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Abstract 

 

With the widespread popularity of World Wide Web, increasing number of people are active on 

social media and websites to post their opinions towards products or special events or to make 

decisions based on the opinions and experiences of people on social media. These Online 

opinions are unstructured or structured textual data containing insignificant as well as significant 

information which has attracted attention of researchers to extract knowledge from such textual 

data. Opinion mining and Natural Language Processing (NLP) techniques help to find 

information through the huge number of reviews in the form of unstructured comments. In this 

research a model is proposed for classification of online user’s feedback and opinions to improve 

the accuracy and precision of the classification in comparison to the existing research on the 

same dataset. More-precisely, in this research, Natural Language Processing (NLP) techniques as 

well as various supervised machine learning techniques are used to classify users’ opinions. The 

performances of all the classifiers are evaluated to find the best performance. The data set 

contains 689 comments extracted from the users' comments from Amazon.com, collected and 

annotated by Minqing Hu and Bing Liu. The selected comments are about the product 

“Speakers” on Amazon.com. Each comment is written by one user and it has a certain label that 

shows the author's desire to comment. This label can be classified as "positive", "negative" or 

"neutral". The data is provided in the form of XML file, a semi-structured format. The opinions 

are processed using natural language processing techniques, for instance by removing 

punctuations, removing URLs, removing numbers, removing spaces, removing stop-words, and 

their features are extracted using natural language processing techniques, for example, Word 

Tokenization, Stemming and Bag of words and Bag of N-grams and Term Frequency-Inverse 
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Document Frequency (TF_IDF).  The proposed method was implemented using Python 

programming language and Natural Language Toolkit (NLTK) and other libraries in python. The 

proposed model gave a peak of 88% precision by Random Forest with 140 trees and bigram 

feature space. Also, Random Forest, Gradient Boosting, Artificial Neutral Network, and SVM 

gave 87% precision for trigram feature space. 

 

Keywords 

Data Mining, Opinion Mining, Natural Language Processing (NLP), Data pre-processing, Word 

Tokenization, Stemming, Term Frequency-Inverse Document Frequency,  Supervised Machine 

Learning, Random Forest, Gradient Boosting, decision trees, SVMs, Gini-Index, Artificial 

Neural Network 
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Preface 

 

In most social networks, it is possible to create comments about goods, services, etc. It is 

important for a social network or website to provide its services in accordance with the interests 

of users. So user feedback is very important, because these ideas are directly effective in 

providing the right services. Therefore, analyzing customer feedback to extract valuable 

information is one of the most important and challenging issues. To analyze this vast and non-

structured information, the field of Opinion Mining, which is a special type of Data Mining, is 

proposed. Opinion Mining means that users' opinions can be attributed to a positive or negative 

category. Their features are used for summarizing and extracting hidden valuable information.  
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Chapter 1 

Introduction 

 

1.1 Objectives of research 

 

For a social network, websites, articles, service reviews and online stores providing facilities 

according to user’s interest is an important issue. For the owners of these web pages and social 

networks, users’ opinion is very important. Because the analysis of these opinions can help the 

managers provide suitable facilities, and improve future performances which can increase the 

users’ satisfaction. However, the volume of users’ comments is increasing and the manual 

analysis of these opinions is very difficult [Hemmatian & Sohrabi, 2017]. As a result, 

recommending a suitable method which can improve the accuracy of classification for analyzing 

the increasing amount of user’s opinions is essential. Furthermore, the analysis of users’ opinion 

by humans need much time and it can be very costly, because of these reasons there is a need for 

a new, effective and automatic method which can search a large amount of user’s opinions every 

day. In this research, a suitable solution is recommended to solve this problem.  

Goals of this research are listed below 

 Recommending a suitable method for analysis of online user‘s opinions. 

 Try to increase accuracy of classification of online user‘s opinions using recommended 

method. 
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1.2    Data-Mining Concept 

The process of performing a computer-based methodology which includes new techniques to 

extract useful knowledge from data is called data mining. Data mining is the search for novel, 

noteworthy, and nontrivial information in huge volumes of data. The progress in modern 

technologies of computers, including data acquisition, storage technology and processing a huge 

amount of data, along with limited capabilities of humans in analyzing big databases have 

attracted scientists and researchers to search about extracting useful and hidden knowledge from 

huge data sets [Kantardzic , 2003 & 2011]. 

Because of growth in size and complexity of data sets, appropriate and sophisticated tools 

are needed to analyze the available data and achieve the knowledge [Kantardzic, 2003 & 2011]. 

Extracting valuable information from the mass of data and using it for organizational purposes 

needs advanced methods. These interests in finding the hidden knowledge from the data have 

been the cause in advances in data mining [Shahbaz, Masood, Shaheen & Khan, 2010]. 

1.3      Data Mining Process 

Generally, data-mining problems have the following steps, namely stating the problem and 

making hypothesis, collecting the data, preprocessing the data, making the model and estimating 

the model. In Data Collection Stage, useful data are collected and stored. Data are usually 

collected from the existing databases, data warehouses. The old stored data is the only source of 

information to start the whole data mining process and therefore suggest the results according to 

the latest data. In data preprocessing stage, scaling, encoding, and selecting features, dimension 

reduction is done.  
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In the model manufacturing stage, a successful learning Process from the extracted or collected 

data is performed to develop an appropriate model. The model evaluation stage allows the 

developed data mining models to be evaluated. Finally, the results of the data mining process are 

used to optimize the system, gain knowledge about the system, or predict its behavior. Figure 1.1 

shows that in a data mining process, the problem is first defined, and then the data is collected. 

This data is pre-processed and based on it, a model is created. Finally, this model is evaluated 

[Kantardzic, 2003 & 2011]. 

 

Figure 1.1: Data-mining process [Kantardzic, 2003 & 2011] 
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1.4       Opinion Mining 

People’s opinions have always been an important piece of information for the decision-making 

process. For instance, in the past, traditionally people asked their friends’ views about products 

before shopping. But now with the widespread use of World Wide Web, increasing number of 

people make decisions based on the opinions and experiences of people via internet. According 

to two surveys, 81 percent of the Internet users (or 60 percent of Americans) have done online 

research about a product [Kantardzic, 2003 & 2011]. So, one of the most important factors in the 

success of services is the review of user feedback. Today, high percent of knowledge is stored in 

text, documents, and other media forms such as video and audio [Kantardzic, 2003 & 2011].  

            An illustrative example is given in Figure 1.2, where we can see a dramatic increase in 

Internet hosts from 1993 to 2017 then a little decrease from 2017 to 2019. 

 

[Source: https://www.statista.com/statistics/264473/number-of-internet-hosts-in-the-domain-name-

system/] 

Figure 1.2: Growth of Internet hosts 

https://www.statista.com/statistics/264473/number-of-internet-hosts-in-the-domain-name-system/
https://www.statista.com/statistics/264473/number-of-internet-hosts-in-the-domain-name-system/
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If we look at these documents from the perspective of computer science, they all are unstructured 

[Pang & Lee, 2008]. Therefore, opinion mining technologies are needed for extracting opinions 

from the unstructured document. Other names of opinion mining are analysis of opinion, opinion 

classification, and sentiment analysis [Pang & Lee, 2008].  

Opinion mining attracted attention of researchers due to its applications in different 

fields. Collecting opinions of people about products, social, political events and problems 

through the Web is becoming increasingly popular. Users' feedback is useful for the public and 

for companies when they need to make important decisions. Opinion mining is a way to find 

information through search engines, Web blogs and social networks. Because of the huge 

number of reviews in the form of unstructured comments, it is unattainable to summarize the 

huge amount of information manually. Accordingly, efficient computational techniques are 

needed for mining and summarizing the unstructured reviews from data sets and Web documents 

[Khan, Baharudin & Ullah, 2014]. 

1.4.1 Natural Language Processing 

Natural Language Processing consists of different tasks such as text and speech processing, 

morphological analysis, syntactic analysis, lexical semantics, and relational semantics. The 

techniques used in this research consist of removing punctuations, stop-words, Word 

Tokenization, Stemming and Term Frequency-Inverse Document Frequency (TF_IDF). These 

techniques are used to preprocess the textual data to extract the features from the dataset.  
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1.5 Categorizing machine learning techniques towards opinion classification 

Several approaches have been used for opinion classification. These approaches can be divided 

into two main categories: supervised and unsupervised approaches. The semi-supervised 

approach, however, have also been used by some researchers.  

1.5.1 Supervised learning methods 

The supervised learning methods need the data set which is manually labeled. In this approach, a 

machine-learning model is trained on that data set to classify opinions. Supervised techniques 

lead to good results for feature extraction, but it needs the preparation of training sets manually, 

which can be time consuming and sometimes it is dependent on the domain. The most widely 

used supervised techniques are support vector machine (SVM), decision trees, Random Forest, 

K-nearest neighbor (KNN), neural network, and Naı¨ve Bayesian classifiers.  

 

1.5.2 Unsupervised learning methods 

In contrast to supervised learning methods, unsupervised techniques do not need the labeled data, 

and they automatically predict product features based on syntactic patterns and semantic 

correlation of an area to extract product features from opinions [Khan, Baharudin & Ullah, 

2014]. One popular example of unsupervised learning algorithm is k-means for clustering 

analysis. Figure 1.3 shows an example of supervised and unsupervised learning. 
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[Source: https://developer.ibm.com/articles/cc-models-machine-learning/] 

Figure 1.3: supervised and unsupervised learning  

 

1.6 Structure of the thesis 

After stating the generalities of the research topic in Chapter 1, Chapter 2 covers literature survey 

of opinion mining and techniques. Chapter 3 covers methods and materials used for opinion 

mining. Data used in the research, preprocessing of the data, methods used for opinion mining is 

discussed in this chapter. Chapter 4 presents the results and discussion of the performance of the 

classifiers. Chapter 5 concludes the research and discusses the findings and future work. 

 

 

  

https://developer.ibm.com/articles/cc-models-machine-learning/
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Chapter 2 

Literature Review 

 

2.1 Introduction 

This chapter provides a review of literature on opinion mining, advantages and drawbacks of the 

used methods. Furthermore, a brief overview of all techniques in this area is summarized. 

2.2 Related Work 

On the Internet, we deal with a mass volume of data which is not structured, or is semi-

structured. For example: feedback from surveys, complaints sent via email, comments about 

products on the different websites. These comments are available in various forms on different 

sites, they can be found on commercial sites selling products (such as Amazon) with full 

descriptions and professional comment sites (such as www.zdnet .com, www.dpreview.com, and 

www.cnet.com), YouTube, and social media [Chaovalit& Zhou, 2005]. These comments are 

usually in unstructured form. Therefore, to study them, a set of methods is needed to deal with 

them efficiently. To analyze users' opinions, there are different tools and methods from a various 

set of disciplines: 

• Machine learning approach 

• Linguistic approach 

• Semantic approach 
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Chaovalitand & Zhou, 2005 used semantic approach for idea mining. In this paper, reviews were 

tagged and then the two-word phrases which have a certain patterns based on parts-of speech are 

selected; these words can be placed in 5 possible states. Then these phrases are scored based on 

special formula. If the value of phrases is negative, it is known as a negative opinion and if the 

value of phrases is positive, it is known as a positive opinion. Moreover, one comparison was 

done between semantic approach and machine learning approach and it is shown that machine 

learning approach is more accurate than semantic approach but more time is needed to train the 

model [Chaovalitand & Zhou, 2005].  

To understand better challenges and available solutions for mining online users ‘opinions, 

various machine learning methods are analyzed by Hemmatian & Sohrabi in 2017 and benefits 

and drawbacks of each are presented as: 1- Supervised machine learning methods are slow; 2- 

they are very dependent on tagged training samples so they have relatively low efficiency (they 

are slow on training but fast on testing); 3- they need human participation and linguist 

knowledge; 4- they are costly. But supervised techniques have very high accuracy for 

classification; it has the ability to categorize numerous categories, shows good performance 

against noise in data [Hemmatian & Sohrabi in 2017]. They have effectiveness in the discovery 

of subject of the issue. In the semantic approaches, lexicon-based approaches have relatively low 

accuracy and are unable to find the opinion of the words which have the specific content and are 

not in the lexicon. On the other hand, they have some benefits for example, easy access to words 

lexicon and their orientation, and executing them is very fast [Hemmatian & Sohrabi, 2017]. In 

recent years, a new classification method, called forest rotation has been proposed [Rodrı´guez & 

Kuncheva, 2006]. Combining categories is currently an active area of research in machine 

learning and pattern recognition. Many theoretical and empirical studies have been published 
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that show the advantages of hybrid models over individual classification models (such as support 

vector machines) [Rodrıguez & Kuncheva].  

Keshwani, Agarwal & Kumar,  2018 analyzed user’s opinions with machine learning 

methods, especially Neural Networks to predict the trend of stock market for the gold, silver and 

crude oil. For example, the text "the Price of Gold will rise again" is given as an input to the 

proposed model. In the first step, after breaking the text into words and stemming them, the 

sentence is transformed to the set of words “Price”, “of”, “Gold”, “will”, “rise”, “again”  and 

they are identified as noun (NN, it represents noun, singular) verb (VB), Preposition or 

subordinating conjunction (IN), adverb (RB). 

 (‘Price’, ‘NN’), (‘of”, ‘IN’), (‘Gold’, ‘NN’), (‘will’, ‘VB’), (‘rise’, ‘VB’), (‘again’, ‘RB’) 

In the second step, positive and negative scores are calculated. In the last step, the neural 

network is trained and predicts future prices [Keshwani, Agarwal & Kumar, 2018]. The problem 

of this method is that when there is a noise in data, it does not have good performance.  

Bertola and Patti, 2015 applied sentiment analysis on the visitors’ comments about online 

art gallery and they used tools and methods from a set of disciplines such as Semantic web, 

Social Web, and Natural Language Processing which have some rules. They created a social 

space that organizes art works based on users’ feedbacks so that users were effective and 

involved in creating a semantic space to recognize opinions. The output of this work is an 

effective classification model for identifying comments. In short, a tagged database was given to 

the model and the relationship between tags and comments was explored using a combination of 

Semantic Web methods and Natural Language Processing and lexicon resources. The proposed 
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model was evaluated using a dataset of tagged multimedia artwork which was tagged and was 

for different artworks [Bertola & Patti, 2015].  

The combination of classifiers is now an active area of research in machine learning and 

pattern recognition [Lasota, Luczak & Trawiński, 2012; Rodrıguez & Kuncheva, 2006]. Many 

theoretical and experimental studies having been published show the advantages of combination 

of them over individual classifiers (e.g. SVM). Many researchers have tried to design the 

systems which have multiple classifiers based on the same classifier model but they are trained 

on various data subsets or feature subsets. Such combined classifiers are named classifier 

ensembles. In recent years, a new classifier ensemble method which is called Rotation Forest has 

been proposed. It applies PCA in order to rotate the original feature axes to have various training 

set for learning classifier [Lasota, Luczak & Trawiński, 2012; Rodrıguez & Kuncheva, 2006]. 

The idea of the rotation approach is to have accuracy and variety in our categories at the same 

time. Diversity is achieved by extracting features from each of classifiers. Decision trees were 

chosen because they are sensitive to the rotation of the feature axes. Furthermore, the accuracy 

was improved while maintaining all the main components and using all the samples to teach each 

of the classifier [Rodrıguez & Kuncheva, 2006].  

Two of the most popular effective methods in ensemble models are Bagging and Random 

Forest. Bagging was first introduced by Breiman in 1996. It has relatively a simple algorithm but 

has very good performance. Bagging is based on bootstrap selection. In fact, the training data 

with replacements from original dataset is given to each individual learner. Some instances can 

be represented multiple times [Lasota1, Luczak & Trawi´nski, 2012]  so its disadvantage is that 

the classifier trained on training set having repeated instance may obtain a higher error in test 
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time than the classifier using all of the data. However, when classifiers are combined, they 

produce lower error on test data than the individual classifiers; the diversity among these 

classifiers can compensate for the increase in the amount of error in any individual classifier 

[Poria ,Cambria & Gelbukh, 2016]. Then individual learners are combined using an algebraic 

expression, for instance, minimum, maximum, sum, mean, product, median, etc. When each 

individual learner has learnt from the samples of bootstrap, individual classifiers in bagging 

ensemble shows relatively high accuracy in classification. Only thing that brings diversity into 

ensemble learning approaches is the amount of varied data in training dataset. The classifiers 

used in Bagging are sensitive to small changes in data but the bootstrap sampling leads to 

ensembles with low diversity compared to other ensemble creating methods. Hence, Bagging 

needs larger ensemble sizes to perform well [Lasota1, Luczak, and Trawi´nski, 2012].  

To increase diversity, another method of ensemble learning Random Forest was 

suggested by Breiman [Rodriguez & Kuncheva, 2006; Breiman, 1996 & 2001]. Rodriguez and 

Kuncheva in their paper showed that Rotation Forest is similar to Bagging but Rotation Forest is 

slightly more accurate and slightly more diverse than Bagging [Rodriguez & Kuncheva, 2006; 

Breiman, 1996 & 2001].  

Kouloumpiz et al., 2011 performed opinion mining on Twitter messages using 

hashtagged dataset (HASH) which is a subset of Edinburgh Twitter corpus. They use three 

different corpuses of Twitter messages in their experiment. To train the model they used 

Edinburgh Twitter corpus and EMOT corpus (emoticon dataset) and to test it they used ISIEVE 

dataset. In this article, tweets were divided into three categories: positive, negative and neutral. 

Initially, the data was pre-processed, consisting of three steps: 1- Tokenization 2- normalization 
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3- Part-of speech tagging (POS). In the normalization stage, the abbreviations were found and 

replaced with the correct meaning. For instance, “BRB“is replaced with”be right back”. 4- All 

capital words are made into lower case. The advantage of normalization is that it improves the 

labeling performance of POS. A variety of features were used, for example, unigram, bigram, 

lexicon and POS features. Tweets were categorized into three categories: positive, negative, and 

neutral. Furthermore, they used AdaBoost ensemble learning. The benefits of their model were 

that useful features were extracted and ensemble learning was used, but extracting all useful 

features required more time.  

Abbasi et al., 2008 implemented opinion mining for Internet forums and blogs. The 

language  used in forums and blogs can be in different languages or can be slang and contrary to 

grammar. These messages became logical messages with two types of features extracted from 

them: 1- Features based on Lexicon resources, the words in database were labelled positive, 

negative and neutral, 2-Features based on speech components. The number of speech 

components, nouns, verbs, pronouns, adverbs, etc. was counted in each message. Then the 

features were reduced and selected automatically. Support Vector Machine (SVM) was used for 

classification. Selecting features and reducing the dimensions lead to increase in the performance 

of the classification. But the disadvantage of the proposed method in this paper was that it was 

not able to identify some words in different languages [Abbasi, Chen & Salem, 2008].  

Severyn and Moschitti in 2015 did opinion mining for YouTube in three stages: 1- the 

classifiers that predict the type and polarity of the comment were modeled, while distinguishing 

whether the polarity was related to the products or the videos; 2- Proposed a structural model that 

adapts well when tested with domains; and 3- evaluating the effectiveness of the proposed model 
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on two languages, English and Italian. Tree kernels were used to better extract features. The 

proposed structure was compared with bag of words (BOW) models with the same domain. The 

results showed that when available data was more than 4k or even when available data was 

limited, the proposed structural model performed well [Severyn & Moschitti, 2015].  

Poria, Cambria and Gelbukh, 2016 used a 7-layer deep Convolutional Neural Network to 

examine all aspects of a text or idea and they examined the emotions. Moreover, a set of 

linguistic patterns were combined with the neural network [Severyn, & Moschitti, 2015]. The 

results showed better accuracy in classification than the state-of-the-art methods, but the 

combination of speech patterns with the deep neural networks to improve the diagnostic pattern 

increased the complexity and time.  

Huang et al., 2008, used apriority algorithm for the classification of opinions where each 

opinion was considered as a transaction. In this study, the numbers 0, 1 and 2 indicated positive, 

negative and neutral comments, respectively. For positive and negative comments, the 

classification accuracy of this algorithm was high, however, for neutral comments it failed to 

increase the classification accuracy. Nakov, Rosenthal, Kiritchenko, Mohammad, Kozareva, 

Ritter, Stoyanov and Zhu in 2016 examined opinions and their polarities. They presented 

Semantic analysis and Natural Language Processing of the text in social media to do semantic 

evaluation. They performed their task on 44 participating teams in 2013 and on participating 46 

teams in 2014. They continued to perform their task in 2015 on a large corpus consisting of 

tweets, SMS messages, LiveJournal messages, and a special set of sarcastic tweets. In this paper 

the process of collecting data was shown and the words which expressed sentiment were 

gathered using SentiWordNet as a repository of sentiment words. One message was classified 
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based on weather a marked word was positive or negative or neutral. The message that contained 

words with both positive and negative comments, the one which was stronger was selected 

[Nakov, Rosenthal, Kiritchenko, Mohammad, Kozareva, Ritter, Stoyanov & Zhu, 2016]. In both 

years (2014 and 2013), most systems were supervised, and different features were extracted 

using n-grams, stemming, punctuation, part-of-speech (POS) tags and Twitter-specific encodings 

such as emoticons, hashtags, and abbreviations. Support Vector Machines (SVM), Maximum 

Entropy and Naı¨ve Bayes were used to classify [Nakov, Rosenthal, Kiritchenko, Mohammad, 

Kozareva, Ritter, Stoyanov & Zhu, 2016]. The benefits of Natural Language Processing are that 

it helps to find the meaning of a word better and it simplifies the extraction of features. Rill, 

Reinel, Scheidt, Zicari and PoliTwi in 2014 tried to detect top political topics on Twitter. 

Sentiment analysis was done to find the polarity of topics marked by sentiment hashtags. Chen 

and Liu, 2014 focused on topic modeling to mine the topics of the documents. Knowledge-based 

topic models including Latent Dirichlet Allocation (LDA) and Probabilistic Latent Semantic 

Analysis (PLSA) and their extensions have been widely used to extract the topic of document but 

the disadvantages of these approaches is that they need high amount of data of one special 

domain in order to generate coherent topic to produce reliable results. 100 reviews were tested on 

the classic topic model LDA and it produced very poor results. Chen and Liu, 2014 proposed a 

new topic model called AMC (topic modeling with automatically generated Must-links) and 

compared AMC model with five state-of-the-art models and showed that AMC could produce 

more accurate topics [Chen and Liu, 2014].  

Evermann, Rehse and Fettke in 2017 proposed a new approach to predict the future 

behavior in a business process using Natural Language Processing and Deep Learning with 

recurrent neural networks (RNN). Their approach can contribute to process management. This 
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method used unique features to form the feature vector for the input of network. Although this 

model had acceptable functionality, but there was a problem with the loss of some data and 

information. 

2.3 Overview 

The online users’ comments are usually in unstructured form. Therefore, to study them, a set of 

methods is needed to deal with them efficiently. To analyze users' opinions, there are different 

tools and methods from a different set of disciplines including Machine learning approaches, 

Linguistic approaches, Semantic approaches. The Machine Learning approach includes Artificial 

Neural Network, Support Vector Machine and Ensemble learning methods. The learning 

methods were used in this area is mostly supervised classifiers because they are more accurate. 

But the semantic approach for exploring ideas is unsupervised learning because it does not 

require prior training. The language approach involves natural language processing which 

includes tokenization, stemming, stop-word removal, punctuation removal and POS tagging. 

Some of the methods, having been used by some researchers to categorize the opinions of online 

users were mentioned above. Also, some benefits and drawbacks were mentioned to some extent. 

In this research, an attempt is made to suggest a new approach to solve the problems in existing 

methods. Many researchers have tried to use different individual supervised machine learning 

approaches to categorize the opinions of online users and some of them presented that the 

classification accuracy of machine learning approach is more than the semantic approaches. 

Moreover, the performance of ensemble learning methods was higher than individual machine 

learning approaches. In this research Random Forest was used as an ensemble method because of 

the mentioned benefits as well as other classifiers such as Gradient Boosting, Neutral Network, 

and Support Vector Machine (SVM) were applied to categorize online users’ opinions. Natural 
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Language Processing techniques were used to preprocess and to extract useful features from 

semi-structured (XML) Textual data. Figure 2.1 shows the approaches for opinion mining. 

 

Figure 2.1: Overall view of several classification techniques in opinion mining [Hemmatian & 

Sohrabi, 2017] 
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Chapter 3 

Materials and Methods 

3.1 Data 

The data set contains 689 comments, which are extracted from the users' comments from 

Amazon.com annotated by Minqing Hu and Bing Liu, 2004. The selected comments are about 

“Speakers”. In fact, each comment is written by one user and it has a certain label that shows the 

author's desire to comment. This label can be "positive", "negative" or "neutral". The data is 

provided in the form of XML file. An example of the comments in the XML files is shown in 

Figure 3.1. In these files, each comment is presented in XML tags. Each sentence is placed in a 

sentence tag. The properties of the author of the comment (same as the comment tag) are given 

in the aspectTerm tag. Along with that, there is an aspect of the product which has been 

commented, as well as the positions of its beginning and end in the sentence are given in the 

aspectTerm tag. More precisely, most of the user sentences have one aspectTerm tag but there 

are some sentences which have more than one aspectTerm tag which may have different terms 

and values for their polarity.  

XML files were processed with the help of Python libraries. Users’ feedbacks are extracted and 

are sent as an initial input to the proposed method. Figure 3.1 shows part of corpus in XML 

format. The data belongs to three different classes, positive, negative and neutral. Table 3.1 

shows a sample of sentence categories with their class labels. 
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 Figure 3.1 Part of the raw data in XML form 
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Table 3.1 a sample of each category in the data set with their classes 

Sentence Class label 

These speakers are incredibly amazing Positive 

The only downside is the remote which requires a line of sight Negative 

The main thing I was looking for was sound quality Neutral 

 

3.1.1 Preprocessing 

As it is mentioned, user comments are textual and non-structured data that is not normally usable 

in opinion mining. In other words, machine learning methods will not be able to use textual data 

not having any basic structure and concept. In any data mining task, machine learning algorithms 

are trained with a set of training examples, each of which is described in a vector of 

characteristics. In fact, with help of the features in existing examples, a learning algorithm will 

be trained. Therefore, an initial phase is needed to prepare textual data. 

Data preparation refers to the processing at the end of which the necessary features of the user 

opinions are extracted, and are evaluated. To do this, some pre-processing steps are required as 

shown in the Figure 3.2. 
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Figure 3.2: preprocessing steps for opinion mining, used in this thesis 
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Step 1: Preparing data  

Text data and labels are extracted from XML file using python library 

Output of reading XML data in python 

 The text is extracted and shown in Figure 3.3.  

     

 

Figure 3.3: Text from the XML file 

Extracting proper polarity of each opinion 

Most of the user sentences have one individual polarity tag, namely positive, negative or neutral; 

in such samples, label "1" was applied when the polarity of a sentence is positive and "-1" for 

negative sentences and 0 for neutral ones. Some sentences have more than one polarity. In fact a 

user may give different views or the same views about different parts of the product, in this case, 
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the polarities are added for positive or negative  and if sum of number of positive polarities is 

more than the negative ones, label “1” is selected, otherwise label “-1” is selected for that 

sentence. If the number of positive and negative polarities is equal, a label “1” 0r “-1” is 

randomly selected. Figure 3.4 depicts one sample that has three positive polarities, and Figure 

3.5 depicts one sample which has two different polarities, a positive and a negative. 

 

Figure 3.4: One sample that has three positive polarities 

 

 

Figure 3.5: One sample which has two different polarities (positive and negative) 

 

After saving the polarity of all sentences, each sentence has one individual label (class), -1, 0 or 

1. Figure 3.6 shows the selected labels for the data set. 
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Figure 3.6: Labels of the data set 

Step 2: Making Lowercase 

In the second step of pre-processing, all the words are converted into lowercase letters. Figure 

3.7 shows an example after step 2 is applied. 

 

Figure 3.7: Output after making lowercase 
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Step 3: Removing Punctuation 

 In this step, punctuation is deleted from the opinions. Punctuation marks are shown below and 

Figure 3.8 shows the output after removing punctuation 

 

 

Figure 3.8: Output after removing punctuation 

Step 4: Removing URLs, spaces, numbers & finding Tokens 

If there are URLs in users' comments, they will be deleted. Also, additional characters such as 

blank spaces and numbers are removed from the comments. We know that each sentence 

represents an opinion and has a label that indicates its tendency. In the following, each sentence 

is broken down into its Compound words. In fact, we can think of text as a sequence of tokens. 

This process is called tokenizing. The output of this step is the tokenization of the comments, 

each of which is converted into a vector of words. The output of (IV) and Figure 3.9 depict some 

of the output after performing tokenization step.     
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Output (IV)-[ 'i', 'm', 'not', 'sure', 'that', 'any', 'speakers', 'could', 'offer', 'me', 'high', 'fidelity', 

'at', 'very', 'low', 'volumes', 'though'] 

 

Figure 3.9: Output after applying tokenization step 

 

Step 5: Stemming & removing stopwords 

In this step, Repetitive words such as articles, prepositions or auxiliary verbs and Stop words that 

are frequently repeated in daily sentences are omitted. Indeed, insignificant words are deleted, 

additionally, stemming is performed.      

In terms of stopwords, as it is mentioned before there is no universal stopwords list. In 

this research, the Standard English language stopwords list from NLTK was used. In Figure 3.10 

lines of code in python in order to see stopwords in nltk is shown. The contents of 

nltk.corpus.stopwords.words ('english') are shown in Figure 3.11 to get an idea of the stop 

words. Also, the output of Stemming and removing stopwords is depicted in Figure 3.12. 
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from nltk.corpus import stopwords 

stop_words = set(stopwords.words ('english')) 

print(stop_words) 

 

Figure 3.10: Lines of code in python to see stopwords in nltk 

 

 

Figure 3.11: Standard English language stopwords list from NLTK 

 

Figure 3.12: Stemming and removing stopwords  

3.1.2 Feature extraction 

Once all the important words from all the comments in the data set have been extracted, in the 

form of a vector of significant words from each opinion, statistical analysis is used to extract 

meaningful features for the learning methods. The implementation of this approach is described 
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below. Figure 3.13 shows all possible 1-grams, 2-grams and 3-grams are extracted from the 

comments in the data set.  

Its sound is great 

Unigram Its Sound is great 

Bigram Its sound Sound is Is great 

Trigram Its sound is Sound is great 

 

Figure 3.13: unigrams, Bigrams and trigrams is extracted 

  

Using a statistical approach all possible 1-grams, 2-grams and 3-grams are extracted from the 

comments in the data set. Moreover, to quantify the features a statistical measure such as TF-IDF 

is used.  The following examples in Figure 3.14 and Figure 3.15 show unigrams (1-grams), bi-

grams respectively, which are extracted from features in a sample text document. Then value for 

each term is quantified by TF-IDF; as it is seen, the result is a sparse matrix [Sarkar, 2019]. 

 

Figure 3.14: Constructing the raw TF-IDF matrix [Sarkar, 2019] 
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Figure 3.15: Bigram based feature vectors using the Bag of N-Grams model [Sarkar, 2019] 

 

3.2   Methodology  

Assumptions of the Proposed Method 

In this study, it is assumed that a collection of training and test data is available as it is mentioned 

in Section 3.1. 

Steps of the Proposed Method 

The objective of this study is to identify the author's desire or inclination of comment on a 

product or service. These tendencies can be positive, negative, or neutral. The flowchart in 

Figure 3.16 shows an overview of the proposed method. It is divided into various steps to 

classify opinions. 
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Figure 3.16: Proposed method 

In the first step of Figure 3.16, existing data set (people’s opinions) which is in text form and 

conversational sentences are processed. In fact, users' comments are raw, textual, and 

unstructured which is not usable without initial processing. Some steps need to be taken to make 

new data sets which can be used to train the model. These steps will be described in the 

following section Such as pre-processing step which is necessary because user feedback is raw 

and textual and cannot be used to train the learning models. In the second step, appropriate 
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features using Natural Language techniques are extracted; the output of this step will be user 

comments in a new feature space, then those features are vectorized by Term Frequency- Inverse 

Document Frequency (TF_IDF) approach, so that they can be used to train the learning models. 

The detailed steps for preprocessing and extracting features are described in Preprocessing 

section and Feature extraction section. After building a new data set, the main step is 

implementing and training the classifiers. This step is also done in a number of sub-steps. 

Finally, the trained model is used to classify new opinions. 

Classification of user comments using some classifiers 

After completing the pre-processing phase, the next steps include analyzing the opinions and 

categorizing them. In this study, some classifiers like Gradient Boosting, Neural Network, SVMs 

and Random Forest which is based on ensemble learning technique will be used to analyze the 

opinions.  

In fact, Random forest algorithm is an ensemble learning algorithm which uses a large 

number of decision trees to learn. A new sample is given to that algorithm to classify where each 

tree gives its “vote” for a class, then the class with the most votes is selected as the class of new 

sample. The purpose of creating this model is to analyze users' opinions to identify the author's 

attitude and to determine if it is positive, negative or neutral.  

Random forest is used as it can manage over fitting of the data. When a sample of 

opinion (which is converted to a vector of features) is given to each tree, it moves from its root to 

its leaf. Finally, the new sample’s class is the class which a large number of trees have predicted.  

After applying Random forest, some other classifiers namely, SVMs, Neural Network, Gradient 

Boosting are applied on the data set and results will be evaluated in chapter 4. 
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3.3 Natural Language Processing (NLP) 

We are in the age of Big Data where organizations and businesses are facing difficulty in 

managing all the data generated by different systems, processes, and transactions. For instance, 

retail and online stores generate a large amount of textual data from new product information and 

customer reviews and feedback, as well as large amounts of data in the form of tweets, messages, 

hash tags, articles, blogs, wikis, and much more on social media is seen [Sarkar, 2019].  

Data in text and speech is unstructured which can contain important information; such 

textual data presents in all organizations, irrespective of their domain. However, because of the 

inherent complexity of processing and analyzing such an unstructured and noisy data, people 

usually refrain from spending extra time to analyze these unstructured data. This issue lead data 

scientists to introduce Natural language processing (NLP) to extract useful information from text 

data. Generally, Natural language Processing (NLP) is about the techniques and algorithms 

which help people or robots to process and understand natural language-based data. Because of 

increasing demand in today’s fast-paced world, it is expected of data scientists to be proficient in 

natural language processing [Sarkar, 2019]. 

Natural language Processing (NLP) is defined as a specialized field of computer science 

and engineering and artificial intelligence with roots in computational linguistics. It is primarily 

concerned with designing and building applications and systems that enable interaction between 

machines and natural languages created by humans. This also makes NLP related to the area of 

human-computer interaction (HCI). NLP techniques enable computers to process and understand 

human natural language and utilize it further to provide useful output [Sarkar, 2019].  
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NLP preprocessing pipeline 

The text is passed on to the NLP preprocessing pipeline, which consists of the following steps: 

1. Removal stop words 

2. Tokenization 

3. Stemming 

4. Lemmatization [Kulkarni & Shivananda, 2019] 

3.3.1 Removal stop words 

What are Stopwords 

Stopwords are words that have little importance or they have no significance and often are 

deleted from text document, when the text is being processed so the words having maximum 

significance and context are kept. Stopwords usually occur most frequently if you aggregate a 

corpus of text based on singular tokens and check their frequencies. Words like “a”, “the”, “and” 

and so on are stopwords. There is no universal or exhaustive list of stopwords and often each 

domain or language has its own set of stopwords [Sarkar, 2019]. 

In this thesis, the Stop words that are frequently repeated in daily sentences are omitted. Indeed, 

insignificant words are deleted. 

 

3.3.2 Tokenization  

In Word tokenization process, each sentence is split into its words which constitute the sentence. 

Using tokenization, a sentence is essentially split into a list of words which can be used to 

reconstruct the sentence. Word tokenization is fundamental in many processes involving text 
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data, especially in cleaning and normalizing text data where operations like stemming is 

performed on each individual word based on its respective stems.  

 

Main interfaces in NLTK for word tokenization 

NLTK provides varied useful interfaces for word tokenization, similar to sentence tokenization 

[Kulkarni & Shivananda, 2019]. The main interfaces are given below: 

• word_tokenize 

• TreebankWordTokenizer 

• TokTokTokenizer 

• RegexpTokenizer 

• Inherited tokenizers from RegexpTokenizer [Kulkarni & Shivananda, 2019]. 

 

3.3.3 Word Stemming 

To understand the process of stemming, understanding what word stemming represents is 

necessary. Firstly for clarification, the term morphemes need an explanation, which are the 

smallest independent units in any natural language. Morphemes consist of units which are stems 

and affixes. Affixes are units like prefixes, suffixes, and so on, which are attached to word stems 

in order to change their meaning or create a new word altogether. Word stems are also often 

known as the base form of a word and we can create new words by attaching affixes to them. 

This process is known as inflection. The reverse of this is obtaining the base word from its 

inflected form and this is known as stemming. For instance, consider the word “JUMP”, affixes 

can be added to it and form several new words like “JUMPS”, “JUMPED”, and “JUMPING”. In 
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this example, “JUMP” is the base word and this is the word stem. If stemming is applied on any 

of its three inflected forms, you would get the base form. This is shown in Figure 3.17. 

 

Figure 3.17: Word stem and inflections [Sarkar, 2019] 

 

Figure 3.17 illustrates the stem of word in all its inflections. Stemming helps application to find 

the base stem of the words regardless of their inflections, this technique helps many applications, 

namely classifying or clustering text or even in information retrieval. This technique largely is 

used by Search engines in order to achieve better accurate results regardless of the word form. 

The NLTK package has some implementations for stemmers. The Porter stemmer is one of the 

most common. Porter stemmer is based on the algorithm created by Martin Porter [Sarkar, 2019]. 

3.3.4 Lemmatization 

The process of extracting a root word by considering the vocabulary is called 

lemmatization. For instance, “good”, “better,” or “best” is lemmatized into good. 

Lemmatization determines Part of speech (PoS) of word. It returns the dictionary form of a 
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word, which should be a valid word while stemming just extracts the root word. Stemming was 

used in this research instead of lemmatization. 

• Lemmatization handles matching “car” to “cars” along with matching “car” to “automobile.” 

• Stemming handles matching “car” to “cars” [Sarkar, 2019].  

3.3.5 Feature Engineering 

Bag of N-Grams Model 

One word is just an individual token, which usually is known as a unigram or 1-gram. The Bag 

of Words model doesn’t keep the order of words. But if extracting phrases or collection of words 

which occur in a sequence is needed, N-grams model can help to deal with that issue. More 

precisely, one N-gram is a collection of tokens (words) in a text document where the tokens are 

contiguous and occur in a sequence of the text document. Bi-grams or 2-grams represent n-grams 

which have order 2 (consist of two words in a sequence), tri-grams are n-grams which have order 3 

(consist of three words in a sequence), and so on.  The Bag of N-Grams model is only an extension of the 

Bag of Words model which use N-gram extracted from features [Sarkar, 2019]. For instance, the output 

of applying bi-gram is feature vectors for text documents, where each feature is made of a bi-

gram depicting a sequence of two words. In this research, unigram-based features, bigram-based 

features and tri-gram-based features are extracted from the corpus [Sarkar, 2019]. 

TF-IDF (Term Frequency- Inverse Document Frequency) Model 

When the Bag of Words model is used on large corpora, some potential problems may arise. Due 

to the fact that the feature vectors are based on absolute term frequencies in Bag of Word model, 

therefore, there might be some terms which occur frequently across all documents and these 
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terms may cause the other terms in the feature set seem less important. Particularly, the words 

which occur rarely, but those words might be more effective as features to identify specific 

categories. As a result, TF-IDF is introduced to deal with the issue [Sarkar, 2019]. 

TF-IDF represents term frequency-inverse document frequency as a short form. It’s a 

combination of two metrics, term frequency (tf) and inverse document frequency (idf). This 

technique was originally developed as a metric to rank the results of search engine based on user 

queries and TF-IDF has come to be a part of information retrieval and text feature extraction. 

Moreover, the whole idea of having TF-IDF is to reflect on how important a word is to a 

document in a collection [Sarkar, 2019]. 

Extract TF-IDF Features using NLTK 

I discuss how to use TF-IDF to vectorize the features (being in the form of words) where word features 

are converted into numeric vectors.  

It is not always necessary to create features using a Bag of Words or count-based model before 

engineering TF-IDF features. The TfidfVectorizer in Scikit-Learn is used to calculate tf-idf 

directly by taking the raw text data as input and then calculating the term frequencies as well as 

the inverse document frequencies. Hopefully, this eliminates the need to use CountVectorizer to 

calculate the term frequencies based on the Bag of Words model.  Moreover, TfidfVectorizer 

enable us to add n-grams to the feature vectors. Figure 3.18 shows a small piece of code for 

finding numeric vector of features from raw data using TfidfVectorizer and Figure 3.19 shows its 

output, as it is seen, the result is a sparse matrix [Sarkar, 2019], being general in NLP field. 
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Figure 3.18: Small piece of code for finding numeric vector of features from raw data using 

TfidfVectorizer 

 

 

Figure 3.19: A TF-IDF model-based document feature vectors from raw text using 

TfidfVectorizer 

 

3.4 Classification Methods 

3.4.1 Decision Trees 

The decision tree is a non-parametric method of data classification that it does not require setting 

up parameters in advance, as well as initial knowledge of the data. This method is one of the 

Supervised Learning Methods. In this method, a structure called the decision tree is created using 

the training data. Using this tree, you can find rules for the problem and these rules are used to 

categorize the data without labels [Kantardzic, 2003 & 2011]. 
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Generally, a decision-tree learning algorithm adopts a top - down approach which looks 

for a solution in a part of the search space. A decision tree consists of nodes and leaf.  It starts 

with all the training sets at the root node and a feature is selected to divide these samples. A 

branch is created for each value of the feature, and the corresponding subset of samples which 

have the feature value are specified by the branch and are moved to the newly created child node. 

The algorithm is performed recursively to each child node until all samples at a node are of one 

class. In the decision tree each path to the leaf shows a classification rule [Kantardzic, 2003 & 

2011]. Figure 3.20 depicts a general illustration of Decision Tree. 

      

[Source: https://www.javatpoint.com/machine-learning-decision-tree-classification-algorithm] 

Figure 3.20: A general illustration of Decision Tree 

 

https://www.javatpoint.com/machine-learning-decision-tree-classification-algorithm
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Splitting Criteria in Decision Trees 

In decision tree algorithm, the selection of feature which should be tested at each node in the tree 

is very important. It is clear that we tend to select the feature that is most useful for classifying 

samples. There are several criteria for determining the feature on which a split should be made 

[Mitchel, 1997]; two of them are listed below:  

 Information Gain 

 Gini Index 

Definition of Information Gain 

To calculate the information gain of a feature, we need to calculate entropy which is used in 

information theory widely [Mitchell, 1997]. 

Definition of entropy 

Entropy calculates the purity or impurity of that set of data; it is called the amount of clutter in a 

set. The equation 3.1 shows how it is calculated generally, if the target attribute can take on n 

different values, and then the entropy D related to this n-wise classification is defined as     

                                                     

                    



n

i

ii ppDEntropy
1

2 )(log)(                   (3.1)                        

                         Pi =|CiD|/|D|                                                        (3.2) 
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In the equation 3.1, |D| is the total samples, and pi is the proportion of D belonging to class i. 

Note the logarithm is still base 2 because entropy is a measure of the expected encoding length 

measured in bits. Note also that if the target feature can take on n possible values, the entropy 

can be as large as log2n. 

This probability is estimated by equation 3.2. |D| shows the number of samples in D and 

|CiD| shows the number of samples in D, which has the class label ci, and n is the number of 

existing classes. 

Definition of Entropy shows that for a data set which has two classes, value of Entropy will have 

lowest value when all samples D belong to a class. In this situation, entropy will be zero. Also, 

Entropy reaches its maximum value when half of the data belongs to the first class and the other 

half to the second class, in this situation, the value of entropy will be 1. Figure 3.21 confirms this 

[Mitchell, 1997]. 

 

Figure 3.21: Entropy behavior of a data set with two distinct classes [Mitchell, 1997 & 

Miblog.faradars.org] 
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If the problem has more than two classes, then the range of changes in entropy will satisfy the 

equation 3.3. 

         Entropy (D) <= log2 (n),      Entropy (D) >= 0                (3.3) 

Information Gain 

Using entropy as a measure for finding the impurity in a set of training samples, information 

gain now can be calculated. Information gain is a measure for finding the effectiveness of an 

attribute in classifying the training samples. The Information Gain of attribute A is the amount of 

entropy reduction which is obtained by partitioning the samples according to this attribute. For 

instance, the information gain, Gain (D, A) of an attribute A, relative to a set of samples D, is 

defined in equation 3.4. Assume that the attribute A has a distinct value of v as {a1, a2,…, av}. In 

other words, A is a discrete attribute. If we want to divide D by the attribute A, v Section or 

subsets such as {D1, D2,…, Dv} are obtained, where the DJ contains tuples of D (a finite ordered 

list (sequence) of D). The value of the attribute A in them is equal to aj. If we assume that D is in 

a node such as N, then D segments correspond to the branches that exist in N. The Information 

Gain of feature A is the amount of entropy reduction which is obtained by separating the tuples 

through this property. Equation 3.4 reflects this definition. 

 

Gain (D, A) = Entropy (D) - ∑ (|Dv| / |D| * Entropy (Dv))            (3.4) 

 

More precisely, in the equation (3.4), values (A) represent the set of all possible values 

for attribute A, and Dv shows the Subset of D, where A has the value v. The first term in 
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Equation (3.4) is just the entropy of the original collection D, and the second term is the expected 

value of the entropy after D is partitioned using attribute A. The expected entropy described by 

this second term is simply the sum of the entropies of each subset D, weighted by the fraction of 

samples that belong to D. Gain (D, A) is therefore the expected reduction in entropy caused by 

knowing the value of attribute A [Mitchell, 1997].  

 

Gini Index 

Another Splitting criterion for selecting attributes to split is Gini index. In order to calculate this 

criterion, the two equations (3.5) and (3.6) are used. 

The Gini index is used to select the feature at each internal node of the decision tree. We define 

the Gini index for a data set S as follows: 

 

Gini(S) = 1 −  ∑ 𝑝𝑖2𝑐−1

𝑖=0
     (3.5)            

 Where 

 • c is the number of predefined classes,  

• Ci are classes for i = 1. . . c − 1,  

• si is the number of samples belonging to class Ci ,  

• p i = s i /S is a relative frequency of class Ci in the set. 

 

The quality of a split on a feature into k subsets Si is then computed as the weighted sum of the 

Gini indices of the resulting subsets: 
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GiniSplit = ∑
𝑛𝑖

𝑛

𝑘−1
𝑖=1 𝐺𝑖𝑛𝑖(𝑆𝑖)     (3.6) 

 

where  

• ni is the number of samples in subset Si after splitting, and  

• n is the total number of samples in the given node. 

Thus, Ginisplit is calculated for all possible features, and the feature with minimum Ginisplit is 

selected as the split point [Kantardzic, 2003 & 2011]. 

3.4.2   Random Forest  

Due to the great attractiveness of decision trees, many researchers have tried to improve its 

prediction accuracy. It has recently been discovered that one of the best ways to increase the 

performance of decision tree algorithms is to use an ensemble of trees.  

Random Forest is one of the effective algorithm used in both classification and regression 

applications. Random Forest is a group of unpruned classification or regression trees which are 

made by using bootstrap samples of the training data set and randomly-selected features [Svetnik 

et al., 2003]. To construct each decision tree, a top-down partitioning approach is used. A 

decision tree divides the search space into a set of separate areas and it assigns a response (a 

vote) to each area. For classification issues, prediction or response of the random forest is based 

on majority votes. But in regression, prediction or response is based on average responses of all 

trees for that particular area. At each stage of tree growth using training examples, search is done 

among features to select the best split point so that impurity reduction (entropy) in the node is 

achieved.   
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In fact, the random forest classifier consists of a combination of tree classifiers where 

each classifier is created using a random vector sampled independently from the input vector, 

and each tree gives a vote for selecting the class for an input vector [Pal, 2005].  

Moreover, Random Forest adds more randomness to bagging algorithm. Not only constructing 

each tree using a different bootstrap sample of the data set, but also it changes how the 

classification or regression trees are made. In standard trees, each node is split using the best split 

among all variables. In a random forest, each node is split using the best features among a subset 

of features which are chosen at that node randomly. In addition, Random Forest just needs two 

parameters, namely the number of features in the random subset at each node and the number of 

trees in the forest to be set [Liaw & Wiener, 2002]. Figure 3.22 shows an example of Random 

Forest and Figure 3.23 gives the algorithm. 

 

 

[Source: https://www.analyticsvidhya.com/blog/2020/05/decision-tree-vs-random-forest-algorithm/] 

https://www.analyticsvidhya.com/blog/2020/05/decision-tree-vs-random-forest-algorithm/
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Figure 3.22: A sample of Random Forest 

 

Figure 3.23: Algorithm of Random Tree [Liaw & Wiener, 2002] 

 

3.4.3  Gradient Boosting 

Gradient Boosting Decision Tree (GBDT) is one of the Ensemble Learning Method. It is largely 

used because of its efficiency and accuracy. According to Ke et al., 2017, GBDT achieves state-

of-the-art performances in many machine learning tasks, such as multi-class classification, click 

prediction, and learning to rank [Ke, et al., 2017]. However, in conventional implementations of 

GBDT, it calculates the information gain of all the possible split points, every feature, in all 

instances in the data set. Therefore, their computational complexities will be proportional to both 

the number of features and the number of instances. This makes these implementations very time 

consuming when handling big data. 
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Gradient Boosting algorithm 

Gradient Boosting Method is based on decision trees, which are trained in sequence. It 

takes an iterative approach to combine weak learners to create a strong learner by focusing on 

mistakes of prior iterations. In each iteration, GBDT learns the decision trees by fitting the 

negative gradients (also known as residual errors). 

Complexity Analysis in Gradient Boosting 

The main cost in GBDT lies in learning the decision trees, and the most time-consuming 

part in learning a decision tree is to find the best split points. One of the most common 

algorithms to find split points is the pre-sorted algorithm, which enumerates all possible split 

points on the pre-sorted feature values. This algorithm is simple and can find the optimal split 

points; however, it is not efficient in training speed and memory consumption. Another popular 

algorithm is the histogram-based algorithm.  

 

Difference between GBDT and RF 

Random Forest and Gradient Boosting are based on decision trees. But the difference is that 

Gradient Boosting uses a method which is called boosting. 

 

3.4.4   Support Vector Machine (SVM)  

The support vector machine (SVM) is a supervised learning method which creates an input-

output mapping function from the available training data set with labels [Wang et al. 2005].  This 

method has been largely used for classification and nonlinear regression. The mapping function 
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can be either a classification function which classifies the training data set, or a regression 

function. Joachims mentioned in 1998 that one of the significant features of SVMs is that they 

are able to learn the training data independent of dimensionality of the feature space also they 

can be used to learn polynomial classifiers [Joachims, 1998]. Joachims in 1998 mentioned also 

that SVMs are very useful in text classification and most text classification problems can be 

linearly separable.  

                   SVM theory is mainly derived from the problem of binary classification. Its main 

idea can be concluded as the following two points: First, it constructs a nonlinear kernel function 

to present an inner product of feature space, which corresponds to mapping the data from the 

input space into a possibly high-dimensional feature space by a nonlinear algorithm. Thus it is 

possible to analyze the nonlinear properties of samples in the feature space with linear algorithm. 

Secondly, it implements the structural risk minimization principle in statistical learning theory by 

generalizing optimal hyper-plane with maximum margin between the two classes. Although 

intuitively simple, this idea actually plays the role of capacity controlling and makes the learned 

machine not only has small empirical risks, but also has good generalization performance. 

Therefore, SVM has many advantages in both theoretical base and practical prospect [Xiao, 

Wang & Zhang, 2000]. 

In this research SVM algorithm is used to classify user opinion about some products in 

Amazon website which is extracted from the repository collected by Hu. SVM classifier is 

trained with a part of the labeled data set and in the second step (which is prediction part) the 

trained data in first step is used to classify the test set.  
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3.4.5   Neural Networks  

A neural network consists of many processing elements joined together to form an appropriate 

network with adjustable weighting functions foreach input. These processing elements are 

usually organized into a sequence of layers with full or random connections between layers. 

Typically, there are three or more layers: an input layer where data are presented to the network 

through an input buffer, an output layer with a buffer that holds the output response to a given 

input, and one or more intermediate or "hidden" layers. 

            The operation of an artificial neural network involves two processes: learning and recall. 

Learning is the process of adapting the connection weights in response to stimuli presented at the 

input buffer. The network "learns" in accordance with a learning rule which governs how the 

connection weights are adjusted in response to a learning example applied at the input buffers. 

Recall is the process of accepting an input and producing a response determined by the learning 

of the network [Uhrig, 1995]. 
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Chapter 4 

Results and Discussion 

 

4.1 Introduction 

 

In this chapter, to investigate the effect of various parameters of the proposed model on the 

accuracy of identification, some experiments have been designed and implemented. With these 

tests, acceptable values are determined for the free parameters of the model. In the following, it 

has been compared with other available methods to show the power and efficiency of the 

proposed method and the obtained results have been shown. Generally, in all experiments, the 

proposed NLP techniques are used to pre-process the corpus and to extract features (like finding 

all 1-gram, 2-gram and 3-gram). After that each opinion is vectorized by the mentioned methods 

like TF-IDF approach. Therefore, texts (or words of each opinion) are converted into vectors of 

numbers with the help of TF-IDF method. Then various classifiers are used to classify the data. 

4.2 Investigate the various parameters in the Random Forest 

 In general, in each algorithm there are a number of free and effective parameters for the 

efficiency of the algorithm. Random forest algorithms are no exception and it has a number of 

parameters, the optimal setting of which increases the accuracy and strength of the algorithm in  

In this section, the effect of these parameters is shown. All tests, which are done in this section, 

are performed on the data set (introduced in previous chapter) and the results are presented. To 

compare and to evaluate this method with other methods, some criteria for evaluating 
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classification algorithms such as accuracy, recall, (sensitivity), precision and F-Measure are 

used. Equation 4.1 shows accuracy formula, equation 4.2 shows precision formula, equation 4.3 

shows recall formula and equation 4.4 shows F1 score. 

Accuracy = (TP + TN) / (TP + TN + FP + FN)                (4.1) 

Precision = TP /TP + FP                                                    (4.2) 

Recall = TP /TP+ FN                                                           (4.3) 

F1 score = 2*(Recall * Precision)/ (Recall + Precision)    (4.4) 

A true positive (TP) is a result that the model correctly predicts the positive class and a true 

negative is a result that the model correctly predicts the negative class. A false positive (FP) is a 

result that the model incorrectly predicts the positive class. And a false negative (FN) is a result 

that the model incorrectly predicts the negative class. 

 

4.2.1 Investigate number of trees parameter  

 

One of the most important and effective parameters in the accuracy of classification and 

precision is the number of trees in the forest. Each of the trees in the forest alone does not have 

very well efficiency. Indeed, the classification strength of random forest depends on the strength 

of all voted trees in the forest. It is a feature of ensemble methods that uses a kind of voting 

system between members for final decision-making. 
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Increase in the number of trees in the forest lead to the improvement of confidence in the final 

diagnosis based on the tree's votes. To see the effect of this parameter on algorithm’s 

performance and choosing the right number of trees in the forest, the following experiment was 

performed. 

Experiment 1- different number of trees 

In this experiment, a random forest algorithm with the following conditions is implemented: 

 Splitting Criteria: Gini Index    

 “m”: number of variables 

 Number of trees: varied from 10 to 150, with an incremental step of 10. 

 

The parameter “m” (which shows the number of extracted features) is equal to the total number 

of features which is extracted in statistical approach. The possible values for n in the extraction 

of n-grams will be 1, 2 and 3. 

For each separate n, the obtained feature space is different. If n = 1, then the feature space is 

equal to 1539. If n = 2, then the feature space is equal to 4509, and finally, if n = 3, we are 

dealing with a feature space which has 4279 dimension (By writing codes in python software, I 

found the dimension of feature spaces). Hence, this experiment is repeated for each feature 

space.   
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Part A- 10% of the data set is used for testing 

In this experiment, 90% of the data was used to train the model and construction of original 

random forest and 10% data is used to test the model and to evaluate the model. For evaluating 

the proposed method various evaluations were performed and the results are listed in table 4.1. 

 

Table 4.1: Performance measures on unigrams, bigram and trigrams on different number of trees, 

with 10% of data (test size) 

Feature 

 Space 

Measures  

in% 

Number of Trees 

10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 

Speaker 

/Unigram 

Accuracy 67 70 70 72 72 72 72 72 72 72 71 71 71 71 71 

Precision 45 79 79 81 81 81 81 81 81 81 80 80 80 80 80 

Speaker 

/Bigram 

Accuracy 59 59 62 62 61 59 59 59 59 59 59 61 59 61 62 

Precision 72 72 76 76 74 72 72 72 75 72 72 74 72 74 76 

Speaker 

/Trigram 

Accuracy 58 58 58 58 58 58 58 58 58 58 58 58 58 58 58 

Precision 86 86 86 86 86 86 86 86 86 86 86 86 86 86 86 
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Figure 4.1: Accuracy measure for 1-gram, 2-gram and 3-gram as a function of number of trees, 

with 10% of data 

 

Figure 4.2: Precision on 1-gram, 2-gram and 3-gram as a function of number of trees, with 10% 

of data 
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Discussion 

 The results in Table 4.1, Figure 4.1 and Figure 4.2 show that precision reaches its 

highest point of 81% when the number of trees is 40-100 in terms of unigrams. And as the 

number of trees increase from 10 to 40, there is a little improvement in accuracy, from 67% to 

72%, and it remains stable when the number of trees increases from 40-100. 

 Additionally, In terms of Bigram, Precision is steady at 72% when the number of trees 

increases from 10 to 20. Then it increases to 76% when the number of trees is increased to 30. 

And it remained steady when the number of trees is increased to 40, followed by some 

fluctuations when the number of trees is between 50 and 130.Then there is an improvement from 

130 to 150 where it reaches 76%. So, precision reaches its highest point of 76% when the 

numbers of trees are 30, 40 and then 150, and accuracy is quite low at the whole trend, between 

(59%-62%). Moreover, In terms of trigram, precision stay steady at 86% at the whole trend, and 

accuracy is quite low, 58%. 

Part B- 20% of the data set is used for testing 

In this experiment, 80% of the data was used to train the model and construction of original 

random forest and 20% data was used to test the model and to evaluate the model. After 

performing this experiment, various evaluations were performed and the results are listed in 

Table 4.2. Figure 4.3 shows the graph for the accuracy measure for unigrams, bigrams, and 

trigrams on different number of trees. Figure 4.4 shows the precision on unigrams, bigrams and 

trigrams for different number of trees. 
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Table 4.2: Performance measures on unigrams, bigrams and trigrams for different number of 

trees, with 20% of data (test size) 

Feature 

 Space 

Measures  

in% 

Number of Trees 

10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 

Speaker 

/Unigram 

Accuracy 73 74 74 74 74 74 74 75 75 75 75 75 75 74 74 

Precision 50 83 82 82 82 82 82 83 83 83 83 84 83 82 82 

Speaker 

/Bigram 

Accuracy 61 61 61 62 59 59 61 61 60 61 61 61 61 60 61 

Precision 78 80 80 81 75 75 78 78 76 78 78 78 78 76 78 

Speaker 

/Trigram 

Accuracy 57 57 57 57 57 57 57 57 57 57 57 57 57 57 57 

Precision 86 86 86 86 86 86 86 86 86 86 86 86 86 86 86 
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Figure 4.3: Accuracy for 1-gram, 2-gram and 3-gram as a function of number of trees, with 20% 

of data 

 

 

 

Figure 4.4: Precision for 1-gram, 2-gram and 3-gram as a function of number of trees, with 20% 

of data 
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Discussion 

 The result in Table 4.2, Figure 4.3 and Figure 4.4 shows that there is dramatic increase 

in precision from 50 to 83 when the number of trees increases from 10-20, followed by 

fluctuation at the whole trend also reach the maximum value about 84% in 120 trees. Moreover, 

accuracy increases from 73% to 74% when the number of trees increases from 10 to 20, and then 

it stays stable (at 74%) when the number of trees increases from 20 to 70. After that it increases 

to 75% when the number of trees increases to 80, then it stays stable (75%) until the number of 

tree increases to 130. Then there is slight decrease in the rest of the trend. 

 In terms of Bigram, there is improvement in precision when the number of trees going 

from 10-20 (from 78%-75%), after that it is stable until the number of trees is 30. Then it reaches 

its highest point (81%) when the number of trees is 40. And Accuracy is quite low at the whole 

trend, between (60%-62%). 

 In terms of trigram, as it is seen in the table, precision remained stable at 86% with the 

increase in the number of trees as well as this, Accuracy remains stable at 57% which is quite 

low. Overall, if we want to have highest precision we need to use trigram and the number of trees 

can be 10-150. But highest accuracy can be achieved in this test when unigram is used and the 

number of trees is 80-130.  
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Part C- 30% of data is used for testing 

 

Table 4.3: Accuracy, precision for unigram, bigram and trigrams with different number of trees, 

with 30% of data (test size) 

Feature 

 Space 

Measures 

in% 
Number of Trees 

10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 

Speaker 

/Unigram 

Accuracy 73 73 76 73 75 75 75 75 75 75 75 75 75 75 74 

Precision 49 81 84 81 82 83 83 82 82 83 83 83 83 83 82 

Speaker 

/Bigram 

Accuracy 62 63 62 63 63 64 63 64 64 64 64 63 63 64 64 

Precision 44 83 77 81 83 84 83 84 84 84 84 83 83 88 88 

Speaker 

/Trigram 

Accuracy 61 61 61 61 61 61 61 61 61 61 61 61 61 61 61 

Precision 87 87 87 87 87 87 87 87 87 87 87 87 87 87 87 
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Figure 4.5: Accuracy as a function of number of trees for 1-gram, 2-gram and 3-gram, with 30% 

of data 

 

 

Figure 4.6: Precision as a function of number of trees for 1-gram, 2-gram and 3-gram, with 30% 

of data 
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Discussion 

In different parts of experiment one, I tested my model with different test size. Overall, I 

found that when my test size is 30%, the proposed model (using Random Forest) represents the 

better accuracy and precision, particularly, when Bi-gram feature space is used. Therefore, in this 

research I select 30% of the data as test set for evaluating and comparing other parameters and 

classifiers in the next sections. 

As it is seen in table 4.3 and figure 4.6, when I use 2-gram and 3-gram, overall precision 

is higher (where test size is 30% of data set). As long as my data set is unbalanced, accuracy is 

not a good criterion for evaluating a classifier with very unbalanced data. In such cases, precision 

is an appropriate tool for evaluating a classifier performance, so I focused on precision due to 

this issue in my data set. 

Generally, I tried to find the best values for number of trees of Random Forest by 

performing experiment 1 .And according to the results shown in figures 4.6, I understood that a 

forest which can categorize test data with the best amount of precision must contain at least 140 

trees (where test size is 30% of data set). 

 

4.2.2 Investigate parameter M, number of features 

Experiment 1- evaluating different parameters for M, number of features on Speaker data 

In this experiment, random forest algorithm with the following conditions is implemented: 

 Splitting Criteria: Gini Index    

 “m”: number of variable 

 Number of trees: 140 
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 Test data: 30 % of the data set 

The parameter “m” (which shows the number of extracted features) is equal to the total number 

of features that are extracted in statistical approach. The possible values for n in the extraction of 

n-grams will be 1, 2 and 3. 

For each separate n, the obtained feature space is different. If n = 1, then the feature space is 

equal to 1539. If n = 2, then the feature space is equal to 4509, and finally, if n = 3, we are 

dealing with a feature space which has 4279 dimension. Hence, this experiment is repeated for 

each feature space.   

The common values for” m” is Square root of the number of variables, logarithm 2 of the 

number of variable and all variables.  
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Table 4.4: Performance of unigrams, bigrams and trigrams with different values of parameter m 

 

 

Parameter m Feature 

Space 

Accuracy Precision Recall F1 

 

Sqrt(nvariables) 

Unigram 75 83 52 50 

Bigram 64 88 37 32 

Trigram 61 87 34 26 

 

Log2(nvariables) 

Unigram 75 84 52 51 

Bigram 63 87 36 31 

Trigram 61 87 34 26 

 

Nvariables 

Unigram 75 83 52 50 

Bigram 64 88 37   32 

Trigram 61 87 34 26 
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Figure 4.7: Comparison of precision score in terms of different values of parameter m  

 

 

Figure 4.8: Comparison of performance criteria based on m = Square root (nvariables) 
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Figure 4.9: Comparison of performance criteria based on m = Log (nvariable) 

 

 

 

Figure 4.10: Comparison of performance criteria based on m = nvariable 
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Discussion 

By performing experiment 1, I tried to find the best value for number of features need to 

consider for splitting in each node in Random Forest algorithm (I selected parameter m to show 

it). Based on results in table 4.4 and figure 4.7, 4.8, 4.9 and 4.10, it is clear that reducing the 

number of features to sqrt (nvariable) and log2 (nvariable) does not lead to improvement. In fact, 

according to the results in Table 4.4, if I set this parameter to the number of features or square 

root of it in the data set, I get the highest precision about 88%. (Of course not much difference 

from the score in log2). 

Generally, the remarkable thing is that this feature space is very large, and every opinion is 

converted to a vector; so if the features do not exist in this opinion, it takes a value of zero in the 

vector. Therefore, the number of zeros in the samples will be very large. And by decreasing the 

value of m, the valuable features which have opposite values of zero may be lost for selecting the 

splitting features in tree nodes. Consequently, trees are made with less important features which 

are zero in most samples. As a result, the precision, accuracy and efficiency of the model 

decrease. 

 

4.3 Comparing the Classifiers  

In this experiment, different classifiers are implemented and compared. 

Conditions: 

 

 Number of trees: 140 

 Number of max features: square root (number of variables) 

 Split criteria: Gini 
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 Extracted different features: 1-gram, 2-gram, 3-gram 

 Test data: 30 % of the data set 

 Neural Network: 2 layers, in first layer it has 5 neurons and 3 neurons in hidden layer, 

and active function is hyperbolic tangent 

 

 

Table 4.5: Evaluating different classifiers with different measures and feature spaces 

 

Feature 

space 

Measures 

in % 

ANN(5,3) 

,hyperbolic 

tangent 

SVMs  

(linear) 

Gradient 

Boosting 

Random 

Forest 

(tree=140) 

 

 

Unigram 

Accuracy 73 76 74 75 

Precision 65 84 82 83 

Recall 55 52 51 52 

F1-score 57 51 50 50 

 

 

Bigram 

Accuracy 68 66 64 64 

Precision 77 85 78 88 

Recall 44 39 38 37 

F1-score 43 36 35 32 

 

 

 

Trigram 

Accuracy 61 61 61 61 

Precision 87 87 87 87 

Recall 34  34 34 34 

F1-score 26 26 26 26 

 

 



 

68 

 

 

Figure 4.11: Comparing different classifiers based on precision score  

 

 

Discussion 

            According to table 4.5 and figure 4.11, Random Forest reaches a peak of 88% at 

precision with 140 trees and bigram feature space. Also, the proposed Random Forest and 

Gradient Boosting, Artificial Neutral Network (having 2 layers), SVMs reach 87% precision 

when trigram feature space is used. Therefore, as I mentioned, selecting Bigram for Random 

Forest is the best choice also in the next level, trigram is good as well.  In fact, According to 

results, Random Forest represents better precision than other classifiers when the test size is 30% 

and Bi-gram feature space is used. But, when unigram is used, precision of SVMs is better than 
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Random Forest about 1%. Moreover, when trigram feature space is used, score of all criteria like 

accuracy (61%), precision (87%), recall (34%) and F1-score (26%) is the same in Random 

Forest, Gradient Boosting ANN, and SVMs.  

As long as my data set is unbalanced, accuracy is not a good criterion for evaluating a classifier 

with unbalanced data. In such cases precision is a good tool for evaluating a classifier, so I 

focused more on precision due to this issue in my data set. 

 

 

 

 

 

 

 

 

 

 

 

 



 

70 

 

Chapter 5 

Conclusions and Future Work 

 

5.1 Conclusion 

 

In this thesis, a unique model in order to do opinion mining on raw textual data set (user 

comments) has been introduced using various machine learning algorithms and Natural 

Language Processing techniques. The detailed steps of removing noise and pre-processing using 

Natural Language Processing techniques (NLP) is explained and represented in this thesis such 

as converting all words to lowercase, removing punctuations, removing URLs, numbers, 

unnecessary spaces, tokenization, stemming and removing stop-words. As user comments are 

conversational sentences, raw and unstructured or semi-structured and contain insignificant 

characters (noise), which are not usable without initial processing, it is fundamental to apply 

some sequential pre-processing steps. After that Bag of word (BOW) and Bag of N-grams are 

used to extract features. Appropriate features, namely 1-grams, 2-grams, 3-grams were extracted. 

Bag of word and N-gram is known as NLP techniques, the output being user comments in a new 

feature space. Then the extracted features were quantified by using term frequency-inverse 

document frequency (TF-IDF). With TF-IDF technique, which is a Natural Language Processing 

technique there is no need for lexicons. Four classifiers, Random Forest, ANN, SVMs and 

Gradient Boosting were used to predict the polarity of the comments.  
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 The result of this research was introduction of a model where TF-IDF technique is used 

for opinion mining on categorizing user comments. The proposed model gave a peak of 88% 

precision by Random Forest with 140 trees and bigram feature space. Also, Random Forest, 

Gradient Boosting, Artificial Neutral Network, SVMs gave 87% precision for trigram feature 

space. Therefore, selecting bigram with random forest is the best choice and at the second level 

trigram with all the classifiers. As the data set is unbalanced, accuracy is not a good criterion for 

evaluating a classifier with very unbalanced data. In such cases precision is a good measure for 

evaluating a classifier. Moreover, when trigram feature space is used, score of all criteria like 

accuracy (61%), precision (87%), recall (34%) and F1-score (26%) is the same in Random 

Forest, Gradient Boosting ANN, and SVMs; these classifiers have the same performance when 

trigram feature space is used.  

5.2 Future work 

The present study focuses specifically on special category of opinions. To evaluate the proposed 

method, this model can be used on other datasets which have more data or can be used in other 

similar fields such as opinion mining on social networks having more users and resources. 

Furthermore, other criteria can be used for better evaluation of a model. 

In this study, the existing opinions were classified into only three categories: "positive", 

"negative" and "neutral”. In order to examine more comments and extract accurate information 

from them, comments can be labeled into more categories such as "very good", "good", 

"ineffective", "bad" and "very bad." Moreover, a bigger training data is needed to fully train the 

learning model. Additionally, the data set should be of good quality. 
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