is used to analyze the opinions and sentiments of people towards different kind of
entities such as: products, organizations and events (Liu B., 2012). Both the terms sentiment
analysis and opinion mining appeared in 2003 (Nasukawa & Yi, 2003; Dave et al., 2003).
Sentiment analysis can be seen as a text mining technique which is used to classify reviews
based on its contextual polarity, which is either positive or negative (Pang & Lee, 2008).

Sentiment analysis has become an active research area because it has many challenging
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problems but it gives also the possibility to apply this analysis to different industries (Liu B.

2012).

1.2. Research Questions

As has been mentioned in chapter 1.1, the WWW has offered companies a chance to
understand their customers better based on the data they leave behind on the internet.
Understanding the customer’s dissatisfactions, but also their satisfactions, leads to more
insights about how the customers perceive the brand/company. By having a better
knowledge of what a customer likes or dislikes, a company can improve their customer
service. This research is meant for the booking site of which the data is extracted from,
because it helps them to better understand how machine learning can help to gather useful
information based on their provided data. Therefore, the research questions that will be

answered in this research are the following:

+»» How well can machine learning techniques predict whether a customer is
happy/unhappy based on its review?

** Which features are most important for a good/bad rating, and how are these
features related to the sentiments of the customer reviews of the expensive

hotels and inexpensive hotels?

The first research question needs to be stated because it is important to know how well
machine learning techniques can predict before a conclusion can be made about which
features have an influence on a good or a bad rating. If the accuracy of the predictions is
high, then we may have more confidence about the method. The more confident we get
about the method, the more accurate the conclusions about the features will be. Therefore,
after each model has been trained and tested, the model with the highest accuracy needs to

be chosen.

After the best method has been chosen, it is possible to give an answer on the second
research question. The model can show which features have the most influence on the
rating that has been given by a customer. This gives us the opportunity to find out what
makes customers satisfied, and at the other hand, what makes them dissatisfied. Are these
customers more interested in the service that a hotel offers, the food that a hotel offers or

the service that a hotel offers? What do these customers expect from an expensive or an
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inexpensive hotel? In other words, this information will help to understand what customers

find important about a hotel.

1.3. Relevance.

Nowadays, there are millions of online users who share their judgements and read about the
judgements of others towards a certain entity. As has been discussed in chapter 1.1, there
are many online users who first make use of reviews before they make a buying decision.
They even seem to have more trust in the reviews than in the employees of the store when
it comes to gathering information. Since the reviews are of big importance for customers, it
is of bigger importance for organizations. Therefore, it is useful for organizations to analyze
the data in order to have a better understanding of their customers. The results of this
research may be interesting for hotels in London. Understanding the opinion of customers

may help them to provide a better service quality in the future.

1.4. Contribution

The main goal of this research is to find out which kind of features of a review are most
important for a high or a low rating, and also how these features are related to each other.
The research will also summarize and visualize the reviews as has been done in other
studies, but it will differ in the way that the dataset is divided. This research has set a focus

on classifying whether a customer is happy or unhappy based on their review.

The dataset that will be used consists of 20 hotels which are all based in London. 10 of these
hotels belong to the most expensive ones in London and the remaining 10 hotels are the
ones that belong to the least expensive hotels in London. The main contribution to the
literature is that this research will look whether there are differences in sentiments within
these two categories of hotels. This gives more insights in what customers like or dislike
about the cheaper hotels, relative to the expensive hotels in London. With this information,
organizations might understand better how well they perform on different aspects, which

can help to improve the quality of the service of the hotel.

1.5. Structure of the thesis

The structure of the thesis will be as follows:
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¢ Literature review (Chapter 2): this chapter consists of an explanation of the history
of sentiment analysis and the domains in which this technique has been applied. As
an addition, some other papers with the same goal will be discussed. Also, there will
be an explanation of what customer satisfaction is, what electronic word-of-mouth is

and what kind of opinion types exist.

+» Data (Chapter 3): gives an explanation of the data that will be used. As an addition,
some graphs will be shown to see the underlying structure of the reviews. Graphs
with term frequencies will show which words occur most often, but also which words

occur the least in reviews.

R/

% Methodology (Chapter 4): the methods that will be used in order to make predictive
modelling possible will be discussed in this chapter.

e

* Results & Evaluation (Chapter 5): the results and evaluation will be discussed.
Graphs and tables will be used in order to give a better understanding of the results.
The different machine learning methods will be compared to each other based on

their predicting accuracy. The best model amongst the others will be chosen.

K/

% Conclusion (Chapter 6): lastly, this chapter will discuss the conclusion followed by
some limitations of the research. As an addition, some recommendations for future

research will be discussed.

2.Literature review

2.1. Customer satisfaction

One important goal of marketing is to have a good knowledge of what a customer likes or
dislikes in order to influence its buying behavior. By understanding your customer, a
company can give good customer service, which is a key factor to maintain and improve the
satisfaction of a customer (Reibstein, 2002). The customers decision making process consists

of a couple of steps according to Engel et al. (1995):
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¢ Recognition of need: a customer realizes at some point that it needs a product when
he/she compares it current situation with a situation in which the product is in his
possession.

¢ Searching for information: a customer may ask friends or family about their opinion
about a product before it will make a buying decision. Customers may also search on

the internet to find some information about the product of interest.

X/
°e

Evaluation of alternatives: consumers will analyze different alternatives so that they

can ultimately choose the option that offers the best response to their need.

s Purchase: the customer comes at a point in which he makes the purchase of a
product or service.

+* Consumption: the customer utilizes the purchased good.

s Evaluation of purchase: after the purchase and consumption, the customer

evaluates to which extend the purchased option satisfied them.

2.2. Sentiment analysis origin

Sentiment analysis is a field of study that has been analyzed by many researchers for many
years. Before the year 2002, there has not been done a lot of research in the field of
sentiments and opinions even though natural language processing has already been used
many years before (Liu B., 2012). Pang et al. (2002) and Turney (2002) were the first who did
a research in which sentiment classification has been performed. Pang et al. (2002)
performed this technique on reviews of movies, while Turney (2002) performed this
technique on reviews of automobiles, banks, movies and travel destinations. However, the
term sentiment analysis has been mentioned a year later for the first time in the paper of
Nasukawa & Yi (2003). Since then, much research has done in the field of sentiment analysis.
This is mainly because there is more opinion data available on the web (due to social media

and review sites) than was the case before the year 2000 (Liu B., 2012).

Sentiment analysis has been widely used in many domains. Liu et al. (2007) have made use
of blogs in order to predict sales performance for movies. Bai (2011) performed sentiment
analysis on online movie reviews of IMDB, in which the research its goal was to predict
consumer sentiment based on several features such as unigrams and bigrams. When it

comes to the food industry, Pai et al. (2013) researched the sentiments of customers who
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have bought fast food at Mc Donald’s, KFC and other fast food stores. Sentiment analysis has
also been performed by Kang et al. (2012) for restaurants that don’t sell fast food, in which

naive Bayes algorithms have been used.

Other applications on which sentiment analysis has been performed are: news articles
(Steinberger et al., 2011), Book reviews (Hu et al., 2012), Reactions on Social media such as
YouTube and Flicker (Gupta et al., 2013), Digital cameras & MP3 reviews (Chen & Tseng,

2011) and news about stock markets (Hagenau et al., 2012).

The existing literature that perform sentiment analysis on hotel reviews mainly focus on
machine learning techniques that help to analyze whether reviews are helpful to customers
(O’Mahony & Smyth, 2009; Martin & Pu, 2014 ; Hu & Chen, 2016). Other authors have
investigated the influence of customer reviews on hotel room sales (Ye et al., 2009; Ye et al,

2011; Anderson 2012).

The studies that mainly focus on the visualization and summarizing of sentiments differ in
their used techniques. Akhtar et al. (2017) made use of sentiment analysis and summarized
these sentiments in word frequency graphs. An even more interesting way to visualize
customer reviews, has been done by making use of google maps (Bjgrkelund, Burnett, &

Ngrvag, 2012).

2.3. Electronic word-of-mouth

Electronic word of mouth (eWOM) has been defined as (Litvin et al., 2008): “all informal
communications directed at consumers through internet-based technology related to the
usage or characteristics of particular goods and services”. The growth of online reviews has
made eWOM an important aspect in helping customers with their buying decision (Tang,
2017). Potential customers make use of reviews in order to have an indication about the
quality of the product or service of interest based on the experience of others. These reviews
lead to independence of customers since they do not depend anymore on the information of
a product provided by the producer of the product (Tang, 2017). The reviews about a product
or service can be found on many opinion platforms such as Tripadvisor, Yelp and Trustpilot.
Customer reviews are also provided by many big companies such as Amazon, AliExpress, Uber

and Airbnb.
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2.4, Opinion types

According to Liu (2012), there exist four different types of opinions. The four types are
regular opinions, comparative opinions, explicit opinions and implicit opinions. The regular
opinion itself can be divided into two types, namely direct opinion and indirect opinion. The
definition of a direct opinion is “A direct opinion refers to an opinion expressed directly to
an entity or an entity aspect” and the definition for an indirect opinion is “An opinion that is
expressed indirectly on an entity or aspect of an entity based on its effects on some other

entities” (Liu B., 2012).

An example of direct opinion is the following: “The battery of my phone is perfect”. This
opinion is one which directly gives an opinion about an aspect of the phone. An example of
indirect opinions is the following: “Since | have used my medicine, my body felt good”. This
customer used a medicine which effected the body positively. This is an indirect opinion

about the medicine that a customer used.

The second type of opinion, the comparative opinion, has the following definition: “A
comparative opinion expresses a relation of similarities or differences between two or
more entities or a preference of the opinion holder based on some shared aspects of the
entities” (Liu B., 2012). An example of this is the following: “I like the burgers of KFC more

than the ones of McDonalds”.

Explicit opinion has the following definition: “explicit opinion is a subjective statement that
gives a regular or a comparative opinion” (Liu B., 2012). Example: “your tv is of such a great
quality”. Implicit opinion has the following definition: “an implicit opinion is an objective
statement that implies a regular or comparative opinion. Such an objective statement
usually expresses a desirable or undesirable fact” (Liu B., 2012). Example: “I've bought

these shoes a week ago and the sole is already falling off”.

2.5. Predictive models origin

Several predictive models have been used in order to prognose the features that are most
important for a good or bad review rating, but also to find out how well machine learning

techniques predict whether a customer is happy/unhappy. One method that has been used
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in many applications is logistic regression. Pierre Francois Verhulst was the first who came
up with the logistic function in his paper published in 1838 (Verhulst, 1838), followed by a
paper of 1845 (Verhulst, 1845) and (Verhulst, 1847). The term logistic has first been

mentioned in the paper of Pearl and Raymond (1922). However, Wilson was the first who

published an application of the logistic (1943).

Another method that is often used for this analysis purpose is decision tree. According to
Wei Yin Loh (2011), the earlier developments of the decision trees started with Fisher’s
(1936) paper about discriminant analysis. The first classification tree algorithm that has been
published is THAID (Fielding & O'Muircheartaigh, 1977; Messenger & Mandell, 1972). Years
later, Breiman et al. (1984) introduced the CART and Quilan (1993) came with his own
method called C4.5. C4.5 is based on the entropy measurement of impurity while CART is

based on the Gini index which both will be discussed in chapter 4.

One method that improves the decision tree is the Random forest. The earlier developments
of Random forest has first started with Ho's proposed method (1995). In his paper, Ho
introduced a method in which multiple trees are built by random selection. Furthermore,
Amit and Geman (1997) proposed a method in which small number of variables are
randomly chosen for each node. A couple of years later, Breiman (2001) developed the
random forest by combining the methods of Ho (1995) and Amit & Geman (1997) with his

own method of bagging sampling approach (1996).

3.Data

3.1. Data description

The dataset that will be used for this research is derived from an open source platform
(Kaggle). The dataset consists of customer reviews of hotels that are based in London. The
dataset that will be used consists of 20 hotels which are all based in London. 10 of these
hotels belong to the most expensive ones in London and the remaining 10 hotels are the

ones that belong to the least expensive hotels in London. The dataset exist of customer
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reviews in different languages. All the reviews will be taken into consideration. Removing the

other languages is difficult and can lead to inaccurate predictions.

The dataset gives the opportunity to: compare the overall ratings between the different

budget categories of hotels, compare the count of words of the reviews, analyze the most

frequent used words, find upcoming word trends, find out positive and negative words and

to perform sentiment analysis. The dataset consists of a total of 27330 different customer

reviews. The dataset has been divided into training/validation/test sets with the following

ratio 60/20/20. The following seven variables can be found in the dataset:
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Property name: this is the name of the hotel which has been booked by the
specific customer.

Review rating: it indicates what value a customer gives for the perceived
service at the hotel that has been booked. The higher the rating, the better
the experience was and vice versa.

Review title: this gives a short description of what the review of the customer
is about. This might be positive, negative or neutral. It could even be empty.

Review text: this is the longer description of the review of the customer itself.
The review contains the judgement and emotions of the customer towards an

entity.

Location of the review: the location where the customer is based when the
review has been posted. It contains the city and country of the customer.

Date of review: the date that the review has been posted. It indicates the
precise day, month and year.

ID: each review/customer has its own ID-number.




Hartley Hotel (2)
Newham Hotel (2)

City View Hotel (2)
AToZ Hotel (2)

London Guest House (2)
Ridgemount Hotel (2)
Rhodes Hotel (2)

Hotel Xenia (2)

The Rembrandt (2)
LondonSea Container(2)
Marble Arch Hotel (1)
Apex London Wall (1)
The Savoy (1)

Corinthia Hotel (1)

The Dorchester (1)
M.Oriental Hyde Park (1)
WellesleyKnightsbr.(1)
The Lanesborough (1)
Dorchester collection(1)

Bulgari Hotel, London (1)

Price per hotel
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Figure 1: Price per night, per hotel.

Figurel shows the ten most expensive and the ten least expensive hotels with their

corresponding booking price. All the hotels have been arranged in order from highest to

lowest price. As can be obtained from this table, the most expensive hotel in this dataset is

the Bulgari hotel, followed by the 45 Park Lane — Dorchester Collection. The least expensive

hotel is the Hartley hotel which has a price of €50. The price of the ten most expensive

hotels ranges from €445 to €1538, while the price of the least expensive hotels ranges from

€50 to €240. The average price of the ten most expensive hotels is €999, and the average

price of the ten least expensive hotels is €123. 14.757 reviews have been shared by the
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customers of the ten most expensive hotels, while 12.572 reviews have been shared by

customers of the ten least expensive hotels. The number of reviews for both categories

seems to be almost equally divided.

3.2

Preprocessing & visualization

In order to make visualization and analysis of the data possible, it is of big importance to

preprocess the data. Preprocessing the data has typically three steps that should be taken:

remove stop words, apply stemming and term weighting (Solka, 2008). The first two steps,

and also some additional ones which will be explained later, need to be taken because the

data that has been obtained consists of reviews which may have some aspects in it that are

hard to handle for data mining algorithms. For instance, reviews might consist of special

characters which could be an emoticon, such as ©, which indicates that a customer is happy.

Human beings understand these characters but computers don’t unless you teach them. The

following parts need to be handled:

10.

11.

12.
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Find sad emoticons such as ®, and replace them with the emotion expressed in
words.

Remove happy emoticons such as ©, and replace them with the emotion expressed
in words.

Find time AM in numbers, and express this in words (time_AM).
Find time PM in numbers, and express this in words (time_PM).
Find general time in numbers, and express this in words (time).
Remove all -

Remove all “

Remove all;

Remove excess spaces

Remove excess .

Remove all numbers

Remove all special characteristics such as © and letters such as a.




13. Remove all words with one or 2 letters.

14. Remove capitals.

15. Remove stop words (except for no, not and never).
After all unnecessary words and special characters have been removed, stemming needs to
be applied. Humans know that words such as poor and bad have the same meaning. This is

not the case for computers. This is the reason why stemming is used. After the data has

been cleaned and stemming has been applied, the data will be reduced in size. This is due to

the fewer unique words that are now occurring in the text.

15000 -

10000 -

count

5000 -

1 2 3 4

Review Rating

-

Figure 2: distribution of review ratings.

The review ratings have a non-normal distribution as can be observed from Figure 2. The
ratings have a J-shaped distribution which has been discussed in chapter 2. There are way
more reviews with a 4-star rating and a 5-star rating than reviews with a rating of 3 and
lower. Customers will be divided into happy and unhappy based on their review rating.

Happy customers are the ones who gave a rating of 4 and higher, while unhappy customers
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are the ones who gave a rating of 3 and lower. This will still lead to a J-shaped distribution
with more happy customers than unhappy customers. The J-shaped distribution means that
the data is imbalanced. One manner to overcome this problem, is to make use of an

oversampling technique which is based on putting a higher weight on the minority class

(unhappy customers).

6000 -

4000-

count

2000~

05 0.0 0.5 1.0 1
Review.Rating

(&)}

Figure 3: happy and unhappy customers (most expensive hotels).
In the case of this research, the minority class will get a higher weight of being picked for the
new sample than the majority class (Liu A. C., 2004). This will be done based on sampling

with replacement. Figure 3 shows how the distribution of happy and unhappy customers
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looks like. The oversampling technique has led to an equal distribution of happy and

unhappy customers, which means that the data is not imbalanced.

Word Frequency Histogram
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Figure 4: top 25 most occurring words in reviews

With the cleaned data, it is possible to give a clear visualization of the most relevant words.
The more a customer talks about some aspect in a review, the more relevant it could be to
the hotel. The word “hotel” was the most frequent word in reviews, with a count of over
40.000 times. This word has been deleted since this word is not informative by itself. As can
be seen from Figure 4, the words that occur more than 10.000 times are “staff”, “London”,

“service” and “breakfast”.
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Something that might be more interesting to look at, is how words of these reviews are

structured. More insights can be gathered when words are visualized in a Multidimensional

scaling (MDS) map. MDS is a set of statistical techniques that tries to find hidden structures

in multidimensional data. According to Agrafiotis et al. (2001): “ MDS is a collection of

statistical techniques that attempt to embed a set of patterns described by means of a

dissimilarity matrix into a low-dimensional display plane in a way that preserves their

original pairwise interrelationships as closely as possible”.

The distance between two objects i and j in a Euclidean space is defined as:

dij(X) = Zg=1( Xis = Xjs )2 :

P indicates the number of dimensions. x; is the value of the i*" row and k" column

(James et al., 2017). In order to perform MDS on the data, the SMACOF package will be used.
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Figure 5: MIDS map with window of 2

pag. 18




Figure 5 shows how the MDS map for this dataset looks like. With MDS, it is possible to
count how often words are within a window of N-grams. A window means the reach in
which words occur together. This has manually been chosen over a window of three and a
window of six, because a window of two gives more interpretable results over the others. On
the top, it can be seen that the words “coffee”, “hot”, “fresh”, “buffet” and “included” are
near each other which is about a buffet and what it included. On the top left ,the words
“attentive”, “friendly”, “helpful”, “desk”, “welcoming”, “warm” and “served” are all near

each other which might mean that customers are very happy with the service of the

employees who work at the desk.

On the middle right side of the lower-half of the MDS-map, the words “bus”, “museum”,
“street”, “park”, “road” etc., are all words that occur together which is pretty normal
because these customers might have been talking about the activities that can be done
outside the hotel. It seems that customers are positive about the lobby, the pool and their
suite since positive words such as “excellent”, “lovely”, “nice”, “superb” and “fine” are all
near to these aforementioned words. This can be observed when looking at the upper half,
slightly above the center of the MDS-map. Other words that are near each other are
“Check”, “arrival”, “left” and “upgrade” which all have something to do with the check-in

and check-out process.
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Figure 6: term frequency of happy and unhappy reviews

Even more insights can be gathered when looking at the word frequency of words that occur
in reviews in which customers are the happiest, and reviews in which customers are most
unhappy. Happy customers are the ones who gave a rating of 4 and higher, while unhappy
customers are the ones who gave a rating of 3 and lower. Figure 6 shows the word
frequency of the happy and unhappy customers. Happy customers are very satisfied with the

bar, the breakfast, the service that the hotel offers and the staff of the hotels.

On the other hand, it can be noticed that unhappy customers also have some bad reviews
about the staff, the breakfast and the service. These same aspects of the reviews in happy
and unhappy reviews might occur because this dataset consists of twenty hotels in which the
ten most expensive and the ten least expensive hotels have been taken into consideration.
Not every hotel has the same staff and the same service and the same quality when it comes
to the offered breakfast. Also the bathroom, the shower and the manager are occurring

most often in negative sentences.
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Figure 7: Document frequency and term frequency

As has been noticed in Figure 6, some words occurred in both the reviews of happy
customers and unhappy customers. Therefore, having a look at the relativity between
reviews of happy and unhappy customers will be more insightful since this way of visualizing
words only looks at relative differences between these reviews. The relative difference can
be gathered when making use of TF-IDF (= Term Frequency — inverse Document Frequency).
Basically, this is a manner to classify words as being more relevant and unique for a given

rating in documents (Zhang et al., 2011).

Term frequency is about how many times a word (w) occurs in a document (d), while
document frequency is the number of times a word occurs in a document (d) (Neto et al.,
2002). TF-IDF of word w in document d is defined as the term frequency of word w in
document d (denoted by TF(w,d)), multiplied by the Inverse document frequency of word w

(denoted by IDF (w)). The formula looks as follows:

TE-IDF (w,d) = TF(w,d) * IDF (w).
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The higher TF (w,d), the more often this word occurs in a given document (d). Also, the
higher the IDF (w), the less often this word occurs in a document and vice versa (Neto et al.,
2002). Figure 7 shows the document frequency and the word frequency histogram. The
term frequency in Figure 7 is the same as in Figure 4. It has been put together just to see
how the term frequency and word frequency differ. Some words such as “staff”, “london”,
“service”, “breakfast”, “location”, etc., do occur in both histograms and are even on the
same place. The main difference is that these words don’t have the same number of
occurrences. For instance, the word “breakfast” occurs more than 10.000 times when it
comes to its term frequency, which counts how many times this word occurs in all reviews in
total. On the other hand, this word occurs less than 10.000 times when it comes to its

document frequency, which indicates that this word occurs in less than 10.000 reviews.

Relatively most frequent words in happy Relatively most frequent words in unhappy
filthy-
authorization-
disgusting -
poisoning -
stolen-
stained-
bedbugs-
authorized -
useless-
stains -
disgraceful-
demanded-
bitter-
bitte -
stank-
unclean-
peor-
lumpy-
limite -
invoice-

investigation-

©
S-
o

600 0. 0.10
ratio ratio

o
o
e
o
G
e
o

o
n
=1
o
'S
o
=]

Figure 8: relatively most frequent words in happy and unhappy reviews

Figure 8 shows the relative difference between words that occur in happy and unhappy

reviews. All the words in the histogram for happy reviews have a high TF-IDF value which
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means that these words are most frequent for happy reviews and less frequent in unhappy
reviews. On the other hand, the histogram for unhappy customers has a low TF-IDF value
which means that these words are most frequent for unhappy reviews, but less frequent for
unhappy reviews. As can be seen from the histogram of words that occur in positive reviews,
there are many positive words that have been used such as “enjoyed”, “beautifully”,
“attentive” and “perfect”. Happy customers also talk most often about the sea and the
museum, relative to the unhappy customers. It might be that some hotels have a sea and a

museum nearby which is an aspect that are highly valued by customers.

The words that occur in unhappy reviews are not very positive relative to the happy reviews,
which is pretty obvious. Unhappy customers use non-positive words such as “filthy”,
“disgusting”, “stolen”, “poisoning” and “useless”. Also some aspects of the hotel have been
spoken about in a negative sentence such as “bedbugs” and “invoice”. It might be that the
customers had a stay in a hotel in which their bed had bedbugs and was not very clean.
These unhappy customers might also have had some problems with their payment of the
reservation of the hotel room since the word invoice scores relatively high in unhappy

reviews.
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Figure 9: word cloud of happy and unhappy reviews

The best way to visualize the relative difference between unhappy and happy reviews, is by
making use of a word cloud. Figure 9 is an example of how a word cloud looks like. As might
be seen, the word cloud has blue words on the bottom half. These words belong to the

reviews of unhappy customers who gave a rating of 3 and lower. On the top half, the words
are red. These words belong to the happy customers who gave a rating of 4 and higher. The

bigger the size of the word, the more important this word is to the reviews of these

customers.

Again, the happy customers use very positive words in their reviews such as “excellent”,
“helpful”, “comfortable” and “fantastic”. They are also positive about some aspects of the
hotel such as the spa, the service, the bar and the staff. Even the words “return” and
“recommend” occur in these reviews, which might be because the customers indicate that
they recommend the hotel and they would like to come back because they had a good

experience with the hotel. The unhappy customers make use of non-positive words such as
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“poor”, “rude”, “terrible” and “worst”. Some aspects of the hotel that they did not like, had

something to do with the manager, the toilet and the card.

4.Methodology

4.1. Introduction

There are many data mining techniques that can be used in order to make classification of
reviews possible. However, this research will focus on four interrelated methods. First,
sentiment analysis will be discussed followed by Logistic regression. The third method that

will be used is Decision tree. Lastly, Random forest will be discussed.

4.2. Sentiment analysis

As has been mentioned in chapter 1.4., the ever-growing data availability has led to many
applications of sentiment analysis that have been published in several domains. Applications
have been performed on the domain of movies, the food industry, news articles, social
media, books, gadgets, stock markets etc. this all indicates how important sentiment analysis
has become in the recent years. It is needed to better understand how this method works in
order to better understand why this method suits this domain. This subchapter will discuss
which different types of opinions exist, the definition of sentiment analysis and the different

levels of sentiment analysis. Lastly, the main challenges of this method will be explained.

4.2.1. Sentiment analysis definition & process

Sentiment analysis is @ machine learning method that is usually used to analyze reviews of
customers. According to Fang & Zhan (2015) a sentiment can be either a judgement, ideas,
emotions or opinions which are prompted by feeling. Sentiment analysis is also called
opinion mining and is a natural language processing (NLP) technique which is used to analyze
the opinions and sentiments of people towards different kind of entities such as: products,
organizations and events (Liu, 2012). It is a text mining technique which classifies reviews
based on its contextual polarity, which is either positive, negative or neutral (Pang & Lee,

2008).
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Figure 10: sentiment analysis process (Medhat et al., 2014)

Figure 10 shows the process of sentiment analysis. The basic idea behind this is that words in
a document (reviews in this case) will be compared to a lexicon, which is a sentiment
dictionary. For each review, the sentiments need to be identified. Hereafter, features need

to be selected. The most common selected features are the following:

R/

% Term frequency: this feature counts the frequency of word n-grams. n-grams are
words or letters that follow each other in a given text (Meng & Chu, 1999). In this
case the n stands for the number of words that follow each other in the given text. A
unigram is therefore one single word, while a bigram consists of two words that
follow each other up. The count of words can be in terms of one and zero, in which
one means that the word has occurred in the document and 0 that it did not. The
count of words can also be done in terms of how many times the words occur in total

in a document (Medhat, Hassan, & Korashy, 2014).

K/

% Parts of speech: this manner of feature selection tries to find words of different parts
of speech, because it can be seen as one of the important aspects of customer
opinions. This method looks at each word independently and checks whether a word
is a noun, an adjective a verb etc. in short, every word gets its own tag (Medhat,

Hassan, & Korashy, 2014).
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¢ Opinion sentences and words: these words can also be used as a feature because
they show an opinion about an entity. For example the words good and bad. They

both give an opinion about an object (Medhat, Hassan, & Korashy, 2014).

¢

Negations: negations are words that lead to a whole different meaning of a

o
A5

word/sentence. Let’s consider the following sentences: “you are not good to me” &
“you are good to me”. The word “not” leads to a sentence that has the opposite
meaning. This makes this feature an important one when it comes to performing

sentiment analysis (Medhat, Hassan, & Korashy, 2014).

After feature selection, each word that occurs in the dictionary will be classified as positive,
negative or neutral. This dictionary has been compiled by Hu and Liu (2004). Each positive
word in a document will lead to a higher sentiment score, because each positive word will
add one point (+1). Each negative word lowers the sentiment score of a document, because
each negative word will lower the overall score with one point (-1). Neutral words will not

have any effect on the overall score (Hu & Liu, 2004).

4.2.2. Different levels of sentiment analysis

There are three levels of polarity classification. The three levels of classification are the
sentence level, the document level and the aspect level (Fang & Zhan, 2015). The three

levels will be discussed in the following chapters.

Document level

The document level considers the whole text as one unit, and checks whether this unit of

text is either positive, negative or neutral. In this case, each customer’s review will be seen
as one document and each document will be classified independently. This level considers
that each document has only one opinion about an entity (Boudad et al, 2017). Therefore,

this level is not suited for documents that consists of opinions about more than one entity.

Sentence level

On the sentence level, each sentence in a document will be classified separately. The goal is

to find out what the sentiment and opinion of each sentence is. Sarcasm occurs much often
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in reviews, which makes analyses more difficult. One of the main challenges of sentiment
analysis is that it has problems with handling sarcasm. Performing sentiment analysis on the

sentence level can deal with this problem (Boudad et al, 2017).

Aspect level

Both the sentence level and the document level don’t look at what customers like or dislike
about an entity. The aspect level on the other hand looks directly to the opinions that belong
to each aspect of the entity. The idea behind this approach is that every judgement of a
customer has also an object for which the judgement is meant (Liu B., 2012). The following
example will give a better explanation. The sentence “My room was great, but the service
was awful” has one positive and one negative opinion. Each of these opinions belong to two
different aspects of a hotel, which is the entity. With this kind of analysis, a summary about

the opinions of each entity with their corresponding aspects can be made (Liu B., 2012).

4.3. Logistic regression

Binary logistic regression is a statistical technique which is used when the response variable
has two classes. Logistic regression seeks to model the probability that an event occurs
based on the value of the independent variables. The reason that logistic regression has
been chosen over probit regression is because the logistic regression makes it possible to
interpret an odds ratio. The odds ratio is equal to the probability that an event occurs
divided by the probability that an event does not occur (Kleinbaum et al., 2002). The

mathematical form of the odds ratio is:

where P(d) is the probability of the occurrence of event d. For example: the probability of
an event occurring is equal to 0,20 and the probability of an event not occurring is equal to
0,80. The odds ratio will then be 1/4, which means that the odds are 4 to 1 that the event
will not occur. Logistic regression tries to classify observations by making estimations of the
probability that an observation is in one of the two categories. The logistic model consists of
the index of y = By + By x;+. ... + Bgxq, Which is a linear model. This index (y) consists of

independent variables (x’s) and coefficients f, to 8, which are unknown parameters.
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Furthermore, the probability of an event can also be defined as: P(d | X1, X5 s Xg)-
Where d stands for the outcome of an event occurring, given the x’s. With the defined index
and probability, it is possible to define the logistic model. The logistic model tries to find the
probability that the response variable is equal to 1 for a given observation. The logistic

model is defined as:

1
1+e—(ﬁo+ﬁ1 Xpt.tBaxg)

P(d) =

In order to model the probability, the logistic function is needed. The formula of the logistic

function is as follows:

1
f(y) = —=-
This function shows in which boundary the logistic model lies. The probability of an event
occurring can be determined by inserting the linear function y into the logistic function. This
formula makes it clear that f(y) ranges in between 0 and 1. As an example: when y is equal
to minus infinite, then the logistic function f(y) is almost equal to 0. Furthermore, when y is

equal to infinite, then the logistic function f(y) is almost equal to 1. The logistic function is,

unlike the linear function, S-shaped since its values are ranged in between 0 and 1. This can

also be observed in Figure 11.

Figure 11: Logistic function
The unknown parameters S, to B, still need to be estimated. This will be done based on

data obtained for the x’s and its outcome y. In short, the unknown parameters will be
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estimated based on the data set. In order to estimate the unknown coefficients of the
model, the likelihood function (L) will be used. The likelihood function is formulated as

(Kleinbaum et al., 2002):
L(®) = [T P(d) [T, +1(1 — P(d))) .

The observed data can be divided into m; happy customers and n — m; unhappy
customers. P(d;) is the probability that the data has been obtained for a happy customer,
while the probability of obtaining the data for the unhappy customers is then equalto 1 —
P(d;). The logistic model needs to be substituted into the likelihood function and after that

it needs to be maximized. The likelihood function will then look as follows:

. / exp<ﬁo+ zq ﬁjxij> \Yi/ 1 \”i_

j=1

[ ] ; ;
i=1 1+ exp <,6’0 + z}_:lﬁj xl-j> 1+exp <,80 + ijlﬁj xij>

L(B) =

In short, the likelihood function tries to estimate values for all unknown coefficients by
maximizing the likelihood function. Putting these estimates in the logistic function will lead
to a value of near one for each individual who is happy and a value close to zero for each

individual who is unhappy (Kleinbaum et al., 2002).

4.4, Variable selection

Variable selection is of big importance for the logistic regression. Having too many variables
in the model can lead to overfitting, while using too few can lead to underfitting. Forward-
backward selection is a feature selection method that can be used to find the best model
and corresponding variables. Forward selection means that the model begins only from the
intercept in which no other variable has been taken into account (James et al., 2017). From
there on it adds one predictor variable at a time. Backward selection makes use of the full
model with all predictor variables being considered. From there on it removes one predictor

variable at a time.

Forward-backward is the hybrid approach of forward selection and backward selection. It

also starts with a null model and adds one variable at a time, but after a variable has been
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added, one can also be deleted when it does not give any improvement to the model. This
method tries to remove and add variables based on an information criteria (James et al.,

2017). The information criteria can be one of the following (Chen et al., 1999):
% AIC= —2log(max (L)) + 2q;
% BIC=—2log(max (L)) + log (n)q.

The number of parameters that need to be estimated is indicated by q. Furthermore, n
stands for the sample size and max (L) stands for the maximum likelihood. The best model
is the one with the lowest AIC and BIC. AIC will be used as the information criterion to find

the most optimal model.

4.5, Decision trees

With decision trees, it is possible to build classification or regression models which is
visualized in a tree structure. Each decision tree consists of a root node, internal nodes,
branches and leaf nodes. From Figure 12, it can be observed that each internal node tests an
attribute, each branch is an answer on a given test and each leaf node gives the outcome

after all tests have been answered.

Root node

Married?

No Branche

Internal node

Leaf node
Income > $50.000 ?

Happy

yes No

Leaf node
Leaf node

Happy
Unhappy

Figure 12: Decision tree example
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The way decision trees are visualized is easy to interpret, which is one advantage of this
method. The disadvantage of this method is that a small change in the data can cause a big
change in the outcome of the decision tree. This means that this method suffers from a high
variance. In order to build decision trees, it is needed to consider a couple of steps. The first
step is to make use of top-down approach, which means the tree starts at the top. This
method is based on recursive binary splitting. Decision trees try to divide observations in
different regions. The algorithm is designed to maximize the precision of classifications for
each split. In order to make this possible, the objective function is needed which is the
classification error rate. According to James et al. (2017), the classification error rate is

defined as:

E=1- ml?x(ng).

-~

Py stands for the proportion of the training observations that belongs to region g and a
given class k. The classification error rate is the part of the training observations that has
been put into the wrong region. Other methods to grow a tree are Gini index and cross-
entropy. These methods measure the total variance amongst all K classes. The Gini index is

defined as:

K
G = E (Pyre(1 — Pyy).
k=1

If the Gini index has a value of zero, it means that the node consists of observations from a
single category. In short, the lower this index, the more pure this node is. The cross-entropy

is defined as:

K
C =- pgklogpgk.
k=1

If the value of ﬁgk is near to one and zero, then the cross-entropy will be near to zero. The
lower the cross-entropy, the more pure the nodes are. The Gini index gives the probability
that a sample has been misclassified, while the Entropy measurement indicates the

information gain/loss. Since the Gini index is easier to interpret, this one will be considered

for each split.
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Decision trees can be tuned by making use of the complexity parameter (cp). Another
manner of tuning decision trees is by making use of bagging which will be discussed in the
next subchapter. The cp controls the size of the tree by checking whether the cost of adding
another variable is above the value of cp. If this is the case, the tree building will stop. In

Figure 13, the optimal cp-value is the point in which the error is at its lowest point. The

optimal cp-value is equal to 0,011.

size of tree

X-val Relative Error

05

| | | | |
Inf 0.17 0.044 0.018 0.013

cp

Figure 13: optimal cp-value
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4.6. Random Forest

Random forest is a method that is mainly used to improve the prediction power of decision
trees. As already has been mentioned, the disadvantage of decision trees is that a small
change in the data can cause a big change in the outcome of the decision tree. This means
that this method suffers from a high variance. Random forest is a method that reduces the
variance of decision trees by building several decision trees on bootstrapped training
samples (James et al., 2017). With bootstrapping, observations will be randomly selected
from the dataset and it will be added to a sample. Some observations can occur more than
ones in a bootstrapped sample. Averaging the predictions will lead to the final model with a

lower variance.

Random forest also reduces the variance of decision trees by making use of random
selection of variables. For each split of a decision tree, a random sample of these variables
will be considered of the total number of available predictors. This means that random
forest only allows a subset of the predictors to be considered at each split, rather than the
full set of the predictors. By randomly choosing features for each split, the built trees will
become less correlated with each other. The Gini index is used to as a selection measure for
the Random forest classifier. As has been discussed in chapter 4.5, the Gini index is

formulated as the following:

K
G = Zkzl(pgk(l - pgk))-

Furthermore, it is possible to tune the algorithm by choosing the most optimal number of
variables considered at each split and the optimal number of grown trees. The optimal

number of trees can be chosen based on Figure 14.
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Figure 14: optimal number of trees

The red line in Figure 14 indicates the error when Y=1, while the green line indicates the
error when Y=0. The black line represents the entire sample (Muschelli et al., 2014). The
trees are tuned by making use of training and test set. The optimal number of trees is the
point in which the black line does not decline anymore. To be sure, the number of trees that

will be chosen is 100. According to James et al. (2017), the error can be calculated as:

accurate predictions

total predictions

In other words, it is the probability that an observation has been misclassified.
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Figure 15: optimal number of considered variables at each split

The number of variables that will be considered at each split can be determined by looking
at Figure 15. The optimal number of variables being considered at each split can be found at
the point in which the error is at the lowest point, which means that the optimal number of

variables considered at each split is 15.
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5.Results

5.1. Sentiment score

In order to obtain the results, sentiment analysis has been ran on the dataset. Sentiment
analysis is important for this research because it helps to understand which kind of
sentiment information is present in the reviews, which sentiments are positive, negative or

neutral and the strengths of these sentiments.
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Figure 16: Most occurring positive sentiments in each category
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Figure 16 shows the positive sentiments that occur the most in both the reviews of the
inexpensive and the expensive hotels. When it comes to the difference in positive words
used in reviews in both categories, one big difference is the word “clean” that has the
highest sentimental score for the inexpensive hotels. Customers might have had a feeling
that the inexpensive hotels would not be very clean due to the cheaper price they’ve paid.
They might therefore be more satisfied when they find out that the hotel is clean, which
could have led to the frequently mentioned word. It can also be observed that the reviews of
the customers of the expensive hotels are much stronger than the positive ones used in the

reviews of the inexpensive hotels. For instance, the seven most occurring positive words in

n u

the reviews of the inexpensive hotels consists of words such as “clean”, “nice”, “friendly”,

“helpful”, “comfortable”, “excellent” and “lovely”, while the reviews of the expensive hotels

v ais n u

consist of words such as “lovely”, “excellent”, “nice”, “friendly”, “beautiful”, “wonderfu

III

n o«

and “amazing”. Words such as “excellent”, “perfect” and “wonderfu

III

are more frequently
used in the reviews of the expensive hotels. Therefore, it becomes clear that the positive
sentiments of the reviews of the expensive hotels are all much stronger than the ones

mentioned in the reviews of the inexpensive hotels.
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Figure 17: Most occurring negative sentiments (expensive hotels)
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There are two important negatively used words in Figure 17 which indicate well how some
customers think about the expensive hotels. The words “expensive” and “disappointed” are
much often used and have a high negative overall sentiment score in the reviews of the
expensive hotels. The word “expensive” speaks for itself, since its known that these hotels
belong to the most expensive ones. At the other hand, the word “disappointed” might be
about the fact that customers have had high expectations of the hotel, but their

expectations have not been fulfilled at the end.
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Figure 18: most occurring negative sentiments (inexpensive hotels)

According to Figure 18, the most occurring negative words in reviews of the inexpensive
hotels are “noise” and “expensive”. When having a closer look at the reviews, it became
clear why customers mentioned the word expensive. In the inexpensive category, there are
still some hotels that are pretty expensive compared to the others. When the customers
mentioned the word expensive, it had most of the time to do with the Mondrian London at
Sea Containers hotel and the Rembrandt hotel, which both belong to the less cheaper
hotels. It was also the case that customers mentioned expensive, but not in a sentence in
which the hotel had something to do with it. It was mainly about the fact that the city
London itself is not very cheap. It became also clear that the word “die” occurs much often

in reviews, which indicates a negative sentiment. However, when looking closely to the
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sentences in which this word occurs, it became clear that this word occurred much often in

reviews of German customers. It is clear that “die” is a word that has a negative sentiment in

English language, while in German it just means “the”.
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Figure 19: sentiment score distribution based on Bing method
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Figure 19 shows how the sentiment scores of reviews of the happy and unhappy customers
has been distributed. Happy customers are the ones who gave a rating of 4 and higher, while
unhappy customers are the ones who gave a rating of 3 and lower. The scores have been
determined by making use of the dictionary that has been made by Hu & Liu (2004). With
these plots, it can be seen whether the sentiment scores make sense. It is expected that the
customers who are happy will have a higher sentiment score than the ones who were
unhappy. The figures should show that the reviews of the unhappy customers have a lower
sentiment score than the ones of the happy customers. It’s clearly visible that the reviews of
the unhappy customers are more distributed on the left side and have a lower sentiment

score on average than the reviews of the happy customers.

The reviews of the expensive hotels have an average sentiment score of 6.38 for the happy
customers and 1.49 for the unhappy customers. On the other hand, the reviews of the
inexpensive hotels have an average sentiment score of 5.93 for the happy customers and a
score of 1.48 for unhappy customers. On average, the happy customers of the expensive
hotels leave a more positive review behind than the ones that were a happy customer of the

less expensive hotels.

In order to make it possible to classify whether a customer is happy or unhappy based on its
review, some features need to be selected which are needed for the model. In total, four
features have been made. The first feature that will be used are the factors. There are in
total 20 factors which have been obtained by performing Principal Component Analysis
(PCA) on the Document Term Frequency matrix (DTM). The second feature that will be used
are the emotions. In total, there will be 10 different emotions such as “anger”, “joy”,
“sadness” and “disgust”. The third feature are the unigrams, which contains 50 words. These
are the ones that occur most often in reviews. The last feature are the bigrams, which has in
total around 30 bigrams in each category (inexpensive/expensive). A unigram is one word in

a given text while bigrams are two words that follow each other up in a given text (Meng &

Chu, 1999).

pag. 41




5.2. Predictive models (expensive hotels)

There have been made several different models based on decision trees, Random forest and

Generalized linear regressions. It is important to choose the right model based on some

performance indicator. In this case, the accuracy will be used to find out which model has

the best performance.

Model Description accuracy
GIm.Allfeatures All factors+ all words + all emotions+ all | 73,52%
bigrams
Glm.nodictionary GIm.All without emotions 55,13%%
Glm.factorsonly Only factors 53,10%
Glm.emotionsonly Only emotions 75,63%
Glm.unigrams Only unigrams 52,23%
Glm.bigrams Only bigrams 52,46%
Glm.unibi Bigrams and unigrams 54,02%
Glm.posneg Negative and positive words 73,61%
GIm.fwbw Forward-backward selection choses the | 73,89%
optimal number of variables.

The model with the h

Table 1: accuracy for each logistic model

ighest accuracy will be considered as the best model. It can be

observed from Table 1 that the three best performing models are the ones with only

emotions, only positive and negative words and the model that is based on forward

backward selection. Because the differences are very small, it is needed to make use of

another performance indicator, which is the AIC.

Model AIC

Glm.fwbw 10341
Glm.emotionsonly 10645
Glm.posneg 11262
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The best logistic model will be chosen based on AIC. The best model is the one with the

lowest AlC-score. According to Table 2, the best model is the one based on forward

backward selection.

Model Description accuracy
Glm.fwbw Forward backward selection 73,43
DT Decision tree technique 72,28%
RF Random forest technique 96,14%

Table 3: accuracy score of each model

The best performing logistic model needs to be compared to the models that are based on

decision tree and random forest. This will also be done based on the accuracy, which can be

found in table 4. As can be observed, random forest performs the best amongst the other

methods.
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Since random forest is the most accurate model, it is important to better understand which
variables are most important. The most important variables can be found by making use of
mean decrease Gini (MDG). MDG is the average decrease of node impurity of a variable,
which is then normalized by the total number of trees (Calle & Urrea, 2010). This measure
shows how important the independent variables are when it comes to estimating the
dependent variable. The higher the value of this measure for a variable, the more important
this variable is. Figure 20 shows that the most important variables are mainly the emotions
and the factors. Four of the top five most important variables are emotions. The number of
words occurring in a review has also a big importance. More than half of the top twenty
most important variables are factors. All factors have approximately the same variable
importance. Since factors have such a high importance in this model, a closer look has to be
taken in order to better understand what kind of words are important for the reviews that

belong to the most expensive hotels.

Something that became clear when a closer look has been taken into the factors, is that no
negative words occurred. Most of these factors had a very positive sentiment. For instance,
factor 6 consists of words such as “amazing”, “excellent”, “service” and “butler”. Having a
closer look at the word “butler” gave insights that customers were very impressed and
satisfied with the service of the butlers. Factor 14 and 1 are related to factor 6 since these
factors are all about how satisfied customers are with the service that the hotels offer.
Furthermore, Factor 2, 15 and 20 where about whether the hotel is located nearby a park or
station. Factor 12 indicated that customers loved the fact that some hotels offered luxury
spa treatments. Factor 19 has positive words occuring in it such as “amazing”, “nice”,

“restaurant” and “food”. The reviews that contain these words were very positive about the

restaurants, and very satsfied with the food that the restaurants offers.
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5.3. Predictive models (inexpensive hotels)

Model Description Accuracy
GIm.Allfeatures All factors+ all words + all | 71,29%
emotions+ all bigrams
Glm.nodictionary Lm.All without emotions | 54,04%
Glm.factorsonly Only factors 52,96%
Glm.emotionsonly Only emotions 70,70%
Glm.unigrams Only unigrams 52,33%
Glm.bigrams Only bigrams 47,55%
Glm.positive_negative Negative and positive 70,34%
words
Glm.unibi Unigrams and bigrams 63,005%
Glm.fwbw Forward-backward 70,70%
selection choses the
optimal number of
variables.

Table 4: accuracy for each logistic model

It can be observed from table 4 that the three best performing models are the ones with

only factors, only bigrams and the model that is based on forward backward selection. These

models have all the same performance, therefore it is needed to make use of another

performance indicator in order to find the better one amongst these models.

Again, it is supposed to choose the model with the lowest AlIC-score. According to table 5,

the best performing model is the one with all variables being considered.

Model Description AIC

Glm.all All features 8238
GIm.fwbw Forward backward selection 8284
Glm.onlyemotions Only emotions 8302

Table 5: model performance based on AIC
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Again, the best performing logistic model needs to be compared to the models that are

based on decision tree and random forest. This will be done based on the accuracy, which

can be found in table 6. As can be observed, the model that is based on random forest has

an accuracy of 88,77% which is the best performing model amongst the others.

Model Description Accuracy

Glm.all Generalized linear model with all 73,08%
variables

DT Decision tree 70,37%

RF Random forest technique determines | 88,77%
the features

negative
Joy
disgust
positive
Nr_of_words
trust
factor18
factor20
factor15
factor16
factor9
factor17
factor1
factor3
factor12
factor5
factor13
factor7
factor4
factor6

Table 6: accuracy of each model
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The random forest technique has the same important variables as the previously discussed

one, which are the emotions and factors. It has the same 5 variables in the top 5. Since
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factors are also of big importance for this model, it is important to have a closer look at the

important ones to better understand what is most important in these reviews.

VAN (]

Factor 18 consists of words such as “clean”, “friendly”, “comfort” and “staff”. Customers
that use these words usually have not more to say about the room than that it is clean and
comfortable. Next to that, they also indicate also that the staff is friendly. This might be
because customers could not find other aspects of the hotel to give a positive review about.
Factor 20 is about the breakfast that hotels offer. Factor 15 consists of words such as “bar”,
“drink”, “cocktail” and “view”. These words are all related to each other because customers
had a positive review about the bar of the Mondrian hotel. This hotel has a bar on the
rooftop with a nice view. Factor 19 consists of words such as “station”, “walk”, “London”,
“Paddington” and “excellent”. These words all related to each other because many
customers had a review about the Rhodes hotel which is nearby the Paddington station.
Factor 13 is related to factor 19, because factor 13 is more about the location of the hotel
and whether there is a museum or a station nearby. Factor 3 consists of words such as
“price” and “location”. Zooming in on these words makes clear that these words occur in

reviews in which customers indicate that the price of the hotel rooms are reasonable based

on the location.

6.Conclusion

The advent of the World Wide Web has become very important for both customers as
organizations. Nowadays, many customers write about the value they give to a product,
which helps other potential customers with their buying decision. With this information, a
potential customer can have an indirect opinion about a product without the direct
knowledge they otherwise would have when they would have bought the product
themselves. The information that has been provided by customers on the internet, helps
organizations to better understand how they value their product/service. Therefore,
analyzing this information has become very popular in the recent years. Organizations make
use of sentiment analysis to better understand what the goods and the bads are of their

company.

This research has set a focus on the hotel industry. There has been done a lot of research on

this subject, but not much has been done when it comes to comparing the sentiments
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between categories of hotels. This research focusses on finding out what different
sentiments can be found in reviews of the ten most expensive hotels and least expensive

hotels in London. Two main questions have been stated for this research:

+* How well can machine learning techniques predict whether a customer is
happy/unhappy based on its review?

*»* Which features are most important for a good/bad rating, and how are these
features related to the sentiments of the customer reviews of the expensive

hotels and inexpensive hotels?

In chapter 5, it became clear that machine learning techniques can predict very well how
happy/unhappy a customer is based on their review. The accuracy for the reviews of the
expensive hotels ranged in between 72,28% and 96,14% which is very low. The model based
on Random Forest seemed to perform the best amongst the others. The accuracy for the
hotel reviews of the inexpensive hotels ranged in between 70,37% and 88,77%. In both
categories, the models that are based on Random Forest performed the best and were most

accurate.

Based on these models, it also becomes clear which features where most important when it
comes to predicting the happiness of customers. Emotions such as negative, joy, disgust and
positive had the highest variable importance, followed by several factors. Even te number of
words of a review is very important for the model. Something that became clear when a
closer look has been taken into the factors that belong to the expensive hotels, is that no
negative words occurred. The most important factor contained words such as “amazing”,
“excellent”, “service” and “butler”. Having a closer look at the word “butler” gave insights
that customers were very impressed by the service and satisfied with the butlers of the
hotels. The customers were also very positive about the restaurants, and very satsfied with

the food that the restaurants offers. Customers loved the fact that some hotels offered

luxury spa treatments.

The cheaper hotels had also the same emotions that were important for the models. The
main difference is that these emotions were more important for this category than for the
less cheaper hotels. The two most important factors were about a bar on the rooftop with a

nice view and stations that are located nearby the hotels. Customers also used often words
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such as “clean”, “friendly”, “comfort” and “staff” which usually means that they could not
find a lot of aspects to give a positive review about. Other factors also indicated that
customers talk much often about museums in london. Furthermore, customers also talk
about the price of the hotelrooms. They indicate often that the price seems reasonable

based on the location.

Based on the reviews of the customers and the models that are based on the reviews of
both the expensive hotels and inexpensive hotels, it can be concluded that the reviews of
the expensive hotels have more positive words in it. Even the words in these reviews had a
much stronger positive weight. Customers of this category were happier on average (Figure
19). Next to that, these customers talk more about the aspects of the hotel such as how
good the food of the restaurant is, how satisfied they are with the luxurious spa of the hotel
and the good service that is provided by the butler. This all fits the expectation of the service
and facilities that an expensive hotel should provide to its customer. Customers of the
cheaper hotels talk more about the non-hotel aspects such as the walk between the station
and hotel. These customers also talk about how friendly the staff is and how clean the rooms

are. They also mention that the ratio of the price and quality seems reasonable.

6.1. Limitations

According to Saifee & Jay (2013), there are nine challenges that come along with sentiment

analysis:

e Coreference: sentiment analysis has problems when identifying what a noun phrase
refers to. Example: “Remember the burger we ate at the McDonald’s previous week?
That was delicious.”. 1t can be challenging for sentiment analysis approaches to

identify what “that” refers to.

e Time change: the reviews might have problems when it comes to the year in which a
review has been published. It might be possible that a reviewer had a positive review
about a product in 2012, let’s say iPhone 5, but this might not be the case when the
reviewer is asked to give his opinion about the iPhone 5 today. People might change

their opinion or judgement towards a product over time.
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Sarcasm: sarcastic sentences in a review might lead to a big challenge, because the
review might have the opposite meaning of what has been written. Example: “The
pasta was pretty much better than nothing at all”. The sentence will be classified as
positive, because the sentence consists of more positive than negative words.
Humans know directly that this is a sarcastic sentence, but machines have difficulty

to understand it.

World knowledge: machine learning techniques don’t have the same world

knowledge as human beings.

Object: some sentences don’t mention all the objects which contain an opinion about
it. Example: “You should better read the book rather than going to the cinema”. This
sentence consists of a positive opinion about the book, but also a negative opinion

about the movie which is not directly mentioned.

Synonyms: some words in reviews look different, but have the same meaning. As an
example we consider the words “screen” and “display”. These words are written
differently, but they are synonyms. These words should be combined, as if it is one

word, in order to make better classifications according to Saifee & Jay (2013).

Plot twist: some sentences can be classified as positive, while they should be
classified as negative. For instance: “The screen is great, the sound is pretty good, but
I’'m not a fan of this phone”. The overall classification will be positive because the
screen and the sound of the phone where judged positive. But when you look at the

overall judgement of the phone itself, it should be classified as negative.

Negation: sentiment analysis has some challenge when it comes to negations. Let’s
consider the next two sentences: “I want more” & “l want no more”. The whole
sentence changes from positive to negative just because of one word. It is important

to find out which of these negations are most important when performing sentiment




analysis. Some words are more important than others and should therefore be taken

into consideration, while others can be left out of the analysis.

e Fake reviews: the last challenge of sentiment analysis are the fake reviews. Fake
reviews can lead to inaccurate conclusions because these reviews where not the real
judgement of the customers. Some people might have some bad intentions when it
comes to a product or a service of a company, probably because this company is their
competitor and sells the same kind of products. There have been many of these cases
that have been reported in the news in which a company wrote fake reviews about

its competitor (Liu B., 2012). Therefore, detecting fake reviews is of big importance.

6.2. Future research

This research mainly focused on reviews of customers of hotels in London. London is a big
city in which many tourists of all over the world come to see the iconic busses and big
buildings such as the big ben. Therefore, many reviews are based on other languages than
English which might have an influence on the results. Some words in other languages might
have been classified as a word with a negative character, while this has not been the case.
For instance, the word “die” is negative in English while in German is just means “the”.
Therefore, we recommend for future research the use of a technique that helps to analyze

multi-language reviews.

One of the aforementioned limitations of reviews is that there are many fake reviews on the
internet. Fake reviews occur due to the fact that an organization hires people to posts fake
reviews on one website where they are allowed to do so because this website does not
verify a customer whereas the other website does. EImurgni & Gherbi try to detect fake
reviews by making use of several machine learning techniques such as naive bayes and
Support Vector Machine (EImurngi & Gherbi, 2017). It might be interesting for future

research to detect fake reviews by making use of machine learning techniques.

Opinion changes over time, which is one limitation of this research. The last
recommendation for future research is to take the date into consideration and divide the

dataset based on different years or months within a year. The date of a review could give
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some new insights because one might find out how opinions change over time. Cheng et al.
proposed a method in order to detect how opinions change over time (Cheng, Ke, & Shiue,

2011).
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