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Πεπίλητη  

Η παξνύζα δηπιωκαηηθή εξγαζία κειεηά κεζόδνπο κεραληθήο κάζεζεο κε ζθνπό ηελ 

εμόξπμε ζπλαηζζήκαηνο από θξηηηθέο μελνδνρείωλ πνπ βξίζθνληαη ζην δηαδίθηπν. 

Μειεηήζακε ηελ ζπκπεξηθνξά ηεζζάξωλ αιγνξίζκωλ κεραληθήο κάζεζεο, ζπγθεθξηκέλα 

δύν πηζαλνηηθνύο αιγνξίζκνπο, ηνλ αιγόξηζκν Naïve Bayes θαη ηνλ αιγόξηζκν Maximum 

Entropy θαη ηηο Μεραλέο Δηαλπζκάηωλ Τπνζηήξημεο SVM, κε δύν δηαθνξεηηθνύο ππξήλεο, 

έλαλ γξακκηθό θαη έλαλ αθηηληθό (RBF). Γηα ηελ εθπαίδεπζε ηωλ αιγνξίζκωλ κεραληθήο 

κάζεζεο, κειεηήζεθαλ ηξία κνληέια εμόξπμεο ραξαθηεξηζηηθώλ, έλα κνληέιν ιεμηθνύ, έλα 

κνληέιν εληνπηζκνύ θξπθώλ ραξαθηεξηζηηθώλ θαη έλα κνληέιν θαηακέηξεζεο ιέμεωλ. 

Παξόιν πνπ νη αιγόξηζκνη έρνπλ δηαθνξεηηθέο πξνζεγγίζεηο ζηε ιύζε ηνπ πξνβιήκαηνο 

πνπ ηνπο αλαηίζεηαη, ζεκαληηθόηεξν παξάγνληα ζηε δηαθνξνπνίεζε ηωλ απνηειεζκάηωλ 

είρε ε κέζνδνο εμόξπμεο ραξαθηεξηζηηθώλ. πλδπάδνληαο ηα ραξαθηεξηζηηθά από όινπο ηηο 

κεζόδνπο εμόξπμεο, θαηαθέξακε λα βειηηώζνπκε ηα απνηειέζκαηα όιωλ ηωλ αιγνξίζκωλ 

κεραληθήο κάζεζεο.  
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Abstract 

In the present thesis we tackled the problem of sentiment analysis on hotel reviews 

found online. Sentiment Analysis is the process of detecting the positive or negative 

orientation of the writer, in this case of a hotel review, towards the subject of the text 

excerpt, in this case hotel. We utilized both probabilistic machine learning algorithms like 

Naïve Bayes and Maximum Entropy, and linear classifiers like Support Vector Machines. 

The classifiers were investigated on several feature extracting methods. One method was to 

use a general purpose sentimental lexicon and aggregate the sentiment orientation to the 

review level. The other method was to detect hidden aspects of the words used in the review 

and thus detect the hidden aspects discussed in the review. A third method was the Bag-of-

Words model, where each word becomes a feature for the classifier. Finally we investigated 

combining the feature extraction methods and that proved the most successful method. 

 

 
Keywords: Sentiment Analysis, Machine Learning, Text Classification, Opinion Mining, Naïve 

Bayes, Maximum Entropy, SVM, Hotel Reviews 
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1   

Introduction 

1.1 Opinions in Online Hotel Reservation Systems 

Opinions are central to almost all human activities and are key influencers of our behaviors. 

Our beliefs and perceptions of reality, and the choices we make, are, to a considerable degree, 

conditioned upon how others see and evaluate the world. For this reason, when we need to 

make a decision we often seek out the opinions of others. This is not only true for individuals 

but also true for organizations. Opinions and its related concepts such as sentiments, 

evaluations, attitudes, and emotions are the subjects of study of sentiment analysis and 

opinion mining. The inception and rapid growth of the field coincide with those of the social 

media on the Web, e.g., reviews, forum discussions, blogs, micro-blogs, Twitter, and social 

networks, because for the first time in human history, we have a huge volume of opinionated 

data recorded in digital forms. Since early 2000, sentiment analysis has grown to be one of the 

most active research areas in natural language processing. It is also widely studied in data 

mining, Web mining, and text mining. In fact, it has spread from computer science to 

management sciences and social sciences due to its importance to business and society as a 

whole. Tourism is a major source of income for many countries, and affects the economy of 

both the source and host countries, in some cases being of vital importance. Tourism is travel 

for recreation, leisure, religious, family or business purposes, usually for a limited duration. It 

is commonly associated with international travel, but may also refer to travel to another place 

within the same country. The World Tourism Organization defines tourists as people 
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"traveling to and staying in places outside their usual environment for not more than one 

consecutive year for leisure, business and other purposes". Tourism has become a popular 

global leisure activity and can be domestic or international, with international tourism having 

both incoming and outgoing implications on a country's balance of payments [1]. From 2001 

to 2011 hotel revenue from online booking services has risen from 1.4% to 8.4% of the total 

revenue in the hotel industry [2]. TripAdvisor has incorporated more than 200 million hotel 

reviews from unique customers [3] while Booking has another 46 million verified reviews [4] 

to mention only the two top online reservation sites. 

1.2 Sentiment Analysis 

In order to grasp the sentiments and opinions expressed in this multitude of hotel reviews, an 

extensive analysis is rudimentary. While having a lot of feedback is imperative for a business 

analyst to detect the reasons behind the success or failure of a hotel, manually reading this 

many reviews is impossible. But, a computer, while able to depict text and process volumes of 

information, needs a proper way to understand natural language and concepts behind words. 

The first, and most important step, is to find a viable and concise way to represent these 

concepts, called feature extraction. While a human being can interpret text even though there 

are spelling or grammatical and syntactical errors, a computer program doesn‘t yet have this 

kind of expertise. And in online review text, a lot of mistakes are present, whether 

unintentional, or intentional as in the case of lengthened words or emoticons or in general use 

of slang. Also, a human reader can detect, most of the times, the scope of a negation in a 

sentence, or the irony present in some text. The human process to understanding text is by 

knowledge of words and their meaning. This knowledge comes from the study of lexicons, 

grammar and syntactical rules. Using an all purpose lexicon is a good start, but then you have 

to take into account the context of the text that one has to understand. Depending on the 

domain that a word is employed at, the sentiment connotation can be different. Something 

being ―big‖ could be positive if ―big‖ is what is expected or desired, or negative, if ―small‖ is 

the norm of the domain, even neutral if it is part of a question. So, one could take upon the 

cumbersome task of creating a lexicon for each domain. Instead of manually creating this 

lexicon by hand, why not just let the computer, or rather an algorithm, construct the lexicon 

based on a set of sample text from the domain that we want to interpret? 

Machine learning algorithms have been used both for general natural language processing 

tasks and for text classification in particular. While extensive work has been done in the field, 

there is still room for improvement. Not all machine learning algorithms are suitable for the 

task of text classification. In order to detect the best algorithm to use, one must conduct 

experiments on the precise domain and conditions that the algorithm is going to be used. In 
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this thesis, we conducted experiments to determine the most appropriate set of features to use 

and the machine learning algorithm that best learns to separate the good reviews from the bad 

ones. 

1.2.1 Contribution 

The contribution of this thesis can be summarized as: 

1. We studied techniques that can detect sentiment and opinions in text. 

2. We implemented well documented feature extraction methods. 

3. We propose the concatenation of features from other methods in order to improve 

classification results 

4. We evaluated the models using well known classification algorithms  

5. We conclude that with proper feature selection sentiment analysis is possible 

1.3 Outline 

In the following chapter we present a small survey of work in the field of Sentiment Analysis 

with emphasis on online hotel reviews. Then, in the third chapter, we delve in the 

mathematical background of the machine learning algorithms that we used. The methods for 

extracting the necessary features for Sentiment Analysis are discussed in chapter four. In 

chapter five we give details about the experiments we conducted and present the results of 

these experiments. The interested reader can follow up on the technical details of the setup we 

used for these experiments in chapter six. Finally, in chapter seven we present our conclusions 

and formulate our ideas for further work on the field and in chapter eight are the references. 
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2   

Related Work 

Sentiment Analysis (SA) or Opinion Mining (OM) is the computational study of people‘s 

opinions, attitudes and emotions toward an entity. The entity can represent individuals, events 

or topics. These topics are most likely to be covered by reviews. The two expressions SA or 

OM are interchangeable. They express a mutual meaning. However, some researchers stated 

that OM and SA have slightly different notions [5]. Opinion Mining extracts and analyzes 

people‘s opinion about an entity while Sentiment Analysis identifies the sentiment expressed 

in a text then analyzes it. Therefore, the target of SA is to find opinions, identify the 

sentiments they express, and then classify their polarity. 

Sentiment Analysis can be considered a classification process with three main classification 

levels: document-level, sentence-level, and aspect-level SA. Document-level SA aims to 

classify an opinion document as expressing a positive or negative opinion or sentiment. It 

considers the whole document a basic information unit which would mean that is only talking 

about one topic. Sentence-level SA aims to classify sentiment expressed in each sentence. The 

first step is to identify whether the sentence is subjective or objective. If the sentence is 

subjective, Sentence-level SA will determine whether the sentence expresses positive or 

negative opinions. It was pointed out by Wilson et al. [6] that sentiment expressions are not 

necessarily subjective in nature. However, there is no fundamental difference between 

document and sentence level classifications because sentences are just short documents [7]. 

Classifying text at the document level or at the sentence level does not provide the necessary 

detail needed on all aspects of the entity, which is needed in many applications. To obtain 
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these details, we need to go to the aspect level. Aspect-level SA aims to classify the sentiment 

with respect to the specific aspects of entities. The first step is to identify the entities and their 

aspects. The opinion holders can give different opinions for different aspects of the same 

entity like this sentence ―The voice quality of this phone is not good, but the battery life is 

long‖. 

The data sets used in SA are an important issue in this field. The main sources of data are 

from product reviews. These reviews are important to the business holders as they can take 

business decisions according to the analysis results of users‘ opinions about their products. 

The reviews sources are mainly review sites. SA is not only applied on product reviews but 

can also be applied on stock markets [8], news articles [9], or even political debates [10]. In 

political debates for example, we could figure out people‘s opinions on a certain election 

candidates or political parties. The election results can also be predicted from political posts. 

Also used as data sources in the SA process are social network sites and microblogging sites 

and they are considered a very good source of information because people share and discuss 

their opinions about a certain topic freely. 

 
Figure 1 Sentiment Analysis roadmap 

There exist two main approaches to the problem of extracting sentiment automatically. The 

lexicon-based approach involves calculating orientation for a document from the semantic 

orientation of words or phrases in the document [11]. The text classification approach 

involves building classifiers from labeled instances of texts or sentences [12], essentially a 

supervised classification task. The latter approach could also be described as a statistical or 

machine-learning approach. A roadmap to SA can be seen in Figure 1.  
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2.1 Lexicon Based Sentiment Analysis 

Dictionaries for lexicon-based approaches can be created manually, as is described in [13] and 

[14] or automatically, using seed words to expand the list of words [15][11][16]. Much of the 

lexicon-based research has focused on using adjectives as indicators of the semantic 

orientation of text [15][17][18][19]. 

First, a list of adjectives and corresponding sentiment orientation (SO) values is compiled into 

a dictionary. Then, for any given text, all adjectives are extracted and annotated with their SO 

value, using the dictionary scores. The SO scores are in turn aggregated into a single score for 

the text. Though lexicon based approaches have not yet managed to yield as accurate results 

as machine learning techniques, the can generalize their results better when used outside the 

domain that they were trained. Also, because one of the steps in lexicon based approaches is 

to annotate text with part of speech tags, the aspects that the sentiment is targeted upon can be 

handily detected. 

2.2 Sentiment Analysis with Machine Learning 

One of the many tasks that machine learning algorithms have tackled is the text classification 

task. In text classification, a number of features are extracted from the text in order to create a 

vector for each sample. Features can be words in the text, called unigrams, or groups of 

words, called n-grams or even constructed features, like the number of nouns, verbs or 

adjectives. After feature selection and transformation the documents can be easily represented 

in a form that can be used by a ML algorithm. Many text classifiers have been proposed in the 

literature implementing machine learning techniques like probabilistic models and linear 

classifiers. They often differ in the approach adopted: decision trees, naive-Bayes, rule 

induction, neural networks, nearest neighbors, and support vector machines. Although many 

approaches have been proposed, automated text classification is still a major area of research 

primarily because the effectiveness of current automated text classifiers is not faultless and 

still needs improvement. 

One of the earliest works which used supervised machine learning methods to solve sentiment 

classification problem is from Pang et al. [12]. In this paper, authors used three machine 

learning techniques to classify sentiment of movie review documents. To implement these 

machine learning techniques on movie review documents, they used the standard bag of 

features frame work. They test several features to find optimal feature set. Unigrams, bigrams, 

adjective and position of words were used as features in these techniques. To reduce the 

number of features, they used only unigrams appearing at least four times in all document 

corpuses and bigrams occurring at least seven times. The results show that the best 
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performance is achieved when the unigrams are used in SVM classifier. As they show in this 

paper, better performance is reached by using only presence of feature instead of feature 

frequency. 

In [20] authors augmented bag-of-words classification with a technique which performed 

shallow parsing to find opinion phrases, classified by orientation and by a taxonomy of 

attitude types from appraisal theory [21], specified by a hand-constructed attitude lexicon. 

Text classification was performed using a support vector machine, and the feature vector for 

each corpus included word frequencies (for the bag-of-words), and the percentage of appraisal 

groups that was classified at each location in the attitude taxonomy, with particular 

orientations. They achieved 90.2% accuracy classifying the movie reviews in Pang et al.'s 

[12] corpus. 

Ye et al. [22] incorporated sentiment classification techniques into the domain of destination 

review. They used three supervised learning algorithms of support vector machine, NB and 

the character based N-gram model to classify destination reviews. The information gain (IG) 

was used to selecting feature set. They used the frequency of words to represent a document 

instead of word presence. They found SVM outperforms the other two classifiers with an 

accuracy peak at about 86% when the training corpuses contain 700 reviews.  

Prabowo and Thelwall [23] took a combined approach to sentiment analysis with a hybrid 

classifier, applying different classifiers in series, until acceptable results are obtained. If this 

cannot be achieved with one classifier, the system passes the task onto the next in line, until 

no more classifiers exist. For this, they use a combination of rule-based classification, 

supervised learning, and machine learning. For rule-based classification and supervised 

learning, authors use three different rules from existing research. Two of the used rule sets 

were also combined with two preexisting induction algorithms, ID3 and RIPPER, to generate 

two induced rule sets, which were also tested. For machine learning based classification, they 

used a Support Vector Machine using two pre-classified training sets, positive and negative, 

and have the SVM create a hyper plane to best separate the two planes. The hybrid classifier 

was tested on a combination of movie reviews, product reviews and MySpace comments, and 

yielded anywhere from 72.77% F-measure score to 90% F-measure score, depending on the 

corpus. 

2.3 Sentiment Analysis on Hotel Reviews 

Some of the work already done in SA was conducted on online hotel reviews. Datasets 

ranging from 1000 reviews to more than 120000 have been used. In their work, Gindl et al. 

[24] tested if there can be a cross domain sentiment lexicon. To test their theory, they used 

datasets from TripAdvisor and Amazon, and tried training the models using the one dataset 
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and testing the performance on the other.  In order to create reference measurements, they 

trained and tested their model using the TripAdvisor dataset which consisted of 1800 reviews. 

They report an F-measure of 0.79. A semi-supervised computational method for a two-pass 

domain-specific sentiment lexicon construction was proposed by Lau and Keung [25]. Their 

method achieved 0.8263 F-measure on a 103,115 review corpus of TripAdvisor. For Gräbner 

[26], a lexicon based approach on a TripAdvisor dataset of 1000 reviews achieved 0.61 F-

measure. Using a linear kernel SVM Gamon [27] performed sentiment classification on a 

TripAdvisor dataset. Their method of feature reduction after using a bag-of-words model in 

conjunction with linguistic statistics yielded 0.67 F-measure and a 0.69 accuracy on binary 

classification. While developing a method to visualize sentiments about hotels, Bjørkelund et 

al. [28] used two methods for measuring their success. Utilizing a TripAdvisor dataset, they 

performed sentiment analysis both with a Naïve Bayes classifier and a lexicon based 

approach. Naïve Bayes reached 0.89 accuracy while the lexicon based approach achieved 

0.80 accuracy.  
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3    

Theoretical Background 

.  

3.1 Naïve Bayes 

The first supervised learning method we introduce is the multinomial Naïve Bayes (NB) 

model, a probabilistic learning method. Probabilistic approaches make strong assumptions 

about how the data is generated, and posit a probabilistic model that embodies these 

assumptions; then they use a collection of labeled training examples to estimate the 

parameters of the generative model. Classification on new examples is performed with Bayes' 

rule by selecting the class that is most likely to have generated the example. The naïve Bayes 

classifier is the simplest of these models, in that it assumes that all attributes of the examples 

are independent of each other given the context of the class. This is the so-called ―naïve 

Bayes assumption‖.  While this assumption is clearly false in most real-world tasks, naïve 

Bayes often performs classification very well. This paradox is explained by the fact that 

classification estimation is only a function of the sign (in binary cases) of the function 

estimation; the function approximation can still be poor while classification accuracy remains 

high [29][30]. Because of the independence assumption, the parameters for each attribute can 

be learned separately, and this greatly simplifies learning, especially when the number of 

attributes is large. 
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There are two event models that are commonly used: the multivariate Bernoulli event model 

and the multinomial event model. The multinomial NB event model generally outperforms 

the multivariate one, and has also been found to compare favorably with more specialized 

event models, as both [31] and [32] conclude. 

The probability of a document d being in class c is computed as  

𝑃 𝑐 𝑑 ∞  𝑃 𝑡𝑘  𝑐 

1≤𝑘≤𝑛𝑑

 

where 𝑃 𝑡𝑘  𝑐  is the conditional probability of term 𝑡𝑘 occurring in a document of class c. 

We interpret 𝑃 𝑡𝑘  𝑐   as a measure of how much evidence 𝑡𝑘  contributes that c is the correct 

class. 𝑃(𝑐) is the prior probability of a document occurring in class c. 

If a document‘s terms do not provide clear evidence for one class versus another, we choose 

the one that has a higher prior probability. (𝑡1 , t2 , . . . , 𝑡𝑛𝑑
) are the tokens in d that are part of 

the vocabulary we use for classification and 𝑛𝑑  is the number of such tokens in d. For 

example, (𝑡1 , t2 , . . . , 𝑡𝑛𝑑
)  for the one sentence document ―That is an amazing hotel‖ might be 

(𝑎𝑚𝑎𝑧𝑖𝑛𝑔,𝑎𝑛, 𝑡𝑎𝑡,𝑜𝑡𝑒𝑙, 𝑖𝑠), with 𝑛𝑑  = 5. In text classification, our goal is to find the 

most likely class for the document which in NB models is the maximum a posteriori (MAP) 

class 𝑐𝑚𝑎𝑝 : 

𝐶𝑚𝑎𝑝 = 𝑎𝑟𝑔𝑐∈𝐶𝑚𝑎𝑥𝑃 𝑐 𝑑 = 𝑎𝑟𝑔𝑐∈𝐶𝑚𝑎𝑥𝑃 𝑐  𝑃 𝑡𝑘  𝑐 

1≤𝑘≤𝑛𝑑

 

In order to avoid floating point underflow while computing all these conditional probabilities, 

it is better to perform the computations by adding the logarithm of the probabilities. The class 

with the highest log probability score is still the most probable since:  

log 𝑥𝑦 = log 𝑥 + log 𝑥 

and the logarithm function is monotonic. Thus maximization that is actually done in the 

implementation used is: 

𝑐𝑚𝑎𝑥 = 𝑎𝑟𝑔𝑐∈𝐶 max[log𝑃(𝑐) +   log P tk c 

1≤𝑘≤𝑛𝑑

 ]  

Each conditional parameter log P tk c  is a weight that indicates how good an indicator  𝑡𝑘  is 

for c. Similarly, the prior log 𝑃(𝑐) is a weight that indicates the relative frequency of c. More 

frequent classes are more likely to be the correct class than infrequent classes. The sum of log 

prior and term weights is then a measure of how much evidence there is for the document 

being in the class, and 𝑐𝑚𝑎𝑝  selects the class for which we have the most evidence. 
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For estimating the parameters 𝑃(𝑐) and P tk c  we must calculate the relative frequency 

which corresponds to the most likely value of each parameter given the training data. If 𝑛c  is 

the number of documents in class c and N is the total number of documents, then 

𝑃(𝑐)  =  
𝑁𝑐

𝑁
 

We estimate the conditional probability 𝑃 𝑡𝑘  𝑐  as the relative frequency of term 𝑡 in 

documents belonging to class 𝑐: 

𝑃 𝑡𝑘  𝑐 =  
𝑇𝑐𝑡

 Tct′t′ ∈V
 

where 𝑇𝑐𝑡  is the number of occurrences of term 𝑡 in training documents of class 𝑐. 

The problem with these estimations is that for a term 𝑡 class 𝑐 combination that did not occur 

in the training data, the value is zero. Since, to calculate the conditional probability of a 

document 𝑑 belonging to class 𝑐, we are multiplying the conditional probabilities for all 

terms, for every class c where a term 𝑡 never appeared, the probability will be zero, 

independent of how strong an evidence other terms might give. In order to mitigate this 

problem, we can simply add one to all counts of terms, thus modifying the equation to 

estimate the conditional probability to: 

𝑃 𝑡𝑘  𝑐 =  
𝑇𝑐𝑡 + 1

 (Tct′ + 1)t′ ∈V
 =

𝑇𝑐𝑡 + 1

( Tct′t′ ∈V )  +  𝐵
  

where B is the number of terms in the vocabulary. 

3.2 Maximum Entropy 

Maximum entropy (ME) is a probabilistic distribution estimation technique widely used for a 

variety of natural language task, such as language modeling, part-of-speech tagging, text 

segmentation and text classification. The underlying principle of ME is that without external 

knowledge, one should prefer distributions that are uniform. Constrains on the distribution, 

derived from labeled training data, inform the model where to deviate from this uniformity. 

The ME formulation has a unique solution which can be found by the improved iterative 

scaling algorithm. In text classification, ME estimates the conditional distribution of the class 

label given a document. A document is represented by a set of word count features. The 

labeled training data is used to estimate the expected value of these word counts for every 

class. Improved Iterative Scaling (IIS) finds a text classifier for an exponential form that is 

consistent with the constraints from the labeled data. 

In ME we use the training data to set constraints on the conditional distribution. Each 

constraint expresses a characteristic of the training data that should also be present in the 
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learned distribution. Any real valued function of the document and the class can be a feature 

and ME will restrict the model distribution to have the same expected value for this feature as 

seen in the training data. It is stipulated that the learned conditional distribution 𝑃(𝑐|𝑑) must 

have the property: 

1

 𝐷 
 𝑓𝑖(𝑑, 𝑐 𝑑 )

𝑑∈𝐷

=  𝑃(𝑑)

𝑑

 𝑃 𝑐 𝑑 𝑓𝑖(𝑑, 𝑐)

𝑐

 

In practice, because we do not know P(d), we use the unlabeled training data as an 

approximation to the document distribution and thus enforce the constrains: 

1

 𝐷 
 𝑓𝑖(𝑑, 𝑐 𝑑 )

𝑑∈𝐷

=
1

 𝐷 
  𝑃 𝑐 𝑑 𝑓𝑖(𝑑, 𝑐)

𝑐𝑑∈𝐷

 

So, the first step is to identify a set of feature functions that will be useful in classification, 

then for each feature, measure its expected value over the training data and use it as a 

constraint for the model distribution. 

When constraints are estimated in this fashion, it is guaranteed that a unique distribution 

exists that has maximum entropy [33]. Moreover, it has been shown [34] that the distribution 

is always of the exponential form: 

𝑃 𝑐 𝑑 =
1

𝑍 𝑑 
exp  𝜆𝑖𝑓𝑖(𝑑, 𝑐)

𝑖

  

where each 𝑓𝑖(𝑑, 𝑐) is a feature, 𝜆𝑖  is a parameter to be estimated and 𝑍 𝑑  is the 

normalization factor to ensure a proper probability and can be calculated as: 

𝑍 𝑑 =  exp  𝜆𝑖𝑓𝑖(𝑑, 𝑐)

𝑖

 

𝑐

 

When the constraints are estimated from labeled training data, the solution to the ME problem 

is also the solution to a dual maximum likelihood problem for models of the same exponential 

form. Additionally, it is guaranteed that the likelihood surface is convex, having a single 

global maximum and no local maxima. A possible approach for finding the maximum entropy 

solution would be to guess any initial exponential distribution of the correct form as a starting 

point and then perform hill climbing in likelihood space. Since there are no local maxima, this 

will converge to the maximum likelihood solution for exponential models, which will also be 

the global maximum entropy solution. 
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3.3 Support Vector Machines 

Support vector machines (SVM) are based on the Structural Risk Minimization (SRM) 

principle [35] from computational learning theory.  

3.3.1 Linear Model 

The idea of structural risk minimization is to find a hypothesis h for which we can guarantee 

the lowest true error. The true error of h is the probability that h will make an error on an 

unseen and randomly selected test example. The following upper bound connects the true 

error of a hypothesis h with the error of h on the training set and the complexity of h [35] 

𝑃 𝑒𝑟𝑟𝑜𝑟   ≤ 𝑡𝑟𝑎𝑖𝑛 𝑒𝑟𝑟𝑜𝑟() + 2 
𝑑  ln

2𝑛

𝑑
+ 1 − ln

𝑛

4

𝑛
 

The bounds holds with probability at least 1-n. n denotes the number of training examples and 

d is the VC-Dimension (VCdim) [35], which is a property of the hypothesis space and 

indicates its expressiveness. The above equation reflects the well known trade-off between the 

complexity of the hypothesis space and the training error. A simple hypothesis space will 

probably not contain good approximating functions and will lead to a high training error and 

thus to a high true error. On the other hand a too rich hypothesis space will lead to a small 

training error but a high testing error, a situation commonly called ―overfitting‖. It would 

seem crucial to pick the hypothesis space with the proper complexity. 

In SRM this is done by defining a structure of hypothesis spaces 𝐻𝑖 , so that their respective 

VCdim 𝑑𝑖  increases. 

    ∀𝑖: 𝑑𝑖 ≤ 𝑑𝑖+1 and 𝐻1∁𝐻2∁…∁𝐻𝑖 … 

The goal would be to find the index i that minimizes the error. 

Let us assume the following linear function 

(𝑑) =  𝑠𝑖𝑔𝑛{𝑤 ∗ 𝑑 + 𝑏} =    
+1, 𝑖𝑓 𝑤 ∗ 𝑑 + 𝑏 > 0

−1, 𝑒𝑙𝑠𝑒
  

Instead of building the structure based on the number of features using a feature selection 

strategy, SVM uses a refined structure which acknowledges the fact that most features in text 

categorization are relevant. If all example vectors 𝑑𝑖  are contained in a ball of radius R and it 

is required that for all examples 𝑑𝑖  

 𝑤   ∙ 𝑑𝑖
    + 𝑏 ≥ 1,𝑤𝑖𝑡  𝑤    = 𝐴 

then this set of hyperplane has a VCdim d bounded by 

𝑑 ≤ 𝑚𝑖𝑛([𝑅2𝐴2],𝑛) + 1 
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It should be noted that the dimensions of these hyperplanes do not necessarily depend on the 

number of features, but instead depend on the Euclidian length  𝑤     of the weight vector 𝑤   . 

This would mean that if our hypothesis has a small weight vector, we might generalize well in 

high dimensional spaces. 

In their basic form SVM finds the hyperplane that separates the training data with the shortest 

weight vector. This hyperplane separates positive and negative training samples with 

maximum margin. Finding this hyperplane can be translated into the following optimization 

problem 

Minimize  𝑤     

So that ∀𝑖:𝑦𝑖  𝑤   ∙ 𝑑𝑖
    + 𝑏 ≥ 1 

Where 𝑦𝑖  is +1 if document 𝑑𝑖  belongs in the positive class, or -1 if it belongs to the negative 

class. These constraints require that all training samples are classified correctly. 

Since this optimization problem is difficult to handle numerically, Vapnik et al. [36] uses 

Lagrange multipliers to translate the problem into an equivalent quadratic optimization 

problem for which efficient algorithms exist that can guarantee to find to global optimum. 

The result of the optimization process is a set of coefficients 𝑎𝑖
∗ which can be used to 

construct the hyperplane: 

𝑤   ∙ 𝑑 = ( 𝑎𝑖
∗

𝑛

𝑖=1

𝑦𝑖𝑑𝑖
    ) ∙ 𝑑 =  𝑎𝑖

∗

𝑛

𝑖=1

𝑦𝑖(𝑑𝑖
    ∙ 𝑑 )  

And  

𝑏 =
1

2
(𝑤   ∙ 𝑑+

     + 𝑤   ∙ 𝑑−
     ) 

We can see that the resulting weight vector of the hyperplane is constructed as a linear 

combination of the training examples. Only the examples for which the coefficient ai is 

greater than zero contribute. These vectors are called Support Vectors and they are the 

training examples which have minimum distance from the hyperplane. To calculate b, two 

arbitrary support vectors 𝑑+
      and 𝑑−

     ) can be used.  

3.3.2 Use of Kernels 

To learn non linear hypotheses, SVMs can make use of convolution functions: 𝐾 𝑑1
     ,𝑑2

      . 

Depending on the convolution function, SVMs learn polynomial classifiers (𝐾 𝑑1
     ,𝑑2

      =

 𝑑1
     ∙ 𝑑2

     + 1 
𝑑

), or radial basis function (RBF) classifiers (𝐾 𝑑1
     ,𝑑2

      = 𝑒𝑥𝑝 𝛾(𝑑1
     − 𝑑2

      
2

)), 

or two layer sigmoid neural nets (𝐾 𝑑1
     ,𝑑2

      = tanh 𝑠(𝑑1
     − 𝑑2

      + 𝑐)). 
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Any convolution function must satisfy Mercer‘s Theorem [35] which means that the inner 

product of vectors 𝑑1
      and 𝑑2

      is computed after they have been mapped into a new feature 

space by a non linear mapping 𝜑. 

𝜑 𝑑1
      ∙ 𝜑 𝑑2

      = 𝐾 𝑑1
     ,𝑑2
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4   

Feature Extraction 

Selecting relevant features and deciding how to encode them for a learning method can have 

an enormous impact on the learning method's ability to extract a good model. Much of the 

interesting work in building a classifier is deciding what features might be relevant, and how 

we can represent them. 

4.1 Text Preprocessing 

Reviewers, especially online, have a tendency to use informal language. In order to extract 

features properly, some steps need to be applied to the raw text.  

4.1.1 Tokenization 

Tokenizing is the process of splitting text into smaller parts, namely tokens and is 

fundamental to all NLP tasks. There is no single right way to do tokenization. The right 

algorithm depends on the application. Tokenization is even more important in sentiment 

analysis than it is in other areas of NLP, because sentiment information is often sparsely and 

unusually represented - a single cluster of punctuation like ―>:-(― might tell the whole story 

[37].  

The simplest tokenizer that can be used is the white space tokenizer. It simply down cases the 

string and splits the text on any sequence of whitespace, tab, or newline characters. But the 

tokenizer used by the Penn Treebank [38] and many other important large-scale corpora for 
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NLP is the Treebank style tokenizer. Thus, it is a de facto standard. This alone makes it worth 

considering, since it can facilitate the use of other tools. However, because the tokenization of 

raw Web text is so bad, later applications are likely to stumble also if used unmodified. 

4.1.2 Punctuation 

Almost all tokens that involve punctuation are split apart — URLs, Twitter mark-up, phone 

numbers, dates, email addresses ... Thus, emoticons are collapsed with their component parts, 

URLs are not constituents, and Twitter markup is lost. Emoticons are extremely common in 

many forms of social media, and they are reliable carriers of sentiment. In order to preserve as 

much sentiment expressed as possible, emoticons as well as other punctuation marks should 

be identified and tokenized separately. As estimated by [39], just the small list of regular 

expressions in Table 1 can capture 96% of the emoticon tokens occurring on Twitter. 

Sentiment is also often expressed by the use of multiple consecutive punctuation marks, for 

example ―!!!!!‖. 

 

Table 1 Regular expression to detect emoticons 

4.1.3 Contractions 

Contractions like ―can't‖ contribute their own sentiment, as distinct from co-occurrence of can 

and a negation, whereas the Treebank style tokenizer splits them into two tokens. Sometimes 

apostrophes are used but other times they are omitted. In order to have a concise replacement 

strategy, contractions are replaced by their full text equivalent for example both ―can‘t‖ and 

―cant‖ are replaced by two tokens ―can‖ ―not‖. Since contractions have been dealt with, all 

remaining single quotes are replaced by double quotes. Co-occurrences of ―not‖ are then 

processed as other forms of negation. 
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4.1.4 Negations 

Negation is a very common linguistic construction that affects polarity and, therefore, needs 

to be taken into consideration in sentiment analysis. In SA, unlike in other text classification 

tasks, a single negation can be the only clue to suggest a negative rather than a positive 

sentiment. The usual way to incorporate negation modeling into this representation is to add 

artificial words [39]. For example, if a word x is preceded by a negation word, then rather 

than considering this as an occurrence of the feature x, a new feature NOT_x is created. 

Since, as suggested by [12] the scope of negation cannot be properly modeled, every word is 

replaced until the next punctuation mark. 

4.1.5 Lengthening 

Lengthening by character repetition is a reliable indicator of heightened emotion. In English, 

sequences of three or more identical letters in a row are basically unattested in the standard 

lexicon, so such sequences are very likely to be lengthening. The amount of lengthening is not 

predictable, and small differences are unlikely to be meaningful. Thus, elongated words can 

be replaced by a two token sequence consisting of the word correctly spelled and a special 

token denoting elongation.  

4.1.6 Spelling 

In the previous steps, the various tokens were processed in order to detect deliberate use of 

misspelled words. All other misspellings can be corrected by passing the tokens from a spell 

checker. Any misspelled words detected can be replaced by the most common from the 

suggestions of the spell checker. Since the spell checker will provide a suggestion even for 

non-existent words, prudent use should be exercised. One way to go around this would be to 

check how different the suggested word is from the misspelled one and only use the 

suggestion if the difference is small. 

4.1.7 Sentence Segmentation 

Sentence boundary disambiguation (SBD), also known as sentence breaking, is the problem in 

natural language processing of deciding where sentences begin and end. Often natural 

language processing tools require their input to be divided into sentences for a number of 

reasons. However sentence boundary identification is challenging because punctuation marks 

are often ambiguous. For example, a period may denote an abbreviation, decimal point, an 

ellipsis, or an email address – not the end of a sentence. About 47% of the periods in the Wall 

Street Journal corpus denote abbreviations. As well, question marks and exclamation marks 
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may appear in embedded quotations, emoticons, computer code, and slang. Languages like 

Japanese and Chinese have unambiguous sentence-ending markers. 

4.1.8 Stopword Removal 

Words that have the same probability to be used in all classes have no real discriminative 

power and can potentially detriment results of classifiers by making the feature space very 

large. In addition to common English language words like ―a‖, ―the‖, ―to‖, which have no 

sentiment conveyed, all words appearing in the majority of documents can be removed. 

4.2 Bag of Words Model  

The first step in modeling a document into vector space is to create a dictionary of terms 

present in documents. To do that, you can simply select all terms from the document and 

convert each one to a dimension in the vector space. One approach to create the document 

vector could be to check for the existence of a term in the current document and assign a 

boolean value in the appropriate dimension of the vector. Because this method is like taking 

the words that make up a document and putting them in bag, then check which words are in 

the bag, this model is called a Bag of Words (BOW). 

In the English language there are some kind of words that are present in almost all of the 

documents. These words, like ―the, is, at, on‖ have no real discriminative power between 

documents and therefore can be ignored. Depending on the corpus that is being processed, 

another set of words specific to the domain could be very common, for example in a hotel 

review corpus words like ―hotel‖ and ―room‖ are likely to be present in most of the reviews. 

Though these words are not likely indicators of expressed sentiment about the hotel that is 

reviewed they might be the target of the sentiment. Depending on the level of SA that is being 

conducted these terms might be useful for the analysis or not. 

Instead of only looking for the existence or absence of a term, one could be interested in how 

many times each word appears in the document. Of course in a big document the likelihood 

that a term will appear more than once is greater. So a more useful metric could be the 

frequency of a term appearing in the document. A single mention of the word ―bad‖ in text 

could be an indication that the review is negative, but if the reviewer keeps repeating it 

usually means that the term plays an important role in this document. But does this mean that 

if the term ―bad‖ appears in a document ten times, it makes the document ten times more 

―bad‖? Probably not. It is common to normalize the Term Frequency (TF) by its logarithm. 

Naturally there are terms that only appear in a few documents but in those documents they 

appear multiple times. In order to take into account this fact, the term frequency can be 
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normalized by the inverse frequency of the term appearing in the document corpus, which is 

the document frequency. The features extracted by this method are called Term Frequency * 

Inverse Document Frequency (TF*IDF). 

Since many of the classification algorithms benefit from feature values being in the range of 

0-1, another transformation to the vector can be its normalization.  

The BOW model is very common in Information Retrieval, Sentiment Analysis and text 

classification in general. It‘s main drawback is that it can‘t capture the order that the terms 

were used in the document. So, two documents that are made up from the same terms but in a 

different order will have the same vector representation. 

In order for the model to capture common phrases like ―big apple‖ which is a nickname for 

New York and has a very different meaning than a big apple, terms can be consisting of more 

than one word. When terms consist of two consecutive words they are called bigrams, for 

three words trigrams and in general n-grams.  

4.3 Sentimental Dictionary Model 

A sentimental analysis using a dictionary model inevitably makes two assumptions: that 

individual words have what is referred to as prior polarity, that is, a semantic orientation that 

is independent of context; and that said semantic orientation can be expressed as a numerical 

value. In general, the SO of an entire document is the combined effect of the adjectives or 

relevant words found within, based upon a dictionary of word rankings (scores). The 

dictionary can be created in different ways: manually, using existing dictionaries such as the 

General Inquirer, or semi-automatically, making use of resources like WordNet [18][41]. 

The dictionary may also be produced automatically via association, where the score for each 

new adjective is calculated using the frequency of the proximity of that adjective with respect 

to one or more seed words. Seed words are a small set of words with strong negative or 

positive associations, such as excellent or abysmal. In principle, a positive adjective should 

occur more frequently alongside the positive seed words, and thus will obtain a positive score, 

whereas negative adjectives will occur most often in the vicinity of negative seed words, thus 

obtaining a negative score. The association is usually calculated following Turney‘s method 

for computing mutual information [11][16]. 

To predict the overall SO of a document, one can use a simple aggregate-and-average 

method: The individual scores for each adjective in a document are added together and then 

divided by the total number of adjectives in that document. More advanced methods would 

take into account adverbs, verbs, even nouns. Although the vast majority of the entries in a 
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SO dictionary are single words, some dictionaries allow for multi-word entries [19]. Special 

consideration must be made when the presence of negation or valence is detected. 

Valence words can either intensify or down tone the semantic intensity of a neighboring 

lexical item. Some researchers in sentiment analysis have implemented intensifiers using 

simple addition and subtraction—that is, if a positive adjective has an SO value of 2, an 

amplified adjective would have an SO value of 3, and a down toned adjective an SO value of 

1. One problem with this kind of approach is that it does not account for the wide range of 

intensifiers within the same subcategory. Extraordinarily, for instance, is a much stronger 

amplifier than rather. Another concern is that the amplification of already ―loud‖ items should 

involve a greater overall increase in intensity when compared to more subdued counterparts 

(compare truly fantastic with truly okay); in short, intensification should also depend on the 

item being intensified. 

The obvious approach to negation is simply to reverse the polarity of the lexical item next to a 

negator, changing good (+3) into not good (−3). This we may refer to as switch negation [42]. 

There are a number of subtleties related to negation that need to be taken into account, 

however. One is the fact that there are negators, including not, none, nobody, never, and 

nothing, and other words, such as without, a verb, or lack, a noun, which have an equivalent 

effect, some of which might occur at a significant distance from the lexical item which they 

affect; a backwards search is required to find these negators, one that is tailored to the 

particular part of speech involved. One other interesting aspect of the pragmatics of negation 

is that negative statements tend to be perceived as more marked than their affirmative 

counterparts, both pragmatically and psychologically [43], and that would suggest that 

frequency distribution of negative sentences is smaller than the affirmative ones [44].  

Our implemented model makes use of the semi-automatically created sentiment lexicon 

SentiWordNet [45] which has been applied in different opinion related tasks, i.e. for 

subjectivity analysis and sentiment analysis with promising results. SentiWordNet extends the 

WordNet lexicon of synonyms adding sentiment values for each synset in the collection by 

means of a combination of linguistic and statistic classifiers. To each synset of WordNet, a 

triple of polarity scores is assigned i.e., a positivity, negativity and objectivity score, with the 

sum of these scores being always 1.  

4.4 Word2Vec Model 

In their paper Mikolov et al. [46] propose two novel model architectures for computing 

continuous vector representations of words from very large data sets, the Continuous Bag-of-

Words (CBOW) model and the Skip-Gram model (SG). The CBOW model architecture is 

similar to the feed-forward Neural Net Language Model (NNLM) proposed in [47]. NNLM 
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consists of input, projection, hidden and output layers. At the input layer, N previous words 

are encoded using 1-of-V coding, where V is size of the vocabulary. The input layer is then 

projected to a projection layer P that has dimensionality N by D, using a shared projection 

matrix. For CBOW the non-linear hidden layer is removed and the projection layer is shared 

for all words. In order to minimize computational complexity, there is use of hierarchical 

softmax where the vocabulary is represented as a Huffman binary tree, since Huffman trees 

assign short binary codes to frequent words, and this reduces the number of output units that 

need to be evaluated. The target of the system is to predict the use of a word given a window 

of previous and future words. Though the SG model architecture is very similar, the model 

instead of predicting the current word based on the context, tries to maximize classification of 

a word based on another word in the same sentence. More precisely, by using each current 

word as an input to a log-linear classifier with continuous projection layer, the model predicts 

words within a certain range before and after the current word. [46] found that increasing the 

range improves quality of the resulting word vectors, but it also increases the computational 

complexity. Since the more distant words are usually less related to the current word than 

those close to it, they give less weight to the distant words by sampling less from those words 

in their training examples. 

The word representations computed using either CBOW or SG, are very interesting because 

the learned vectors explicitly encode many linguistic regularities and patterns. Somewhat 

surprisingly, many of these patterns can be represented as linear translations [48]. 

Following these successful techniques, researchers have tried to extend the models to go 

beyond word level to achieve phrase-level or sentence-level representations 

[49][50][51][52][53][54]. While using a sophisticated and complex approach could produce 

better representation, it is outside the scope of this thesis.  

Instead, our model uses a simple approach, the weighted average of all the words in the 

document. For every word in the dictionary we compute the word representation by using the 

CBOW model and we construct a dictionary matrix where one dimension is the term 

dictionary and the other dimension is the hidden aspects of each word. The dot product of a 

document‘s TF*IDF vector with the dictionary matrix will produce the document hidden 

aspects. 
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5   

Evaluation 

So far we have presented the mathematics behind the classifiers that we are using and the 

methods in order to extract the features to train those classifiers. In order to evaluate the 

various features and to determine which set of features is better suited for each classifier, we 

run a number of sentiment classification experiments.  

5.1 Measurements 

Generally, the performance of sentiment classification is evaluated by using four metrics: 

Accuracy, Precision, Recall and F-measure, though other metrics have been proposed in 

literature. Accuracy is defined as the percentage of correct classifications. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑟𝑢𝑒  𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 +𝑇𝑟𝑢𝑒  𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒  

𝑇𝑟𝑢𝑒  𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 +𝐹𝑎𝑙𝑠𝑒  𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 +𝑇𝑟𝑢𝑒  𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 +𝐹𝑎𝑙𝑠𝑒  𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
  

Precision is the percentage of the samples classified in a class that actually belong in this 

class. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 

 Recall is the percentage of samples that belong in a class that were classified correctly. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
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While accuracy can represent the effectiveness of a model very nicely, if the sample is not 

balanced, then the accuracy measurement will be skewed in favor of the overrepresented 

class. Precision is a measure of trust in the system. The higher precision is, the more certain 

we can be that the decision of the classifier is correct. On the other hand, recall measures the 

systems effectiveness. If recall is low, then many samples that belong to a class pass 

unnoticed. A measurement that can encompass the system‘s performance is F-measure, 

sometimes called F1-measure or F1-score. It is defined as: 

𝐹 −𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

The above measurements are calculated for every class that the model has to separate and the 

system is then ranked overall with the mean of the measurements. 

5.2  Dataset Description 

The applied corpus comprises of customer reviews from TripAdvisor [3], a major web 2.0-

platform with focus on travel and vacation services. Customers can book, rank and review 

hotels, flights and restaurants. The focus of the portal is to filter content, based on rankings 

that are derived from user ratings. Thus, rankings are split into several categories, like value, 

rooms, location, cleanliness and sleep quality. Available rating categories are determined by 

the type of the reviewed object. A rating scale contains five values, ranging from ‗terrible‘ to 

‗excellent‘. These values are further referred to as 1star to 5star. A separate mandatory overall 

rating summarizes the total customer satisfaction. Finally, the natural language part of the 

review comprises a title and a text. The title is displayed in quotation marks and users are 

invited to use concise formulations, like ―We loved it and we'll be back!'', or ―There were 

things I hated.''. The text is of variable size. The used corpus from TripAdvisor is restricted to 

reviews of hotels located in Crete, Greece, written in English. Each record contains a hotel 

category, the overall rating, the title and the review text. Furthermore, the entries of the 

subcategories: value for money, rooms, location, cleanliness, service, and sleep quality are 

available. These subcategories may contain null values denoting that the user didn't care about 

that detail. In total, the corpus comprises of over 60.000 reviews. Texts and ratings were 

automatically extracted from TripAdvisor.  

 

Table 2 Number of Reviews per user Rating 
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From Table 2, emerges that the number of available ratings increases with the positivity of the 

overall rating. From the number of reviews per star rating we can assume that the reviewers 

have a tendency to give high ratings. We will assume that reviews with a rating of 3 stars is a 

negative review, albeit slightly. 

For the conducted sentiment analysis, two sets of reviews were examined. To ease the process 

of document analysis and lexicon construction as well as to provide the same amount of 

training data for each class label [55], both datasets were selected as balanced. For the ratings 

scale experiments, the dataset was constructed consisting of 2.200 reviews randomly taken 

from each of the 5 classes. The number of reviews chosen is defined from ratings class 1 star, 

leaving room for randomness. The dataset was further split in training data of 2000 reviews 

per class and validation data of 200 reviews per class. The other dataset, used for binary 

sentiment classification, consisted of 5500 reviews from the positive class of ratings 4 through 

5 and the same amount of reviews for the negative class of ratings 1 through 3. Number of 

Reviews per user Rating 

5.3 Experimental Setup 

From the reviews that were gathered, the review title and review text were processed 

separately. In Figure 2 the reader can see the steps of NLP that were used on raw text before 

features could be extracted. Initially, both review titles and review text was preprocessed. The 

preprocessing steps consist of a tokenization step, where the text is split into single word 

tokens. Punctuation marks were split into separate tokens. The next step removed all known 

contractions with the words that were contracted. Any tokens that had more than 3 same 

consecutive characters were shortened back to their normal form. The same procedure was 

followed for consecutive punctuation. Special tokens denoting lengthening and intensifying 

were added. All tokens were passed through a spell check and if appropriate suggestions were 

available, spelling mistakes were corrected. Tokens, that follow a negation, were appended 

with a negation mark and stopwords were removed. 
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Figure 2 The steps of natural language processing that were used in the text preprocessing stage 

The resulting token lists were given to the feature extraction methods. The TFIDF feature 

extraction method was used to create document vector representations for unigrams, unigrams 

and bigrams and unigrams, bigrams and trigrams. All possible combinations of weighting and 

normalization were tested. More specifically, vectors with token counts and frequencies were 

created. The vectors were normalized by the inverse document frequencies of the words, l1 

normalization which normalizes each sample to have a sum of 1 in all features and l2 

normalization which introduces a logarithmic normalization. Also, further removal of 

stopwords was applied by removing words that appear in only a single document to prevent 

the model from over fitting in the training set and words with a high document frequency as 

they tend to convey little to none discriminative power. We trained and tested classifiers using 

only the title vectors, only the review text vectors and by using a concatenation of both title 

and text vectors for both ratings and binary classification. 
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The second model that was used to extract features was the Doc2Vec. This model uses the 

word vector representations created by Word2Vec and aggregates the document 

representation in the same amount of dimensions. A grid search experiment was conducted in 

order to find to correct number of hidden dimensions. We also tried to see if the document 

should be represented by count, frequency or tfidf vectors. For this model also, we extracted 

measures separately for review title and text and for classification in the 5 ratings scale and 

the binary classification scale. 

Using the SentiWordNet model, we extracted a third set of features. Initially the text was split 

to sentences. For each word in the sentence we add the positive, neutral and negative 

sentiment extracted from the SentiWordNet synset lexicon. We also count the tokens that 

were not found in the dictionary. For each word in the dictionary we added an extra feature 

with the difference of positive from negative sentiment. If the sum of this value is positive, 

then we can deduce that the sentence has a positive sentiment, otherwise it has a negative 

sentiment. For each review we calculate the mean sentiment from the sentences. A binary 

classification could be completed just by checking the value of the last feature. Reviews with 

a positive overall sentiment could be classified in the positive class, while reviews with a 

negative value would be classified in the negative class. We decided to further investigate the 

model by feeding the vectors to classifiers. This allowed for a ratings scale classification of 

the reviews by allowing the classifier to find the best splitting point. 

The classifiers that were suggested in the literature as having the best results in the text 

classification task, are Naive Bayes (NB), Maximum Entropy (ME), and Support Vector 

Machines (SVM) with a Linear kernel and with an RBF kernel. 

Finally, we combined all the features for all three models and measured the classification 

process. For this experiment, due to time and memory complexity problems, we could not 

perform a grid search experiment to detect the best parameters. Instead we selected the best 

parameters from the previous experiments 

5.4 Results 

In total, 8 different feature sets were used to evaluate each one of the 4 classifiers that was 

selected. Each classifier was investigated both on a 1-5 scale and on a binary scale.  

On the 1-5 scale classification task, all classifiers had comparable results with an f-measure of 

close to 0.6 which is almost as good as literature. The best results were achieved by the BOW 

model of feature extraction with the two other models way behind. While the best 

classification was achieved by SVM with an RBF kernel, as we can see in Table 6, Maximum 

Entropy managed to have good results with any set of features that was given to it [Table 4]. 
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Table 3 Precision, Recall and F-Measure for MultinomialNB classifier on all feature sets on ratings scale 

classification 

 

 
Table 4 Precision, Recall and F-Measure for Maximum Entropy classifier on all feature sets on ratings scale 

classification 

 

 
Table 5 Precision, Recall and F-Measure for SVM classifier with linear kernel on all feature sets on ratings 

scale classification 
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Table 6 Precision, Recall and F-Measure for SVM  classifier with an RBF kernel on all feature sets on 

ratings scale classification 

In Table 3 we can see that multinomialNB had the worst result when trained with the 

concatenation of all the features. 

On Table 7 are presented the precision, recall and F-measure for the Multinomial Naïve 

Bayes classifier per feature set, using the best found parameters on the binary classification 

task. We can see that NB performed better using the BOW features than either the Doc2Vec 

or the SentiWordNet features. While using the features from the review text in conjunction 

with the features from the title, didn‘t benefit in comparison to using only the features of the 

text, using the title features alone couldn‘t come up to par for the BOW model. The 

SentiWordNet model managed a better performance with the review text features, than the 

title features. This model, using the title features had a very low recall score (0.398) which 

would suggest that is very low variance in the feature values. On the other hand, NB was the 

only classifier where using the Doc2Vec model on title features had a better F-measure than 

on review text features. 

 

Table 7 Precision, Recall and F-Measure for MultinomialNB classifier on all feature sets on binary 

classification 

By comparing the results in Table 7 through Table 10, all classifiers achieved their best when 

all features were concatenated. The best features were contributed by the BOW model, while 

the worst were contributed by SentiWordNet. 
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Table 8 Precision, Recall and F-Measure for Maximum Entropy classifier on all feature sets on binary 

classification 

 

Table 9 Precision, Recall and F-Measure for SVM classifier with linear kernel on all feature sets on binary 

classification 

 

 

Table 10 Precision, Recall and F-Measure for SVM  classifier with an RBF kernel on all feature sets on 

binary classification 

The best overall performance was achieved by Support Vector Machines using a linear kernel. 

 

5.4.1 SentiWordNet Model 

The model we implemented using SentiWordNet, calculates a positive, objective and negative 

score for each token encountered in the corpus, by averaging the values of all synsets in 
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SentiWordNet that have the same text representation. Tokens that are used after a negation 

have their polarity reversed. In order to anticipate unknown tokens, a fourth value was added, 

denoting unknown sentiment, and a fifth where we calculated the difference between positive 

and negative sentiment. Since a token would not pass it‘s sentiment in another sentence, we 

first split each review in sentences. For each sentence we form a vector as in a BOW model. 

We aggregated the sentence sentiment by calculating the dot product of the sentiment matrix 

with the sentence vector. In order to aggregate at the review level, we calculated the mean of 

each feature for the sentences used. This process adds five features for every review, a 

positive sentiment value, an objective value, a negative sentiment value, an unknown word 

binary value and the difference between positive and sentiment value.  

In Table 11 we present the precision, recall and f-measure achieved by all four of the 

classifiers selected. Each classifier was trained and tested using a count vector, a term 

frequency vector and a TFIDF vector. Although the sentiment in every sentence should not be 

influenced by the frequency each token appears in the corpus, it is interesting to note that all 

classifiers had very good results with the TFIDF vectors, especially on the review text. When 

the results were converted from a scale of 1-5 into a positive-negative scale, all classifiers in 

all feature sets except SVM-RBF yield the best result for TFIDF vectors as we can see in 

Table 12. 

 

Table 11 Precision, Recall and F-Measure by all classifiers on a ratings scale 

 

Table 12 Precision, Recall and F-Measure by all classifiers on a ratings scale converted to binary scale 

The same experiments were conducted with the same setup but the review target classification 

was converted to a positive-negative scale. As we can see in Table 13, the results achieved by 

this method are very low. 
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Table 13 Precision, Recall and F-Measure by all classifiers on a binary scale classification 

As already explained, the model implemented is very simple and that would explain the very 

low results compared to the other models. The main reason for its implementation is to test if 

these five features can help one of the other models to improve. 

 

5.4.2 Word2Vec Model 

 

It is our understanding that the dimensions of the vectors representing the dictionary words, 

can be perceived as hidden aspects of each word's sentiment. In our model we create a 

dictionary for each word used in the corpus. In order to train the CBOW model, a sequence of 

sentences is expected, so the reviews were split into sentences before they were fed to the 

word2vec model. For each token in the review corpus, a vector was calculated from word2vec 

creating a matrix with dimensions number of unique tokens by number of aspects. We then 

normalize each aspect in the range of 0 to 1. For each review we create the term frequency 

vector which of course has a dimension of number of unique tokens. By calculating the dot 

product of the vector with the matrix, we have a vector representing the percentage of each 

hidden aspect in the review. 

All classifiers were investigated using a grid search to detect the optimal number of hidden 

aspects. The optimal number of hidden aspects is the number of aspects that achieve the best 

f-measure score in classifying the aggregated document vectors. In Table 14, the optimal 

number of hidden aspects for every classifier are presented, together with the f-measure score 

that they achieved in a 5 class scale, while in Table 15 the optimal number of hidden aspects 

are presented for a binary scale classification. 
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Table 14 Best F-Measure for each classifier and number of hidden attributes for each classifier on a five 

class scale 

 

Table 15 Best F-Measure for each classifier and number of hidden attributes for each classifier on a binary 

scale 

As we can see, on title features, all classifiers achieved better classification using non-

lemmatized words, while lemmatization seem the way to go when the whole review is given 

to the feature extractor when predicting 5 classes. When predicting only positive and negative 

reviews, lemmatization seems to only affect the number of hidden aspects that achieve the 

best result. In general, this model of extracting features was inferior to the BOW model, 

which would suggest that a lot of sentiment information is lost either while extracting the 

word vectors, either when aggregating the document vectors. 

MultinomialNB performed the worst from all classifiers, especially on the 5 classes task, 

while the others were more or less on the same level. That would suggest that perhaps another 

variation of Naïve Bayes might be better suited for this set of tasks. 
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In Table 16 through 18, we have plotted the precision, recall and f-measure achieved for 

every classifier over the number of hidden aspects used for vectors, for vectors using the 

review text and title and for the 5 class scale and binary classification tasks. 

 
Table 16 Precision, Recall and F-Measure over number of hidden aspects when trained from review titles on 

a five ratings scale 
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Table 17 Precision, Recall and F-Measure over number of hidden aspects when trained from lemmatized 

review titles on a five ratings scale 



 

36 

 

 
Table 18 Precision, Recall and F-Measure over number of hidden aspects when trained from review text on 

a five ratings scale 
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Table 19 Precision, Recall and F-Measure over number of hidden aspects when trained from lemmatized 

review text on a five ratings scale 
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Table 20 Precision, Recall and F-Measure over number of hidden aspects when trained from review titles on 

a binary scale 
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Table 21 Precision, Recall and F-Measure over number of hidden aspects when trained from lemmatized 

review titles on a binary scale 
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Table 22 Precision, Recall and F-Measure over number of hidden aspects when trained from review text on 

a binary scale 
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Table 23 Precision, Recall and F-Measure over number of hidden aspects when trained from lemmatized 

review text on a binary scale 
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5.4.3 Bag of Words Model 

The BOW model achieved in general the best classification results when used on its own. We 

performed an extensive grid search over all feature extraction parameters for each of the 

classifiers. All of the classifiers performed their best on both the 5 class and the binary 

classification tasks when both the title and review text features were extracted. On Table 24 

we present the precision, recall and f-measure for the parameters with the best f-measure for 

each of the tasks over each of the feature sets used with MultinomialNB.  

The equivalent information is presented in Table 25 for Maximum Entropy, in Table 26 for 

SVM with a linear kernel and in Table 27 for SVM with an RBF kernel. 

 

 

Table 24 Best Precision, Recall and F-Measure per feature set and classification scale for MultinomialNB 

 

 

 

Table 25 Best Precision, Recall and F-Measure per feature set and classification scale for Maximum 

Entropy 
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Table 26 Best Precision, Recall and F-Measure per feature set and classification scale for SVM with linear 

kernel 

 

 

Table 27 Best Precision, Recall and F-Measure per feature set and classification scale for SVM with an RBF 

kernel 

 

 

Table 28 Parameters used for feature extraction in BOW model 
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For each classifier, the best parameters of feature extraction were different. The parameters 

that were used for this model to extract features and how they are denoted in the result tables, 

are presented in Table 28 

The 10 best and 10 worst parameter combinations for each classifier on 5 class classification 

and binary classification for title vectors and review text vectors, are presented in Table 29 

through Table 44.  

For both the probabilistic classifiers, on title vectors for 5 class classification, best 

performance is achieved when using unigrams to construct TF*IDF vectors, with a 

logarithmic normalization. Terms that appear in more than 20% of the documents, don‘t have 

any important impact on the classification process. Also, both classifiers have the worst 

results when bigrams and trigrams are added to the vectors and there is no normalization. 

SVM‘s with either kernel, also perform their best using unigrams, on title vectors for 5 class 

classification. Normalization of the vectors is important for SVM‘s too, but other parameters 

don‘t seem to affect the process. 

When classifying using the review text, vectors containing the existence information of 

unigrams and bigrams logarithmically normalized, had the best performance for all classifiers. 

L1 normalization without using IDF gave the worst results for the two probabilistic classifiers 

and for SVM with a linear kernel.  

SVM with an RBF kernel using unigrams and bigrams TF*IDF vectors had the best f-measure 

overall when the vectors were logarithmically normalized and the worst f-measure overall 

when the vectors were not normalized, which would suggest that normalization is the most 

important factor for good classification results. 

The parameters that, were beneficial or detrimental for the classifiers, on the task of binary 

classification, are different than on the task of 5 ratings classification. 

For multinomialNB, using counts of bigrams appearing in titles produces better results and l1 

normalization of the vectors is more detrimental than not normalizing them. Vectors of review 

text, do not benefit as much from logarithmic normalization, while normalizing to 1 has an 

even more detrimental effect. 

For Maximum Entropy, while not normalizing title vectors was detrimental in 5 class 

classification, for binary classification it is beneficial and instead of the best performance 

being achieved by logarithmically normalized review text vectors, not normalizing them 

performs better on binary classification. 
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Table 29 Best and worst parameters for feature extraction from titles in a BOW model for MultinomialNB 

in a 5 class scale 

 

 

Table 30 Best and worst parameters for feature extraction from review text in a BOW model for 

MultinomialNB in a 5 class scale 
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Table 31 Best and worst parameters for feature extraction from titles in a BOW model for Maximum 

Entropy in a 5 class scale 

 

 

Table 32 Best and worst parameters for feature extraction from review text in a BOW model for Maximum 

Entropy in a 5 class scale 
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Table 33 Best and worst parameters for feature extraction from titles in a BOW model for SVM with a 

linear kernel in a 5 class scale 

 

 

Table 34 Best and worst parameters for feature extraction from review text in a BOW model for SVM with 

a linear kernel in a 5 class scale 
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Table 35 Best and worst parameters for feature extraction from titles in a BOW model for SVM with an 

RBF kernel in a 5 class scale 

 

 

Table 36 Best and worst parameters for feature extraction from review text in a BOW model for SVM with 

an RBF kernel in a 5 class scale 
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Table 37 Best and worst parameters for feature extraction from titles in a BOW model for MultinomialNB 

in a binary scale 

 

 

Table 38 Best and worst parameters for feature extraction from review text in a BOW model for 

MultinomialNB in a binary scale 
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Table 39 Best and worst parameters for feature extraction from titles in a BOW model for Maximum 

Entropy in a binary scale 

 

 

Table 40 Best and worst parameters for feature extraction from review text in a BOW model for Maximum 

Entropy in a binary scale 
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Table 41 Best and worst parameters for feature extraction from titles in a BOW model for SVM with a 

linear kernel in a binary scale 

 

 

Table 42 Best and worst parameters for feature extraction from review text in a BOW model for SVM with 

a linear kernel in a binary scale 
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Table 43 Best and worst parameters for feature extraction from titles in a BOW model for SVM with an 

RBF kernel in a binary scale 

 

 

Table 44 Best and worst parameters for feature extraction from review text in a BOW model for SVM with 

an RBF kernel in a binary scale 
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SVM classifiers still need the same normalizations to achieve their best binary classification, 

but extra information from bigrams and trigrams, even from title vectors, seems beneficial. 

Combining the vectors of review titles and text benefited all classifiers. The extraction 

process of the vectors for each classifier was performed with the best achieving parameters 

for the particular classifier. The classifier that most benefitted from the combined vectors was 

SVM with an RBF kernel. 

5.4.4 Mixed Model 

The fact that our classifiers benefited from the use of features extracted separately from the 

review title and text, urged us to try combining the BOW features with the features extracted 

with the other models. For each classifier, the best performing features from each model were 

selected and combined. As we have already seen in Table 7 through Table 10 all classifiers 

managed better f-measure scores when trained and tested with the combined features of all the 

models. The problem with the mixed method is that all the feature extraction models must be 

trained separately, which is a time-consuming process, and all the models must be kept in 

memory, which demands a lot of memory, since multiple copies of the dictionaries have to be 

stored. 

5.5 Synopsis 

Throughout this thesis we have shown that classifying text extracted from online hotel 

reviews is a feasible process. While lexicon based approaches have been reported to perform 

well, our SentiWordNet model didn‘t manage to perform very well. We consider the 

possibility that the method that was employed to aggregate sentiment to the document level 

might have been inappropriate. Also, our model could have extracted more features by using 

part-of-speech tags. On the other hand, document level aggregation of feature vectors 

extracted with Word2Vec, in out Doc2Vec model, performed well enough and up to par with 

models encountered in the literature about sentiment analysis on hotel reviews. We were 

pleasantly surprised with the performance of the BOW model; not only did it perform the best 

out of the other models, the f-measure score that was achieved appears too good to be true. By 

combining the features of all the models that were used, we managed to benefit all classifiers. 
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6    

Technical Details 

In order to help the reader understand a little bit more the tasks that we have undertaken, we 

will present a few details on the implementation steps that were completed. While sentiment 

analysis is not very demanding on time constraints, all text classification tasks can take o very 

long time. A modern system has o lot of computational power and vast amounts of RAM, but 

many processes a time consuming and text representation can become cumbersome. 

6.1 Implementation Details 

Sentiment analysis is one of the hot topics in machine learning nowadays. A lot of tools are 

developed from and for researchers to help perform all manner of natural language 

processing. Also, many machine learning algorithms are implemented for almost all 

programming environments. Our first task was to detect as many of them as possible and 

decide which ones were better suited for us. 

6.1.1 Platform and Programming Tools 

We decided that the environment that better suited us is the Python programming language. 

Python is a simple yet powerful programming language with excellent functionality for 

processing linguistic data. Python has a shallow learning curve, its syntax and semantics are 

transparent, and it has good string-handling functionality. As an interpreted language, Python 

facilitates interactive exploration. It is an object-oriented language and permits data and 
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methods to be encapsulated and re-used easily. As a dynamic language, Python permits 

attributes to be added to objects on the fly, and permits variables to be typed dynamically, 

facilitating rapid development. Python comes with an extensive standard library, including 

components for graphical programming, numerical processing, and web connectivity. Python 

is heavily used in industry, scientific research, and education around the world and is often 

praised for the way it facilitates productivity, quality, and maintainability of software. There 

is a multitude of libraries for natural language processing and machine learning. The 

PyCharm programming environment was used for coding and running the scripts. The library 

that was used for preprocessing the text was NLTK 3.0 for tokenization and sentence 

segmentation.  

NLTK defines an infrastructure that can be used to build NLP programs in Python. It provides 

basic classes for representing data relevant to natural language processing; standard interfaces 

for performing tasks such as part-of-speech tagging, syntactic parsing, and text classification; 

and standard implementations for each task which can be combined to solve complex 

problems. NLTK comes with extensive documentation. The website provides API 

documentation that covers every module, class and function in the toolkit, specifying 

parameters and giving examples of usage. More concise and to the point is the online book. 

Following the book, one can learn both basic Python programming and basic Natural 

Language Processing. 

NTLK offers bindings to the WordNet and SentiWordNet lexicons which were used for 

creating a sentiment aware dictionary. Spell checking was implemented with Enchant, using 

the en-us lexicon. The data were stored in Numpy and Scipy Sparse arrays. The classification 

algorithms that we used were from Scikit‘s Sklearn library. Graphs were drawn using 

Matplotlib. For downloading the data from TripAdvisor, we implemented a system using 

urllib2 and BeautifulSoup. 

The hardware that we had at our disposal was a two core personal computer with 8GB of 

RAM. On that we had a  Linux Mint 17 installation using an xfce graphical environment. 

6.1.2 Data Representation 

One of the biggest challenges for our system was the memory footprint of the models. All of 

the models need to maintain a dictionary of all tokens encountered during the training stage. 

The spell check preprocessing stage maintains a dictionary with all proposed replacements. 

The TF*IDF model maintains counts of terms per document in order to calculate IDF. The 

sentimental lexicon model is of course a dictionary where sentiment information about all 

tokens is stored. The Doc2Vec also maintains a dictionary with the representation of hidden 
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aspects for every term encountered in the corpus. The classifiers also maintain information 

about the features. Naïve bayes would store prior probabilities about all features in the corpus. 

The number of features extracted from the 10000 review corpus reached 13000 unique 

unigrams, and 675000 bigrams and trigrams that appear at most in 20% of the documents. 

Most of the values in these huge vectors are comprised of 0s. In order to make the models 

viable for a machine with only 8GB of RAM, sparse representations of data were chosen, 

where only the non zero values in an array are stored. Because of the overhead, only arrays 

with a degree of sparseness more than 70% can conserve memory this way.  
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7    

Conclusions 

To recapitulate, this thesis investigated the usage of machine learning algorithms on the task 

of extracting the sentiment orientation of hotel reviews found online. 

7.1 Synopsis and Conclusions 

We implemented different models of feature extraction and investigated the potency of 

information that features extracted by them have on classifying text reviews. We performed 

grid search experiments in defining the parameters of these feature extraction methods in 

order for them to yield the best possible features for the task at hand. We compared 

classification results of 4 algorithms on the feature extraction methods. With the exception of 

multinomial Naïve Bayes being a poor fit for the SentiWordNet model, the classifiers had 

comparable results on the same features. The differentiating factor of the classification 

process was the quality of the features inputted to the algorithms. The f-measure of the binary 

classification task, surpassed 90% and therefore we conclude that binary classification of text 

reviews based on the general sentiment transferred is feasible. On the task of classifying the 

reviews in a 1-5 scale, f-measure barely reached 60%, therefore the feature extracting 

methods have room for improvement.  
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7.2 Future Work 

The dataset that we had to work with also included information about predefined aspects of 

the hotel experience that the visitors could grade, for example the satisfaction about the 

hotel‘s location, or the satisfaction from the hotel staff. It is our intention to further investigate 

on models that can encapsulate the specificity of this information and create a system that can 

detect sentiment orientation on a pre aspect basis.  
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