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ABSTRACT

Hybrid Words Representation

for the classification of

low quality text

by

Usman Naseem

Language enables humans to communicate with others. For instance, we talk,

give our opinions and suggestions all using natural language; to be more precise, we

use words while communicating with others. However, in today’s world, we wish

to communicate with computers, just like humans. It is not an easy task because

human communicate in an unstructured and informal way, whereas computers need

structured and clean data. So it is essential for computers to understand and classify

text accurately for proper human-computer interactions. For classifying a text, the

first question we must address is how to improve the low-quality text. The next

immediate challenge is to have the best representation so that text can be classified

accurately. The way text is organized reflects polysemy, semantic and syntactical

coupling relationships which are embedded in its contents. The effective capturing

of such content relationships is thereby crucial for a better understanding of text

representations. This is especially challenging in the environments where the text

messages are short, informal and noisy, and involves natural language ambiguities.

The existing sentiment classification methods are mainly for document and clean

textual data which can not capture relationship, different attributes and character-

istics within tweet messages.

Social media analysis, especially the analysis of tweet messages on Twitter has

become increasingly relevant since the significant portion of data is ubiquitous in

nature. The social media-based short text is valuable for many good reasons, ex-



plored increasingly in text analysis, social media analysis and recommendation. In

the same time, there is a number of challenges that need to be addressed in this

space. One of the main issues is that the traditional word embeddings are unable to

capture polysemy (assigns the same representation of a word irrespective of its con-

text and meaning) and out of vocabulary words (assigns a random representation).

Furthermore, traditional word embeddings fail to capture sentiment information of

words which results in similar word vector representations having the opposite po-

larities. Thus, ignoring polysemy within the context and sentiment polarity of words

in a tweet reduces the performance for tweets classification.

In order to address the above-mentioned research challenges and limitations as-

sociated with word-level representations, this thesis focuses on improving the rep-

resentation of low-quality text by improving the unstructured and informal nature

of tweets to utilize the information thoroughly and manages the natural language

ambiguities to build a more robust sentiment classification model. As compared

to previous studies, the proposed models can deal with the ubiquitous nature of

the short text, polysemy, semantic and syntactical relationships within a content,

thereby addressing the natural language ambiguity problems.

Chapter 4 presents the effects of pre-processing techniques using two different

word representation models with the machine and deep learning classifiers. Then, we

present our recommended combination (approach) of different pre-processing tech-

niques which improves the low quality, by performing sentiment-aware tokenization,

correction of spelling mistakes, word segmentation and other techniques to utilize

most of the information hidden in unstructured text. The experimental result shows

that the proposed combination performs well as compared to other combinations.

Chapter 5 presents the hybrid words representation. In this chapter, we pro-

posed our Deep Intelligent Contextual Embedding for Twitter sentiment analysis.

Proposed model addresses the natural language ambiguities and is devised to cap-

ture polysemy in context, semantics, syntax and sentiment knowledge of words.

Bi-directional Long-Short Term Memory wth attention is employed to determine

the sentiment. We evaluate the proposed model by performing quantitative and



qualitative analysis. The experimental results show that the proposed model out-

performs various word embedding models in the sentiment analysis of tweets.

Above mentioned methods can be applied to any social media classification task.

The performance of proposed models is compared with different models which sup-

port the effectiveness of the proposed models and bound the information loss in

their generated high-quality representations.



4

Chapter 1

Introduction

Natural Language Processing (NLP) enables computers to understand, process and

classify the language just like humans. In natural language processing (NLP), text

classification is one of the most basic and important task that can be applied to

many different tasks such as document classification, sentiment classificaion, lan-

guage detection, topic classification, product and movie reviews classifcation etc

(Aggarwal and Zhai; 2012a; Sebastiani; 2002). Text is enourmous source of getting

useful information but extracting insights is a challenging task due to unstructured

and low quality nature of text. In following sections, we breifly discussed text classi-

fication especially short text in terms of its benefits in today’s world followed by its

benefits and challenges in different areas. Afterwards, we briefly discussed sentiment

analysis and presented characteristics, benefits and challenge of Twitter Sentiment

Analysis in terms of natural language ambuiguites and low quality of text.

1.1 Text classification

Natural Language Processing (NLP) is linked to the area of human-computer in-

teraction (HCI) which involves different challenges such as natural language under-

standing (NLU) which empowers computers to understand the meaning from input

received from natural language or humans and involves natural language generation

(Pang and Lee; 2008a). Predefined labels are assigned in the text classification task

to the text documents based on its content (Sebastiani; 2005). So, in other words,

by utilizing NLP, we can assign tags to the informal and raw text which makes

complex and low-quality text into a meaningful organized and structured text. This

structured, clean and organized text is easy to interpret by machines. Usually, these

labels (classes) are assigned by humans. With the rapid growth of information avail-
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able online, it has become difficult for people to process and extract the relevant

information manually which has brought opportunities and challenges for the devel-

opment of Natural language processing (NLP) techniques such as text classification.

Text classification either use machine learning or deep learning algorithms to classify

the sheer amount of textual information available.

Short text classification has become very popular with the rapid growth of so-

cial media platforms such as Twitter, Facebook and e-commerce industry such as

Amazon for product descriptions and reviews. Classification of short text can be

a challenging and hard task because traditional methods, which work well on large

texts and documents, will not work well on the short text. The reason is that short

text is very sparse, has fewer features and does not give enough word co-occurrence.

Furthermore, it is unstructured and informal with a lot of spelling and grammar mis-

takes, abbreviations, slangs, emoticons and every person has its own writing style

which makes it more challenging to mine and classifies the text with better results

(Wang et al.; 2017; Adhi et al.; 2019; Chen et al.; 2011). Due to mentioned issues

with a short text, it is essential to properly clean the text and get better representa-

tions of raw text before feeding extracted features to classifier for the classification

task. In this thesis, we focus on the sentiment analysis task.

1.2 Sentiment Analysis

Sentiment analysis, often known as opinion mining is an attempt to understand

peoples views, reviews, evaluations, attitudes, opinions, and emotions towards peo-

ple, topics, objects, evaluation and many other things. The attitude or opinion of

the person (writer) towards any certain products or topic can be recognized by using

sentiment analysis (Sa et al.; 2018; Giachanou and Crestani; 2016; Silva et al.; 2016).

Millions of users around the globe use the internet where they read and write

their opinions or sentiments. In todays world, people around the world mostly rely

on the opinions and recommendations given by different people before making a

decision. The ratio of people who consider online reviews as a personal recommen-
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dation has increased drastically ∗. So understanding the content and sentiment of

information published online, including the social media where users share senti-

ments and views is crucial from the perspective of improving the services, products

and recommendations for those users (Cambria et al.; 2013; Aggarwal and Zhai;

2012a)

Sentiment analysis helps companies to improve their business models and in-

crease their profit margins by mining public sentiments, reviews by customer and

recommendations to online users. It is extensively being used for understanding

online reviews and in social media for many different applications such as customer

service or marketing. Sentiment analysis has developed into one of the famous ar-

eas in the natural language processing (NLP) to determine and extract subjective

information(Pang and Lee; 2008b; He et al.; 2013; Medhat et al.; 2014)

Sentiment analysis is one of the hardest tasks to be addressed by the machines.

Handling ubiquitous, unstructured and informal nature of short text and language

ambiguities such as lexical, syntactic and semantic ambiguities as well as some pat-

terns, features and entities are hard for the machines to recognize as human beings.

For example, it is difficult for the machines to understand the sarcasm and ironies

just like human beings because of their opposite meanings. Also, it is easy for hu-

man beings to understand the informal and unstructured text used by online users

such as using different abbreviations, hashtags, acronyms, different punctuation, in-

correct spellings, emoticons, slang, URLs, etc. but it is tough for the machines to

handle this informal and unstructured text which causes noise to handle the text

posted online by different users. Similarly, other linguistic constraints/language

ambiguities such as capturing polysemy, complicated attributes of words usage in

semantics and syntax and understanding the polarities of words, all these language

restrictions are easy for human being to understand but much effort is needed to

make the machines understand the sentiments just like human beings by handling

this language imperfections (Batrinca and Treleaven; 2015; Kharde and Sonawane;

2016; Hussein; 2018; Thelwall et al.; 2010; Kiritchenko, Zhu and Mohammad; 2014;

∗https://www.inc.com/craig-bloem/84-percent-of-people-trust-online-reviews-as-much-.html
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O’Connor et al.; 2010). There are many different types and areas for applying sen-

timent analysis, but in the next section, we will restrict ourselves to only Twitter

sentiment analysis which is relevant to this thesis.

1.3 Twitter Sentiment Analysis

In this section, first, we discuss Twitter, its characteristics, along with its impor-

tance. After that, we briefly discuss Twitter sentiment analysis and its challenges.

Twitter is a social network application where people micro-blog (post messages or

tweets) about a variety of different topics. Earlier it was restricted to 160 char-

acters to be an SMS kind of service. 140 characters limit for every tweet and 20

characters left for the user-name. Twitter users can post any kind of information

within this 140 characters but can provide a URL link for a more detailed infor-

mation source. This restriction of 140 characters forces users to use abbreviations,

emoticons and make spelling mistakes intentionally or unintentionally, which makes

data noisy and makes it challenging to extract useful information. Twitter users use

user mentions referring to other Twitter user, re-tweets and hashtags. α user-name

in a tweets shows that a tweet is a posted in a response of another tweet by another

user. Users might re-post the tweet if a tweet is interesting and compelling to a

Twitter user. RT α user-name format is used to re-tweet (re-post) the tweet posted

by another user. Twitter allows its users to tag their tweets using hashtags in the

form of #tag-name. Hashtags generally are used to convey the context of the tweet

message. The characteristics of Twitter and its character restrictions are unique

which are not common in other traditional media (Giachanou and Crestani; 2016;

MARTNEZ-CMARA et al.; 2014)

Due to its popularity, users across the world are posting millions of posts on

a daily basis which serves as a rich source of information. The massive amount

of content published on Twitter offers many opportunities for the researchers to

understand and analyze the trends. Twitter sentiment analysis can be helpful for

companies in many ways. It can provide qualitative insights to companies about

how people talking about their products, brands and services. Millions of tweet
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messages are posted by Twitter users daily, which makes it most popular among all

social media platforms for getting information, daily news and updates about famous

people around the globe. Due to the mentioned reasons, companies see Twitter a

vital tool when compared to different social media platforms for making their mar-

keting decisions, improving services, products and recommendations for other users.

Twitter connects users and businesses around the globe without any boundaries,

but on another hand, it can negatively impact the businesses and brands name if

any harmful content is posted by the users, especially when it goes viral. This can

cause a significant dent to the services and businesses. That is why monitoring so-

cial media, understanding users behaviour and resolving their concerns have become

essential elements for any business in order to improve the business and maximise

the profits. Twitter is a great source to understand and discover the new trends in

the industry (Giachanou and Crestani; 2016; Go et al.; 2009; Agarwal et al.; 2011;

Cambria et al.; 2013)

In recent literature, many different techniques have been proposed for Twitter

sentiment analysis but still not fully able to handle natural language ambiguities

such as words with different meanings in a context (Polysemy), sentiment of words,

semantic and syntactical information. To handle the polysemy issue, different lan-

guage model-based models are proposed, which generates context-dependent vectors.

(Liu et al.; 2015; McCann et al.; 2017a; Peters et al.; 2018c; Melamud et al.; 2016a;

Cambria et al.; 2018) and other language complexities such as sentiment specific

word representation which considers sentiment of words, semantic and syntactical

information of words (Tang et al.; 2016a; Rezaeinia et al.; 2017a; Khan et al.; 2014).

This is vivid in the case of low-quality text such as tweets which makes the anal-

ysis more challenging from conventional text such as documents, blogs or forums.

Bermingham and Smeaton (2010) studied the difficulty level of short and long text

for detecting sentiment analysis. Similarly, the impact of low-quality tweet messages

was studied by Brody and Diakopoulos (2011) and found that Twitter users use in-

formal language in one of every six tweet messages. Saif et al. (2012) presented a

method to reduce the noise in tweet messages by semantic smoothing.
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1.4 Research Contributions

This research makes the following contributions which depict the relationship be-

tween our research objectives, problems and research questioned defined in Chapter

3.

• The effects of common and advance pre-processing techniques on text classi-

fication performance are analyzed. Two different word representation models

with machine learning and deep learning classifiers are employed to analyze

the effects on text classification performance (Chapter 4).

• A recommended combination of pre-processing techniques in a systematic pat-

tern is proposed to improve the quality of the text. The proposed method helps

to get better text representation by sentiment-aware tokenization, replacing

abbreviations and slangs, correcting spelling mistakes, word segmentation and

remove noise from the text (Chapter 4).

• Proposal of hybrid words representation to capture the language ambiguities

such as Polysemy (words with a different meaning in a context), Sentiment

knowledge of words, Semantic and syntactical information. (Chapter 5).

• Application of hybrid words representation on text classification task, which

focuses on improving the text quality and addresses the language ambiguities

(Chapter 4 & 5).

1.5 Thesis Structure

The structure of this thesis is shown in Figure 1.1. We divide the proposed

methods in this thesis into two parts. (1) First part presents the analysis and

recommended combination of pre-processing techniques to improve the quality of

text as in Chapter 4; (2) Second part presents hybrid words representation model

(DICE) which handles language complexity as in Chapter 5. The summary of each

chapter is as follows:
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• Chapter 1: This chapter is the brief introduction of the thesis, including the

text classification, Sentiment Analysis, Twitter sentiment analysis, the thesis

contributions and structure.

• Chapter 2: This chapter presents a fundamental and relevant literature review

to this thesis which includes text classification pipeline, text pre-processing,

different word representation and classification methods including related word

to our proposed methods. Also, we present a gap analysis in this chapter to

highlight the gap in the current state of the art models.

• Chapter 3: This chapter provides the methodology used in this thesis, includ-

ing research problems, questions and objectives of this research in a detail.

• Chapter 4: This chapter provides a comprehensive analysis of common and

advance pre-processing techniques with different feature extraction and clas-

sification models. Further, we present our first model which improves the

quality of text and helps the learner to learn better features which improves

classification performance. In this study, we recommend the techniques which

gives better results individually and which does not. We also compared the

results of our proposed method with the baseline method and presented the

comparison that which classifier benefits the most using our proposed method.

• Chapter 5: This chapter proposes the hybrid words representation model (

DICE: Deep Intelligent contextual embedding) which addresses the language

complexity such as words with different meanings (Polysemy) within a context,

out of vocabulary (OOV) words, semantics, syntax and sentiment knowledge

of words. We compared our proposed model with different models from lit-

erature such as classic, continuous, hybrid and sentiment specific state of the

art word representation models. The empirical analysis of our proposed model

for Twitter sentiment analysis demonstrates its effectiveness with respect to

managing the language complexity compared to the state-of-the-art models.

• Chapter 6: A summary of the thesis, its contributions and recommendation

for future work is given in the final chapter.



11

Figure 1.1 : Thesis Structure
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Chapter 2

Literature review

In this chapter, we present some background and relevant techniques for our

research. First, we present the text classification pipeline followed by the

details of each section in the pipeline.

2.1 Text classification Pipeline

Text mining helps to examine vast volumes of unstructured and raw text and

discover appropriate insights. Coupled with machine learning, it can formulate

different models for text analysis to give labels or obtain information based

on prior training. In any text classification task, first, we have to gather data

which we are interested in analysing. The next step is to represent the raw

unstructured data in a form that machine learning classification algorithms

can understand. Text representation can be divided into main two parts: i)

Text Pre-processing and, ii) Features Extraction and then classify the learned

representations using an appropriate classifier (Kowsari et al.; 2019; Aggarwal

and Zhai; 2012b). Below we discuss briefly the text classification pipeline il-

lustrated in Figure 2.1.

Figure 2.1 : Text Classification Pipeline
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– Unstructured (Low Quality) Text: Unstructured (Low Quality)

text is a form of written text which requires metadata and cannot eas-

ily be listed or classified. Usually, it is the information generated by

users on social media postings, documents, email or messages. Raw text

is scattered and sparse with less number of features and does not give

sufficient word co-occurrence information. It is an important source of

information for businesses, research institutes and monitoring agencies.

Often companies mine it for getting the data to improve their marketing

strategies and achieve an edge in the marketplace. It plays a big part

in predictive analytics and in analysing sentiments of users to find-out

the overall opinion of customers. It helps to discover unique insights

by revealing hidden information, discovering trends and recognising re-

lationships between irrelevant bits of the data (Gurusamy and Kannan;

2014; Haddi et al.; 2013; Uysal and Günal; 2014).

– Text Representation: For text classification, the text should be con-

verted into a form which the computer can understand. First, we need

to improve the quality of raw and unstructured text and then extract

features from it before classification. Both of these steps are briefly dis-

cussed below.

∗ Text Preprocessing: Pre-processing is the crucial step, espe-

cially in the classification of short text. Pre-processing techniques

are valuable techniques for decreasing the data adequacy, spar-

sity and helps to improve the low quality of text especially in the

case of short text where everyone writes in their style, and use

emoticons, abbreviations, make spelling mistakes and use URLs

etc. A proper combination of common and advance pre-processing

techniques can help to learn good text representation (Bao et al.;

2014; Singh and Kumari; 2016; Jianqiang and Xiaolin; 2017). Pre-

processing techniques analysed in our study are briefly discussed

in section 2.2.
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∗ Features Extraction: Features extractions of the data is the

critical step for machines to classify and understand the data like

humans. It is process of transforming a raw data into a numeric

data which machines can understand. Usually, this feature extrac-

tion step of transforming a raw data is called a features vector.

Extracting word representations which are robust is not so easy

without having a considerable amount of corpus due to diversity of

expressing sentiments, emotions and intentions in the English lan-

guage. However, due to social media platforms, researchers now

have access to get an enormous amount of data. But assigning

labels to this massive amount of data collected from social media

platforms is not an easy job. To make this annotation process

easy, researchers initially worked on finding sign of sentiment and

emotion within the content of the text like emoticons and hash-

tags (Suttles and Ide; 2013; Wang, Chen, Thirunarayan and Sheth;

2012; Kowsari et al.; 2019; Felbo et al.; 2017). Some of the famous

classical and current feature extraction algorithms are briefly dis-

cussed in section 2.3.

– Classification: Selecting the best classifier is the essential part of text

classification pipeline. It is hard to find out the most effective and ad-

equate classifier for text classification task without understanding theo-

retically and conceptually each algorithm. In section A we present the

various famous classification algorithms for text classification task. First,

famous traditional machine learning algorithms of text classification such

as Logistic Regression which is used in many data mining areas (Patriche

et al.; 2016; Chen et al.; 2017), Naive Bayes which is computationally not

expensive and works well with less amount of memory (Larson; 2010),

K-nearest Neighbour which is non-parametric methods and Support Vec-

tor Machine is a famous classifier which has been widely used in many

different areas earlier. Then tree-based algorithms like random forest
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and decision tree are discussed followed by deep learning-based classi-

fiers which are a collection of methods and approaches motivated by

the working mechanism of the human brain. These methods utilise the

extensive amounts of training input data to achieve the high quality of

semantically rich text representations which can be given as input to dif-

ferent machine learning methods which can make more better predictions

(Korde and Mahender; 2012; Kowsari et al.; 2019).

2.2 Text prepossessing

Text datasets contain a lot of unwanted words such as stop-words, punc-

tuation, incorrect spellings, slangs, etc. This unwanted noise and words

can have an adverse effect on the performance of the classification task.

Below first, we present briefly different pre-processing techniques fol-

lowed by some literature review where researchers analyzed the effects

of text pre-processing techniques.

2.2.1 Text preprocessing methods

In this section, methods and techniques related to short text pre-processing

and cleaning will be briefly discussed.

∗ Tokenization

A process of transforming a text (sentence) into tokens or words

is known as tokenization. Documents can be tokenized into sen-

tences, whereas sentences can be converted into tokens. In tok-

enization, a sequence to text is divided into the words, symbols,

phrases or tokens (Balazs and Velásquez; 2016). The prime ob-

jective of tokenization is to find out the words/tokens in a sen-

tence. Usually, tokenization is applied as a first and standard pre-

processing step in any NLP task.(Giachanou et al.; 2017)

∗ Removal of Noise, URLs, Hashtag and User-mentions
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Unwanted strings and Unicode such as \xc6 \x8e and \xf1 which

are considered as a leftover during the crawling process, which is

not useful for the machines and creates noise in the data. Also,

almost all of tweets messages posted by users, contains URLs to

provide extra information, User-mention/tags (α) and use hashtag

symbol ”#” to associate their tweet message with some particu-

lar topic and can also express their sentiments in tweets by using

hashtags. These give extra information which is useful for hu-

man beings, but it does not provide any information to machines

and considered as noise which needs to be handled. Researchers

have presented different techniques to handle this extra informa-

tion provided by users such as in the case of URLs; it is replaced

with tags (Agarwal et al.; 2011) whereas User-mentions (α) are

removed (Bermingham and Smeaton; 2011; Khan et al.; 2014)

∗ Word Segmentation Word segmentation is the process of sep-

arating the phrases/content/keywords used in the hashtag. And

this step can help in understanding and classifying the content of

tweets easily for machines without any human intervention. As

mentioned earlier, Twitter users use # (hashtags) in almost all

tweets to associate their tweets with some particular topic. The

phrase or keyword starting with # is known as hashtags. There are

different methods available in the literature for word segmentation

(Reuter et al.; 2016; Celebi and Ozgur; 2016).

∗ Replacing Emoticons and Emojis

Twitter users use many different emoticons and emojis such as:),

:(, etc. to express their sentiments and opinions. So it is very

important to capture this useful information to classify the tweets

correctly. There are few tokenizers available which can capture few

expressions and emoticons and replace them with their associated
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meanings (Gimpel et al.; n.d.).

∗ Replacement of abbreviation and slang

Character limitations of Twitter enforce online users to use ab-

breviations, short words and slangs in their posts online. An ab-

breviation (short words) is a short or acronym of a word such as

MIA which stands for missing in action whereas slang is an infor-

mal way of expressing thoughts or meanings which is sometimes

restricted to some particular group of people, context and consid-

ered as informal. So it is crucial to handle such kind of informal

nature of text by replacing them to their actual meaning to get

better performance without losing information. Researchers have

proposed different methods to handle this kind of issue in a text,

but the most useful technique is to convert them to an actual word

which is easy for a machine to understand (Kouloumpis et al.; 2011;

Mullen and Malouf; 2006)

∗ Replacing elongated characters Social media users, sometimes

intentionally use elongated words in which they purposely write or

add more characters repeatedly more times, such as loooovvveee,

greeeeat. Thus, it is important to deal with these words and change

them to their base word so that classifier does not treat them dif-

ferent words. In our experiments, we replaced elongated words to

their original base words. Detection and Replacement of elongated

words have been studied by Mohammad et al. (2013) and Balahur

(2013).

∗ Correction of Spelling mistakes

Incorrect spellings and grammatical mistakes are very commonly

present in the text, especially in the case of social media platforms,
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especially on Twitter and Facebook. Correction of spelling and

grammatical mistakes helps in reducing the same words written

indifferently. Textblob is one the library which can be used for

this purpose. Norvig’s spell correction∗ method is also widely used

to correct spelling mistakes.

∗ Expanding Contractions

A contraction is a shortened form of the words which is widely

being used by online users. An apostrophe is used in the place

of the missing letter(s). Because we want to standardize the text

for machines to process easily so, in the removal of contractions,

shortened words are expanded to their original root /base words.

For example, words like how is, Im, cant and dont are the con-

tractions for words how is, I am, cannot and do not respectively.

In the study conducted by Boia et al. (2013) and Snchez-Mirabal

et al. (2014), contractions were replaced with their original words

or by the relevant word. If contractions are not replaced, then the

tokenization step will create tokens of the word ”can’t” into ”can”

”t”.

∗ Removing Punctuations

Social media users use different punctuations to express their sen-

timents and emotions, which may are useful for humans but not all

much useful for machines for the classification of short texts. So

removal of punctuation is common practice in classification tasks

such as sentiment analysis. However, sometimes some punctuation

symbols like ”!” and ”?” shows/denotes the sentiments. Its com-

mon practice to remove punctuation. (Lin and He; 2009). whereas,

replacing question mark or sign of exclamation with tags has also

been studied by Balahur (2013).

∗http://norvig.com/spell-correct.html
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∗ Removing Numbers

Text corpus usually contains unwanted numbers which are useful

for human beings to understand but not much use for machines

which makes lowers the results of the classification task. The simple

and standard method is to remove them (He et al.; 2011; Jianqiang;

2015). However, we could lose some useful information if we remove

them before transforming slang and abbreviation into their actual

words. For example, words like ”2maro”, ”4 u”, ”gr8”, etc. should

be first converted to actual words, and then we can proceed with

this pre-processing step.

∗ Lower-casing all words

A sentence in a corpus has many different words with capitaliza-

tion. This step of pre-processing helps to avoid different copies of

the same words. This diversity of capitalization within the corpus

can cause a problem during the classification task and lower the

performance. Changing each capital letters into a lower case is the

most common method to handle this issue in text data. Although,

this pre-prepossessing technique projects all tokens in a corpus un-

der the one feature space also causes a bunch of problems in the

interpretation of some words like US in the raw corpus. The word

US could be pronoun and a country name as well, so converting

it to a lower case in all cases can be problematic. The study con-

ducted by dos Santos and de C. Gatti (2014) has lower-cased words

in corpus to get clean words.

∗ Removing Stop-words

In-text classification task, there are many words which do not have

critical significance and are present in high frequency in a text. It

means the words which does not help to improve the performance

because they do not have much information for the sentiment clas-
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sification task, so it is recommended to remove stop words before

feature selection step. Words like (a, the, is, and, am, are, etc.). A

popular and straightforward method to handle with such words is

to remove them. There are different stop-word libraries available

such as NLTK, scikit-learn and spaCy.

∗ Stemming

One word can turn up in many different forms, whereas the se-

mantic meaning of those words is still the same. Stemming is the

techniques to replace and remove the suffixes and affixes to get the

root, base or stem word. The importance of stemming was stud-

ied by Mejova and Srinivasan (2011). There are several types of

stemming algorithms which helps to consolidate different forms of

words into the same feature space such as Porter Stemmer, Lan-

caster stemmer and Snowball stemmers etc. Feature reduction can

be achieved by utilizing the stemming technique.

∗ Lemmatization

The purpose of the lemmatization is the same as stemming, which

is to cut down the words to it’s base or root words. However,

in lemmatization inflection of words are not just chopped off, but

it uses lexical knowledge to transform words into its base forms.

There are many libraries available which help to do this lemma-

tization technique. Few of the famous ones are NLTK (Wordnet

lemmatizer), genism, Stanford CoreNLP, spaCy and TextBlob etc.

∗ Part of Speech (POS) Tagging

The purpose of Pat of speech (POS) tagging is to assign part of

speech to text. It clubs together with the words which have the

same grammatical with words together.

∗ Handling Negations
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For humans, it is simple to get the context if there is any negation

present in the sentence, but for machines sometimes it does not

help to capture and classify accurately so handling a negation can

be a very challenging task in the case of word-level text analysis.

Replacing negation words with the prefix ’NEG ’ has been studied

by Narayanan et al. (2013). Similarly, handling negations with

antonym has been studied by Perkins (2010).

2.2.2 Effects of Pre-processing methods

Text pre-processing plays a significant role in text classification. Many

researchers in the past have made efforts to understand the effectiveness

of different pre-processing techniques and their contribution to text clas-

sification tasks. Below we present some studies conducted on the effects

of pre-processing techniques on text classification tasks.

Bao et al. (2014) study showed the effect of pre-processing techniques on

Twitter analysis task. Uni-gram and bi-grams features were fed to Liblin-

ear classifier for the classification of positive and negative classes. They

showed in their study that reservation of URL features, the transforma-

tion of negation (negated words) and normalization of repeated tokens

have a positive effect on classification results whereas lemmatization and

stemming have a negative effect on classification results. Singh and Ku-

mari (2016) showed the impact of pre-processing on Twitter dataset full

of abbreviations, slangs, acronyms for the sentiment classification task.

In their study, they showed the importance and significance of slang

and correction of spelling mistakes and used Support Vector Machine

(SVM) classifier to study the role of pre-processing for sentiment classi-

fication. Haddi et al. (2013) also explored the effect of text pre-processing

on movie review dataset. The experimental shows that pre-processing

methods like the transformation of text such as changing abbreviations

to actual words and removal of stop word, special characters and han-

dling of negation with the prefix NOT and stemming can significantly
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improve the classification performance. The SVM classifier was used in

their experiments the study conducted by Uysal and gunal. Uysal and

Günal (2014) to analyze the role of pre-processing on two different lan-

guages for sentiment classification was presented. They employed SVM

classifier in their studies and showed that performance is improved by

selecting an appropriate combination of different techniques such as re-

moval of stop words, the lower casing of text, tokenization and stemming.

They concluded that researchers should choose all possible combinations

carefully because the inappropriate combination may result in degrada-

tion of performance. Similarly, Jianqiang and Xiaolin (2017) studied the

role of six different pre-processing techniques on five datasets in their

study, where they used four different classifiers. Their experimental re-

sults show that replacing acronyms ( abbreviations) with actual words

and negations improved the sentiment classification, whereas removing

stop-words, special characters and URLs have a negative influence on

the results of sentiment classification. Role of text preprocessing to re-

duce the sparsity issue in Twitter sentiment classification is studied by

Saif et al. (2013). Experimental results show that choosing a combi-

nation of appropriate pre-processing methods can decrease the sparsity

and enhance the classification results. Agarwal et al. (2011) proposed

novel tweets pre-processing approaches in their studies. They replaced

URL, user mentions, repeated characters and negated words with differ-

ent tags and removed hashtags. Classification results were improved by

their proposed pre-processing methods. In another studies presented by

Saloot et al. (2015) and Takeda and Takefuji (2015) in the natural lan-

guage workshop which focus on noise user-generated text†. Noisy nature

of Twitter messages is reduced/decreased by normalizing tweets using a

maximum entropy model and entity linking. Recently, Symeonidis et al.

(2018) presented the comparative analysis of different techniques on two

†http://noisy-text.github.io/
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datasets for Twitter sentiment analysis. In their study, they studied

the effect of each technique on four traditional machine learning-based

classifiers and one neural network-based classifier with only TFIDF (un-

igram) for words representation method. Their study showed that pre-

processing technique such as removing numbers, lemmatization and ex-

panding contractions to base words performs better, whereas removing

punctuation does not perform well in the classification task. Their study

also presented the interactions of the limited number of different tech-

niques with others and showed that techniques which perform well when

interacted with others. However, no work has been done the recommen-

dation of pre-processing techniques to improve the quality of the text.

2.3 Words Representation

Next step after cleaning and pre-processing the text is to represent to a

mahine readable form. Different researchers in the past have proposed

different word representation models are briefly discussed, followed by

some literature review where different methods have been adopted for

different NLP related tasks.

2.3.1 Words Representation Models

Below, we present some popular word representation methods. First,

we present some legacy word representation models, followed by some

famous representation learning models.

Legacy words representation models

This section presents some of the popular legacy word representation

methods which were commonly used in earlier days for the text clas-

sification task. Frequency of words is the basis of this kind of words

representation methods. First, we give a short description of categori-

cal word representation methods and then weighted word representation

methods.
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– Categorical word representation: is the simplest way to represent

text. In this method, words are represented by a symbolic representation

either ”1” or ”0”. One-hot encoding and Bag-of-words (BoW) are the

two models which come under categorical word representation methods.

Both are briefly discussed below.

∗ One hot encoding: The most straightforward method of text

representation is one hot encoding. In one hot encoding, the di-

mension is the same amount of terms present in the vocabulary.

Every term in vocabulary is represented as a binary variable such

as 0 or 1, which means each word is made up of zeros and ones.

Index of the corresponding word is marked with 1, whereas all

others are marked as zero (0). Each unique word has a unique

dimension and will be represented by a 1 in that dimension with

0s everywhere else.

∗ Bag-of-Words (BoW): BoW is simply an extension of one-hot

encoding. It adds up the one-hot representations of words in the

sentence. An example of ”Hello” and ”World” as one-hot encoding

and ”Hello World” as BoW is given in figure 2.2.

Figure 2.2 : An illustration of one-hot encoding and BoW models

– Weighted Word representation Here, we present the common meth-

ods for weighted word representations such as Term frequency (TF) and
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Term frequency-inverse document frequency (TF-IDF). These are associ-

ated with categorical word representation methods but rather than only

counting; weighted models feature numerical representations based on

words frequency. Both of them are briefly discussed below.

∗ Term Frequency (TF) : TF calculates how often a word occurs

in a document. A word can probably appear many times in large

documents tas compared to small ones. Hence, TF is computed by

dividing the length of the document. In other words, TF of a word

is computed by dividing it with the total number of words in the

document.

∗ Term frequency Inverse document frequency (TF-IDF): To

cut down the impact of common words such as ’the’, ’and’ etc. in

the corpus, TF-IDF was presented by Sparck Jones (1988) for text

representation. TF here stands for Term frequency (TF) which is

defined in the above section, and IDF denotes inverse document

frequency. Words with less frequencies are assigned higher weight

than the more familiar word in Term frequency Inverse document

frequency (TF-IDF). TF-IDF is represented mathematically by the

below equation.

TF − IDF (t, d,D) = TF (t, d)× log(
D

dft
)

Where t denotes the terms; d denotes each document; D represents

the collection of documents and dft denotes sum of documents with

term t in it.

Representation Learning

The limitations of manually extracting features make it use a limited for building

a suitable model in machine learning. Due to this, different methods have been pro-

posed in the past, which discovers the representations automatically for downstream
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tasks such as classification. Such methods which discover features itself are called

as feature learning or representation learning.

It is very important because the performance of machine learning models heavily

depends on the representations of the input (Bengio et al.; 2013). Deep learning-

based model, which are good at learning important features itself, is changing tra-

ditional feature learning methods. Proper representation can be learned either by

utilizing supervised learning methods or unsupervised methods.

In the area of NLP, unsupervised text representation methods like pre-trained

embeddings have replaced categorical text representation methods. These word

embeddings turned into very efficient representation methods to enhance the perfor-

mance of many downstream tasks due to having a previous knowledge for different

machine learning models. Traditional feature learning methods have been replaced

by these neural network-based methods due to their good representation learning

capacity.

Since categorical word representations models fail to capture syntactic and se-

mantic meaning of the words and these models suffers the curse of high dimension-

ality. The shortcomings of these models led the researchers to learn the distributed

word representation in low dimension space (Bolukbasi et al.; 2016).

Continous Words Representation

Word Embedding is natural language processing (NLP) technique in which text

from the corpus is mapped as the vectors. In other words, it is a type of learned

representation which allows same meaning words to have the same representation.

It is the distributed representation of a text (words and documents) which is a

significant breakthrough for better performance for NLP related problems. The

most significant benefit of word embedding is this that it provides more efficient

and expressive representation by keeping the word similarity of context and by low

dimensional vectors. Nowadays, word embedding is being used in many different

applications like semantic analysis, philology, psychiatry, cognitive science, social

science and psychology (Elekes et al.; 2018).
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An automatic feature learning technique in which every word in a vocabulary

is indexed into an N dimension vector is known as distributed vectors or Word

embedding. Which follows the distributional hypothesis. According to this, words

which are used and appear in the same contexts tend to assure the same meanings.

So these vectors tend of have the attributes of words neighbours and they capture

similarity between words. During 1990, several researchers made attempts to lay

down the foundation of distributional semantic learning.

Bengio et al. (2003) presented a model which learned word representations using

distributed representation. Different word embedding models have been proposed,

which makes unigrams useful and understandable to machine learning algorithms

and usually, these models are used in the first layer in a deep neural network-based

model. These word embedding are pre-trained by predicting a word based on its

context without losing semantic and syntactical information. Thus, using these

embedding techniques have demonstrated to be helpful in many NLP tasks because

It does not lose the order of words and captures the meaning of words (syntactic

and semantic information of words).

However, the popularity of word representation methods are due to two famous

models, Word2Vec (Mikolov et al.; 2013) and GloVe (Manning et al.; 2014). These

famous, along with other famous word representation models, are briefly discussed

below.

• Word2Vec

Word2vec is words representation model developed by Mikolov et al. (2013).

This model uses two hidden layers which are used in a shallow neural network

to create a vector of each word. The word vectors captured by CBOW and

Skip-gram models of word2vec are supposed to have semantic and syntactic

information of words. To have a better representation of words, it is recom-

mended to train the corpus with the large corpus. Word2Vec have proved

to be useful in many Natural language processing (NLP) related tasks (Col-

lobert et al.; 2011). Word2Vec was developed to build training of embedding
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more significant, and since then, it has been used as a standard for developing

pre-trained word representation. Based on the context, Word2Vec predicts by

using one of the two neural network models such as Continuous bag of words

(CBOW) and Skip-gram. A predefined length of the window is moved together

with the corpus in both models, and the training is done with words inside

the window in each step (Altszyler et al.; 2016). Figure 2.2 shows the working

principle of both Word2Vec algorithms, CBOW and Skip-Gram.

Figure 2.3 : Working principle of Word2Vec (Mikolov et al.; 2013)

– Continuous Bag of words (CBOW): CBOW gives words prediction

of current work based on its context. CBOW communicates with the

neighbouring words in the window. Three layers are used in CBOW

process. Context is considered as the first layer whereas the layer which

is hidden matches with the estimation of every word from the input

to the weight matrix which later on is estimated to the output which

is considered as the third layer. The last phase of this method is to

correlate the output and the work itself to improve the representation

on the basis of backpropagation of the error gradient. In a figure 2.3,

CBOW method predicts the middle word on the basis of its context in

skip-gram predicts the context word on the basis of centre word (Naili

et al.; 2017).

– Skip-Gram
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Skip-Gram is the reverse of CBOW model; prediction is given on the

basis of the central word after the training of context in skip-gram. In-

put layer correlates with the targeted word, and the output layer cor-

responds with the context. This model looks for the estimation of the

context given the word, unlike CBOW. The last phase of this model is

the correlation between output and every word of the context to adjust

representation on the basis of backpropagation (Naili et al.; 2017; Elekes

et al.; 2018).

Skip-gram is efficient when we have less training data, and not frequent words

are well presented. Whereas CBOW is quicker and performs better with re-

peated words. To address the issues of learning the final vectors, two algo-

rithms are proposed. First one is negative sampling in which we restrict the

sum of output vectors which needs to be updated, so only a sample of the

vectors is updated based on a noise distribution which is a probabilistic dis-

tribution used in the sample step. Moreover, the other method is Hierarchical

softmax which is developed based on the Huffman tree. It is a binary tree

which gives all words depending on their counts. Then normalization is done

for each step from the root to the target. Negative sampling is efficient when

the dimension of vectors is less and works well with repeated words. Whereas

hierarchical softmax works good when we have less frequent words (Naili et al.;

2017).

• Global Vectors (GloVe)

GloVe is an expansion of the word2Vec for learning word vectors efficiently

where the words prediction is made on the basis of surrounding words. Glove

was proposed by Manning et al. (2014). Glove is based on the appearances

of a word in the corpus, which is based on two steps. Creation of the co-

occurrence matrix from the corpus is the first step, followed by the factorization

to get vectors. Like word2Vec, GloVe also provided pre-trained embeddings

in different dimension which are trained over the vast corpus. The objective

function of GloVe is given below.
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J =
V∑

k,j=1

f(Xkj)(w
T
k w

′

j + bk + bj − log(Xkj))

where;

V : is size of vocabulary,

X : is co-occurrence matrix,

Xkj is frequency of word k co-occurring with word j,

Xk total number of occurrences of word k in the corpus,

Pkj is the probability of word j occurring within the context of word k,

w is a word embedding of dimension d,

w
′

is the the context word embedding of dimension d

• FastText

Bojanowski et al. (2016a) proposed FastText. Word Embedding methods

like Word2Vec and GloVe does not consider the issue of morphology/rare

words/Out of vocabulary (OOV). FastText model solved above-mentioned is-

sues. FastText breaks a word in an N-grams instead of full word for feeding

into a neural network. FastText gives better results by having better word

representation primarily in the case of rare words. Facebook has presented

pre-trained word embeddings for 294 different languages, trained on Wikipedia

using fastText embedding on 300 dimensions and utilized word2Vec skip-gram

model with its default parameters (Joulin et al.; 2016).

• Contextual word representations

Recently, researchers have focused on solving the issue of polysemy in the

context and proposed new word embedding models which are briefly discussed

below.

– Generic Context word representation (Context2Vec): Context2Vec

was proposed by Melamud et al. (2016a) in 2016 to generate context-

dependent word representations. Their model is based on word2Vecs

CBOW model but replaces its average word representation within a fixed
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window with more better and powerful Bi-directional LSTM neural net-

work. A large text corpus was used to learn neural model which embeds

context from a sentence and target words in the same low dimension

which later is optimized to reflect the interdependencies between target

and their entire sentential context as a whole.

– Contextualized word representations Vectors (CoVe)

McCann et al. (2017b) presented their model Contextualized word rep-

resentations (CoVe) which is based on context2Vec. They used machine

translation to build CoVe instead of the approach used in Word2Vec

(skip-gram or CBOW) or Glove (Matric factorization). Their basic ap-

proach was to pre-train two-layer BiLSTM for attention sequence to

sequence translation, starting from GloVe word vectors and then they

took the output of sequence encoder and called it a CoVe, Combine it

with GloVe vectors and use in a downstream task-specific mode using

transfer learning.

– Deep Contextualized word Embedding (ElMo)

Peters et al. (2018c) proposed ELMo, which gives deep contextual word

representations. The final word vectors are learned from bi-directional

language model (forward and backward LMs). ELMO uses the linear

concatenation of representations learnt from bidirection language model

instead of only just the final layer representations like other contextual

word representations. ELMo produces varied word representations for

the same word in different sentences. ELMo embeddings are based on the

representation learned from Bi language model (BiLM). Log-likelihood

of sentences in both forward and backward language models is involved

in training process of BiLMs and final vector is computed after the con-

catenation of hidden representations from forward language model
−→
h LM

n,j

and backward language model
←−
h LM

n,j , where j = 1, ...., L and is given

below
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BiLM =
k∑

n=1

(log p(tn|t1, ....., tn−1; Θx,
−→
ΘLSTM ,Θs)

+ log p(tn|tn+1, ...., tn; Θx,
←−
ΘLSTM ,Θs)

where θx and θs are the token representation parameters and softmax parame-

ters, respectively, which are shared between forward and backward directions.

And
−→
ΘLSTM and

←−
ΘLSTM are the forwarded back backward LSTM parameters

respectively. ELMo abstracts the representations learned from an interme-

diate layer from BiLM and execute linear combination for each token in a

downstream task. BiLM contains 2L+1 set representations as given below.

Rn = (XLM
x ,
−→
h LM

n,j ,
←−
h LM

n,j | j = 1, ...., L)

= (hLMn,j | j = 0, ..., L)

where hLMn,0 = xLMn is the layer of token and hLMn,j = [
−→
h LM

n,j ,
←−
h LM

n,j ] for each bi

directional LSTM layer. ELMo is a task specific combination of these features

where all layers in M are flattened to single vector and is given below

ELMotaskn = E(Mn; Θtask) = γtask
L∑

j=0

staskj hLMh,j

where stask are weights which are softmax normalized for the combination of different

layers representations and γtask is a hyperparameter for optimization and scaling of

ELMo representation.

Recently, many different State-of-the-art models have been presented in dif-

ferent studeis. Some of them are briefly given below:

• Universal Language Model Fine-Tuning (ULMFiT)

Proposed by fast.ais Jeremy Howard and NUI Galway Insight Centers Sebas-

tian Ruder, ULMFiT Howard and Ruder (2018) is essentially a method to
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enable transfer learning for any NLP task and achieve great results. All this,

without having to train models from scratch. This method involves fine-tuning

a pre-trained language model (LM), trained on the Wikitext 103 dataset, to

a new dataset in such a manner that it does not forget what it previously

learned. UMFiT was based on the state-of-the-art language model at that

time which is LSTM-based model. The architecture and training method,

ULMFiT (universal language model fine-tuning), builds on similar approaches

of CoVE and ELMo. In CoVe and ELMo the encoder layers are frozen. ULM-

FiT instead describes a way to train all layers, and does so without overfitting

or running into catastropic forgetting, which has been more of a problem for

NLP (vs Computer vision) transfer learning in part because NLP models tend

to be relatively shallow.

• Transformer-Based Pre-tained Models

Transformer has been proven to be more efficient and faster than LSTM or

CNN for language modeling and thus the following advances in this domain

will rely on this architecture.

– GPT (OpenAI Transformer) is the first Transformer-based pre-trained

language model proposed by Radford et al. (2019), it uses the decoder of

the Transformer to model the language as it is an autoregressive model

where the model predicts the next word according to its previous context.

GPT has shown a good performance on many downstream tasks.

– Bidirectional Encoder Representations from Transformers (BERT)

Devlin et al. (2018) proposed BERT in 2019, BERT is another contex-

tualized word representation modelbased on a multilayer bi-directional

transformer-encoder, where the transformer neural network uses parallel

attention layers rather than sequential recurrence Vaswani et al. (2017).

BERT is pre-trained on two unsupervisedtasks: (1) a masked language

model, where 15% of the tokens are randomly masked (i.e., replaced with
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the [MASK] token), and the model is trained to predict the masked to-

kens, (2) a next sentence prediction(NSP)task,where the model is given

a pair of sentences and is trained to identify when the second one fol-

lows the first.This second task is meant to capture more long-term or

pragmatic information.

BERT is trained on the Books Corpus dataset(800Mwords) and text

passages of English Wikipedia. Two pre-trained model sizes for BERT

are available: BERT-Base and BERT-Large. BERT can be used directly

from the pre-trained model on un-annotated data, or fine-tuned on ones

task-specific data. The pre-trained publicly available model and code for

fine-tuning are available online ‡.

• Other text embedding representations

After few months, a cross-lingual Language Model Pretraining (XLM) Lample

and Conneau (2019) from Facebook enhanced BERT for Cross-lingual Lan-

guage Model. A month later, GPT-2 proposed by Radford et al. (2018) from

OpenAI scaled up the GPT in terms of the number of model parameters and

training data and it showed a good ability to generate human-like text so

OpenAI didnt publish the large model.

Later in the next few months, Microsoft proposed Multi-Task Deep Neural

Networks for Natural Language Understanding (MT-DNN) (Liu, He, Chen

and Gao; 2019), MT-DNN outperformed GPT-2 on different NLP tasks, MT-

DNN is a BERT-based model, it extends BERT by using multi-task training.

The next month June 2019, Carnegie Mellon University and Google Brain in-

troduced: XLNet: Generalized Autoregressive Pretraining for Language Un-

derstanding which proposes a new task to predict the bidirectional context

instead of the masked Language task in BERT, it is a permutation language

in which we make some permutations of each sentence so the two contexts will

be taken into consideration. In July 2019 RoBERTa: A Robustly Optimized

‡https://github.com/google-research/bert
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BERT Pretraining Approach (Liu, Ott, Goyal, Du, Joshi, Chen, Levy, Lewis,

Zettlemoyer and Stoyanov; 2019) has been introduced, it is like a lite version

of BERT but it has fewer parameters and better performance as it removes the

training on the sentence classification task. In September 2019 Five pre-trained

language models were introduced, Megatron-LM: Training Multi-Billion Pa-

rameter Language Models Using Model Parallelism (Nvidia) Shoeybi et al.

(2019), Lan et al. (2019) proposed ALBERT: A Lite BERT for Self-supervised

Learning of Language Representations(Google), StructBERT: Incorporating

Language Structures into Pre-training for Deep Language Understanding (Al-

ibaba) Wang et al. (2019), CTRL: A Conditional Transformer Language Model

for Controllable Generation(SalesForce) Keskar et al. (2019),DistilBERT, a

distilled version of BERT (Hugging Face) Sanh et al. (2019) have arrived.

DistilBERT reduces the size of a BERT model by 40%, while retaining 97%

of its language understanding capabilities and being 60% faster. MegatronLM

is a scaled up transform-based model, 24 times bigger than BERT. CRTL

is a 1.63 billion-parameter conditional transformer language model, it is a

conditional generative model. StructBERT extends BERT by incorporating

language structures into pre-training. ALBERT, a lite version of BERT, es-

tablishes new state-of-the-art results while having fewer parameters compared

to BERT.

Although these models were able to solve polysemy and contextual issues but

were unable to more characteristics more effectively and efficiently, considering this

issue researchers proposed hybrid models (presented in next subsection) to capture

more information and characteristics of data without losing any information to im-

prove the results, as shown in Table 2.1, we present a comparison of different word

representation models.

2.3.2 Effects of Word representation methods

Below we present some relevant studies where different word representation mod-

els have been employed for various text classification tasks.
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Pang et al. (2002a) performed that binary classification task on IMDb dataset

and employed unigrams, bigram and POS tags as features. For classification, they

used SVM, Maximum entropy and NB classifiers in their study and found out that

best results were achieved with unigrams as feature and SVM as classifier. Kwok

and Wang (2013) used N-gram features along with NB classifier tweets classifica-

tion. These legacy based word representation methods such as N-grams, BoW, TF,

and TF-IDF have been widely used in different studies for various text classification

tasks (Greevy; 2004; Davidson et al.; 2017; Liu and Forss; 2014; Kouloumpis et al.;

2011). These traditional methods for text classification are simple, computationally

economical. However, their limitations such as ignoring word order, unable to cap-

ture semantic information and high dimensionality etc. restrict their use for efficient

text classification tasks.

Later, representation learning methods of learning text representation directly

using neural network (Collobert and Weston; 2008) was adopted, which improved

classification results. Word embeddings from continuous word representation models

such as Word2Vec and GloVe are the most famous and widely used ones among these

methods because of low dimensionality of vectors and capture semantic relationships.

Word representation models have also been used for sentence-level classification task

by averaging word vectors as feature representation which is utilized later on as input

for sentence-level classification (Castellucci et al.; 2015).

Word embeddings which are created based on unigrams and by averaging em-

beddings are not able to capture the issue of syntactic dependencies like ”but” and

”negations” can change the complete meaning of a sentence and long dependencies

within a sentence (Castellucci et al.; 2015). Socher et al. (2013) proposed a re-

cursive neural network which can capture and model long semantic and sentiment

dependencies of words and sentence at different stages. The disadvantage of this

method is that it depends on parsing, which makes it challenging to use on Twitter

related text (Foster et al.; 2011). A paragraph representation model solved this issue

learns word vectors and does not reply on parsing (Le and Mikolov; 2014). Both of

these, recursive neural and paragraph representation models have assessed on IMDb
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dataset used by (Pang et al.; 2002b), and both models improved the classification

results obtained by using BoW features.

Deep neural network-based methods have also been used for Text classification

tasks. Tang et al. (2016a) proposed sentiment specific word representation model,

which are achieved from emoticons labelled tweet messages with the help of the neu-

ral network. Severyn and Moschitti (2015) presented another neural network-based

model where they used Word2Vec to learn embedding. Tweets are presented as a

matrix wherein which columns compare with words, thus retaining the position they

appear in a tweet. Emoticons annotated data was utilized to pre-train the weights

and then trained by hand-annotated from SemEval contestant. The experimental

results tell that pre-training step enables for a better initialization of the networks’

weights and therefore, has a positive role in classification results. In another study

conducted by Fu et al. (2017), Word2Vec was employed to get word representation

which was forwarded to the recursive encoder as an input for text classification. Ren

et al. (2016) also used Word2Vec to generate word representations and proposed a

new model for the Twitter classification task. Lauren et al. (2018) presented a dif-

ferent document representation model where they used the skip-gram algorithm for

generating word representations for the classification of clinical texts.

Due to the limitations and restrictions in a few corpora, pre-trained word embed-

dings are preferred by researchers as an input of machine learning models. Qin et al.

(2016) used pre-trained Word2Vec embeddings and forwarded these word embed-

dings to CNN. Similarly, Kim (2014a) utilized pre-trained embeddings of Word2Vec

and forwarded to CNN neural network, which increased the classification results.

Camacho-Collados et al. (2016) for concept representation in their work. Jian-

qiang and Xiaolin (2018) have initialized word embeddings using pre-trained GloVe

embeddings in their DCNN model. Similarly, Wallace (2017) applied GloVe, and

Word2Vec pre-trained word embedding in deep neural network-based algorithms

and enhanced the classification results. Similarly, a study conducted by Wang et al.

(2016), used pre-trained GloVe embeddings as an input to LSTM with attention

model for aspect based classification and Liu et al. (2018) employed pre-trained
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word embeddings Word2Vec for recommending idioms in essay writing. Recently,

Ilic et al. (2018) have used contextual word embeddings (ELMo) for word repre-

sentation for the detection of sarcasm and irony and shown that using ELMo word

representaitons have improved the classification results. The research community

has made limited efforts for solving the above mention limitations of continuous

word representation models by proposing different models. For example, for hand-

ing OOV words which are not seen in the training and they are assigned UNK token

and same vector for all words and degrades results if the number of OOV is large.

Different methods to handle OOV words have been proposed in different studies

(Dhingra et al.; 2017; Herbelot and Baroni; 2017; Pinter et al.; 2017) But still these

models does not capture the polysemy issues. This issue of words with different

meanings (polysemy) is addressed in different models presented by the (Neelakan-

tan et al.; 2015; Iacobacci et al.; 2015; Pilehvar and Collier; 2016). In recent days,

researchers has presented more robust models to handle OOV words and polysemy

issues (Liu et al.; 2015; Melamud et al.; 2016b; McCann et al.; 2017a; Peters et al.;

2018a).

To handle domain-specific problems different studies have been conducted where

researchers used existing knowledge encoded in semantic lexicons to these word

embedding to improve the downsides of using the pre-trained embedding which is

trained on news data which is usually different from the data we use in our tasks.

Some of the models presented are proposed in the following studies which inject

external knowledge in existing word embedding and improves the results. Faruqui

et al. (2014); Speer et al. (2016); Mrksic et al. (2017); Seungil et al. (2017); Niebler

et al. (2017). Word embeddings are beneficial in different areas beyond NLP like

link prediction, information retrieval and recommendation systems. Ledell et al.

(2017) proposed a model which is suitable for many of above-menitoned applications

and acted as a baseline. None of the above mentioned is robust enough and fails

to integrate sentiment of words in the representations and does not work well in

domain-specific tasks such as sentiment analysis etc.

Studies show that adding sentiment information into conventional word repre-
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sentation models improves performance. To integrate the sentiment information into

word embeddings, researchers have proposed different hybrid word representations

by changing existing skip-gram model (Tang, Wei, Yang, Zhou, Liu and Qin; 2014).

Tang et al. (2016b) proposed several hybrid ranking models (HyRank) and developed

sentiment embeddings based on C&W, which considers context and sentiment polar-

ity of tweets. Similarly, several other models are presented, which considers context

and sentiment polarity of words for sentiment analysis. (Tang et al.; 2015; Liang-

Chih, Wang, Lai and Zhang; 2018; Rezaeinia et al.; 2017b). Liang-Chih, Wang,

Lai and Zhang (2018) proposed sentiment embeddings by refining pre-trained em-

beddings Re(*) using the intensity score of external knowledge resource. Rezaeinia

et al. (2017c) proposed improved word vectors (IWV) by combining word embed-

dings, part of speech (POS) and combination of lexicons for sentiment analysis.

Recently, Cambria et al. (2018) proposed context embeddings for sentiment analy-

sis by conceptual primitives from text and linked with commonsense concepts and

named entities.

2.4 Gap Analysis

Text representation embeds textual data into a vector space, which significantly

affects the performance of downstream learning tasks. Better representation of text

is more likely to facilitate better performance if it can efficiently capture intrinsic

data attributes. Below we briefly highlight the limitations of categorical and con-

tinuous word representation models. Since our study is focused on handling the

words with different meanings (polysemy), handling OOV words and capturing the

sentiment of words within the context so in this report we will restrict the detailed

analysis of below-mentioned limitations within our scope of the study.

• Legacy word representation methods (Explained in 2.3.1 ) like categorical and

weighted word representations are the most naive and most straightforward

representation of textual data. These legacy word representation models have

been used widely in early days for different classification tasks like document

classification, Natural language processing (NLP), computer vision and infor-
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mation retrieval. The categorical word representation models are simple and

not difficult to implement but their limitations such as they do not consider

capture semantics and syntactic information because they do not consider the

order of words and do not consider any relationship between words. Further,

the size of the input vector is proportional to vocabulary size, which makes

them computationally expensive, which results in poor performance.

• Representation learning methods (Explained in 2.3.1) has helped the research

community to build powerful models. However, its drawback is that the fea-

tures need to be selected manually so to solve this shortcoming there was a

need to present some methods which can discover and learn these represen-

tations automatically for any downstream task. This automatic extraction

of features without human intervention is known as representation learning

which has improved results drastically over the past few years in many areas

such as image detection, speech recognition, NLP etc. (LeCun et al.; 2015).

Continuous word representation models like Word2Vec , GloVe and Fasttext

(Mikolov et al.; 2013; Manning et al.; 2014; Joulin et al.; 2016; Bojanowski

et al.; 2016b) etc. have drastically improved the classification results and

overcome shortcomings of categorical representations. It is found that having

these continuous word representation of words is more affected as compared to

traditional linguistic features because of their ability to capture more semantic

and syntactic information of the textual data without losing much information.

Despite their success, there are still some limitations which they are not capa-

ble of addressing such as they are unable to handle polysemy issues because

they assign the same vector to word and ignores its context. Also, models

like Word2Vec and GloVe assigns a random vector to a word which they did

not encounter during training which means they are unable to handle out of

vocabulary (OOV) words which were solved by Fasttext which breaks words

into n-grams. Moreover, from our prior knowledge, we know that some words

such as word Good & Bad have some sentiments associated with them which

these models fail to capture and lowers the performance in case of sentiment
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analysis etc. All of these limitations degrades the performance of text classi-

fication. Moreover, all of the current state-of-the-art methods do not perform

well in the case of the low-quality text.

Table 2.2 : Gap Analysis

Models/Language

Characteristics
Semantics Syntactical Polysemy

Out of

Vocabulay

Words

Sentiment

1-Hot encoding [×] [×] [×] [×] [×]

BoW [×] [×] [×] [×] [×]

TF [×] [×] [×] [×] [×]

TF-IDF [×] [×] [×] [×] [×]

Word2Vec [X] [X] [×] [×] [×]

GloVe [X] [X] [×] [×] [×]

FastText [X] [X] [×] [X] [×]

Context2Vec [X] [X] [X] [X] [×]

CoVe [X] [X] [X] [×] [×]

ELMo [X] [X] [X] [X] [×]

HyRank [X] [X] [×] [×] [X]

Re(*) [X] [X] [×] [×] [X]

IMV [X] [X] [×] [×] [X]

• Discussion:

Learning word representation which captures polysemy, the sentiment of words

handles OOV words without losing syntactic and semantic information of

words together has not been fully explored yet in the current research. Exist-

ing methods did not quantify: (1) the effectiveness of improving the quality of

text systematically; (2) loss of information in selecting an inappropriate com-

bination of pre-processing techniques; (3) effectiveness of embedding different

text characteristics. Without these, it is hard to learn an appropriate word

representation with satisfying quality.

Hence we can conclude that: i) No work has proposed a systematic approach
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to combine preprocessing techniques to improve the quality of text in a way

that we do not lose any useful information, ii) No work has proposed a unique

hybrid combination to handle language ambiguities such as polysemy; OOV

words, Words sentiments and semantic and syntactical information of words.

2.5 Summary

In this section, a summary of the literature review discussed in this chapter.

In section 2.1, text classification pipeline is briefly discussed where we intro-

duced the basic definitions each part in text classification pipelines such as

unstructured text, text representation and classification. Since, the scope of

this thesis is to have a better representation of text by improving the quality

of text and extracting better features, the rest of the literature presented is

focused according to the scope of our thesis. In section 2.2, first, we presented

some of the common and advanced pre-processing techniques in detail how

their application effect the text and some of the famous methods presented

in the literature for these techniques. We looked for papers which presented

the effect of pre-processing on text classification and summarised them in this

section. This section, highlights the importance of the role of pre-processing

in text classification and presents pre-processing techniques which should be

considered and which should not be considered for the text classification task.

Section 2.3 presents the working mechanism of the famous word representa-

tion models. We divided our literature review on these word representation

models into different categories such as legacy word representation models

where we discussed categorical and weighted word representation models, in

representation learning we discussed continuous and contextual word repre-

sentation models and we also discussed famous hybrid and sentiment specific

word representation models followed by their related work where these models

have been applied on different text classification tasks. Lastly, we critically

analysed all of these models and presented and discussed the gap analysis in

current literature presented in section 2.4. The classification algorithms and

evaluations metrics are discussed in Appendix A.



44

Chapter 3

Methodology

In this chapter, we discuss the research methodology adopted. First, we de-

fined the research problems, followed by research questions and objectives.

3.1 Research Problems, Objectives, and Questions

This research focuses on learning deep hybrid word representations for low-

quality text such as tweets. Our research focuses on proposing methods to

improve the low-quality text, which helps to learn better features and han-

dle the language ambiguities for the text classification task. In recent years,

handling language complexities has become a growing and famous research

area in many different NLP tasks. We formally defined our research problems,

Objectives and questions below.

3.1.1 Research Problems

Given a tweet Tx which has unique characteristics such as i) unstructured and

informal nature depicts low quality of text; ii) have same words with different

meanings in the context (polysemy); iii) words with different sentiments at

input to the classifier with a sequence of tokens (t1, t2, ...tk), where x denotes

the number of a tweet and k represents the number of tokens in a tweet to be

classified as label y from the set of fixed labels y1, y2, ...yk at output . Whereas

at the input of learner a set of n hand-labeled tweets (T1, y1), ...., (Tn, yn) given

and a learned classifier f(T ) predicts the label (class) y of a tweet.

Recently, different studies have been conducted which tries to handle language

complexities (Cambria et al.; 2018; Tang et al.; 2016a; Rezaeinia et al.; 2017a)

but all of these methods deals with the structured and clean text. In addition
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to that, not any method can handle all language complexities summarized

in Figure 3.1. It can be seen in the figure that all red Highlighted words in

the tweets are unstructured and informal, which depicts the low quality of

text in tweet messages and needs to improve for better classification results.

All green Highlighted words show the problem of polysemy within the tweets

where the same word can have different meaning depending on its context,

which traditional word embeddings are unable to capture. Similarly, polarity

of green highlighted words ”bad” and ”good” can not be captured by tradi-

tional methods as well. All these language/textual complexities degrades the

performance which needs to be fixed.

Figure 3.1 : The examples of research problems.

3.1.2 Research Questions

In this thesis, we try to address the following research questions:

RQ:1 What is the effect of different common and advanced preprocessing tech-

niques on text classification task?

RQ:2 What is the recommended systematic approach to combine the pre-

processing techniques to improve the low quality of the text?

RQ:3 How we can enable computers to handle the following language ambui-

guities: polysemy, context, syntax, words sentiments, unstructured text

and out of vocabulary words” and classify text like humans?
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RQ:4 What is the best representation of a Tweet Tx defined in section 3.1.1so

that it can be classified accurately?

3.1.3 Research Obejctives

Based on the aforementioned research problems defined in the previous sec-

tion, we want to have a representation f(T ) of a tweet Tx, which can capture

all mentioned characteristics. Formally, we focus on the following research

objectives:

– To improve the quality of text: In this objective, our prime focus

is to improve the low-quality text to get a proper representation of the

text. First, we explored the impact of some common and advanced pre-

processing techniques and explored which techniques perform well and

which degrades the classification results. Then we present a systematic

combination of different pre-processing techniques which replaces emoti-

cons with its associated meanings, replaces abbreviations and slangs,

correct spelling mistakes, word segmentation, expand contractions and

remove noise, to utilize the hidden features in raw and unstructured text.

This objective addresses the limitation of low-quality text which is over-

looked in previous studies and addresses the first two questions [RQ1

and RQ2] of our research defined in section 3.1.

– To handle natural language ambiguities: Ambiguity can be defined

as the fact or a statement having more than one meaning and there-

fore can cause a confusion∗. Natural language is ambiguous in nature

which humans can understand, but the computer fails to understand

the linguistic ambiguities. In this objective, language ambiguities we

focus specifically are the words with different meanings in the context

(Polysemy), Sentiment knowledge of words, semantic and syntactical in-

formation and addresses the third and fourth question [RQ3 and RQ4]

of our research defined in section 3.1.
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Figure 3.2 : The relationship of Research questions, Objectives and Contributions

Figure 3.2 shows the relationship of Research questions, Objectives and Con-

tributions of this thesis.

∗https://dictionary.cambridge.org/dictionary/english/ambiguity
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Chapter 4

A Recommeneded combination of pre-processing

techniques to improve quality of text

4.1 Introduction

Social media platforms play an essential part in understanding the content pub-

lished online. Analysis of data coming from social media platforms, especially Twit-

ter, has become one of the primary focus of the researchers. Millions of Twitter

users∗ are sharing their opinions and views on different subjects such as political

debate, stock market, hate speech, products, etc. which is crucial from the point

of improving services, marketing strategies, users behaviour and trends. Since the

Twitter messages are restricted to only 140 characters which enforce Twitter users

to use different acronyms, emoticons, slangs, and URLs etc. to give extra infor-

mation. The use of these informal and unstructured ways of writing degrades the

quality text due to its unstructured and informal nature. Different pre-processing

techniques have been applied for the text classification task, but there is no rec-

ommended combination of pre-processing, which would improve the quality of the

text.

Pre-processing of tweets is the process of cleaning and preparing the low-quality

text that is going to be classified. On social media, Twitter in our case, more than

550 millon† users post their tweet messages, and every Twitter user write in their

style, use abbreviations, different punctuations, incorrect spellings, use emoticons

and emojis to express their emotions and opinions, use slangs and acronyms as well

as URLs, hashtags and user mentions. All of these language imperfections cause

much noise in the data and degrades the classification performance.

∗https://www.statista.com/statistics/282087/number-of-monthly-active-twitter-users/

†https://www.omnicoreagency.com/twitter-statistics/
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According to a study conducted by Fayyad et al. (2003), noise in the datasets

can be at the level of 40% of the data which can confuse classifiers performance and

result in the bad classification results. Similarly, in another study by Haddi et al. it

is shown that online text is usually unstructured and contains noise which enhances

the dimensionality issues and degrades the classification performance (Haddi et al.;

2013). So, applying an appropriate combination of pre-processing techniques in a

systematic way that does not lose information and helps to learn better representa-

tion for classification has not been much explored in previous studies.

Applying different pre-processing techniques randomly may lose the information

and degrade the classification performance. In order to capture more information,

we present step by step recommended combination of pre-processing, which helps

to improve the quality of text and result in better classification performance. In

this chapter first, we bring together the effects of some common and advanced pre-

processing techniques one by one, and then we present our proposed recommended

combination of applying different pre-processing techniques.

Challenges: The language used on social media and blogs is ubiquitous as

very often; it is unstructured and very informal. Users write in their own words,

use abbreviations, different punctuations, incorrect spelling, emoticons, slang and

URLs, etc. All of those language imperfections cause much noise in the data, and

one of the significant challenges is to handle this unstructured and informal text

by applying appropriate cleaning and combination of pre-processing techniques. At

the same time, another crucial challenge is to consider the order of pre-processing

techniques to avoid losing useful information.

Objective: Study and understand the effects of pre-processing techniques on

classification task and propose a method to improve the low quality of text which

helps to improve classification performance.

Our proposed method addresses below-mentioned issues.

• Remove noise and normalize the low-quality text,

• Replace Abbreviations and acronyms with actual words,
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Figure 4.1 : An overview of our approach

• Replace Emoticons and Emojis with their associated meanings,

• Spell correction and Word segmentation of words used in hashtags etc.

Contributions :

Specially the main contributions of our work are as follows:

• Evaluation of different common and advanced pre-processing techniques and

their effect on classification results.

• Presented a recommended combination of pre-processing which improves the

quality of the text.

4.2 Methodology

In this section, we present an analysis of one pre-processing technique at a time to

analyze the effects on classification results followed by the recommended combination

of pre-processing techniques. The overview of our methodology is given in Figure

4.1.

4.2.1 Analysis of one pre-processing techniques at a time

In this section first, we present the analysis of 12 different pre-processing tech-

niques one by one. We present the methods and techniques we used to analyze the

effect of these techniques (discussed in section 2.2.1). Below we present each of these

12 pre-processing techniques:
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• URLS, User-mentions and Hashtag symbols: As we are aware the in most

of the tweet messages contains URLs, User-mentions and Hashtags symbols

which users use in their messages to give extra information. This extra infor-

mation is useful for humans, but it is considered as noise and not much use

for computers. In our anlaysis, we have removed all URLs, user-mentions and

hashtag symbols. An example is given below:

Before: most #hated but the hoes favorite #2MW #SevenOne

http://ow.ly/VIbf0

After: most hated but the hoes favorite 2MW SevenOne

• Abbreviations and slangs: As mentioned earlier, that character limitation

forces social media users to use different abbreviations and slangs in their

messages. This problem becomes more trivial when every use writes in his

style and use different abbreviations. Acronyms and phrases which sometimes

are restricted to some specific context or group of people. To interpret these

language imperfections, it is vital to replace them with their associated mean-

ings which can make computer to understand them easily. In our experiments

we used ekphrasis library to replace abbreviations and acronyms to replace

with their associated meanings. An example is given below:

Before: hey so many time for UA 1534 changes. We going tonight or what?

MIA. :(

After: hey so many time for UA 1534 changes. we going tonight or what?

Missing In Action :(

• Expanding Contractions: Expanding contractions can be beneficial pre-processing

technique especially before performing tokenization step because it will make

two different tokens of contraction such as can′t into ”can” and ”t”. Expand-

ing contractions can help us not to lose information because we need the word

”not”, which is essential to keep during classification task. In our analysis,

we employed pycontractions 2.0.0 python library to expand contractions. An

example is given below:
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Before: I can’t think of a better airline than @SingaporeAir. Every experience

is always excellent.

After: I can not think of a better airline than @SingaporeAir. Every experi-

ence is always excellent.

• Removing Numbers: Keeping numbers does not give extra information in the

text classification task, and it is common practice to remove numbers from

the corpus. However, removing numbers randomly may lose information. For

instance, if we remove ”8” from ”gr8” then we lose useful information which

can degrade the results. So removing numbers should always be performed

after replacing abbreviations and slangs with their associated meanings. In

our analysis, we removed all the numbers. An example is given below:

Before: Little man did FAB - 11 out of 13hrs sleep!! Great flight @Singa-

poreAir

After: Little man did FAB - out of hrs sleep!! Great flight @SingaporeAir

• Replace Emoticons: Using emoticons to express their opinions and sentiments

on social media has been used excessively in recent past. Humans can un-

derstand the emotions and sentiments behind these emoticons but not for

computers. So in order to get maximum information in our experiments, we

used the ekphrasis library to replace these emoticons with their associated

meanings. An example is given below:

Before: hey so many time for UA 1534 changes. We going tonight or what?

Missing In Action :(

After: hey so many time for UA 1534 changes. We going tonight or what?

Missing In Action sad

• Lemmatization: In order to group different extended forms of words into one

word which can make the analysis more straightforward, we used lemmatiza-

tion to replace words with their root words. In our analysis, we used WordNet

lemmatizer library to perform this step. An example is given below:
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Before: poorly serviced. Give us a chance atleast once.

After: poorli serviced. Give us a chance atleast onc.

• Removing punctuations: One of the classic and common pre-processing in

most of the text classification task is to remove punctuations. Using these

punctuations are useful for humans to understand the opinion and sentiments,

but for computers, it does not add much to the performance. So in our study,

we removed all punctuations. An example is given below:

Before: Thank you #unitedairlines for the free gift for our son at #childrens-

mercy hospital in KC!

After: Thank you #unitedairlines for the free gift for our son at #childrens-

mercy hospital in KC

• Words Segmentation: As previously mentioned, character limitation enforces

users to write in an unstructured and informal way. Social media users in

their hashtag messages use different phrases/words to express their emotions

which are readable and understand by humans but to make it understood by

computers. In our study, we separated the remaining content/phrases after

removing hashtag symbols. An example is given below:

Before: goodvibes United Airlines Flies Children With Serious Illnesses To

Santa’s North Pole

After: good vibes United Airlines Flies Children With Serious Illnesses To

Santa’s North Pole

• Lower-casing of words: Lower-casing of all words is also one the common pre-

processing techniques. It helps to decrease the dimensionality issues and also

helps to match the same words in the corpus. An example is given below:

Before: Got to the airport early. How do I see if I can change flights

After: got to the airport early. how do i see if i can change flights

• Removing Stop words: Many words in the language are used which do not

help to understand the meaning of the sentence are widely used in the text.
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For instance, words like ( the, am, are etc.). Removing stop words is common

practice in text classification tasks. In our analysis we used NLTK stop-word

library to remove all stop words in the corpus. An example is given below:

Before:I thought Comcast was bad, until I saw the bad side of United Airlines

After: thought Comcast bad, saw bad side United Airlines

• Elongated Characters: In order to avoid for the learner to not treat elongated

words from their base words we replaced characters which are repeated three

times to one character and borrowed this idea from (Kiritchenko, Zhu and

Mohammad; 2014). An example is given below:

Before:Gooood for you, @united. United Airlines brings back free snacks

After: Good for you, @united. United Airlines brings back free snacks

• Incorrect Spellings: Incorrect spelling are commonly found in social media

posts and messages. Sometimes users intentionally use wrong spellings which

is understandable for humans. We also study the effect of correcting spelling

mistakes in this analysis. We use Norvig’s spell corrector‡ in this study. An

example is given below:

Before:Experiencing @cathaypacific’s First lounge in HKG for first tym. Nice

dining experienc

After: Experiencing @cathaypacific’s First lounge in HKG for first time. Nice

dining experience

Table 4.1 shows all 12 pre-processing techniques and numbers associated with

them for analysis in the next section 4.3.3. The technique number 0 represents the

unprocessed text which we used as the baseline for the comparison of results in our

study.

‡http://norvig.com/spell-correct.html
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Table 4.1 : Pre-processing Techniques and their associated Numbers

Technique Number. Pre-Processing Technique

0 Baseline

1 URLs, User-mentions & Hashtag symbol

2 Replace Abbreviations and Slangs

3 Expanding Contractions

4 Removing Numbers

5 Replace Emoticons

6 Lemmatization

7 Removing Punctuations

8 Words Segmentation

9 Lower-casing of words

10 Removing Stopwords

11 Elongated Charachters

12 Incorrect Spellings

4.2.2 Recommended combination of pre-processing techniques

Following the analysis of one technique at a time now, we present recommended

systematic combination of pre-processing techniques. The motivation behind this is

to improve the quality of text and find a combination of techniques which performs

best when compared with others.

Figure 4.2 : Toy Example

Researchers usually apply four to five common data pre-processing techniques

before features extraction step. However, for the poor quality of the text, especially

in the case of Twitter, more pre-processing techniques need to be applied to nor-
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malize and improve the quality of the text. Selecting an appropriate order with the

right combination of pre-processing techniques is essential to improve the quality

of the text. Language imperfections such as spelling mistakes, abbreviations and

emoticons etc. do not provide useful information to computers. Hence replacing

and normalizing them to their actual and base words is useful for computers to

understand. There are plenty of pre-processing techniques but choosing the right

combination, which improves the quality of the unstructured text is not an easy

task. Also, not all techniques perform/interact well when they are combined with

others; even they perform well when used alone.

Further, not following a specific order of pre-processing techniques can result in

losing information which ultimately degrades the classification performance. Rec-

ommending a combination which improves the quality of text has not been explored

in previous studies. Possible number of combinations for comprehensive evaluations

are 12! which itself is a different research to findout which combinations interact well

eachother when combined. To limit this huge possible research space, our proposed

method is the result of testing different combinations which interact well with other

techniques and is designed considering the motivation of improving the quality of

the text. To find out the interactions and combinations of different pre-processing

techniques to improve the quality of the text, we considered the tweet (toy example)

given in Figure 4.2. In addition to that, to get better quality of raw text, for few

techniques such as technique 1, 4, 10 and 6 has to be in the same order we proposed

which also limits (reduces) the possible number of combinations to 8! . We explored

different combinations but combinations with significant results are discussed here.

As mentioned earlier, selecting an appropriate order of different data pre-processing

techniques is essential. For instance; if we remove numbers from the word ”gr8” ran-

domly before replacing it to actual word ”great” from a toy example, then we lose

a piece of useful information. Similarly expanding contractions ”I’m”, especially

in case of negative contractions such as ”couldnt” or ”havent”, after tokenization

because tokenizer will break ”couldn’t” in to couldn” and ”t” and ”haven’t” into

”havn” and ”t”. These tokens do not capture the useful information which degrades
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the performance. Further, for a word ”urgr8”, first removing hashtag symbol, then

replacing abbreviations with actual words and in the last performing word segmen-

tation changes it into a ”you are great” and in case we change order and remove

numbers or performed word-segmentation then we again we useful lose information.

Similar is the case with other techniques which either does not interact well with

others techniques and/or result in losing useful information which degrades the re-

sults. Keeping the mentioned motivation in mind, we experimented with different

combinations§ (given in Table 4.2) to analyze the interaction and combination of

different techniques.

Table 4.2 : Different combinations of pre-processing techniques

Combination # Names Associated for future reference Techniques numbers take from Table 4.1

1 C1 1-2-3-4-5-6-7-8-9-10-11-12

2 C2 1-12-5-2-8-3-11-7-4-9-10-6

3 C3 1-8-5-2-11-12-3-7-4-9-10-6

4 C4 1-2-11-8-12-5-3-7-4-9-10-6

5 C5 1-8-11-12-5-2-3-7-4-9-10-6

6 C6 1-8-2-5-11-12-3-7-9-4-10-6

7 C7 1-2-5-12-3-11-7-9-8-4-10-6

8 Proposed 1-5-2-12-3-11-7-9-8-4-10-6

Based on experimental results (Section 4.3.3), the best performing combination

is the 8th combination which is graphically shown in Figure 4.3. In our proposed 12

steps recommended combination method, the first step we removed all the Unicode

strings, URLs, user-mentions and hashtag # symbol which helps to remove the irrele-

vant information which is good for humans but not for computers. Then we replaced

emoticons and emojis with their associated meanings, abbreviations and acronyms

and correction of spelling mistakes at step no.2, 3 and 4 respectively. At step 5

and 6, we expanded contractions and replaced elongated characters, respectively.

In remaining steps, we removed all punctuations, lower-cased all words, performed

§Other different combinations as well and only combinations with significant/best results are

reported
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word segmentations, removed numbers and stop-words and at the end performed

lemmatization. In all steps, as mentioned above, we used the same methods and

techniques we used earlier during their analysis individually. The importance and

significance of the proposed combination is given in subsection 4.3.3 and subsection

4.3.4 respectively.

Figure 4.3 : A Recommended combination of pre-processing

4.3 Experimental Analysis

In this section, first, we present the experimental settings followed by the datasets

used in our analysis and finally, the results are discussed.

4.3.1 Experiment Settings

In this section, we present the word representation, classifiers and evaluation

metric used in our analysis.

Words Representation

As mentioned in chapter 2, different word representation models are available

to chose from but in this study we selected one from legacy word representation

methods TF − IDF with N-gram (N = 1, 2, 3) features extraction model and one

from continous word representation models (GloV e) explained in section 2.3.
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Classifiers

To provide a comprehensive analysis of techniques, we have used five commonly

used traditional machine learning and two deep learning-based classifiers to assess

the effect of different pre-processing techniques in the classification task.

Traditional Machine learning classifiers : Traditional machine learning-based

classifiers such as Support Vector Machines (SVM), Naive Bayes (NB), Logistic

Regression (LR), Decision Tree (DT) and Random Forest (RF) are employed in our

analysis with TF − IDF word representation model.

Deep learning classifiers: From the deep learning-based classifiers, we used two

commonly used algorithms; i) Convolutional Neural network (CNN) and Recurrent

Neural network (RNN) with GloV e word representation model.

In particular, we used implementation of Kim (2014b) for CNN and RNNs, we

borrowed implementations of Tree-Long Short Term Memory (LSTM) by Looks

et al. (2017) and bi-directional LSTM (Bi-LSTM) by Tai et al. (2015) with default

parameters, as parameter optimization is not the part of this analysis.

Evaluation Metrics

For evaluation of our proposed methods and comparison with our models, we

have used F1-Score metric which can be computed by:

F1 = 2 ∗ Recall ∗ Precision
Recall + Precision

4.3.2 Datasets

For the extensive evaluation, we investigate how different pre-processing tech-

niques behave when applied to three different Twitter datasets related to Twitter

hate speech and abusive language. Datasets statistics are given in Table 4.3 and

briefly discussed below:

• Golbeck et al. Dataset
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Golbeck et al. (2017) provided a large human labelled corpus for online harass-

ment data on Twitter. First, a list of keywords was produced for the collection

of tweets which contains harassing words; then coders were given guidelines

to label tweets. The first version of dataset contains 35,000 tweets with two

classes (harassment or none). However, their current version of dataset con-

tains only 19,968 tweets which are categorized into two classes.

• Waseem et al. Dataset

Hovy and Waseem (2016) provided a labelled dataset of 16,914 tweets out of

136,052 collected tweets over a period of two months. Tweets were manually

annotated and classified into three classes such as racism, sexism and neither.

Authors released the list of 16,907 tweets IDs and their corresponding labels.

Some of the tweets were either deleted, or their visibility has been changed so

we could retrieve only 15,844 tweets with pythons Tweepy library, which are

labelled into three classes.

• Davidson et al. Dataset

Davidson et al. (2017) presented our third dataset, which focuses on differenti-

ating between hateful and offensive language. Dataset was manually annotated

into three classes: hateful, offensive and neither. The total number of tweets

are given in this dataset is 25,112.

4.3.3 Results and Discussion

In this section, first, we present an analysis of different pre-processing techniques

used, followed by the recommended combination of pre-processing techniques.

Analysis of one pre-processing techniques at a time

Table 4.4 to Table 4.6 presents the results¶‖ of all pre-processing techniques

for three datasets. It can be seen clearly that classification performance is not

¶Green & Red colors denote the highest & lowest performing techniques in each case respectively

(rows)

‖High performing techniques in each case are marked as bold
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Table 4.3 : Datasets characteristics

Characteristics\Dataset Davidson et al. Golbeck et al. Waseem et al.

Total No. of tweet 25,112 19,968 15,844

No. of classes 3 2 3

No. of Words 4,60,955 4,72,744 2,08,583

Avg No. of words 13.356 13.901 10.304

No. of Emoticons 17,650 7,940 1,057

No. of Abbreviations 4,998 1,316 612

No. of Elongated Words 4,821 2,894 1,780

consistent, which depicts the effects of each technique on results. Below we discuss

the effects of each pre-processing technique as compared to our baseline technique

results. For the sake of simplicity, we discuss the techniques which managed to

improve the performance ≥ 1 as compared to baseline.

1. Removal of URLs, user-mentions and Hashtag Symbols: This tech-

nique has managed to increase the performance on two datasets. Increase in

performance observed in the case of SVM (trigrams), LR (bigrams), CNN and

BiLSTM classifiers on Waseem et al. dataset and SVM (unigram and bigram),

LR (unigram and bigram), DT (unigram) and all neural network-based classi-

fiers. No significant increase is observed in the case of the third dataset. The

reason behind this improvement is the number of URLs, user-mentions and

hashtag symbols are enormous in these two datasets as compared to Golbeck

et al. dataset. The highest results achieved by this technique is 0.695 for

Davidson et al. dataset.

2. Replace Abbreviations and Slangs: Experimental results show that per-

formance is increased in all datasets when we replace abbreviations and slangs

with their associated meanings. For Waseem et al., dataset performance in-

crease in the case of CNN and BiLSTM. For Golbeck et al. increase observed

in both RNN based classifiers whereas, in case of Davidson et al. dataset



62

a significant increase in performance is observed in all neural network-based

classifiers and all traditional machine learning classifiers but with results varies

with different features. The prime reason for this increment in performance is

that the number of abbreviations and slangs in Davidson et al. dataset is more

than the other two datasets. The highest results achieved by this technique is

0.669 for Davidson et al. dataset.

Table 4.4 : Comparison of preprocessing techniques on Waseem et al. dataset

Classifier/Technique No. [0] [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12]

SVM

tfidf-uni 0.554 0.540 0.554 0.553 0.554 0.555 0.559 0.554 0.554 0.559 0.556 0.555 0.554

tfidf-Bi 0.527 0.526 0.526 0.518 0.523 0.525 0.529 0.486 0.526 0.526 0.510 0.526 0.526

tf-idfTri 0.500 0.510 0.499 0.501 0.500 0.501 0.500 0.441 0.499 0.505 0.480 0.501 0.499

NB

tfidf-uni 0.508 0.481 0.508 0.506 0.508 0.508 0.505 0.511 0.508 0.509 0.518 0.507 0.508

tfidf-Bi 0.487 0.483 0.487 0.487 0.487 0.487 0.487 0.476 0.487 0.494 0.491 0.487 0.487

tf-idfTri 0.474 0.482 0.474 0.476 0.474 0.472 0.477 0.444 0.474 0.481 0.450 0.473 0.474

LR

tfidf-uni 0.541 0.536 0.541 0.543 0.543 0.542 0.544 0.537 0.541 0.546 0.542 0.542 0.541

tfidf-Bi 0.508 0.517 0.508 0.508 0.508 0.508 0.510 0.473 0.508 0.518 0.512 0.509 0.508

tf-idfTri 0.490 0.495 0.490 0.494 0.491 0.490 0.489 0.447 0.490 0.497 0.475 0.490 0.490

DT

tfidf-uni 0.523 0.506 0.517 0.519 0.520 0.523 0.515 0.518 0.523 0.524 0.509 0.522 0.519

tfidf-Bi 0.497 0.494 0.489 0.493 0.501 0.497 0.494 0.470 0.495 0.503 0.485 0.501 0.495

tf-idfTri 0.478 0.471 0.476 0.480 0.479 0.476 0.484 0.444 0.476 0.488 0.458 0.478 0.476

RF

tfidf-uni 0.525 0.513 0.525 0.525 0.527 0.529 0.528 0.529 0.528 0.532 0.530 0.522 0.526

tfidf-Bi 0.517 0.510 0.512 0.521 0.517 0.516 0.523 0.486 0.515 0.522 0.509 0.518 0.519

tf-idfTri 0.500 0.498 0.500 0.496 0.503 0.501 0.496 0.445 0.497 0.510 0.474 0.502 0.498

CNN GloVe 0.535 0.547 0.545 0.550 0.544 0.541 0.548 0.517 0.535 0.545 0.534 0.547 0.546

LSTM GloVe 0.529 0.536 0.532 0.540 0.541 0.530 0.531 0.516 0.539 0.538 0.532 0.538 0.536

BiLSTM GloVe 0.531 0.545 0.543 0.534 0.524 0.534 0.533 0.516 0.547 0.529 0.543 0.535 0.541

3. Expanding Contractions: Expanding contractions to root words also showed

the performance in all three datasets. In the case of Waseem et al. perfor-

mance increased only in the case of CNN and LSTM, whereas for Golbeck

et al. performance increased only for LSTM classifier. The performance in-

creased for all classifier (with different features) in for the third dataset. The

highest results achieved by this technique is 0.644 for Davidson et al. dataset.

4. Removing Numbers: This technique has outperformed the baseline results

on one classifier in the case of Waseem et al. dataset (LSTM) and Golbeck et

al. dataset. (LSTM) Whereas in the third dataset it beats baseline in SVM
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(unigram and bigram), LR(trigram), DT(unigram), RF(bigram and trigram)

and from neural network-based classifiers it beats baseline in both CNN and

LSTM classifiers. The highest results achieved by this technique is 0.644 for

Davidson et al. dataset.

5. Replace Emoticons: This technique has managed to improve the perfor-

mance only on two datasets. In the case of Golbeck et al. performance

increase in CNN based classifier whereas, for Davidson et al. dataset, per-

formance increased in almost all classifiers. The reason for this increase is

that the number of emoticons in our third dataset is more as compared to the

other two datasets. The highest results achieved by this technique is 0.684 for

Davidson et al. dataset.

6. Lemmatization: This technique has managed to show significant improve-

ment in Davidson et al. dataset in almost all cases. Whereas, in the remaining

two datasets, performance increased only in the case of CNN(Waseem et al.)

and LSTM (Golbeck et al.) based classifiers. The highest results achieved by

this technique is 0.671 for Davidson et al. dataset.

7. Removing Punctuations: Intrestignly removing punctuation did not give

any significant results when used alone and able to beat the baseline results in

only two datasets. LSTM (Golbeck et al.) and LST, RF (unigram) and NB

(unigram) in the case of Davidson et al. dataset. The highest results achieved

by this technique is 0.637 for Davidson et al. dataset.

8. Words Segmentation: Separating remaining content of hashtag words can

beat baseline results in all datasets. In case of Waseem et al. results im-

proved for RNN based classifiers, for Golbeck et al. only LSTM based clas-

sifier was able to beat baseline score whereas, in the third dataset, all neural

network-based classifiers outperformed baselines results. Also results improved

for SVM(trigram), LR(trigram) and DT(trigram) classifiers. The highest re-

sults achieved by this technique is 0.713 for Davidson et al. dataset.

9. Lower-casing of words: This commonly used technique showed improve-
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Table 4.5 : Comparison of preprocessing techniques on Golbeck et al. dataset

Classifier/Technique No. [0] [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12]

SVM

tfidf-uni 0.583 0.583 0.583 0.588 0.587 0.584 0.583 0.587 0.583 0.581 0.587 0.583 0.583

tfidf-Bi 0.580 0.576 0.578 0.577 0.576 0.576 0.581 0.564 0.578 0.574 0.565 0.580 0.578

tf-idfTri 0.558 0.563 0.557 0.559 0.557 0.557 0.563 0.553 0.557 0.566 0.543 0.557 0.557

NB

tfidf-uni 0.479 0.480 0.480 0.480 0.480 0.482 0.478 0.482 0.480 0.476 0.487 0.480 0.480

tfidf-Bi 0.494 0.480 0.495 0.496 0.496 0.496 0.493 0.500 0.495 0.485 0.511 0.494 0.495

tf-idfTri 0.504 0.499 0.505 0.506 0.506 0.504 0.510 0.491 0.505 0.508 0.494 0.505 0.505

LR

tfidf-uni 0.604 0.605 0.605 0.606 0.608 0.606 0.609 0.602 0.605 0.607 0.603 0.606 0.605

tfidf-Bi 0.592 0.587 0.591 0.590 0.591 0.598 0.590 0.581 0.591 0.590 0.585 0.592 0.591

tf-idfTri 0.574 0.573 0.574 0.570 0.574 0.575 0.578 0.556 0.574 0.570 0.561 0.574 0.574

DT

tfidf-uni 0.571 0.571 0.571 0.569 0.569 0.567 0.574 0.567 0.575 0.570 0.568 0.568 0.580

tfidf-Bi 0.559 0.554 0.548 0.541 0.557 0.561 0.546 0.547 0.559 0.562 0.557 0.558 0.558

tf-idfTri 0.539 0.521 0.538 0.528 0.535 0.539 0.543 0.529 0.538 0.540 0.524 0.534 0.535

RF

tfidf-uni 0.563 0.558 0.554 0.558 0.557 0.560 0.561 0.554 0.555 0.568 0.566 0.563 0.559

tfidf-Bi 0.555 0.548 0.553 0.556 0.561 0.550 0.557 0.552 0.557 0.567 0.551 0.557 0.551

tf-idfTri 0.530 0.524 0.533 0.527 0.535 0.529 0.537 0.530 0.527 0.536 0.510 0.527 0.535

CNN GloVe 0.603 0.587 0.595 0.592 0.591 0.570 0.599 0.587 0.565 0.593 0.582 0.598 0.580

LSTM GloVe 0.491 0.472 0.501 0.503 0.508 0.549 0.569 0.583 0.559 0.577 0.568 0.568 0.566

BiLSTM GloVe 0.587 0.553 0.599 0.560 0.561 0.589 0.584 0.559 0.554 0.580 0.595 0.566 0.601

ment in all datasets. For Waseem et al. results improved in case of DT(trigram),

RF(trigram) and CNN based classifiers. For Golbeck et al. dataset, only

LSTM and RF(bigram) were able to beat baselines results. For Davidson et

al. dataset, performance increase in case of LSTM, RF(trigram), DT(unigram

and trigram), LR(bigram and trigram), NB(unigram) and SVM(bigram and

trigram) classifiers. The highest results achieved by this technique is 0.648 for

Davidson et al. dataset.

10. Removing Stopwords: This common technique has also outperformed the

baseline results in all datasets. For Waseem et al. BiLSTM and NB(unigram)

showed improvement. NB(bigram) and LSTM for Golbeck et al. dataset

and all neural network-based classifiers and RF(unigram) for Davidson et al.

dataset. The highest results achieved by this technique is 0.674 for Davidson

et al. dataset.

11. Elongated Characters: This technique has managed to beat baseline results

only in-case of two datasets ( Davidson et al. and Golbeck et al.). The reason
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is that the number of elongated characters is more in these two datasets as

compared to Waseem et al. dataset. The highest results achieved by this

technique is 0.688 for Davidson et al. dataset.

12. Incorrect Spellings: Correcting spelling mistakes have been able to beat

baseline results in all datasets. For Waseem et al. results are improved in

case of CNN and BiLSTM based classifiers. For Golbeck et al. only RNN

based classifiers showed improvement whereas, all neural network-based clas-

sifiers along with DT(trigram), LR(bigram) and SV(trigram) outperformed

baselines results in Davidson et al. dataset. The highest results achieved by

this technique is 0.699 for Davidson et al. dataset.

Table 4.6 : Comparison of preprocessing techniques on David et al. dataset

Classifier/Technique No. [0] [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12]

SVM

tfidf-uni 0.633 0.633 0.635 0.633 0.635 0.635 0.631 0.626 0.633 0.637 0.633 0.635 0.633

tfidf-Bi 0.583 0.608 0.598 0.595 0.595 0.593 0.615 0.549 0.591 0.608 0.553 0.591 0.591

tf-idfTri 0.454 0.485 0.470 0.474 0.475 0.468 0.474 0.392 0.468 0.473 0.407 0.463 0.468

NB

tfidf-uni 0.439 0.440 0.440 0.440 0.440 0.440 0.445 0.450 0.443 0.451 0.457 0.442 0.443

tfidf-Bi 0.410 0.401 0.410 0.410 0.401 0.410 0.412 0.400 0.406 0.413 0.410 0.406 0.406

tf-idfTri 0.360 0.370 0.370 0.370 0.360 0.370 0.373 0.348 0.364 0.369 0.351 0.364 0.364

LR

tfidf-uni 0.646 0.640 0.645 0.643 0.644 0.642 0.647 0.637 0.646 0.648 0.645 0.641 0.646

tfidf-Bi 0.580 0.590 0.580 0.580 0.580 0.590 0.596 0.546 0.580 0.595 0.557 0.580 0.580

tf-idfTri 0.440 0.471 0.450 0.460 0.470 0.460 0.460 0.378 0.458 0.460 0.402 0.457 0.458

DT

tfidf-uni 0.587 0.596 0.599 0.561 0.605 0.563 0.597 0.596 0.588 0.603 0.574 0.591 0.570

tfidf-Bi 0.490 0.450 0.490 0.480 0.480 0.500 0.523 0.472 0.493 0.487 0.479 0.485 0.487

tf-idfTri 0.370 0.380 0.390 0.390 0.380 0.390 0.386 0.332 0.388 0.392 0.351 0.384 0.387

RF

tfidf-uni 0.583 0.560 0.602 0.582 0.582 0.584 0.582 0.608 0.565 0.577 0.630 0.534 0.590

tfidf-Bi 0.530 0.510 0.520 0.540 0.520 0.530 0.539 0.506 0.539 0.534 0.520 0.529 0.532

tf-idfTri 0.410 0.410 0.420 0.420 0.410 0.420 0.426 0.381 0.417 0.426 0.366 0.416 0.419

CNN GloVe 0.611 0.695 0.627 0.600 0.649 0.657 0.671 0.615 0.713 0.618 0.642 0.499 0.699

LSTM GloVe 0.570 0.602 0.612 0.560 0.605 0.598 0.642 0.596 0.637 0.594 0.630 0.463 0.614

BiLSTM GloVe 0.613 0.686 0.669 0.644 0.609 0.684 0.650 0.622 0.686 0.599 0.674 0.688 0.676

Summary

In the previous subsection, we discussed the effects of 12 different pre-processing

techniques on three Twitter hate speech and abusive language datasets. According

to results given in Table 4.4, Table 4.5 and Table 4.6, we found out that results of
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Table 4.7 : Best and Worst performing pre-processing techniques on all datasets

Performance Description Techniques

Best High performance in most cases Lemmatization and Lower-casing of words

Worst Low performance in most cases Removing Punctuation and URLs, User-mentions and Hasthag symbols

each pre-processing techniques varies with different classification algorithm. Green

highlighted are the results which outperform baseline in each case, whereas red

highlighted are the lowest results. Highest results of each pre-processing techniques

can be seen in bold. Each technique beats baselines results in most of the classifiers

in all datasets. Results of one technique at a time is graphically presented in Figuure

1 to Figure 3.

Based on overall results, we divided results into two (Best and Worst) cate-

gories according to their performance given in Table 4.7. We found out that in the

case when we use only one technique at a time, then best-performing techniques

are lemmatization and lower-casing all words whereas, removing punctuations and

URLs, User-mentions and Hashtag symbols also degrade the performance. So, in

a nutshell, when the analysis is required in a short time, then the recommended

techniques to achieve good results are lemmatization and lower-casing of all words.

However, using a combination of different techniques certainly takes more time but

also improves the overall results. In the next section, we present the recommended

combination of pre-processing techniques which help to get better representations

and improves classification results.

Recommended combination of pre-processing

As previously mentioned, classification results vary how we combine different

pre-processing techniques. Table 4.8 to Table 4.10 shows the results of our proposed

combination of different pre-processing results. We compared the results of our

proposed method with results of baselines method where no pre-processing technique

is applied, with the results of best performing the individual technique and other

tested combinations.
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Table 4.8 : Comparison of Proposed Combination on classification task (Waseem et al. Dataset)

ClassifierTechniques Baseline
Highest individual

technique results
C1 C2 C3 C4 C5 C6 C7 Proposed

SVM

tfidf-uni 0.554 0.559 0.485 0.545 0.545 0.543 0.545 0.543 0.561 0.569

tfidf-Bi 0.527 0.529 0.528 0.529 0.525 0.525 0.529 0.53 0.526 0.540

tf-idfTri 0.500 0.510 0.545 0.508 0.508 0.512 0.508 0.508 0.494 0.570

NB

tfidf-uni 0.508 0.518 0.428 0.476 0.479 0.476 0.476 0.476 0.510 0.522

tfidf-Bi 0.487 0.494 0.419 0.486 0.489 0.485 0.486 0.485 0.492 0.503

tf-idfTri 0.474 0.482 0.481 0.483 0.482 0.481 0.483 0.483 0.476 0.497

LR

tfidf-uni 0.541 0.546 0.496 0.538 0.539 0.537 0.538 0.539 0.541 0.552

tfidf-Bi 0.508 0.518 0.527 0.519 0.518 0.517 0.519 0.520 0.510 0.545

tf-idfTri 0.490 0.497 0.542 0.498 0.498 0.497 0.498 0.496 0.484 0.558

DT

tfidf-uni 0.523 0.524 0.459 0.518 0.523 0.520 0.521 0.523 0.518 0.531

tfidf-Bi 0.497 0.503 0.498 0.496 0.496 0.494 0.497 0.500 0.496 0.519

tf-idfTri 0.478 0.488 0.506 0.478 0.477 0.470 0.478 0.480 0.473 0.541

RF

tfidf-uni 0.525 0.532 0.475 0.512 0.515 0.518 0.519 0.514 0.528 0.541

tfidf-Bi 0.517 0.523 0.505 0.510 0.506 0.504 0.510 0.506 0.521 0.535

tf-idfTri 0.500 0.510 0.524 0.498 0.499 0.495 0.497 0.500 0.492 0.539

CNN GloVe 0.535 0.548 0.526 0.535 0.540 0.538 0.544 0.539 0.542 0.563

LSTM GloVe 0.529 0.541 0.426 0.533 0.531 0.533 0.533 0.524 0.527 0.577

BiLSTM GloVe 0.531 0.547 0.432 0.529 0.522 0.518 0.519 0.534 0.510 0.586

It is evident from the results the proposed method is beneficial to use to improve

the classification results. The reason why the obtained results are better than others

is that our proposed pre-processing improves the quality of text by removing noise

and helps the learner to get better features. The proposed recommended combi-

nation works well because of the order of techniques to apply each pre-processing

technique plays a significant role to improve the quality of the text. Changing the

order of techniques results in losing information which degrades the classification

results. Proposed method structures and normalizes the unstructured and informal

nature of the text, which is the primary cause of performance improvement. Figure

4.4 presents the graphical comparison of our proposed method with others on all

datasets.

The reason why our proposed method works well because of its step by step

order which improves and normalizes poor quality text into a good quality and does
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Table 4.9 : Comparison of Proposed Combination on classification task (Golbeck et al. Dataset)

ClassifierTechniques Baseline
Highest individual

technique results
C1 C2 C3 C4 C5 C6 C7 Proposed

SVM

tfidf-uni 0.583 0.588 0.532 0.587 0.585 0.585 0.587 0.588 0.588 0.597

tfidf-Bi 0.580 0.581 0.562 0.576 0.571 0.575 0.576 0.575 0.581 0.594

tf-idfTri 0.558 0.566 0.577 0.563 0.559 0.569 0.563 0.567 0.561 0.596

NB

tfidf-uni 0.479 0.487 0.426 0.479 0.482 0.478 0.479 0.478 0.480 0.493

tfidf-Bi 0.494 0.511 0.462 0.487 0.485 0.485 0.487 0.487 0.496 0.519

tf-idfTri 0.504 0.510 0.485 0.501 0.500 0.504 0.501 0.499 0.510 0.522

LR

tfidf-uni 0.604 0.609 0.534 0.606 0.608 0.607 0.606 0.607 0.606 0.618

tfidf-Bi 0.592 0.598 0.578 0.592 0.591 0.591 0.592 0.589 0.593 0.611

tf-idfTri 0.574 0.578 0.601 0.575 0.568 0.574 0.575 0.575 0.572 0.619

DT

tfidf-uni 0.571 0.580 0.509 0.569 0.566 0.566 0.573 0.565 0.565 0.582

tfidf-Bi 0.559 0.559 0.533 0.550 0.556 0.549 0.552 0.550 0.554 0.584

tf-idfTri 0.539 0.543 0.572 0.515 0.545 0.522 0.528 0.522 0.533 0.589

RF

tfidf-uni 0.563 0.568 0.476 0.561 0.559 0.560 0.561 0.558 0.564 0.572

tfidf-Bi 0.555 0.567 0.507 0.548 0.550 0.544 0.546 0.549 0.559 0.579

tf-idfTri 0.530 0.537 0.554 0.520 0.529 0.526 0.522 0.529 0.528 0.568

CNN GloVe 0.603 0.599 0.575 0.589 0.596 0.590 0.587 0.599 0.592 0.620

LSTM GloVe 0.491 0.583 0.426 0.565 0.555 0.544 0.561 0.560 0.551 0.624

BiLSTM GloVe 0.587 0.601 0.426 0.611 0.573 0.572 0.568 0.567 0.578 0.649

not to lose any information. A step by step working mechanism of our proposed

method is applied to the toy example presented earlier is given in Table 4.11. We

can see clearly from the table that by following the proposed combination in a rec-

ommended order improves the quality of the text. For instance; removing Urls,

user-mentions and hashtags is useful for humans but does not give extra informa-

tion for machines. Similarly, for emoticons, abbreviations, spelling mistakes and

other language imperfections are easily understandable for humans but in order for

computers to understand and get maximum information we replace and normalize

these imperfections with their actual meanings and words and reduce dimensionality

issues.

Further, the order of applying these techniques is very crucial. For instance; if

we do not follow the proposed order and randomly ”remove all numbers” before

replacing abbreviations and acronyms such as words ”gr8”, ”fi9”, ”b4”, ”2mro” etc.
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Table 4.10 : Comparison of Proposed Combination on classification task (David et al. Dataset)

ClassifierTechniques Baseline
Highest individual

technique results
C1 C2 C3 C4 C5 C6 C7 Proposed

SVM

tfidf-uni 0.633 0.637 0.509 0.726 0.735 0.729 0.726 0.731 0.727 0.736

tfidf-Bi 0.583 0.615 0.687 0.631 0.609 0.631 0.631 0.632 0.609 0.697

tf-idfTri 0.454 0.485 0.471 0.491 0.486 0.487 0.491 0.488 0.478 0.731

NB

tfidf-uni 0.441 0.457 0.295 0.440 0.443 0.439 0.440 0.441 0.447 0.464

tfidf-Bi 0.405 0.413 0.390 0.411 0.404 0.409 0.411 0.408 0.415 0.424

tf-idfTri 0.361 0.373 0.445 0.377 0.374 0.373 0.377 0.374 0.375 0.458

LR

tfidf-uni 0.646 0.648 0.504 0.745 0.745 0.747 0.745 0.743 0.742 0.741

tfidf-Bi 0.579 0.596 0.697 0.619 0.603 0.614 0.619 0.617 0.604 0.711

tf-idfTri 0.439 0.470 0.723 0.479 0.479 0.478 0.479 0.477 0.459 0.733

DT

tfidf-uni 0.587 0.605 0.438 0.699 0.689 0.694 0.701 0.701 0.704 0.713

tfidf-Bi 0.487 0.523 0.618 0.498 0.488 0.496 0.490 0.477 0.500 0.635

tf-idfTri 0.367 0.392 0.662 0.382 0.397 0.380 0.385 0.379 0.399 0.689

RF

tfidf-uni 0.583 0.630 0.359 0.596 0.586 0.603 0.595 0.595 0.607 0.635

tfidf-Bi 0.527 0.540 0.546 0.520 0.508 0.514 0.512 0.518 0.551 0.568

tf-idfTri 0.408 0.426 0.609 0.424 0.417 0.427 0.420 0.423 0.431 0.627

CNN GloVe 0.611 0.713 0.290 0.368 0.405 0.414 0.414 0.400 0.419 0.743

LSTM GloVe 0.570 0.642 0.318 0.575 0.593 0.578 0.037 0.615 0.631 0.749

BiLSTM GloVe 0.613 0.688 0.359 0.656 0.631 0.290 0.329 0.654 0.660 0.752

into their actual meanings then we lose information. Similarly, performing word

segmentation before replacing slangs and acronyms also lose information. For in-

stance, if we do not first replace abbreviations and slangs into their actual words

from the phrases like ”urgr8” and ”emfi9” etc. then again we end up losing the nec-

essary information. Further, expanding contractions after tokenization step loses

information and breaks contractions such as ”can’t” into ”can” and ”t” and ”don’t”

into ”don” and ”t”. Similar is the case with other techniques. Another, important

point to consider that, not all techniques interact well with other when we change

their order which degrades the results. So changing the order of pre-processing

techniques lose useful information and/or the pre-processing techniques does not in-

teract well with other techniques which degrade the performance. The experimental

analysis confirms that proposed systematic combination beats other combinations

and addresses the challenges of improving the quality of the poor quality text. The

proposed method improves the quality of the text and helps the learner to learn



70

Table 4.11 : A step by step working mechanism of proposed method

Tweet
@UnitedAirlines Cooool I’m :) with servc! You ROCKED

#urgr8 http://ow.ly/VIbf0

Steps Recommended combination Step by step pre-processing results

1
Removal of Unicodes, URLs,

User-mentions & hashtags symbols

Cooool I’m :) with servc!

You ROCKED urgr8

2 Replacing Emoticons & Emojis
Cooool I’m happy with servc!

You ROCKED urgr8

3 Replacing Slangs & Abbreviations
Cooool I’m happy with servc!

You ROCKED youaregreat

4 Correction of Spelling mistakes
Cooool I’m happy with service!

You ROCKED youaregreat

5 Expanding Contractions
Cooool I am happy with service!

You ROCKED youaregreat

6 Replacing Elongated words
Cool I am happy with service! You

ROCKED youaregreat

7 Removing Punctuations
Cool I am happy with service You

ROCKED youaregreat

8 Lower-casing of words
cool i am happy with service you

rocked youaregreat

9 Word Segmentation
cool i am happy with service you

rocked you are great

10 Removing Numbers
cool i am happy with service you

rocked you are great

11 Removing Stopwords cool happy service rocked great

12 Lemmatization cool happy service rock great
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better text representation.

Figure 4.4 : Comparison of Proposed method on classification task
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4.3.4 Significance of proposed pre-processing combination:

• Recommended combination with the systematic pattern of pre-processing tech-

niques which can be applied to any low-quality text to clean, normalize and

improve the quality of data to have better text representation.

• Our Sentiment tokenizer can identify and replace latest emoticons, emojis,

abbreviations and acronyms.

• Social media users sometimes intentionally make spelling mistakes which are

more comfortable for humans to understand but degrades the classification

performance. Our recommended approach also corrects incorrect spellings.

• Removing only # symbol and performing word segmentation of remaining

content to get useful information especially in case of sentiments or opinions

expressed in hashtag phrases/words and removed all other information which

does not help.

• Performing above mentioned steps according to proposed method help to learn

better features because the learner will not to assign different vectors for the

same word which has spelling mistakes, performing steps in a recommended

pattern will not lose information as shown in Table 4.11. For instance, remov-

ing numbers, not capturing emoticons or removing hashtag with its content

randomly may result in losing information.

4.4 Summary

In this chapter, we presented an analysis of different pre-processing techniques

and proposed a recommended combination of pre-processing techniques. Pre-

processing is the first step in any text classification task and using an ap-

propriate combination of pre-processing techniques can help to improve the

classification results.

We studied the effect of 12 different pre-processing techniques in tweets classifi-

cation and conducted the number of experiments to confirm the effect of differ-

ent pre-processing on three different Twitter hate-speech and abusive language
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datasets. Each pre-processing technique is evaluated with five traditional and

three deep learning-based classifiers with different feature extraction mod-

els. Further, we presented the worst-performing techniques and recommended

techniques which give better results when used individually. Also, results vary

when we change the classifier, which confirms the fact of choosing an accu-

rate classifier in the classification task. Then after a series of experiments and

different combinations and interactions of different pre-processing techniques,

we presented a recommended combination of pre-processing techniques which

improves the results out of different tested combinations.

Our proposed method can improve the quality of the text. The proposed

method can capture emoticons and acronyms and replace them with their

actual meanings. It also replaces the incorrect spelling with correct spellings,

expand contractions and remove other noise from the data. By using our

proposed method, the unstructured and informal text is transformed into a

structured and clean text which helps to learn better features which results in

better classification outcomes as compared to other combinations analyzed in

this study. Because of proposed combination’s good performance, we reused

our recommended pre-processing combination for improving the quality of text

in our other experiments as well in Chapter 5.

The following steps achieve the recommended combination of pre-processing

techniques:

– At first extra information is removed such as Unicode strings, URLs,

user-mentions and hashtag symbols. We do not lose useful information

by removing these.

– Then in the next two steps, our social tokenizer captures emoticons and

acronyms one by one and replaces them with their actual meanings.

These steps are important in our proposed method because this help to

get extra information which is understandable for machines by trans-

forming emoticons and abbreviations to actual meanings.
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– Another important step is correcting spelling mistakes and replacing

elongated characters. These steps help the learner not to assign different

vectors to the same word due to spelling mistakes.

– Expanding contractions is also one of the important steps because if we

do not expand contractions to their root words then during tokenization,

we might lose useful information which degrades the classification results.

– Separating remaining content of hashtags is also a crucial step because

usually, users express important information in hashtags, so capturing

this helps the learner to get features.

– Lastly, removing noise and other steps such as removing punctuations,

removing stop-words, lower-casing and lemmatization steps also helps to

normalize the text.

Further, the experimental analysis also confirms that our proposed method can

effectively improve the quality of text which results in better classification re-

sults. The experiment shows that our recommended combination outperforms

results obtained from other combinations analysed in this study for tweets

classification.

This research opens new opportunities and explores different techniques and

methods to improve the quality of the text, which has been overlooked in pre-

vious studies. In future, we plan to apply our proposed method on different

domains and also explore comprehensively different combinations and inter-

actions of pre-processing techniques which has not be studied in our current

analysis.
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Chapter 5

Deep Intelligent Contextual Embedding for

Twitter Sentiment Analysis

5.1 Introduction

In this chapter, we present a deep hybrid words representation model which

manages language ambiguities and represent this with the embeddings known

as deep hybrid words representation (DICE). We applied our hybrid words

representation on Twitter sentiment analysis task.

The sentiment analysis of the social media-based short text (eg., Twitter mes-

sages) is valuable for many good reasons which have been extensively explored

in recent years in different communities such as text analysis, social media anal-

ysis and recommendation. Although different methods have been proposed,

we are still not able to fully capture the language ambiguities such as words

with different meanings in the context (Polysemy), sentiment knowledge of

words, semantic and syntactical information. Capturing mentioned language

ambiguities is more challenging and vivid in the case of Twitter which allows

the limited number of characters to users.

Examples of polysemy and words with opposite polarity are shown in Figure

5.1 where the meaning of words good and bad and Like and hate changes

depending on its context which traditional word embeddings (explained in

Chapter 2) are unable to capture but assign the same representation of a word

irrespective of its context and meaning. In addition to polysemy, traditional

word embeddings fail to capture sentiment information of words like good and

bad and Like and hate which results in similar word vector representations

having the opposite polarities. Thus, ignoring polysemy within the context and

sentiment polarity of words in a tweet reduces the performance of sentiment
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analysis. In a nutshell, the purpose of this study is to address the unique

characteristics such as i) unstructured and informal nature of text; ii) have

same words with different meanings in the context (polysemy); iii) words with

different sentiments.

Figure 5.1 : Examples of Words with different meanings and polarities

Challenges:

Words representation quality is measured by how it adds syntax information

and handle polysemy in a model, which improves semantic word representa-

tion. Unfortunately, traditional word representation models do not handle

language ambiguities such as polysemy without losing semantic information.

Also, do not analyse the sentiment of words which is a significant challenge

needed to be addressed, especially for sentiment analysis tasks where the senti-

ment of words can help to improve the classification results. Another challenge

is to select an appropriate sentiment lexicon(s) from a wide variety of senti-

ment lexicons available in the literature and in last to find out methods which

can complement each other and extract required features for Twitter senti-

ment analysis.
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Objective:

Proposed in this thesis Deep Intelligent Contextualized Embedding (DICE)

addresses our second research objective explained in section 3.1.3, which is to

handle natural language ambiguities. DICE is devised to handle the issues of:

– Words with multiple, different meanings (polysemy),

– Out of Vocabulary (OOV) words,

– Semantics and Syntactical information and

– Sentiment knowledge of words.

Contributions: Specially the main contributions of this work are as follows:

– Propose a hybrid words representation (DICE) to manage language am-

biguities.

– Apply hybrid words representation (DICE) for Twitter sentiment anal-

ysis.

5.2 Methodology

In this section, we describe our proposed novel hybrid words representation

model Deep Intelligent Contextual Embedding (DICE) which captures the lan-

guage ambiguities defined earlier. The complete architecture of our proposed

model is given in Figure 5.2. At input using our proposed pre-processing

combination (chapter 4), a corpus of the processed tweet is given to our

model. Then in the next two layers, we build our hybrid words represen-

tation model (DICE) by concatenating four different embeddings which, as

a whole, addresses the challenges and objectives highlighted in the previous

section. First, we generate contextual embedding Vcontext, followed by Word

embeddings VGloV e and POS embedding VPOS and then, at last, we generate

Lexicon embedding VLexicon. After generating these four embeddings, we con-

catenate them and get hybrid words representation (DICE) VDICE, which is
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then fed to BiLSTM with attention for tweets sentiments prediction at the

output layer. Below we describe each of the main components of our proposed

model.

Figure 5.2 : DICE with BiLSTM & Attention

for Twitter Sentiment Analysis

5.2.1 Deep Intelligent Contextual Embedding (DICE)

Given a Tweet Ti with a sequence of tokens (t1, t2, t3, ...tk), where i represents

the number of a tweet and k denotes the number of tokens in a tweet. Our hy-

brid words representation model (DICE) concatenates contextual embedding

Vcontext (ELMo)→ deals with polysemy and OOV words, Word embeddings

VGloV e (GloVe)→ deals with semantic and sytactical issues, Part of speech

VPOS (POS) embedding → captures syntactical information more effectively

and Lexicon embedding VLexicon → deals with sentiment knowledge of words

in context. Detail of each embedding is given in the following sections.

Contextual Embedding Vcontext

We know that language is complicated. Context can alter the meaning of the

words in a sentence. For instance; the words such as Good and Bad given

in Figure 5.1 are same in the different sentence but their meaning changes

according to its context (Polysemy). Whilst we, humans, can comfortably
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understand such language complexities, but building a model which can deci-

pher the various nuances of the meaning of words given the surrounding text

is ambiguous.

Traditional word embeddings fail to handle such language ambiguities. They

only generate one vector representation per word; for that reason, these tradi-

tional word embeddings models cannot handle and capture how the meaning

of each word can alter based on its context. This made it vital to build a model

which captures the word meaning in changing contexts (Polysemy) and at the

same time keep the contextual information. Peters et al. (2018b) proposed con-

textualized word embeddings, are embeddings proposed from language model

(ELMo) which goes beyond traditional word representation models. Contextu-

alized words embeddings can capture such language complexities and generates

different word vectors according to its context.

Instead of word vectors based on dictionary, ELMo analyses words based on

its context, which makes the working mechanism of ELMo different than tra-

ditional word embeddings. ELMo builds word vectors on the fly by passing

text through a deep neural network rather than having a look-up table of

words and their corresponding vectors. Further, ELMo words embeddings are

character-based, which helps to learn morphological-based embeddings which

help to solve the issue of out-of-vocabulary (OOV) words unseen during train-

ing. Figure 5.3 shows the working mechanism and architecture of ELMo where

it uses CNN based character level words representation of raw word vectors

which are fed to the first layer of biLM (layer 1) which forms the intermedi-

ate words representations. These intermediate word representations act as an

input to the second layer of biLM (layer 2) and form intermediate word repre-

sentations. Finally, the ELMo representations are created, which is a weighted

sum of words representations (intermediate word representations) from both

biLM and raw word vectors. The working mechanism of each biLM is given

below.

As previously mentioned that ELMo embeddings are based on the representa-



80

Figure 5.3 : A working mechanism and architecture of ELMo

This image is taken from Vidhya analytics blog∗

tion learned from Bi-language model (biLM). A bi-LM is a concatenation of

forward and backward language models where forward language model passes

an input representation for each token through L layers of forward LSTM to

learn representation. Being a hidden representation of RNNs these learned

representations are context dependent. For a given sequence of k tokens a

prediction of token in a forward LM is computed by formula given below and

shown in Figure 5.4:

P (t1, t2, ....., tk) =
k∏

n=1

p(tn|t1, t2, ....tn−1)

whereas, Backward LM is same as forward LM but it processes a sequence in

opposite direction and is computed by formula given below:

∗Source: https:www.analyticsvidhya.com/blog/2019/03/learn-to-use-elmo-to-extract-\

features-from-text

https:www.analyticsvidhya.com/blog/2019/03/learn-to-use-elmo-to-extract-\features-from-text
https:www.analyticsvidhya.com/blog/2019/03/learn-to-use-elmo-to-extract-\features-from-text
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Figure 5.4 : Forward LM architecture

This image is taken from shuntaro Yada Slides†

P (t1, t2, ....., tn) =
k∏

n=1

p(tn|tn+1, tn+2, ....tk)

Log-likelihood of sentences in both forward and backward language models is

involved in training process of BiLMs and final vector is computed after the

concatenation of hidden representations from forward language model
−→
h LM

n,j

and backward language model
←−
h LM

n,j , where j = 1, ...., L. BiLM is computed

by formula given below and shown in Figure 5.5.

biLM =
k∑

n=1

(log p(tn|t1, ....., tn−1; Θx,
−→
ΘLSTM ,Θs)

+ log p(tn|tn+1, ...., tn; Θx,
←−
ΘLSTM ,Θs)

Where Θx and Θs are the token representation parameters and softmax pa-

rameters, respectively, which are shared between forward and backward di-

rections. And
−→
ΘLSTM and

←−
ΘLSTM are then forwarded back backward LSTM

parameters respectively. ELMo abstracts the representations learned from an

†Source: https://www.slideshare.net/shuntaroy/a-review-of-deep-contextualized\

-word-representations-peters-2018

https://www.slideshare.net/shuntaroy/a-review-of-deep-contextualized \ -word-representations-peters-2018
https://www.slideshare.net/shuntaroy/a-review-of-deep-contextualized \ -word-representations-peters-2018
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intermediate layer from BiLM and execute a linear combination for each to-

ken in a downstream task. BiLM contains 2L+1 set representations as given

below.

Rn = (XLM
x ,
−→
h LM

n,j ,
←−
h LM

n,j | j = 1, ...., L)

= (hLMn,j | j = 0, ..., L)

where hLMn,0 = xLMn is the layer of token and hLMn,j = [
−→
h LM

n,j ,
←−
h LM

n,j ] for each bi

directional LSTM layer.

ELMo is a task specific combination of these features where all layers in M

are flattened to single vector and is is computed by formula given below.

ELMotaskn = E(Mn; Θtask) = γtask
L∑

j=0

staskj hLMh,j

Where stask are weights which are softmax normalized for the combination of

different layers representations and γtask is a hyperparameter for optimization

and scaling of ELMo representation. Our architecture is based on pre-trained

ELMo embeddings with 1,024 dimensions obtained using the 1 Billion Word

Benchmark, which contains about 800M tokens of news crawl data from WMT

2011 Chelba et al. (2013). ELMo gives us context Vector, Vcontext of 1024

dimensions, which addresses the issues of polysemy and OOV words. Word

representations learnt from ELMo can easily be integrated into current models

and significantly enhances the performance in many NLP related tasks.

GloVe Embedding VGloV e

Pennington et al. (2014) presented Global Vectors (GloVe), which is an unsu-

pervised learning model for obtaining word vector representations by aggregat-

ing global word-word co-occurrence statistics which counts how frequently a

word appears in a context which makes it a count-based model. GloVe uses ra-

tios of co-occurrence probabilities whereas Word2Vec (CBOW and Skip-gram)

is a prediction based model which considers only local context and does not
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Figure 5.5 : Working mechnaism of BiLM

This image is taken from shuntaro Yada Slides‡

take benefit of the global context. This shortcoming of Word2Vec may not

learn well substantial scale repetition and patterns as compared to GloVe.

Global Vectors (GloVe) use matrix factorization approaches to breakdown the

gigantic co-occurrence intro more dense word vectors with low dimension rep-

resentation. Pennington et al. (2014) studied the relationship between words

ice and steam by taking the ratio of co-occurrence probabilities with different

probe words. Let the probability of x words shows in the context of word y be

P(x/y); ice appears more often with solid as compared to gas. Similarly steam

appears more often with gas than solid. Both of these words co-occur more

often with word water due to the same characteristics and less frequently with

irrelevant word fashion. This means that the probability of P(solid/ice) will

be quite higher as compared to the probability of P(solid/steam). Thus, the

ratio of probability of P(solid/ice) to probability of P(solid/steam) will be sig-

nificant as compared to the word gas which is associated with word steam but

not with ice then the the ratio of the probability of P(gas/ice)/P(gas/steam).

Further, the ratio will be near to 1 for relevant words like ice and steam. More-

over, word representations generated from GloVe are faster to train, scalable,

‡Source: https://www.slideshare.net/shuntaroy/a-review-of-deep-contextualized\

-word-representations-peters-2018

https://www.slideshare.net/shuntaroy/a-review-of-deep-contextualized \ -word-representations-peters-2018
https://www.slideshare.net/shuntaroy/a-review-of-deep-contextualized \ -word-representations-peters-2018
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give good results, even the small dataset and training can be stopped earlier if

no significant improvement is observed. The objective function is given below.

J =
V∑

k,j=1

f(Xkj)(w
T
k w

′

j + bk + bj − log(Xkj))

where;

V : is size of vocabulary,

X : is co-occurrence matrix,

Xkj is frequency of word k co-occurring with word j,

Xk total number of occurrences of word k in the corpus,

Pkj is the probability of word j occurring within the context of word k,

w is a word embedding of dimension d,

w
′

is the the context word embedding of dimension d

As recommended by Peters et al. (2018b); it is favourable to concatenate ELMo

embeddings with traditional word embeddings such as Word2Vec and GloVe.

In our model, we used pre-trained GloVe embedding of 300 dimensions which

are trained on 840 billion tokens from common crawl because it gives better

results as compared to Word2Vec in our case. GloVe outputs a vector, VGloV e

of 300 dimensions, which has word semantics and syntactical information of

tweets context.

Part of Speech (POS) Embedding VPOS

The state-of-the-art word embeddings models can capture distributional se-

mantic meanings in different NLP related tasks. These models fail to incor-

porate and capture more complex semantic representations because of the lin-

guistic ambiguities of some words can have various word-senses based on their

context. Grammatical language characteristics are defined to address these
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language ambiguities. Part of Speech (POS) helps to capture the syntactic

characteristics of individual words.

POS tagging is an important step in which each word in the context is assigned

with the appropriate POS tag. Using POS has shown good results in NLP

related tasks (Rezaeinia et al.; 2017a). POS gives us useful information about

a word, neighbours and different syntactic types of words such as verbs, nouns,

adverbs and adjectives etc. The main purpose of POS embedding is to detect

Nouns /NN, Verbs /VB, Adjectives /JJ, Adverbs /RB and generate their

representations. Figure 5.6 shows an example of generating POS word vectors.

In our proposed model we have used Stanford parser for POS tagging which

generates POS tags. Each POS tagged token is then transformed to a vector,

VPOS of 50 dimensions.

Figure 5.6 : An example of POS Embedding VPOS

Lexicon Embedding VLexicon

Words in language have sentiments associated with them which humans can

understand, but Conventional word representations models fail to capture sen-

timent knowledge of words. In order to capture this linguistic ambiguity, we

used lexicons to extract sentiments of words and generate vectors.

The lexicon embedding is based on the extraction of sentiment scores from

lexicon dictionary, which is a list of words, specific terms and phrases. Using

these lexicons can be useful in analyzing the text for sentiment analysis. Each

lexicon contains a pair of word-sentiment where each word has its sentiment

score, which is between −1 to 1, where value less than 0 represent negative
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words and positive for values above 0. There are many sentiment and emo-

tion lexicons resources are available, so it is crucial to select the right one or

appropriate combination of lexicons. We selected a combination of six differ-

ent lexicons for extracting sentiments in our lexicon embedding. If any token

is not available in any of these lexicons, then we assigned a score of zero to

that token. Our lexicon embedding outputs a vector, VLexicon of 6 dimensions.

We have used the following six Lexicons in our model. Table 5.1 shows the

summary and characteristics of sentiment lexicons used in our model.

1. SenticNet 5.0 (Cambria et al.; 2018):

SenticNet is a concept based sentiment lexicon. SenticNet has different

versions available, and the latest version is senticNet 5.0, which gives

sentiment and semantic information of 100,000 concepts, and it is com-

monly used for sentiment analysis. The parser of this lexicon gives the

sentiment score and the sentic vector of each concept found in the given

text. The sentiment value is a real number, whereas the sentic vector

contains scores related to emotions.

2. VADER (Hutto and Gilbert; 2014):

Valence Aware Dictionary and Sentiment Reasoner (VADER) sentiment

lexicon were mainly created for sentiment classification of social media

text which is sensitive to both sentiments, positive and negative sen-

timents, and its intensity. It uses the human-centric method, combines

qualitative analysis and empirical validation by human raters and knowl-

edge of the crowd. VADER works well on social media text, and it does

not need any training data. It is fast and does not suffer from speed-

performance tradeoff.

3. Bing Liu Opinion Lexicon (Hu and Liu; 2004):

Bing Liu’s sentiment lexicon is presented and maintained by Bing Liu

in 2012 has been widely used. This sentiment lexicon consists of 2006
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positive words and 4,683 negatives. This sentiment lexicon contains slang

words, misspelled words and morphological variants aswell.

4. SemEval Twitter English Lexicon (Mohammad et al.; 2013):

SemEval Twitter English Lexicon was presented in semEval-2015 task-

10 (subtask E) on Twitter sentiment analysis. The sentiment scores in

this lexicon are from range 0 to 1. This lexicon contains a list of about

1500 single words and two-word negations expressions and their relation

with negative and positive polarities. The terms used in this lexicon

are taken from Twitter (English), and it also included general English

words, hashtags, misspellings and other different categories which are

commonly used in Twitter.

5. NRC Sentiment140 Lexicon (Kiritchenko, Zhu, Cherry and Moham-

mad; 2014):

NRC-Canada presented NRC sentiment140 lexicon in which the polarity

value of each word is computed, and pointwise mutual information (PMI)

measure among words and their sentiment tag in the tweet was used to

find the bigrams. A huge corpus of 1.6 million tweets with negative and

positive emotions instead of using hashtags to compute the sentiment of

words.

6. Large-Scale Twitter-Specific Sentiment Lexicon (TS-LEX) (Tang,

Wei, Qin, Zhou and Liu; 2014):

This sentiment lexicon was built by learning representation learning ap-

proach. Sentiment information of text was integrated into a neural net-

work with its loss function to learn sentiment specific phrase embed-

ding. Existing phrase embedding model was tailored, and the network is

trained from the huge corpus of positive and negative emoticons without

annotation. Unlike other lexicons, this lexicon outputs a word repre-

sentation that represents a semantic, syntactical and sentimental rela-

tionship within the words. An urban dictionary was used to expand the
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list of sentiment seeds of common words, which were used to train the

classifier, which gives the probability of word to be positive or negative.

Table 5.1 : Summary and characteristics of Sentiment Lexicons used

Lexicon Name Construction based Corpus Used Statsitics

SenticNet 5.0 Dictionary WordNet 100K concepts in four categories

VADER Dictionary SentiWordNet 75000 lexical features with scores

Bing Liu Dictionary & Manually WordNet
Positive words = 2006

Negative words = 4783

SemEval Twitter English Lexicon Corpus Tweets 1500 words

NRC Sentiment140 Lexicon Corpus Tweets 1.6M Positive & Negative emoticons

TS-LEX Corpus & Dictionay WordNet Affect
Positive words with values =1,78,781

Negative words with Values = 1,68,845

After the creation four-vectors individually, we concatenated all of them to

get one vector VDICE, which is clean and contains polysemy, word semantics,

syntax and sentiment knowledge of words in a tweet and given by the following

equation.

VDICE = Vcontext ⊕VGloV e ⊕VPOS ⊕VLexicon

where element-wise symbol ⊕ denotes vectors concatenation. The concatena-

tion of four embeddings is shown graphically in Figure 5.7.

Figure 5.7 : An illustraction of DICE
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5.2.2 BiLSTM Layer

Schuster and Paliwal (1997) presented Long Short Term Memory (LSTM)

network, which is an extension of Recurrent neural network (RNN). It was

to solve the problem of vanishing gradient encountered by RNN. In LSTMs,

the idea was to propose an adaptive mechanism of gating which finalizes the

amount to keep the earlier state and remember the obtained features of input

data. Forget gate, input gate and output gate are the three gates of a typical

LSTM cell. The flow of information at the current time step is determined

by these three gates. LSTM processes a sequence S = (x1, x2, ..., xZ) where

z is the length of input text, word by word in a sequence. Below is the

mathematical representation of a LSTM cell.

fi = σ(Wf [xi, hi−1] + bf )

Ii = σ(Wz[xi, hi−1] + bz)

Ci = tanh(WC [xi, hi−1] + bC)

Ci = fi ∗ Ci−1 + zi ∗ Ci

oi = σ(Wo[xi, hi−1] + bo)

hi = oi ∗ tanh(Ci)

In our work, we have placed BiLSTM layer, proposed by Schuster and Paliwal

(1997), on top of our DICE with attention layer for sentiment analysis to

capture the information from both directions. A BiLSTM takes an input of a

vector VDICE with a sequence of xz tokens and produces hidden representation

hi at a given time i by concatenating the hidden representations from both

forward
−→
hi and backward

←−
hi LSTM and is given by following equation.

hi = [
−→
hi ‖
←−
hi ]

where ‖, denotes the concatenation of outputs from both forward and backward

LSTM.
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5.2.3 Attention layer

Not all words contribute equally to understanding the meaning of the sentence.

We used attention mechanism presented by Diyi et al. (2016) to enforce the

contribution of essential words. Attention assigns a weight ai to each token

through a softmax function, and finally, representation R which is a weighted

sum of all tokens is calculated and given by the following equation.

R =
z∑

i=1

aihi,

where,

ai =
exp(ei)∑z
t=1 exp(et)

,
z∑

i=1

ai = 1

ei = tanh(Whhi + bh)

where Wh and bh are learned parameters, hi is the concatenation of the representa-

tions of the forward and backward LSTM.

5.2.4 Output Layer

We used representation R generated from an attention layer and fed to fully con-

nected softmax layer to get the class probability distribution. We minimized binary

Cross-entropy loss function L in which loss increases as the predicted probability p

diverges from the actual label y, is given by following equation.

L = −(y log(p) + (1− y) log(1− p))

5.3 Experimental Analysis

In this section, first, we present experimental settings, datasets used in this study

and then the results of the proposed model by comparing with some famous and

state-of-the-art words representation models for Twitter sentiment analysis.
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5.3.1 Experimental settings

In this section, pre-processing methods, evaluation metric and parameters used in

our experiments are presented.

Preprocessing

We re-used our proposed recommended combination of pre-processing techniques

to improve the quality of text explained in Chapter 4. As mentioned earlier, our

pre-processing method helps the learner to learn better features which ultimately

improves the classification results.

Evaluation Metric

To keep our experiments consistent and comparable with previous proposed method-

ology (Chaper 4), we used the F1-score evaluation metric, same as we used previously

in Chapter 4.

Parameters

Parameters used in our experiments are presented in this section.

– Regularization: In order to avoid the overfitting problem, we have used

Gaussian noise at our input layer. Also, a dropout (Srivastava et al.;

2014) at connections of the network is also used to turn off the neurons

in the network randomly. Moreover, to avoid overfitting and make our

method robust, we applied L2 regularization technique to decrease the

large weights.

– Training: Binary cross-entropy loss function was used to train our

model using the rectified linear unit (ReLu) by back-propagation method

with the batch size of 128. To tune the learning rate, we used Adam

(Kingma and Ba; 2014) optimizer. 10-fold cross-validation technique

was used to evaluate the classification results also, 80% of data used for

training and remaining 20% for testing purpose.
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Table 5.2 : Summary of all parameters

Name Details

Optimizer Adam

Learning Rate 0.001

Back-Propagation ReLu

batch Size 128

Dropout 0.25

L2 Regularization 0.0001

Hidden Layer Dimension 150 each

Gausian Noise σ = 0.3

– Hyper-parameters: The Grid search optimization technique was used

to find the hyper-parameters used in our experiments. Parameters used

are given in Table 5.2.

5.3.2 Datasets

We have used three airlines-related Twitter datasets, two of them crawled and la-

belled by us, and one is publicly available. We chose airline-related datasets because

limited work has been done on airlines sentiment analysis using deep learning meth-

ods. We call our three datasets as Dataset 1, Dataset 2 and Dataset 3 and the

distribution of the tweets are given in Table 5.3.

– Dataset 1: This dataset is publicly available and taken from the Kag-

gle Datasets originally released by CrowdFlower. The total number of

tweets given in the dataset is 14,640. Since we are dealing with binary

classification problem so we are considering only positive and negative

so after filtering the total number of tweets is 11,541. The tweets are

related to six major US Airlines: American airline, United airline, US

Airways, Southwest airline, Delta airline, and Virgin airline.
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– Dataset 2: The data was collected by using Tweepy, an official python

Twitter API library. The dataset contains only two months worth of

tweets starting from December 2015 until January 2016. We followed

guidelines by Mohammad et al. in Mohammad (2016) for annotations

of tweets and instructed annotators to label tweets as positive and neg-

ative. First, a set of 200 tweets were given, four different annotators

annotated the tweets collectively so that all of them can have a general

understanding and agreement on the standard for annotation. We used

Cohens Kappa (κ) for calculating inter-annotator agreement (IAA) be-

tween annotators. In the second phase, the same set of random 1000

tweets were given to each annotator for annotation. The disagreement

was observed and resolved. In the third phase, again another same set

of 500 tweets were given to all annotators, and this time we achieved

good IAA score, and minor disagreement was observed. Finally, in our

last phase, a large set of remaining tweets were equally divided among

all annotators for annotation of tweets. The total number of tweets in

dataset 2 is 16,454. The tweets are related to three airlines in dataset 2,

which are Cathay Pacific, United airline and Singapore airline.

– Dataset 3: Dataset 3 contains tweets related to Emirates airline. We

used the same method to collect and annotate our third dataset, as stated

above. The total number of tweets given in our dataset 3 is 22,172.

Table 5.3 : Tweets distribution in all datasets

Dataset Name Positive Negative Total

Dataset 1 2,363 9,178 11,541

Dataset 2 11,670 4,784 16,454

Dataset 3 17,860 4,312 22,172
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5.3.3 Results and Discussion

This section presents the baselines models used in comparison to our proposed model

and discusses the results.

Baselines

As a baseline, we selected models from classic legacy based word representation,

continuous words representation models and finally, hybrid and sentiment specific

words representation models which have been used for Twitter sentiment classifica-

tion task earlier.

– Weighted word representation model: We compared the performance of

our model with the method proposed by Go et al. (2009) and da Silva

et al. (2014) where they used weighted word representations TF-IDF

with different traditional machine learning-based classifiers for Twitter

sentiment analysis.

– Continous word representation model: we compared our model with

(i) Deep convolutional neural network§ (DCNN) where they used GloVe

for word representations (Jianqiang and Xiaolin; 2018).

(ii) CharSCNN/SCNN¶ (dos Santos and de C. Gatti; 2014) utilized char-

acter embedding (CharSCNN) and Word2Vec (SCNN) for initializing

embedding where resulting embeddings are fed to deep neural networks.

– Hybrid and sentiment specific word models: We compared our model

with some recently proposed sentiment embeddings such as

(i) Hybrid ranking (Tang et al.; 2016b) which incorporates sentiment

and context of tweets for Twitter sentiment analysis (HyRank‖).

(ii) Refined embeddings Re(*) (Liang-Chih, Lai and Zhang; 2018) where

researchers refined the traditional word embeddings by using intensity

§https://nlp.stanford.edu/projects/glove/

¶https://code.google.com/archive/p/word2vec/

‖http://ir.hit.edu.cn/dytang/
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score from lexicon.

(iii) Finally, we have compared our model with recently proposed im-

proved word vectors (IWV) (Rezaeinia et al.; 2017a) where traditional

pre-trained word embeddings were enhanced by adding POS and senti-

ment information from lexicons for sentiment analysis.

We selected those methods because they are the state-of-the-art ones and based

on the conducted meta-analysis, they exhibit the highest accuracy among the tech-

niques developed so far.

Table 5.4 : Comparison of Proposed Words Representation on a Classification task

Model Dataset 1 Dataset 2 Dataset 3

TF-IDF word representation with SVM 0.790 0.777 0.802

TF-IDF word representation with NB 0.829 0.832 0.821

TF-IDF word representation with DT 0.860 0.851 0.872

TF-IDF word representation with RF 0.869 0.871 0.897

TF-IDF word representation with Ensemble 0.814 0.830 0.825

DCNN (GloVe word representation) 0.832 0.841 0.848

CharSCNN (Character word representation) Pre-trained 0.862 0.858 0.870

SCNN (Word2Vec word representation) Pre-trained 0.831 0.840 0.857

CharSCNN (Character word representation) Random 0.809 0.819 0.835

SCNN (Word2Vec word representation) Random 0.817 0.829 0.842

HyRank word representation model 0.841 0.842 0.863

Re(Word2Vec word representation) model 0.851 0.849 0.868

Re(GloVe word representation) model 0.859 0.857 0.871

IWV (Improved Word Vectors) model 0.880 0.872 0.885

DICE 0.915 0.905 0.919

Proposed Model

Results of our model are given in Table 5.4. As we can see the performance of our

model is better than existing methods for sentiment analysis when testing them on

three, airline-related Twitter datasets with standard pre-processing. Our proposed
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model, (DICE) improved the performance ratio (∆) by 3.98%, 3.78% and 3.84%

when compared to previous best results of embedding based IWV method on dataset

1, dataset 2 and dataset 3 respectively. As our model offers a consistent improvement

over all other methods so we can conclude that it is a robust solution for sentiment

analysis problem.

The reasons why our model achieved better results as compared to others are as

follows i) we improve the quality of text by removing noise, learning sentiment

aware tokenization and correcting spelling mistakes etc., which helps to learn bet-

ter representation, and ii) it handles the language ambiguities by capturing deeper

relationships within the text. Unlike Word2Vec, GloVe and Fasttext which can not

handle words with different meanings in the context (polysemy) DICE can capture

it. Along with polysemy, DICE can also handle the OOV issues and have sentiment

knowledge of words which other hybrid models like IWV, Refined embedding and

HyRank fails to capture. Specifically, our proposed model learns high-quality repre-

sentations by adding polysemy, sentiment knowledge of words, handles OOV words

issues, semantics and syntactical information of words which helps to get better clas-

sification results. We also applied our recommended pre-processing combinations on

hybrid and sentiment specific models.

Table 5.5 : Comparison with recommended pre-processing on classification task

Model\Datasets
Standard Pre-processing Recommended Pre-processing

Dataset 1 Dataset 2 Dataset 3 Dataset 1 Dataset 2 Dataset 3

HyRank (Hybrid word representation model) 0.841 0.842 0.863 0.859 0.865 0.882

Re(Word2Vec word representation) model 0.851 0.849 0.868 0.868 0.871 0.886

Re(GloVe word representation) model 0.859 0.857 0.871 0.875 0.878 0.887

IWV (Improved Word Vectors) model 0.88 0.872 0.885 0.895 0.894 0.902

DICE 0.915 0.905 0.915 0.932 0.926 0.934

Table 5.5 shows that performance improves when we use our proposed pre-processing

(Chapter 4) as compared to standard pre-processing. It can be seen that using our

proposed recommended preprocessing combination improved the accuracy ratio (∆)

for Hybrid, Re(Word2Vec), Re(GloVe), IWV and DICE by 2.14%, 1.99%, 1.86%,
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1.70% and 1.85% on dataset 1, 2.73%, 2.59%, 2.45%, 2.52% and 2.32% for dataset 2

and 2.20%, 2.07%, 1.83%, 1.92% and 2.07% for dataset 3 respectively. This increase

in performance depicts the robustness of our proposed pre-processing combination.

Figure 5.8 : Ablation analysis of proposed model

We extended our hybrid word representation model (DICE) and incorporated char-

acter embeddings to efficiently handle OOV words. The character-level features

can exploit prefix and suffix information about words to have closer representations

among words of the same category. This is useful for terms that may be OOV

and can capture mitigating issues like unseen words. We have utilized the char-

acter level representations proposed by Lample et al. Lample et al. (2016) using

Bi-LSTMs to produce a character-enhanced embedding for each unique word. Our

parameters for the forward and backward LSTMs are 25 each and the maximum

character length is 25, which results in an 50-dimensional embedding vector,VChar.

Experimental anlaysis proofs that incorporating character embedding with our rec-

ommended pre-processing improves the performance by 0.65%, 0.85% and 0.63% on

dataset 1, dataset 2 and dataset 3 respectively as compared to our previous deep

intelligent contextual embedding (DICE) model.

We also performed the ablation analysis of our proposed model. Figure 5.8 tells that

all embedding layers in our proposed model add to the overall performance. The
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performance drops slightly for all datasets in both cases when we replace GloVe em-

bedding with Word2Vec embedding or remove GloVe embedding from our model.

Further, the experimental analysis also indicates that performance drops in both

cases when we remove POS and lexicon embeddings from our model and noticeable

drop is observed when we remove context embeddings from our model which shows

the importance of contextual embedding and strength of using embedding from lan-

guage model. Hence, we can conclude that one of the strengths of our model lays in

the combination of different components that build the diversity, which contributes

to increased accuracy of sentiment classification.

Figure 5.9 presents the visualization of common words in our datasets. The word

cloud of most common words in a) Positive, b) Negative, and c) All Tweets.

Figure 5.9 : Word Cloud of a) Positive, b) Negative and c) All Tweets

5.3.4 Significance of proposed model

– DICE can effectively capture complex attributes of language ambiguities.

– Hybrid word representation model (DICE) captures and compliments



99

data characteristics and extract useful features instead of using one-word

representation model.

– Unique combination of sentiment lexicons are used which assigns its rel-

evant sentiment to words which helps to improve classification results.

– Features extracted by the proposed hybrid word representation model is

fed to BiLSTM with attention which focuses more on useful words for

sentiment classification and handles data in the sequence which improves

results as compared to other classifiers.

5.4 Summary

In this chapter, we present hybrid words representation (DICE) which handles com-

plicated attributes of words and its usage within the noisy tweet context. DICE

can handle language ambiguities like polysemy, semantics, syntax and sentiment

knowledge of words by learning words representations from four different embed-

dings. Hybrid words representation layer is then fed to bi-directional long short

term memory (BiLSTM) with attention to predict the classes.

Hybrid words representation (DICE) is achieved by the following steps;

– Words with different meanings in the context (Polysemy) and out of

vocabulary (OOV) words are capture by the embeddings from language

model (ELMo).

– GloVe is used to capture semantics and syntactical information.

– Sentiment knowledge of words is incorporated into words by using a

combination of six different lexicons.

– Part of speech (POS) embedding helps to get better syntactical infor-

mation.

– All of above embeddings are concatenated to get hybrid words repre-

sentations. Words representations which handle language complexities

defined earlier.
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– BiLSTM is employed to capture sequential information, and attention

mechanism is adopted to give importance to important words.

Further, the experimental analysis also confirms that our model can effectively man-

age the language complexities and can be utilised for input representation for Twitter

sentiment analysis related tasks where the data is of low quality and has language

ambiguities. The experiment shows that our model outperforms different baselines

based on traditional word embeddings and sentiment embeddings for sentiment anal-

ysis.

This research opens new opportunities to handle the language complexities and im-

proves the quality of words representation. In future, we can explore more different

ways to learn more implicit and explicit relationships within the content to capture

more complex characteristics of the data, which can improve the performance. It

will be interesting to learn the representation of the words in a hierarchal way to

capture more information and try different sources at the input, which can improve

the quality of words representation.
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Chapter 6

Conclusions and Future Work

6.1 Conclusion

This thesis proposed and presented a method to improve the quality of the text,

which has been overlooked in previous studies. Also, it contributes to the current

research by proposing a hybrid words representation model (DICE) which can man-

age the natural language complexities in text for the text classification task.

A detailed introduction on the topic of this research is discussed in Chapter 1. Also,

research questions, problems, objectives are outlined in Section 3.1. Further, the

contributions of this research are mentioned in Section 1.4 of this thesis. Then we

discussed and critically evaluated different pre-processing and words representation

methods used in natural language processing and presented their pros and cons

in Table 2.1. We also reviewed previous studies conducted on the effects of using

different pre-processing techniques and word representation models on different NLP

related tasks. Word representation models (See Section 2.3). Based on the current

studies, we presented gap analysis (Section 2.4), where we highlighted the gaps in

the current state-of-the-art methods and linked it to our research objectives defined

in Section 3.1.3.

As we know that the language used on social media in unstructured and informal

in nature which is easy for humans to understand but in order to enable computers

to understand, process and classify the language just like human beings we need

first to improve the quality of text which computers can understand and perform

the required task efficiently. Further, natural language is complex and ambiguous

in nature which humans can understand, distinguish and classify easily due to their

prior knowledge but for machines; this language ambiguities can be more challeng-

ing to utilize the information and perform the task efficiently fully. The research
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problems we addressed in this thesis are defined in Section 3.1.1 with more details.

Research question defined in section 3.1.2 are linked with the research problems

highlighted in this thesis. To answer the first research question(RQ:1) of this the-

sis, we performed a comprehensive analysis of different common and advance pre-

processing techniques on text classification task in Chapter 4. We used five different

traditional machine learning and three deep learning-based classifiers with different

word representation models. We found out that classification performance varies

with different pre-processing techniques. We also presented the best and words per-

forming pre-processing techniques for text classification. To deal with our second

research question (RQ:2) we proposed a method to improve the quality of the text.

We combined different pre-processing techniques in a systematic pattern which im-

proved the quality of the text and showed better performance. In this method, we

improved the quality of unstructured and informal text obtaining structured and

clean text by identifying and replacing emoticons, acronyms, spell corrections, re-

placing contraction and elongated characters etc. which can be used to improve

the quality of any social media text. Experimental results show that our proposed

method improves the results as compared to baseline, highest individual performing

techniques and other combinations. This study addressed our first research objective

mentioned in Section 3.1.3.

In order to deal our third and fourth research questions (RQ:3) and (RQ:4), we

presented hybrid words, representation model, Deep Intelligent contextual Embed-

ding (DICE) in Chapter 5, which handles the language ambiguities such as words

with different meanings (polysemy) within a context, OOV words, semantics, syn-

tactical and sentiment knowledge of words for text classification. DICE is built

up with concatenating four different word representation models to handle the lan-

guage complexity, which is then fed to BiLSTM with attention model to capture

the important words to predict classes. We applied our proposed model to solve the

problem of Twitter sentiment analysis. We conducted several experiments to show

that DICE can handle the language ambiguities defined earlier better than current

state-of-the-art word representation methods. In addition to this, our proposed pre-
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processing method also improves the results of current state-of-the-art methods in

Twitter sentiment analysis which shows the robustness of our methods. This study

addressed our second research objective, as mentioned in Section 3.1.3.

Chapter 4 and Chapter 5 of this thesis, in the same time, constitute research out-

puts ∗ what shows that the research community finds presented here research relevant

and significant in the area of the text classification. We also started to apply our

current model on different datasets other than airline related datasets and plan to

submit it in reputable venues in future. Further, we are also working to improve our

current model and add different models hierarchically to improve the classification

perfomance. Details are listed in the List of Publications.

This thesis highlights the importance of good quality of words representation and

presents different methods to improve the current word representation methods for

text classification task such as sentiment and opinion classification etc. The idea of

improving the representation of the words considering the natural language ambigu-

ities/complexities can be crucial in many different NLP related tasks. The methods

proposed in this thesis highlight the importance of improving the quality of the text,

especially in the case of social media analysis task (e.g. Twitter).

Further, our proposed hybrid words representation is limited to only defined natural

language ambiguities such as polysemy, syntax, semantc, sentiment of words and out

of vocabulary words, but more work is to be done in order to improve word repre-

sentations which can handle other language ambiguities such as different words with

same meanings (synonyms), metaphor, homograph, irony, sarcasm etc and different

ways should be explored to learn more robust word representations. Moreover, more

advanced pre-processing techniques and combinations should also be explored to im-

prove the quality of text. And lastly, further exploration should also be applied on

other benchmart datasets of different domains and areas to explore more insights.

∗Two Papers from Chapter 5 are accepted in A-rank conference(ICDAR) (Naseem and Musial

(2019)) and (AI2019) (Naseem et al. (2019)). Further, extended version will be submitted to a top

rank journal with datasets from other domains & Two papers from Chapter 4 are under review.

Also, Survey paper from Chapter 2 is also under review.
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6.2 Future Work

This research opens new challenges and opportunities to deeply explore methods to

improve the quality of text and handle different language ambiguities/complexities,

which result in high quality of words representation.

Further research efforts could be directed towards some of the issues and challenges

mentioned below.

– Improve the quality of text:

∗ We presented a method to improve the quality of tweets; however,

it will be interesting to apply the proposed method on other social

media platforms.

∗ We experimented with datasets which are specific to Twitter Hate

Speech and Abusive language. Applying the proposed method to

other areas and domains will explore more insights and will present

more opportunities to improve this method.

∗ More advanced pre-processing techniques and their interactions

with each other (combinations) can be explored with different fea-

ture extraction and classification models.

– Handle language ambuiguities:

∗ Our proposed model solves only defined language ambiguities. How-

ever, more work needs to be done to solve other language ambi-

guities such as different words with same meanings (synonyms),

metaphor, homograph, irony, sarcasm etc. in the English language

to learn more robust word representations.

∗ More ways to be explored to learn word representations. One of

those could be learning words representations hierarchically to cap-

ture more implicit and explicit characteristics†.

†Naseem et al. (n.d.); Review paper has already been accepted
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∗ Proposed method applied on airline-related tweets which can be

applied to another domain and other NLP related tasks.

The main significant contribution of this thesis is to handle language ambiguities

like humans. We emphasized that having good text representations helps to improve

the classification performance and proposed two methods; the first one improved the

quality of text and the second one managed the language ambiguities for machines

to understand and classify text like humans.
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Appendices

A Appendix for Chapter 2

Classification techniques:

As mentioned earlier in section 2.1, choosing an appropriate classifier is one of the

main steps in the text classification task. Without having a comprehensive knowl-

edge of every algorithm, we cannot find out the most effective model for the text

classification task. Out of many machine learning algorithms used in text classifi-

cation, we will present some famous and commonly used classification algorithms.

These are used for sentiment classification tasks such as Nave Bayes (NB), Support

vector machine (SVM), logistic regression (LR), Tree-based classifiers like decision

tree (DT) and random forest (RF) and neural network-based (deep learning) algo-

rithms. Table 1 presents the pros and cons of classification algorithms.

Machine learning based classifiers

Naive Bayes(NB) classifiers: The Naive Bayes (NB) classifiers are a group of

different classification algorithms which are based on Bayes theorem, presented by

Thomas Bayes (Hill; 1968). All Naive Bayes algorithms have the same assump-

tion, i.e., each pair of features being classified is independent of others. The NB

classification algorithms are widely used for information retrieval (Qu et al.; 2018)

and many text classification tasks (Pak and Paroubek; 2010; Melville et al.; 2009).

Naive Bayes classifiers are called ”Naive” because it considers that every feature is

independent of other features in the input. Whereas in reality, words and phrases

in the sentences are highly interrelated. The meaning and sentiment depend on the

position of words in the sentence, which can change if the position is changed.

NB classifiers are derived from Bayes theorem which states that given the number

of documents (n) to be classified into z classes where z ∈{x1, x2, ....xz} the predicted

label out is x∈X.The Naive Bayes theorem is given as follows:

P (x|y) =
P (y|x)P (x)

P (y)
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where y denotes a document and x refers to the classes. In simple words, the NB

algorithm will take each word in the training data and will calculate the probability

of that word being classified. Once the probabilities of every word are calculated,

then classifier is read to classify new data by utilizing the prior calculated probabil-

ities during the training phase. Advantages of NB classifiers are; they are scalable,

more suitable when the dimension of input is high, its implementation is simple, less

computationally expensive, works well when less training data is available and can

often outperform other classification algorithms. Whereas the disadvantages are;

NB classifiers make a solid makes a reliable hypothesis on the shape of data distri-

bution, i.e. any two features are independent given the output class, which gives bad

results (Soheily-Khah et al.; 2017; Wang, Khardon and Protopapas; 2012). Another

limitation of NB classifiers is due to data scarcity. For any value of the feature, we

have to approximate the likelihood value by a frequentist

Support vector machine (SVM): The support vector machine (SVM) classifiers

are one of the famous and common used algorithms used for text classification due

to its good performance. SVM is a non-probabilistic binary linear classification

algorithm which performs by plotting the training data in multi-dimensional space.

Then SVM categories the classes with a hyper-plane. The algorithm will add a new

dimension if the classes can not be separated linearly in multi-dimensional space

to separate the classes. This process will continue until a training data can be

categorized into two different classes.

The advantage of SVM classifiers is that results are obtained by using SVM are

usually better. The disadvantage of SVM algorithms is that it is not easy to choose

a suitable kernel, long training time in case of extensive data and more computational

resources are required etc.

Logistic Regressiong (LR) classifier: Logistic regression (LR) is a statistical

model and is one of the earliest techniques used for classification. LR predicts

probabilities rather than classes (Fan et al.; 2008; Genkin et al.; 2007) or existence

of an event like a win/lose or healthy/sick etc. This can be expanded to model many

classes of events like deciding whether an image consists of a cat, duck, cow, etc.
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Table 1 : Comparison of Classification Algorithms

Classifiers Pros Cons

NB

i) Less computational time.

ii) Easy to understand & implement.

iii) Can easily be trained less data.

i) Relies strongly on the class features independence

and does not perform well if the condition is not met.

ii) Issue of zero conditional probability for zero

frequency features which makes total probability zero

SVM

i) Effective in higher dimension

ii) Can model non linear decision boundary

iii) Robust to the issue of over-fitting

i) More computational time for large datasets

ii) Kernal selection is difficult

iii) Does not perform well in case of overlapped

classes

LR

i) Easy and Simple to implement.

ii) Less computationally expensive

iii) Does not need tuning and features

to be uniformly distributed

i) Fails in case of non-linear problems

ii) Need large datasets

iii) Predict results on the basis of independent

variables

DT

i) Interpretable and easy to understand

ii) Less pre-processing required

iii) Fast and almost zero hyper-parameters

to tuned

i) High chances of over fitting

ii) Less prediction accuracy as compared to others

iii) Complex calculation in large number of classes

RF

i) Fast to train, flexible and gives high

results ii) Less variance than single DT

iii) Less pre-processing required

i) Not easy and simple to interpret

ii) Require more computational resources

iii) Require more time to predict as compared to

others

DL

i) Fast predictions once training is complete

ii) Works well in case of huge data

iii) Flexible architecture, can be utilized for

classification and regression tasks

i) Require a large amount of data

ii) Computationally expensive and time-consuming

iii) DL based classifiers are like black-box (issue of

model interpretability exists)

Every object being identified in the image would be given a probability between

0 and 1 and the sum adding to one. LR predicts the results based on the set of

independent values. However, if the wrong independent values are added, then the

model will not predict good results. It works well in the case of categorical results

but fails in the case of continuous results. Also, LR wants that every data point to

be independent of all others, but if the findings are interlinked to one another, then

classifier will not predict good results.

Decision Tree (DT) classifier: Decision tree (DT) was presented by Magerman

(1995) and developed by Quinlan (1986). It is one of the earliest classification
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models for text and data mining and is employed successfully in different areas for

classification task (Morgan and Sonquist; 1963). The main intuition behind this

idea was to create tree-based attributes for data points, but the major question is

which feature could be a parent and which will be a child’s level. To fix this Statis-

tical problem modelling for features was presented by De Mantaras (De Mántaras;

1991). DT classifier design contains a root, decision and leaf nodes which denote

dataset, carry out the computation and performs classification respectively. During

the training phase, the classifier learns the decision need to be executed to separate

labelled categories. To classify the unknown instance, the data is passed through the

tree. A particular feature from the input text is matched with the fixed which was

known during the training stage. The calculation at each decision node compares

the chosen features with this fixed feature earlier; the decision relies on whether the

feature is more prominent than or less than the fixed which creates two-way division

in the tree. The text will eventually go over these decision nodes until it reaches the

leaf node that describes it assigned class.

The advantages of DT classifier are; the amount of hyper-parameters which require

tuning is nearly zero, easy to describe, can be understood easily by its visualizations

whereas the significant disadvantages of DT classifier are; it is sensitive to minor

change in the data (Giovanelli et al.; 2017) and have probability of overfitting (Quin-

lan; 1987), complex computations in case of large number of class labels and have

difficulties with-out-of sample prediction.

Random Forest (RF) Classifier: Random forest which is also called an ensembles

learning technique for text classification which concentrates on methods to compare

the results of several trained models in line to give better classifier and performance

than a single model. Ho (1998) proposed RF classifier, which is simple to understand

and also gives better results in classification. RF classifier is composed of the number

of DT classifiers where every tree is trained by a bootstrapped subset of the training

text. An arbitrary subset of the characteristics is selected at every decision node,

and the model will only examine part of these features. The primary issue with

utilizing the single tree is that it has massive variation so that the arrangement of
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the training data and features can impact its results.

This classifier is quick to train for textual data but slow in giving predictions when

trained (Bansal et al.; 2018). Performs good with both categorical and continu-

ous variables, can automatically handle missing values, robust to outliers and less

affected by noise whereas training a vast number of trees can be computationally

expensive, require more training time and utilize much memory.

Deep learning based classifiers

Deep learning is a group of algorithms and models motivated by the working of

the human brain. It has attained state-of-the-art results in many different areas

which include many NLP applications. It requires a large number of training data

to achieve a semantically good representation of textual data. Deep learning models

have attained excellent results compared to machine learning models on different

classification tasks. Main architectures of deep learning which are commonly used

in any text classification task, are briefly discussed below.

Recurrent Neural Network (RNN): RNN is one of the popular neural network-

based model which is widely used for different text classification tasks (Sutskever

et al.; 2011; Mandic and Chambers; 2001). Previous data points of a sequence are

assigned more weights in an RNN model which makes it more useful and better for

any text, string or sequential data classification. RNN models deal with data from

previous layers/nodes in such a good way which makes them superiors for semantic

analysis of a corpus. Gated recurrent unit (GRU) and long short term memory

(LSTM) are the most common types of RNNs which are used of text classification.

The one of the drawback of RNN is that they are sensitive to gradient vanishing

problem and exploding gradient when gradient descents error is back propagated

(Bengio et al.; 1994).

• Long Short-Term Memory (LSTM): LSTM was presented by Hochreiter and

Schmidhuber (1997). LSTM was presented to address the gradient descent issues of

RNN by keeping the long term dependency in a more better way as compared to

RNNs. It is more effective to overcome the issues of vanishing gradient (Pascanu
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et al.; 2013). Even though LSTMs have an architecture like a chain which is same as

RNNs but it uses different gates which handles the volume of information carefully,

which is allowed from each node state. The role of each gate and node in a basic

LSTM cell is explained below.

it = σ(Wi[xt, ht− 1] + bi)

Ĉt = tanh(Wc[xt, ht− 1] + bc),

ft = σ(Wf [xt, ht−1] + bf ),

Ct = it ∗ Ĉt + ftCt−1,

ot = σ(Wo)[xt, ht−1] + bo,

ht = ottanh(Ct),

where it, Ĉt and ft denotes input gate, candid memory cell and forget gate activation

respectively. whereas Ct computes new memory cell value and ot andht represents

the final output gate. b is bias vector, W denotes weight matrix and xt denotes

input to the memory cell at time t.

• Gated Recurrent Unit (GRU): GRU is another type of RNNs which are pre-

sented by Chung et al. (2014) and Cho et al. (2014). GRU is the simplest form of

LSTM architecture. However, it includes two gates and does not contain internal

memory which makes it different from LSTM. Also, in GRU, a second non-linearity

(tanh) is not applied on a network. The working of a GRU cell is given below:

zt = σg(Wzxt + Uzht−1 + bz)

r̂t = σg(Wrxt + Urht−1 + br)

ht = ztht−1 + (1 + zt)

σh(Whxt + Uh(rtht−1) + bh)

where zt denotes to the update gate of t, xt represents input vector, W,U and b

denotes parameter matrices. σg which is a activation function can be ReLU or sig-

moid, rt represents reset gate of t, ht is the output gate of vector t , and σh denotes

the hyperbolic tangent function.
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Convolutional Neural Networks (CNN): Another famous architecture of deep

learning is CNN which is mostly used for hierarchical classification in a deep learning

(Jaderberg et al.; 2014). CNN was built and used for image classification in early

days, but over the period, it has shown excellent results for text classification as well

(Lecun et al.; 1998). In a image classification, an image tensor is convolved with a

set of kernels of size dxd. The convolution layers in the CNN are known as feature

maps which can be stacked to have multiple filters. To overcome the computational

issue due to the size of dimensionality, CNN uses pooling layer to reduce the size

from one layer to the other one. Different pooling methods have been proposed by

researchers to decrease the output without losing features (Scherer et al.; 2010).

Max pooling is the most common pooling technique where maximum elements in

the pooling window are selected. To feed the pooled output from stacked features

map to the next one, features are flattened into one column. Usually, the last

layer of CNNs is fully connected. Weights and feature filters are adjusted during

the backpropagation step of CNN. The number of channels is the major issue with

CNN’s for text classification, which is very few in case of image classification. Three

channels form RGB. For text, it can be a vast number which makes dimensions very

high for text classification (Johnson and Zhang; 2014).

Evaluation Metrics

In this section, different evaluation metrics are briefly discussed. But first

some related concept will be briefly discussed.

Confusion matrix: Confusion matrix is a unique table or a method which

is used to present the efficiency of the classification algorithm. In Table 2, we

present the confusion matrix. Details are given below:

True Positives (TP): TP are the accurately predicted positive instances.

True Negatives (TN): TN are the accurately predicted negative instances.

False Positives (FP): FP are wrongly predicted positive instances.

False Negatives (FN): FN are wrongly predicted negative instances.
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Table 2 : Confusion Matrix

Actual Class

Predicted Class

Positive Negative

Positive
True Positive

(TP)

False Negative

(FN)

Negative
False Positive

(FP)

True Negative

(TN)

Once we understand the confusion matrix and its parameters, then we can

define and understand evaluation metrics easily, briefly explained below.
Accuracy: Accuracy is the simple ratio of observations predicted correctly to

the total observations and is given by

Accuracy =
TP + TN

TP + FP + FN + TN

Precision: Precision is the ratio of true positive (TP) observations to the overall

positive predicted values (TP+FP) and is given by

Precision =
TP

TP + FP

Recall: Recall is the ration of true positive (TP) observations to the overall obser-

vations (TP+FN) and is given by

Recall =
TP

TP + FN

F1 score - Weighted average of Recall and Precision is knowns as F1 score which

means F1-score consists of both FPs and FNs and is given by

F1 = 2 ∗ Recall ∗ Precision
Recall + Precision
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B Appendix for Chapter 4

Graphical representation of results

1. Table 4.4: Comparison of all technique’s on Waseem et al. dataset

Figure 1 : Comparison of all technique’s on Waseem et al. dataset
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2. Table 4.5: Comparison of all technique’s on Golbeck et al. dataset

Figure 2 : Comparison of all technique’s on Golbeck et al. dataset
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3. Table 4.6: Comparison of all technique’s on David et al. dataset

Figure 3 : Comparison of all technique’s on David et al. dataset
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