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ABSTRACT

Watching a horror movie and someone shouts “HEEEELLLPPPPPPPPP” or
someone replies to your joke with a huge “HAHAHAHAHAHAHAHAHAHAHA”
is known as word stretching. Word stretching is not only an integral part of spoken
language but is also found in many texts. Though it is very rare in formal writing,
it is frequently used on social media. Word stretching emphasizes the meaning of
the underlying word, changes the context and impacts the sentiment intensity of the
sentence.

In this work, a rule-based fine-grained approach to sentiment analysis named
StretchVADER is introduced that extends the capabilities of the rule-based approach
called VADER. StretchVADER detects sentiment intensity using textual features
such as stretched words and smileys by calculating a StretchVADER Score (SVS).
This score is also used to label the dataset. It has been observed that many tweets
contain stretched words and smileys, e.g. 28.5% in a randomly extracted dataset
from Twitter. A dataset is also generated and annotated using SVS which contains
detailed features related to stretched words and smileys. Finally, Machine Learning
(ML) models are evaluated using two different data encoding techniques, e.g. TF-
IDF and Word2Vec. The results obtained show that the XGBoost algorithm with
1500 gradient-boosted trees and TF-IDF data encoding achieved a higher accuracy,
precision, recall and F1-score than the other ML models, i.e. 91.24%, 91.11%, 91.24%
and 91.08%, respectively.
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Chapter 1

Introduction

Social media has made the internet one of the primary sources of information and
knowledge. Internet users are continuously accessing social media platforms, i.e.
Twitter, Facebook and Reddit to express their sentiments about different topics [4].
The use of these platforms is not limited to the expression of sentiments but also to
aid in consultation and decision-making [5]. A few decades ago, individuals would
typically seek advice from their friends or rely on critic reviews when buying products
or services because the information available was limited [5]. However, the growing
popularity of social media and the internet, the explosion of big data and the avail-
ability of various tools to extract information have made the decision-making process
easier [5]. These tools are used to seek decisions ranging from recommendations
on products, brands, services, politics, religion, entertainment, economics and many
other topics [5].

Sentiment analysis is a technique that has gained popularity in recent years. It
is used by researchers, businesses, organizations, and even governments to extract
knowledge, i.e. opinion or sentiment (positive, negative, or neutral), from texts/tweets
[6], [7]. Figure 1.1 shows the top 5 words associated with emotions. Sentiment analysis
becomes more complex and generates more precise results when the classification is
more granular, i.e. sentiments (strongly negative, weakly negative, neutral, weakly
positive, strongly positive) or correlated emotions (grief with sadness, pride with
admiration, nervousness with fear) as shown in Figure 1.1 [1].

Stretching words [8] or letter repetitions [9] is known as word-lengthening [2],
word-stretching, or expressive lengthening [10], [11]. Stretched words are integral
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parts of spoken languages and their use has increased significantly [12]. Stretching a
word modifies the context of the base word, i.e. strengthening or emphasizing the base
word (e.g. huuuuuge, sooooo good), showing excitement (e.g. yeeeeeeeees), intense
laughter (e.g. hahahahahah), or sarcasm (e.g. sssuuuuure), or even indicating danger
(e.g. nnnnooooooo, heeellllppppp) [12].

Figure 1.1: The top 5 words associated with emotions [1].

1.1 Motivation and Problem Statement
Stretched words can be found in many novels [13] but not in formal English dictio-
naries, i.e. the Oxford English dictionary does not have “lolzzzzz” or ”hahahah” [14].
There is a scarcity of dictionaries, literature and techniques that can help researchers
understand, process and benefit from stretched words in order to extract information
and knowledge.

In this thesis, a new approach called StretchVADER is introduced to take advan-
tage of textual features found in social media. It is an extension of the rule-based
algorithm called Valence Aware Dictionary for sEntiment Reasoning (VADER). It is
sensitive to both the polarity (positive/negative) and intensity (strength) of emotions.
The following factors are important for sentiment analysis.

1. Sentiment analysis techniques should be general and process every type of text,
i.e. simple texts and emoji-based texts or tweets [6].
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2. Sentiment-bearing textual features such as

(a) smileys, i.e. emoticons :) and emojis 😀,

(b) social media-specific terms and acronyms, e.g. gonna, wanna, lmao, lolz,
roflz, u, good ni8, hahahaha, smh, idk,

(c) slang words, i.e. BS, *** and

(d) capitalization and punctuation, e.g. OMG!!!

3. The ability to process comparative expressions, for example

(a) this iPhone model A is much better than Samsung model B and

(b) the location was truly disgusting…. but the people there were glorious.

4. Stretched words because

(a) stretched words are not used arbitrarily, but rather are applied to words
to strengthen the sentiment or emotion they convey [2],

(b) vowel lengthening and consonant lengthening (called gemination), is a fea-
ture of some languages and can change a word including its meaning [15],
and

(c) there is a connection between the amount of stretch and intensity, i.e. so
sad and soooooo sad, omg and OMG!!!!, hahahaha, realllllllllllly satisfying,
aweawwwesome and heellppp.

1.2 Related Work
Machine Learning (ML) algorithms such as Naïve Bayes, Maximum Entropy (Max-
Ent) and Support Vector Machines (SVM) have been used to detect sentiment from
movie reviews [16]. The performance was evaluated using traditional n-gram tech-
niques along with Parts-of-Speech (POS) information. An accuracy of 82.9% was
achieved using SVM with unigrams. However, the dataset was small and the classifi-
cation was not fine-grained. Contrasting and comparative sentences can easily confuse
classifiers and result in misclassification and so were ignored. Further, stretched words
were not considered.
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Table 1.1: List of emoticons [1].
Positive Emoticons Negative Emoticons

:) :(

:-) :-(

: ) : (

:D

=)

The publicly available dataset Sentiment140 was used for sentiment analysis in [4].
Distant supervision (rule-based) was used on emoticons to weakly label the dataset.
Weakly label means the dataset was labeled based on just the presence of emoticons
in the tweet. Two classes were used, positive and negative. The positive and negative
emoticons are shown in Table 1.1. The tweets which contain a happy emoticon from
the list were labeled as positive, while the tweets which contain a sad emoticon from
the list were labeled as negative. However, what if the context of the tweet contrasts
with the emoticons being used in the tweet, e.g. sarcasm? A very small number of
emoticons were mapped to happy and sad emoticon. There is no mention of emojis in
the list of emoticons, i.e. 😀, ☹, or special characters, i.e. =×,🖤, <3. After labeling,
the emoticons were removed from the dataset. It was not possible to validate their
labeling using emoticons because all emoticons were removed from the dataset after
labeling. Further, in the preprocessing, stretched words were removed from the tweets.
It was concluded that ML classifiers, i.e. Naïve Bayes, MaxEnt and SVM provided
accuracies of 81.3%, 80.5% and 82.2% compared to 81.0%, 80.4% and 82.9% for Naïve
Bayes, MaxEnt and SVM, respectively [16].

Smileys and special characters are crucial in sentiment analysis as they can change
the context, i.e. criticism or sarcasm [17], [18], [19]. Emoticons in text were used to
detect sentiment in [20]. A manually created emoticon sentiment dictionary was used
with lexical-based techniques on 2,080 Dutch tweets and forum messages. The results
obtained show that applying emoticons with existing lexical-based text classification
improved both the F1-score and accuracy from 22% to 94% at paragraph level, but the
F1-score was 66% and accuracy was 59% when applied at sentence level. Furthermore,
the approach is limited to the size of the emoticon dictionary and it is language
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specific.

In [5], sentiment analysis was performed using traditional n-gram techniques with
POS tags. An accuracy of 76.6% was obtained for SVM-lite with POS tags on bigrams
used as TF-IDF features. However, important textual features such as fine-graining,
stretched words and emoticons were ignored. The results showed that using trigrams
instead of bigrams improved the accuracy.

In recent years, different aspects of languages have been examined [2], [11], [21–35].
Stretched words were studied in [2, 9–11, 13, 30–32, 36–39], but text processing is
difficult when it contains stretched words. Some of the issues with currently available
methods for text normalization were discussed in [10]. The differences between formal
and informal language writing patterns of Twitter users who include emoticon faces
with noses and without noses were determined in [11]. It was shown that users who
use face emoticons without noses have informal writing patterns with many stretched
words and vice versa [20]. In [2], it was observed that there are a significant number
of stretched words in a dataset of half a million tweets. Stretched words were found
in 17.44% of tweets. Stretched words are not arbitrarily used but have a strong
relationship with their root words and this relationship has been used to find and
classify new sentiment-bearing words [7]. Table 1.2 shows the reduction of stretched
words to condensed forms and root words. In [2], stretched words were reduced
to their root words using the steps described in Table 1.2. Single-letter repetitions
were first removed from the stretched words, e.g. reeeeeallllly so there is a single
occurrence, e.g. e, l in order to reach the condensed form realy. All words along with
their frequencies in the dataset which lead to the same condensed form were found
and recorded, e.g. realy, really, realllly,… have same condensed form realy. Then,
the word which has the highest number of occurrences in the dataset, e.g. really is
chosen as the root word for the corresponding stretched words. The problem with
this approach is that it ignores paired duplicates, i.e. aweawesome, hahaha (awe and
ha are repeated in pairs) and it is corpus-limited which means new words not in the
corpus are ignored. Further, the relationship between stretch and sentiment is not
considered. In [12], approximately 100 billion tweets were examined. Two parameters
known as balance and stretch were introduced for stretched words. Balance measures
the balance of the stretched word, e.g. hahahaha has a balance of 1 while hahahaa has
a balance close to 1. Stretch is the number of repetitions of letters inside a word [12].
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Table 1.2: Reduction of stretched words to condensed forms and root words [2].
1. For every word in the vocabulary, extract the condensed form, where

sequences of repeated letters are replaced with a single instance of
that letter.

niiiice→nice, realllly → realy

2. Create sets of words sharing the same condensed form.

{nice, niiice, niccccceee...}, {realy, really, realllly, ...}

3. Remove sets which do not contain at least one length three repeti-
tion.

{committee, committe, commitee}

4. Find the most frequently occurring condensed form in the dataset
and select it as the root word for all the condensed forms in the set.

{nice, niiice, niccccceee...}, {realy, really, realllly, ...}

In [40], a simple rule-based algorithm called VADER was introduced to perform
sentiment analysis. VADER consists of a long list of lexical features with their cor-
responding sentiment intensity, fine-tuned for text and words found on microblogs
like Twitter. Five general rules consisting of grammatical and syntactical conven-
tions were used to express sentiment intensity. The algorithm was evaluated using
4,200 tweets and the results compared with various benchmarks including Linguistic
Inquiry and Word Count (LIWC), SentiWordNet, Naïve Bayes, MaxEnt and SVM.
It was found that VADER provides the best performance with an F1-score of 96%
and an accuracy of 84%.

1.3 Contributions
The contributions of this thesis are summarized as follows.

1. A large dataset containing a continuous stream of approximately 688,881 tweets
was extracted from Twitter randomly over 24 hours from 2011-09-28 to 2011-
09-29 using the JSON API Spritzer. The JSON data was then converted into
tabular form to create a dataframe for Python. It contained raw text data and
many other unrelated columns. The dataset was then preprocessed to remove
all columns except the text column and then the data preprocessing mentioned
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in Section 2.4.3 was performed. Next, several data columns related to stretched
words and smileys were derived from the text column as outlined below.

• contains_stretched indicates whether the tweet contains stretched words
or not.

• stretched_words is a list of all stretched words found in the tweet.

• root_words is a list of all root words of the stretched words in the tweet.

• in_dict is a binary column that indicates whether the root word was found
in the English dictionary or not.

• contains_smileys is a binary column that indicates whether smileys were
found in the tweet or not.

• smileys is a list of all smileys found in the tweet.

• VADER_compound is the sum of all VADER scores and indicates the
sentiment intensity and polarity of the tweet.

• Stretch_score is the sum of all the stretch scores in the tweet.

• StretchVADER_Score is the sum of all stretch and VADER scores and
indicates the improved sentiment intensity and polarity of the tweet.

• StretchVADER_label is the class label for the tweet.

2. A rule-based technique named StretchVADER is proposed as an extension of
the existing rule-based technique VADER to improve sentiment intensity using
stretched words and fine-grained sentiment analysis. VADER is fine-tuned for
social media-specific tasks. It considers 5 rules that embody grammatical and
syntactical conventions used by humans when expressing or emphasizing senti-
ment intensity. Rules are punctuation (good!), capitalization (GOOD!), degree
modifiers (extemely good), contrasting sentences, and the tri-gram preceding
a sentiment-bearing feature (The food here is not really all that great). The
stretched words and smileys are extracted, reduced to their roots words and
processed by the extension StretchVADER proposed here in this thesis.

3. New parameters for stretched words are introduced, i.e. stretch, stretch score
and StretchVADER Score (SVS). SVS is calculated from the stretch and stretch
score. It is added to the sentiment intensity provided by VADER to obtain an
improved sentiment intensity for the text.



8

4. After the dataset is labelled using StretchVADER, it is encoded with two data
encodings, i.e. TF-IDF and Word2Vec (W2V). Then five ML algorithms are
implemented with these data encodings to determine which combinations per-
form better. ML algorithms are considered because they provide adaptability,
scalability and automation.

1.4 Thesis Organization
• Chapter 1 provided an introduction to the thesis and presented the problem

statement and motivation. The related literature was reviewed and discussed.
The contributions of this research were outlined and the thesis organization was
given.

• Chapter 2 provides an introduction to sentiment analysis including its levels,
types and approaches. The relationship between word stretching and sentiment
intensity is examined. Furthermore, the proposed framework with Stretch-
VADER is given. The dataset is introduced along with its labeling using the
SVS.

• Chapter 3 provides a detailed discussion of ML algorithms. The implementa-
tion of ML algorithms with StretchVADER is also given.

• Chapter 4 presents the results for the ML algorithms with TF-IDF and W2V
data encoding. The performance of the ML algorithms is evaluated using ac-
curacy, precision, recall, F1-score and execution time. Hyperparameter-tuning
results are also given to demonstrate their effect on performance.

• Chapter 5 concludes the thesis and provides some suggestions for future work.
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Chapter 2

Sentiment Analysis and
StretchVADER

Sentiment analysis, sometimes called opinion mining or opinion analysis, is an area
of Natural Language Processing (NLP) [20, 41]. It is used to study opinions, senti-
ments and emotions in text. It is a challenging but crucial NLP task because of its
importance in practical applications. Typically, sentiment analysis is used to either
detect the polarity of text (positive, negative, or neutral) or subjectivity of opinion
(personal opinion or factual information). However, it can also be used to detect
feelings and emotions (joy, happiness, anger, sarcasm and sadness), urgency (urgent,
not urgent) and interest or intention (interested or not interested). Depending on
the scope and application, sentiment analysis can be divided into different types and
levels as discussed below.

2.1 Sentiment Analysis Levels

2.1.1 Document-level Sentiment Analysis

Sentiment analysis can be applied at the document level to assign polarity to com-
plete documents. Figure 2.1 shows the levels of sentiment analysis along with the
applications for each level. The applications include detecting emotions from news
articles, books or chapters, pages or sections of a book as shown in Figure 2.1. Both
supervised and unsupervised ML approaches have been used at this level [42].
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2.1.2 Sentence-level Sentiment Analysis

Sentence-level sentiment analysis extracts sentiments or emotions from individual sen-
tences rather than documents. Individual sentence polarities can be aggregated to de-
termine the sentiment of a document. When a document has mixed sentiment-bearing
sentences, sentence-level sentiment analysis can be more effective than document-level
sentiment analysis [43]. One of the applications of sentence-level sentiment analysis
is to detect subjective sentences (sentences having emotions rather than factual in-
formation) [44].

Figure 2.1: Levels of sentiment analysis.

2.1.3 Phrase-level Sentiment Analysis

Phrase-level sentiment analysis has many practical applications in product reviews
and text containing sarcasm and criticism. At this level, phrases rather than complete
sentences are assigned polarities.

2.1.4 Aspect-level Sentiment Analysis

A phrase in a sentence can have more than one sentiment. The goal of aspect-level
sentiment analysis is to detect sentiment polarity for specific terms in a sentence [45].
It is also called target-level or word-level sentiment analysis.
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2.2 Types of Sentiment Analysis
Sentiment analysis can be divided into two types, binary and multi-class, fine-grained
or graded. Binary sentiment analysis has two classes, e.g. positive and negative, sub-
jective and factual, or sarcastic and not sarcastic. This is useful in many cases but
fails when the text contains mixed sentiments, multiple sentiment-bearing sentences
(phrases inside sentences with differing sentiments), comparative analysis, or senti-
ment towards a specific term. Multi-class sentiment analysis is used when there are
more than two classes. In recent years, research has increased in this area because it
can provide more precise and accurate results [46]. The most frequently used multi-
class classifications are 5-class and 7-class. The labels and classes depend on the
problem. The most common 5-class labels are strongly negative, weakly negative,
neutral, weakly positive and strongly positive.

Figure 2.2: General procedure for sentiment analysis [3].

2.3 Sentiment Analysis Approaches
Text has morphological, grammatical, syntactical and semantic-based features. These
features are used in sentiment analysis to detect sentiment from text. There are many
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approaches to detect sentiment from text. The two approaches related to this research
are described below.

2.3.1 Rule-based Approaches

The features mentioned in Section 2.3 can be used with pattern matching to create
rules either manually or automatically. These rules can then be used to determine
the sentiment of text [40]. The main advantage of this approach is that it does not
require labeled data and performs very well on unstructured text.

2.3.2 Machine Learning-based Approaches

ML algorithms can be used to detect sentiments from text. Supervised ML ap-
proaches use labeled data to detect sentiment while unsupervised ML approaches use
algorithms to automatically identify sentiment without predefined rules and are based
on hidden patterns.

2.4 StretchVADER
StretchVADER is a rule-based technique to improve sentiment intensity detection
using stretched words and fine-grained sentiment analysis. It extends the capa-
bilities of the existing rule-based algorithm VADER which is fine-tuned for social
media-specific text. The sentiment score and polarity of the stretched word is cal-
culated using StretchVADER. One of the reasons for using StretchVADER instead
of transformer-based models is because rule-based models are more transparent and
explainable than complex ML models, provide more control over logic and deeper
domain-specific knowledge, and require fewer resources.

2.4.1 Data Acquisition

Figure 2.2 shows the general procedure for sentiment analysis and Figure 2.3 gives
the proposed framework with StretchVADER. Data acquisition is the first and most
crucial step in sentiment analysis as shown in Figures 2.2 and 2.3. It employs data
selection and data scraping. The data selected, e.g. tweets, Amazon reviews, web
articles, hotel reviews and/or stock news depends on the research problem. The
extraction of data from various sources, e.g. Twitter, Kaggle, Rotten Tomatoes,
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Figure 2.3: The proposed framework with StretchVADER.

Reddit, Amazon, Tripadvisor and/or Yelp is called data scraping. As this research
considers stretched words in sentiment analysis and stretched words are found in
abundance on Twitter [2], Twitter data is used here.

2.4.2 Dataset Analysis

NG-StV_Senti dataset is created in this study. It contains tweets randomly sampled
over 24 hours from 2011-09-28 to 2011-09-29. NG-StV_Senti is a general and a non-
biased dataset because it contains a continuous stream of tweets from diverse regions,
languages and topics. Table 2.1 shows the distribution of tweets in the dataset.

2.4.3 Data Preprocessing

Data preprocessing is a crucial step in sentiment analysis. Without careful preprocess-
ing, essential information within the data may be lost and noise such as name handles,
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Table 2.1: NG-StV_Senti dataset contents and distribution.

Type Number of tweets Percentage

Tweets with text only

without smileys and stretched words
492,420 71.5%

Tweets with all textual features

e.g. stretched words and smileys
196,461 28.5%

Tweets with stretched words only

without smileys
113,476 16.5%

Tweets with smileys only

without stretched words
60,844 8.8%

Tweets with both

smileys and stretched words
22,141 3.2%

hashtags and URLs in the data can result in inaccurate results. The preprocessing
steps used in this research are as follows.

1. Name handles, hashtags and URLs are removed.

2. Tweets in languages other than English are removed.

3. Numeric values including random digits, phone numbers, dates and years, are
removed from the data. However, numbers combined with letters to create
meaningful words such as good ni8 and smileys such as <3 are not removed.

2.5 Word Stretching
As discussed in Section 1.1, word stretching is not arbitrary but rather is applied to
base words to change their context. Word stretching can be used to strengthen the
meaning of base words [2]. Thus, stretched words should be considered to detect the
sentiment of text.

2.5.1 Stretched Words

Stretched words were extracted from the tweets using the following steps.
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1. Tweets containing stretched words were filtered using the following regular ex-
pression

r‘(\b\w ∗ (\w)(\w)(? : \2|\3){2, }\w ∗ \b)’ (2.1)

A regular expression is a sequence of characters used in string-searching algo-
rithms. It uses pattern matching in text and a matched string is known as a
token. The above expression will extract any word that has a single character
(sooo) or paired characters (awawesome) repeated at least twice.

2. After the stretched words were collected, each word was reduced to its root
word [2], [12].

2.5.2 Reduction of Stretched Words to Root Words

Consider a word with some letters repeated to form a stretched word such as reaaaaaal-
ly/lolzzzz and aweawesome/hahaha. For instance, the example in Table 2.2 that
consists of both single-letter and paired duplicates Awawawaaawwwwwesssssomm-
mmmeeeeee. The reduction steps are as follows and a flowchart is given in Figure
2.4.

1. Consecutive repeated letters are removed, e.g. Awawaw[a][w]e[s]o[m][e] and
recorded separately, e.g. {repeated letters = a, w, s, m, e}.

2. Consecutive paired duplicates are removed, e.g. (aw)e[s]o[m][e] to obtain a
kernel and a condensed form of the stretched word. A kernel is an expression
of the stretched word with brackets showing repetition of single or paired letters
and a condensed form of the stretched word is generated from its kernel
without brackets which has only a single occurrence of every letter.

3. The condensed form is matched with the English dictionary. If it is not found,
then consecutive repeated letters that were recorded separately, are inserted
back, one by one in condensed form to generate a root word until it is found
in the English dictionary.

Table 2.2 gives four examples of stretched words and their reduction to root words.
The first line of each example shows the extracted stretched words. The next lines
starting with → are the reduction steps. Single letter reduction is shown in square
brackets, e.g. [a] and [l] in re[a][l]y and paired reduction is represented by round
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Table 2.2: Reduction of stretched words to their root words in StretchVADER.

1. Hahahahahaha

→ (ha) - matched with the dictionary = ha

2. Gooooooaaaaaaal

→ g[o][a]l {repeated letters = o, a} - matched with the dictionary
= goal

3. Awawawaaawwwwwesssssommmmmeeeeee

→Awawaw[a][w]e[s]o[m][e] {repeated letters = a, w, s,m, e}

→ (aw)e[s]o[m][e] {repeated letters = s,m, e} – matched with the
dictionary = awesome

4. Reaaalllllllly

→ re[a][l]y {repeated letters = a, l} – does not match with the dictio-
nary, so the repeated letters, i.e. “a,l” are inserted back one by one
- matched with the dictionary (no need to reduce further) = really

brackets, e.g. (ha) in Hahahahahaha. Repeated letters are shown in curly brackets,
e.g. {repeated letters = a,l} in re[a][l]y. The bold words in each example are the
root words. Figure 2.5 shows the top 5 (head) and bottom 5 (tail) examples of the
stretched words and their reduction to root words from the NG-StV_Senti dataset.



17

Figure 2.4: Flowchart of the reduction of stretched words to root words.
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Figure 2.5: Top 5 and bottom 5 examples from the NG-StV_Senti dataset showing
stretched words and their reduction to root words.

2.5.3 Stretch Score (SS)

Stretch is the number of repetitions of letters in a word. For example, the stretch
for Sooo sad is 2 because o is repeated twice. The stretch for aweawesooome is 3
because awe is repeated once and o is repeated twice. A sentence can have multiple
stretched words. A stretched word can have positive or negative meaning. Similarly,
it can have polarity, e.g. positive or negative. Polarity is assigned according to the
root word in the sentence. A sentence can be a simple sentence, e.g. I love Mercedes,
or a compound sentence connected using conjunctions (but, and, or, because, since,
yet), having multiple polarities. Compound sentences can have same polarity clauses
or different polarity clauses, e.g. I love this product and it is worth buying or I
love this product but people hate it. VADER is used to detect the polarity of a
complete sentence and also individual clauses in the case of a compound sentence.
Assigning polarities in a simple sentence is easy, as a stretched word in a positive
simple sentence gets positive polarity and similarly for a negative simple sentence.
Consider the following examples.

• iPhone 13 pro camera is sooooooooo good → positive polarity.

• I don’t loveeeeeee this product → loveeeeeee gets negative polarity. It is a
positive word but it is used here to create negative sentiment.

• Ewwwww this hotel is not worth living in → negative polarity.
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In the case of compound sentences, stretched words are assigned polarities based
on their occurrence in the sentence depending on the clause. Compound sentences
have more than one clause connected together using conjunctions. A coordinating
conjunction joins two or more words, main clauses or sentences which have the same
syntactic importance. There are seven coordinating conjunctions, i.e. for, and, nor,
but, or, yet and so. In this thesis, coordinating conjunctions are used instead of other
conjunctions because they are used to generate compound sentences and contrasting
sentences. POS tag, i.e. Coordinating Conjunction (CC) is used to find conjunctions
in compound sentences and they are used to split the sentences into clauses. Then,
the sentiment of each clause is detected using the VADER algorithm. Finally, the
polarity of the clause is assigned. Consider the following examples.

• I loveeeeeee iPhone but some people do not like it.

The polarity for loveeeeeee depends on the clause, not the complete sentence,
because it resides in the positive part (clause) of the sentence. So, loveeeeeee is
assigned positive polarity.

• This product is very cheap but people are stilllllllllll using it.

This sentence has overall negative polarity but it is a compound sentence, so
the polarity for stilllllllllll depends on the clause not the complete sentence. The
person does not like the product but most people are still using it, so stretching
reduces the negative sentiment of the sentence. The polarity for stilllllllllll will
be positive because it is used inside the positive clause.

After assigning polarities, the stretch score for a word is

ss = ± stretch

total length of stretchedword
(2.2)

A single sentence or a tweet can have multiple stretched words, so the stretch scores
are added to produce an overall Stretch Score (SS) given by

SS =
n∑

i=1

ssi (2.3)
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2.6 Sentiment Intensity (SI)
A sentiment score consists of polarity and intensity [47]. Sentiment intensity quantifies
the positive or negative sentiment as a number, e.g. +0.987 or -0.766. Each stretched
word is replaced by its root word in the text to generate a clean text. The Sentiment
Intensity (SI) of the clean text of a tweet is calculated using the VADER algorithm and
added to the SS to obtain an improved sentiment intensity, i.e. StretchVADER Score
(SVS). The SI of text is obtained by adding the sentiment scores of the individual
words from the VADER dictionary where each word is assigned an emotion intensity.
The SVS is given by

SV S = SI + SS (2.4)

Figure 2.6 shows the target class labels with their respective SVS ranges. There
are five classes, i.e. Strongly Negative (SN), Weakly Negative (WN), Neutral (N),
Weakly Positive (WP) and Strongly Positive (SP). Initially, the SVS values were
within the range -1 to +1. The text with no sentiment has SVS value 0 and is
assigned to the N class. The remaining four classes include two positive classes, i.e.
WP and SP with SVS values greater than 0 and two negative classes, i.e. WN and
SN with SVS values less than 0. The break points for both positive and negative
classes were determined by dividing the maximum values, i.e. +1 and -1 by 2 in
order to split the SVS ranges into four equal bins. This is called equal-width bining.
Then, the SVS values were assigned to respective classes. The SVS ranges for strong
sentiments, i.e. SN and SP, have open intervals as shown in Figure 2.6 and expressed
in (2.5). If the SVS is greater than 0 and less than or equal to +0.5, then the text is
assigned to the WP class. If the SVS is greater than +0.5, then the text is assigned
to the SP class. Negative sentiments are similarly assigned.

Figure 2.6: Target class labels with their respective SVS ranges.
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StretchV ADER Label =



SN, SV S < −0.5

WN, −0.5 ≤ SV S < 0

N, SV S = 0

WP, 0 < SV S ≤ 0.5

SP, 0.5 < SV S

(2.5)
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Chapter 3

Machine Learning with
StretchVADER

ML is a branch of Artificial Intelligence (AI) that enables computers to learn without
being explicitly programmed. It has gained significant attention because of publically
available datasets and growing computing and storage capacities [48]. Datasets are
used by ML algorithms to either learn from labelled data or to find hidden and
important patterns from data that was not labelled. ML has roots in data mining,
statistics and computational mathematics.

3.1 Types of ML Algorithms
ML algorithms can be categorized into the following types.

1. Supervised Machine Learning

2. Unsupervised Machine Learning

3. Semi-supervised Machine Learning

4. Reinforcement Learning

3.1.1 Supervised Machine Learning

Supervised ML uses known or labelled data to predict unknown or new data. The
data fed into an ML algorithm contain features and the outputs are called output
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variables. Supervised ML algorithms determine the relationship between the features
and the output variables [49]. Based on the output variables, supervised ML can be
divided into two types.

1. Regression: If the algorithm predicts continuous values, e.g. sales, stocks and
prices.

2. Classification: If the algorithm predicts discrete or limited values, e.g. fraud-
ulent or legitimate, spam or not spam and positive or negative. Classification
problems can be binary (two classes) or multi-class (more than two classes).

There are many supervised ML algorithms but the most commonly used are Naïve
Bayes, Linear Regression, Decision Trees, K-Nearest Neighbors (KNN), Random For-
est, SVM and Neural Networks [50].

3.1.2 Unsupervised Machine Learning

Unsupervised ML is used to detect hidden patterns in data that has not been labelled.
It is useful when a user does not know what to look for in the data [49]. Unsupervised
ML algorithms are used for pattern recognition, descriptive modeling, association
rule mining, clustering, dimensionality reduction and anomaly detection [51]. The
results are not specific classes or labels but rather are rules, associations, patterns,
or groups (clusters) in the data. Some commonly used unsupervised ML algorithms
are K-Means Clustering, Hierarchical Clustering, Apriori Algorithm (association rule
mining), Principal Component Analysis (PCA) and Hidden Markov Model (HMM).

3.2 Machine Learning with StretchVADER
In this section, ML with StretchVADER is discussed in detail and the steps are shown
in Figure 3.1.

3.2.1 Label Encoding

Label encoding is the process of encoding target classes which are in textual form to
numerical form. It is an essential step when dealing with text data. Figure 3.2 shows
the label encoding of the sentiment classes. The sentiment classes, e.g. SN, WN, N,
WP and SP are manually encoded as -2, -1, 0, +1 and +2, respectively. These are
called StretchVADER labels.
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Figure 3.1: ML with StretchVADER.

Figure 3.2: Label encoding

3.2.2 Data Spliting

Data splitting is the process of dividing a dataset into training and testing datasets.
In [52], the training dataset was split into training and validation sets. This division
allows for early evaluation of model performance using the validation set, which is a
subset of the training dataset [52].

In this thesis, the dataset is divided into three sets. Initially, it is split into
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two subsets, i.e. the training dataset and the testing dataset. The training dataset
constitutes 70% of the original dataset, while the remaining 30% is allocated for
testing the ML algorithms. To incorporate validation, the training dataset is further
divided into two subsets, i.e. the training set and the validation set. The training
set encompasses 80% of the training dataset which will be used for training the ML
algorithms, and the remaining 20% is assigned to the validation set.

All the tweets in the dataset were shuffled before being split to ensure the sets
are unbiased. The number of tweets in each set after applying data splitting are as
follows.

• The number of tweets in the dataset is 688,881.

• The number of tweets in the training set is 385,772.

• The number of tweets in the validation set is 96,444.

• The number of tweets in the test set is 206,665.

The distribution for each target class of the NG-StV_Senti dataset is given in
Figure 3.3. This shows that the highest number of tweets are neutral, i.e. 226,746.
The NG-StV_Senti dataset contains 169,769 tweets that are strongly positive and
131,697 that are weakly positive. The number of negative tweets is lower than the
number of positive and neutral tweets, i.e. 86,684 are weakly negative and 73,985 are
strongly negative.

3.2.3 Text Preprocessing

In Section 2.4.3, data preprocessing was discussed. The dataset contained urls, hash-
tags, username handles, noise, anomalies, different languages and other unnecessary
data. Thus, it was cleaned, filtered and processed to generate clean text. Stretched
words were also processed and reduced to their root words. Text preprocessing is
then applied to transform the text data into a structured format suitable for analysis,
involving steps such as text normalization and tokenization.

3.2.3.1 Text Normalization

Text normalization involves transforming text data to a standard format. The ma-
jor advantage of text normalization is to reduce the overhead of processing multiple
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Figure 3.3: Target class distribution for the NG-StV_Senti dataset.

forms of the same words [53]. There are two methods of text normalization, stem-
ming and lemmatization. In the proposed framework, lemmatization is used instead
of stemming because lemmatization reduces words to their base form considering the
language dictionary and context while stemming does not consider context and re-
moves characters from the words which may result in incorrect meanings and spelling
errors. In lemmatization, the base form of a set of words is known as the lemma. The
steps for text normalization are as follows.

1. Stop words are removed using the Python Natural Language ToolKit (NLTK)
library, i.e. determiners (the, a, an, another), coordinating conjunctions (for,
and, but, nor, neither, nor, or, yet) and prepositions (in, on, under, before).

2. The open-source WordNet lemmatization library is used to reduce the words to
their lemmas.

3.2.3.2 Tokenization

Tokenization is the process of extracting smaller units from the text called tokens.
A token can be a sentence, word, sub-word, or character. Simple tokenization can
be done using a delimiter, e.g. a space or punctuation. In NLP, it is also used to
create a vocabulary from a corpus by extracting unique tokens or frequently occurring
tokens. Here, word-level tokenization is applied on the 3 data inputs (normalized text,
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SVS and smileys), separately and then combined to form a larger tokenized array as
described below.

• Normalized text is tokenized using space as a delimiter and the result is a list
of words.

• SVS is a single value. Thus, no tokenization is required.

• Smileys are tokenized using space as a delimiter and the result is a list of smileys.

3.2.4 Data Encoding

The text is next converted into a form that can be processed by machines. In NLP,
various techniques are used to convert text data into numbers. The following data en-
coding techniques are used here in combination with the ML algorithms to determine
which combinations perform better.

3.2.4.1 Term Frequency Inverse Document Frequency (TF-IDF)

Term Frequency-Inverse Document Frequency (TF-IDF) is used to determine the
importance of a term in a collection of documents. A document is a unit of text,
such as a tweet, product review, article or webpage and a term is a single word or
combination of words in a document. Term Frequency (TF) is the frequency of a
term within a document, indicating how often it appears in relation to other words in
the document. Inverse Document Frequency (IDF) is a measure of how significant a
term is across an entire collection of documents. It quantifies the rarity of a term by
considering the ratio of the total number of documents to the number of documents
containing the term. A sparse matrix is a matrix with a large number of zero elements
relative to the total number of elements.

TF-IDF is the term frequency multiplied by the inverse document frequency. It
reflects the importance of a term in a document relative to its importance in the
document corpus. TF-IDF is applied on the tokenized data to generate a sparse
matrix of TF-IDF features.

• There are 385,772 documents and 129,396 terms in the TF-IDF training set
feature matrix, so the dimensions of the TF-IDF feature matrix for the training
set are 385,772 × 129,396.



28

• There are 96,444 documents and 129,396 terms in the TF-IDF validation set
feature matrix, so the dimensions of the TF-IDF feature matrix for validation
set are 96,444 × 129,396.

• There are 206,665 documents and 129,396 terms in the TF-IDF test set feature
matrix, so the dimensions of the TF-IDF feature matrix for test set are 206,665
× 129,396.

3.2.4.2 Word Embedding

Word embedding is a technique employed to convert words into numerical represen-
tations suitable for input to ML algorithms. Each word is transformed into a dense
vector consisting of numerical values. These vectors capture characteristics of words
including semantic and contextual information. Words that are closer in the vector
space have similar meaning. These vectors enable the detection of similarities be-
tween words. Commonly used word embedding models include Word2Vec, GloVe,
Flair embeddings, BERT, fastText and Gensim [54]. Semantics refers to the meaning
and interpretation of words within a given context while context is the surrounding
words and their influence on the meaning of a particular word.

Word2Vec (W2V)

Word2Vec (W2V) is a word embedding technique that is used to convert text data
into numerical vectors and combine the vectors having similar meaning. In this
thesis, W2V has been applied on the tokenized data in order to transform words into
vectors [54].

• There are 385,772 documents and 100 word-embedded vectors in the W2V
training set feature matrix, so the dimensions of the W2V feature matrix for
the training set are 385,772 × 100 as shown in Figure 3.4.

• There are 96,444 documents and 100 word-embedded vectors in the W2V vali-
datin set feature matrix, so the dimensions of the W2V feature matrix for the
validation set are 96,444 × 100 as shown in Figure 3.5.

• There are 206,665 documents and 100 word-embedded vectors in the W2V test
set feature matrix, so the dimensions of the W2V feature matrix for the test
set are 206,665 × 100 as shown in Figure 3.6.
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Figure 3.4: Training set W2V feature matrix

Figure 3.5: Validation set W2V feature matrix

Figure 3.6: Test set W2V feature matrix

3.2.5 Model Training, Validation and Testing

Model training, validation and testing is the process of training an ML algorithm on
labeled data, evaluating its performance and determining how effective the model is
with new and unseen data. In this thesis, each ML algorithm is trained, validated and
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tested with two data encodings, i.e. frequency-based TF-IDF and neural network-
based W2V in order to determine which combinations perform better. The ML
algorithms considered are Multinomial Logistic Regression (MLR), Multinomial Naïve
Bayes (MNB), K-Nearest Neighbor (KNN), Decision Trees (DT), Random Forest
(RF) and XGBoost. These algorithms are presented in the next section.

3.3 Machine Learning Algorithms

3.3.1 Multinomial Logistic Regression

MLR is a statistical technique used to model the relationship between dependent
variables, i.e. outputs, and independent variables, i.e. inputs. In MLR, there are
multiple but mutually exclusive and categorical (discrete numbers or text) outputs
while there can be one or more continuous (numeric) or categorical inputs [55]. In
this thesis, the output contains multiple, mutually exclusive and categorical values,
i.e. multiple classes.

3.3.2 Multinomial Naïve Bayes

MNB is a supervised ML classification algorithm that is used for multi-class classifi-
cation problems. It is based on Bayes Theorem. It calculates the probability of a data
point, i.e. tweet belonging to a specific output, i.e. class. It is called naïve because
it assumes that the effect of a feature of a tweet on a given class is independent of
the other features of the same tweet [56]. It is widely used in the document classifi-
cation, spam detection and sentiment analysis. In this thesis, MNB is used because
the problem is multi-class classification.

3.3.3 K-Nearest Neighbors

The KNN algorithm is a commonly used supervised ML algorithm for both regression
and classification problems. This algorithm classifies new data based on the informa-
tion provided by its neighbors. When classifying a new data instance, KNN considers
the class labels of its K nearest neighbors in the feature space. The distances (usually
Euclidean distances) between the new data and its K neighbors are calculated. For
classification, a majority vote between the class labels of its K nearest neighbors is
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conducted. The new data point is assigned with the most frequently occurring class
of its K neighbors [57].

3.3.4 Decision Tree

DT is a supervised ML algorithm that employs rule-based learning. It is also known
as the Classification and Regression Tree (CART) algorithm. The dataset features
are split into a tree-like structure where each internal node represents a feature, each
branch represents a decision and each leaf node represents the final class label or
numerical value for that specific data point [58–61].

3.3.5 Random Forest

RF is a supervised ML algorithm used for both classification and regression. It is
an ensemble learning method which means it employs multiple classifiers to solve
complex problems and improve overall performance. RF employs a technique known
as bagging which uses multiple decision trees on different subsets of the dataset called
bootstraps. For classification, the class assigned to a data point is determined by the
majority of trees, but for regression, the output is the average of the predictions from
the decision trees. RF overcomes the problem of overfitting so the model should
perform better when applied to unseen data.

3.3.6 XGBoost

Boosting is an ensemble learning method that is used in ML to make strong classi-
fier from weak classifiers by combining the weak classifiers in series. The Gradient
Boosting Decision Tree (GBDT) algorithm uses a series of models (trees) trained
on the residual errors of their predecessor models (trees) until the residual error is
reduced or a specified number of models (trees) are reached, as determined by the
hyperparameters. The Extreme Gradient Boosting algorithm (XGBoost) is a scalable
gradient boosting algorithm that employs parallel computation to build decision trees
simultaneously, resulting in faster training and improved performance. Thus, in this
thesis, XGBoost is used.
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Chapter 4

Performance Metrics and
Evaluation

This chapter presents and discusses performance of the ML algorithms, i.e. MLR,
MNB, KNN, DT, RF and XGBoost with two data encodings, i.e. TF-IDF and W2V.
The objective is to determine the most effective combination of ML algorithm and
data encoding.

4.1 Performance Metrics
Several performance metrics are used to evaluate the ML algorithms. These metrics
are used to adjust the hyperparameters. The performance metrics used here are given
below.

Execution time is the computation time to perform training, validation and testing.

A confusion matrix presents the possible outcomes based on the predicted class and
actual class. It is an n × n square matrix where n is the number of classes. For
two classes, it is a 2 × 2 matrix. In this thesis, the number of classes is 5, so the
confusion matrix has dimensions 5 × 5 as shown in Table 4.1. The parameters True
Positive (TP), False Positive (FP), True Negative (TN) and False Negative (FN) for
multi-class classification are defined as follows.

1. True Positive (TP) for a class is the number of predicted values that are the
same as the actual class.
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2. False Positive (FP) for a class is the sum of the values in the corresponding
column excluding the TP value.

3. False Negative (FN) for a class is the sum of the values in the corresponding
class row excluding the TP value.

4. True Negative (TN) for a class is the sum of the values in all the columns and
rows excluding the corresponding class row and column which means excluding
the TP, FP and FN values.

In Table 4.1, each row represents the actual class, each column represents the pre-
dicted class and SN, WN, N, WP and SP are the five classes. TPSN , TPWN , TPN ,
TPWP and TPSP are the true positive values for each class, repectively. EActual−Predicted

is the misclassification value, e.g. ESN−WN is the value when the actual class is SN
but it is misclassified as WN.

Predicted

SN WN N WP SP

SN TPSN ESN−WN ESN−N ESN−WP ESN−SP

WN EWN−SN TPWN EWN−N EWN−WP EWN−SP

N EN−SN EN−WN TPN EN−WP EN−SP

WP EWP−SN EWP−WN EWP−N TPWP EWP−SP

Actual

SP ESP−SN ESP−WN ESP−N ESP−WP TPSP

Table 4.1: The 5× 5 confusion matrix for five classes.

Precision is the percentage of correct positive class predictions. It is the ratio of TP
to the number of positive predictions, i.e. sum of TP and FP

Precision =
TP

(TP + FP )
(4.1)

Recall is the ratio of TP to the sum of TP and FN

Recall =
TP

(TP + FN)
(4.2)
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Accuracy is the ratio of correct classifications to all classifications

Accuracy =
TP + TN

TP + FP + TN + FN
(4.3)

F1-score is the harmonic mean of recall and precision. It emphasizes smaller values
by taking reciprocals which increases their impact on the result. The F1-score is
calculated as

F1score =
2

1

Precision
+

1

Recall

(4.4)

=
2TP

2TP + FP + FN
(4.5)

4.2 Performance of the ML Algorithms
This section presents the performance of the ML algorithms with data encoded using
TF-IDF and W2V.

4.2.1 Performance of MLR with TF-IDF and W2V

The performance of MLR with TF-IDF and W2V data encoding is presented in Tables
4.2 and 4.3. Table 4.2 gives the execution times for training, validation and testing
using MLR with TF-IDF and W2V. Table 4.3 gives the validation and testing results
using MLR with TF-IDF and W2V data encoding. Figure 4.1 shows the confusion
matrices using MLR with TF-IDF and W2V data encoding. With TF-IDF data
encoding, MLR takes 42.0 s for training and 0.29 s for validation and has a 90.7%
validation accuracy. For testing, MLR takes 0.55 s and has a test accuracy of 90.8%.
With W2V data encoding, MLR takes 107 s for training and 0.11 s for validation
and has an 82.8% validation accuracy. For testing, MLR takes 0.23 s and has a test
accuracy of 82.9%. To further assess the performance of MLR with TF-IDF and W2V
data encoding, the first 500 tweets from the validation and test sets were chosen. The
actual and predicted classes for these tweets visualized through scatter and line plots
are shown in Figures 4.2, 4.3, 4.4 and 4.5. Blue denotes the actual class while red
denotes the predicted class. Some data points and curves are not overlapped which
means these are misclassifications. These results show that MLR performs better
with TF-IDF.
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Training Time Validation Time Testing Time

TF-IDF 42.0 s 0.29 s 0.55 s

W2V 107 s 0.11 s 0.23 s

Table 4.2: Execution times for training, validation and testing using MLR with TF-
IDF and W2V.

MLR

(TF-IDF)

MLR

(W2V)

Validation Testing Validation Testing

Accuracy 90.7% 90.8% 82.8% 82.9%

Precision 90.6% 90.7% 82.6% 82.2%

Recall 90.7% 90.8% 82.8% 82.4%

F1-score 90.6% 90.7% 82.5% 82.1%

Table 4.3: Validation and testing results using MLR with TF-IDF and W2V.
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Figure 4.1: Confusion matrices for validation and testing using MLR with TF-IDF and W2V.
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Figure 4.2: Overlapped scatter and line plots for the first 500 tweets from the validation set, showing actual
and predicted classes using MLR with TF-IDF data encoding.
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Figure 4.3: Overlapped scatter and regression plots for the first 500 tweets from the test set, showing actual
and predicted classes using MLR with TF-IDF data encoding.
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Figure 4.4: Overlapped scatter and regression plots for the first 500 tweets from the validation set, showing
actual and predicted classes using MLR with W2V data encoding.
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Figure 4.5: Overlapped scatter and regression plots for the first 500 tweets from the test set, showing actual
and predicted classes using MLR with W2V data encoding.
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4.2.2 Performance of MNB with TF-IDF and W2V

The performance of MNB with TF-IDF and W2V data encoding is presented in Tables
4.4 and 4.5. Table 4.4 gives the execution times for training, validation and testing
using MNB with TF-IDF and W2V. Table 4.5 gives the validation and testing results
using MNB with TF-IDF and W2V data encoding. Figure 4.6 shows the confusion
matrices using MNB with TF-IDF and W2V data encoding. With TF-IDF data
encoding, MNB takes 0.18 s for training and 0.24 s for validation and has an 81.2%
validation accuracy. For testing, MLR takes 0.48 s and has a test accuracy of 81.4%.
With W2V data encoding, MLR takes 0.59 s for training and 0.12 s for validation
and has a 49.0% validation accuracy. For testing, MLR takes 0.21 s and has a test
accuracy of 49.1%. These results show that MNB performs better with TF-IDF.

Training Time Validation Time Testing Time

TF-IDF 0.18 s 0.24 s 0.48 s

W2V 0.59 s 0.12 s 0.21 s

Table 4.4: Execution times for training, validation and testing using MNB with TF-
IDF and W2V.

MNB

(TF-IDF)

MNB

(W2V)

Validation Testing Validation Testing

Accuracy 81.2% 81.4% 49.0% 49.1%

Precision 82.5% 82.7% 82.6% 41.5%

Recall 81.2% 81.4% 49.0% 49.1%

F1-score 78.6% 78.9% 37.0% 37.1%

Table 4.5: Validation and testing results using MNB with TF-IDF and W2V.
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Figure 4.6: Confusion matrices for validation and testing using MNB with TF-IDF and W2V.
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4.2.3 Performance of KNN with K = 2, TF-IDF and W2V

The performance of KNN with K = 2, TF-IDF and W2V data encoding is presented
in Tables 4.6 and 4.7. Table 4.6 gives the execution times for training, validation and
testing using KNN with K = 2, TF-IDF and W2V. Table 4.7 gives the validation
and testing results using KNN with K = 2, TF-IDF and W2V data encoding. While
Figure 4.8 shows the confusion matrices using KNN with K = 2, TF-IDF and W2V
data encoding. With the TF-IDF data encoding and K = 2, KNN takes 0.18 s for
training and 767 s for validation and has a 58.1% validation accuracy. For testing,
KNN with K = 2 and TF-IDF takes 1,583 s and has a test accuracy of 58.1%.
With W2V data encoding and K = 2, KNN takes 0.84 s for training and 7,593 s for
validation and has a 73.8% validation accuracy. For testing, KNN with K = 2 and
W2V takes 16,305 s and has a test accuracy of 73.8%. These results show that KNN
with K = 2 and W2V performs better.

Training Time Validation Time Testing Time

TF-IDF 0.18 s 767 s 1,583 s

W2V 0.84 s 7,593 s 16,305 s

Table 4.6: Execution times for training, validation and testing using KNN with K = 2,
TF-IDF and W2V.

KNN with K = 2

(TF-IDF)

KNN with K = 2

(W2V)

Validation Testing Validation Testing

Accuracy 58.1% 58.1% 73.8% 73.8%

Precision 66.4% 66.8% 75.8% 76.0%

Recall 58.1% 58.1% 73.8% 73.8%

F1-score 55.9% 56.0% 73.9% 74.0%

Table 4.7: Validation and testing results using KNN with K = 2, TF-IDF and W2V.
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Figure 4.7: Confusion matrices for validation and testing using KNN with K = 2, TF-IDF and W2V.



45

4.2.4 Performance of KNN with K = 3, TF-IDF and W2V

The performance of KNN with K = 3, TF-IDF and W2V data encoding is presented
in Tables 4.8 and 4.9. Table 4.8 gives the execution times for training, validation and
testing using KNN with K = 3, TF-IDF and W2V. Table 4.9 gives the validation
and testing results using KNN with K = 3, TF-IDF and W2V data encoding. While
Figure 4.8 shows the confusion matrices using KNN with K = 3, TF-IDF and W2V
data encoding. With the TF-IDF data encoding and after changing the number of
neighbors from K = 2 to K = 3, the accuracy improved from 58.1% to 61.5% with
the increase in total execution time from 2,350 s to 5,705 s. While with W2V, the
accuracy changes from 73.8% to 77.1% with the increase in total execution time from
23,899 s (6.6 hr) to 57,698 s (16 hr). These results show that KNN with K = 3

and W2V performs better. It is also observed that it is not worth increasing K

above 3 because it will take much more time to achieve accuracy higher than the best
performing algorithm, i.e. MLR.

Training Time Validation Time Testing Time

TF-IDF 0.54 s 1,812 s 3,893 s

W2V 25.5 s 17,830 s 39,842 s

Table 4.8: Execution times for training, validation and testing using KNN with K = 3,
TF-IDF and W2V.

KNN with K = 3

(TF-IDF)

KNN with K = 3

(W2V)

Validation Testing Validation Testing

Accuracy 61.5% 61.5% 77.0% 77.1%

Precision 68.1% 68.2% 77.4% 77.7%

Recall 61.5% 61.5% 77.0% 77.1%

F1-score 60.1% 60.1% 77.0% 77.2%

Table 4.9: Validation and testing results using KNN with K = 3, TF-IDF and W2V.
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Figure 4.8: Confusion matrices for validation and testing using KNN with K = 3, TF-IDF and W2V.
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4.2.5 Performance of DT with TF-IDF and W2V

The performance of DT with TF-IDF and W2V data encoding is presented in Ta-
bles 4.10 and 4.11. Table 4.10 gives the execution times for training, validation and
testing using DT with TF-IDF and W2V. Table 4.11 gives the validation and test-
ing results using DT with TF-IDF and W2V data encoding. Figure 4.9 shows the
confusion matrices using DT with TF-IDF and W2V data encoding. With TF-IDF
data encoding, DT takes 491 s for training and 0.11 s for validation and has an 87.5%
validation accuracy. For testing, DT takes 0.20 s and has a test accuracy of 87.5%.
With W2V data encoding, DT takes 136 s for training and 0.64 s for validation has
a 68.3% validation accuracy. For testing, DT takes 0.14 s and has a test accuracy of
68.1%. The results show that DT performs better with TF-IDF.

Training Time Validation Time Testing Time

TF-IDF 491 s 0.11 s 0.20 s

W2V 136 s 0.64 s 0.14 s

Table 4.10: Execution times for training, validation and testing using DT with TF-
IDF and W2V.

DT

(TF-IDF)

DT

(W2V)

Validation Testing Validation Testing

Accuracy 87.5% 87.5% 68.3% 68.1%

Precision 87.4% 87.4% 68.2% 68.5%

Recall 87.5% 87.5% 68.3% 68.1%

F1-score 87.4% 87.4% 68.3% 68.4%

Table 4.11: Validation and testing results using DT with TF-IDF and W2V.
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Figure 4.9: Confusion matrices for validation and testing using DT with TF-IDF and W2V.
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4.2.6 Performance of RF with 100 Trees, TF-IDF and W2V

As discussed in the Section 3.3.5, the RF employs ensemble learning, which means it
is a combination of more than one classifier model and has more than one decision
tree. RF has trees = 100 as the default parameter in the Scikit-learn library. The
performance of RF with trees = 100, TF-IDF and W2V data encoding is considered
and presented in Tables 4.12 and 4.13. Table 4.12 gives the execution times for
training, validation and testing using RF with trees = 100, TF-IDF and W2V. Table
4.13 gives the validation and testing results using RF with trees = 100, TF-IDF
and W2V data encoding. Figure 4.10 shows the confusion matrices using RF with
trees = 100, TF-IDF and W2V data encoding. With TF-IDF data encoding and
trees = 100, RF takes 5,845 s for training and 22.1 s for validation and has an 88.9%
validation accuracy. For testing, RF with trees = 100 and TF-IDF takes 43.7 s and
has a test accuracy of 89.1%. With W2V data encoding and trees = 100, RF takes
826 s for training and 5.38 s for validation and has an 80.9% validation accuracy. For
testing RF with trees = 100 and W2V takes 9.77 s and has a test accuracy of 81.1%.
These results show that RF with trees = 100 and TF-IDF performs better.

Training Time Validation Time Testing Time

TF-IDF 5,845 s 22.1 s 43.7 s

W2V 826 s 5.38 s 9.77 s

Table 4.12: Execution times for training, validation and testing using RF with trees =
100, TF-IDF and W2V.
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RF with trees = 100

(TF-IDF)

RF with trees = 100

(W2V)

Validation Testing Validation Testing

Accuracy 88.9% 89.1% 80.9% 81.1%

Precision 89.0% 89.2% 80.6% 80.8%

Recall 88.9% 89.1% 80.9% 81.1%

F1-score 88.7% 88.9% 80.7% 80.9%

Table 4.13: Validation and testing results using RF with trees = 100, TF-IDF and
W2V.



51

Figure 4.10: Confusion matrices for validation and testing using RF with trees = 100, TF-IDF and W2V.
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4.2.7 Performance of RF with 300 Trees, TF-IDF and W2V

The performance of RF with trees = 300, TF-IDF and W2V data encoding is pre-
sented in Tables 4.14 and 4.15. Table 4.14 gives the execution times for training, val-
idation and testing using RF with trees = 300, TF-IDF and W2V. Table 4.15 gives
the validation and testing results using RF with trees = 300, TF-IDF and W2V data
encoding. Figure 4.11 shows the confusion matrices using RF with trees = 300, TF-
IDF and W2V data encoding. With TF-IDF data encoding and after changing the
number of trees for RF from 100 to 300, the accuracy improved from 89.1% to 89.4%
with the increase in training time from 5,845 s to 31,239 s. With W2V, the accuracy
changes from 81.1% to 81.9% which is not a significant improvement. These results
show that increasing the number of trees does not significantly improve the accuracy
but there is a significant increase in execution time. Considering the execution time
and improvement in accuracy, it is not worth increasing the number of trees above
300.

Training Time Validation Time Testing Time

TF-IDF 31,239 s 65.5 s 116 s

W2V 2,307 s 11.2 s 24.0 s

Table 4.14: Execution times for training, validation and testing using RF with trees =
300, TF-IDF and W2V.

RF with trees = 300

(TF-IDF)

RF with trees = 300

(W2V)

Validation Testing Validation Testing

Accuracy 89.1% 89.4% 81.6% 81.9%

Precision 89.2% 89.5% 81.3% 81.4%

Recall 89.1% 89.4% 81.7% 81.9%

F1-score 88.8% 89.1% 81.2% 81.4%

Table 4.15: Validation and testing results using RF with trees = 300, TF-IDF and
W2V.



53

Figure 4.11: Confusion matrices for validation and testing using RF with trees = 300, TF-IDF and W2V.
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4.2.8 Performance of XGBoost with 100 Gradient-boosted
Trees, TF-IDF and W2V

The performance of XGBoost with GBTrees = 100 (number of gradient-boosted
trees), TF-IDF and W2V data encoding is presented in Tables 4.16 and 4.17. Table
4.16 gives the execution times for training, validation and testing using XGBoost with
GBTrees = 100, TF-IDF and W2V. Table 4.17 gives the validation and testing results
using XGBoost with GBTrees = 100, TF-IDF and W2V data encoding. Figure 4.12
shows the confusion matrices using XGBoost with GBTrees = 100, TF-IDF and
W2V data encoding. With TF-IDF data encoding and GBTrees = 100, XGBoost
takes 255 s for training and 0.75 s for validation and has an 83.8% validation accuracy.
For testing, XGBoost with GBTrees = 100 and TF-IDF takes 1.46 s and has a test
accuracy of 84.1%. With W2V data encoding and GBTrees = 100, XGBoost takes
2,066 s for training and 0.55 s for validation and has an 83.9% validation accuracy.
For testing, XGBoost with GBTrees = 100 and W2V takes 1.72 s and has a test
accuracy of 84.1%. These results show that XGBoost with GBTrees = 100 and
TF-IDF performs better.

Training Time Validation Time Testing Time

TF-IDF 255 s 0.75 s 1.46 s

W2V 2,066 s 0.55 s 1.72 s

Table 4.16: Execution times for training, validation and testing using XGBoost with
GBTrees = 100, TF-IDF and W2V.
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XGBoost with

GBTrees = 100

(TF-IDF)

XGBoost with

GBTrees = 100

(W2V)

Validation Testing Validation Testing

Accuracy 83.8% 84.1% 83.9% 84.1%

Precision 84.4% 84.6% 83.7% 83.6%

Recall 83.9% 84.1% 83.9% 84.1%

F1-score 83.0% 83.3% 83.7% 83.6%

Table 4.17: Validation and testing results using XGBoost with GBTrees = 100, TF-
IDF and W2V.
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Figure 4.12: Confusion matrices for validation and testing using XGBoost with GBTrees = 100, TF-IDF and W2V.
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4.2.9 Performance of XGBoost with 500 Gradient-boosted
Trees, TF-IDF and W2V

The performance of XGBoost with GBTrees = 500 (gradient-boosted trees), TF-IDF
and W2V data encoding is presented in Tables 4.18 and 4.19. Table 4.18 gives the
execution times for training, validation and testing using XGBoost with GBTrees =

500, TF-IDF and W2V. Table 4.19 gives the validation and testing results using
XGBoost with GBTrees = 500, TF-IDF and W2V data encoding. Figure 4.13 shows
the confusion matrices using XGBoost with GBTrees = 500, TF-IDF and W2V data
encoding. When the number of GBTrees in XGBoost is changed from the default
value, i.e. 100 to 500, and with TF-IDF data encoding, it takes 1,128 s for training
and 3.94 s for validation and has an 88.8% validation accuracy. For testing, XGBoost
with GBTrees = 500 and TF-IDF takes 7.94 s and has a test accuracy of 89.1%.
With W2V data encoding and GBTrees = 500, XGBoost takes 9,071 s for training
and 2.31 s for validation and has an 85.7% validation accuracy. For testing, XGBoost
with GBTrees = 500 and W2V takes 4.57 s and has a test accuracy of 85.8%. These
results show that  XGBoost with GBTrees = 500 and TF-IDF performs better, and
also that changing the number of gradient-boosted trees from its default value, i.e.
100 to 500, improved the accuracy with some increase in execution time.

Training Time Validation Time Testing Time

TF-IDF 1,128 s 3.94 s 7.94 s

W2V 9,071 s 2.31 s 4.57 s

Table 4.18: Execution times for training, validation and testing using XGBoost with
GBTrees = 500, TF-IDF and W2V.
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XGBoost with

GBTrees = 500

(TF-IDF)

XGBoost with

GBTrees = 500

(W2V)

Validation Testing Validation Testing

Accuracy 88.8% 89.1% 85.7% 85.8%

Precision 88.7% 89.0% 85.6% 85.7%

Recall 88.8% 89.1% 85.7% 85.8%

F1-score 88.4% 88.8% 85.6% 85.7%

Table 4.19: Validation and testing results using XGBoost with GBTrees = 500, TF-
IDF and W2V.
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Figure 4.13: Confusion matrices for validation and testing using XGBoost with GBTrees = 500, TF-IDF and W2V.
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4.2.10 Performance of XGBoost with 1500
Gradient-boosted Trees, TF-IDF and W2V

The performance of XGBoost with GBTrees = 1500 (gradient-boosted trees), TF-
IDF and W2V data encoding is presented in Tables 4.20 and 4.21. Table 4.20 gives the
execution times for training, validation and testing using XGBoost with GBTrees =

1500, TF-IDF and W2V. Table 4.21 gives the validation and testing results using
XGBoost with GBTrees = 1500, TF-IDF and W2V data encoding. Figure 4.14
shows the confusion matrices using XGBoost with GBTrees = 1500, TF-IDF and
W2V data encoding. When the number of GBTrees in XGBoost is changed from the
default value, i.e. 100 to 500, it achieves an accuracy of 89.1% with TF-IDF. When
GBTrees is increased from 500 to 1500, it outperforms MLR by 0.44% achieving
91.2% of accuracy. There is a significant improvement in accuracy from 84.1% to
91.2% when the the number of gradient-boosted trees is increased from 100 to 1500
with TF-IDF data encoding.

Training Time Validation Time Testing Time

TF-IDF 3,811 s 30.9 s 73.8 s

W2V 27,627 s 5.9 s 12.5 s

Table 4.20: Execution times for training, validation and testing using XGBoost with
GBTrees = 1500, TF-IDF and W2V.

XGBoost with

GBTrees = 1500

(TF-IDF)

XGBoost with

GBTrees = 1500

(W2V)

Validation Testing Validation Testing

Accuracy 91.0% 91.2% 86.3% 86.4%

Precision 90.8% 91.1% 86.1% 86.3%

Recall 91.0% 91.2% 86.3% 86.4%

F1-score 90.8% 91.1% 86.1% 86.3%

Table 4.21: Validation and testing results using XGBoost with GBTrees = 1500,
TF-IDF and W2V.
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Figure 4.14: Confusion matrices for validation and testing using XGBoost with GBTrees = 1500, TF-IDF and W2V.
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4.3 Discussion
This section discusses the ML algorithm results obtained with TF-IDF and W2V data
encoding.

4.3.1 TF-IDF

Five ML algorithms were trained, validated and tested with TF-IDF data encoding.
The best performing algorithm considering accuracy and execution time is MLR. It
achieved an accuracy of 90.8% and total execution time including training, validation
and testing was 42.8 s. Three of the ML algorithms, i.e. KNN, RF and XGBoost, were
tuned to achieve higher accuracy. KNN with K = 3 and RF with trees = 300 did
not achieve higher accuracy than MLR and they required more time for execution.
XGBoost was also tuned with 100, 500 and 1500 GBTrees. XGBoost with 1500
GBTrees achieved an accuracy higher than MLR, i.e. 91.2% with less execution time
than the other algorithms, i.e. 3,916 s. Thus, choosing appropriate parameters for
ML algorithms can improve the performance.

With respect to accuracy, the XGBoost algorithm with GBTrees = 1500 achieved
the highest accuracy, i.e. 91.2%. It is followed by MLR, RF with trees = 300, RF with
trees = 100, XGBoost with GBTrees = 500, DT, XGBoost with GBTrees = 100,
MNB, KNN with K = 3, and KNN with K = 2 with accuracies of 90.8%, 89.4%,
89.1%, 89.1%, 87.5%, 84.1%, 81.4%, 61.5% and 58.1%, respectively.

The fastest algorithm is MNB which required only 0.9 s for training, validation
and testing. It achieved an accuracy of 81.4% which is better than some of the other
ML algorithms. In terms of total execution time, the worst algorithm is RF with
trees = 300 which required 31,420 s and achieved an accuracy of 89.4%.
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Figure 4.15: Test accuracy (%) of the ML algorithms with TF-IDF.

Figure 4.16: Total execution time (s) (training, validation and testing) for the ML
algorithms with TF-IDF.
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Figure 4.17: Test accuracy (%) versus total execution time (s) (training, validation and testing) for the ML algorithms with
TF-IDF.
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Figure 4.18: Test accuracy, precision, recall and F1-score for the ML algorithms with TF-IDF.
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4.3.2 Word2Vec

Five ML algorithms were trained, validated and tested on data encoded with W2V
word embedding. Considering accuracy and total execution time, MLR achieved
higher accuracy of 82.9% in just 107 s and outperformed the other ML algorithms.
Three of the ML algorithms, i.e. KNN, RF and XGBoost, were tuned to achieve
higher accuracy. KNN with K = 3 and RF with trees = 300 did not achieve higher
accuracy than MLR and they required more time for execution. XGBoost was also
tuned with 100, 500 and 1500 GBTrees. XGBoost with 100, 500 and 1500 GBTrees
achieved an accuracy higher than MLR, i.e. 84.1%, 85.8% and 86.4% with execution
times 2,069 s, 9,078 s and 27,645 s, respectively.

With respect to accuracy, XGBoost with GBTrees = 1500 achieved the highest
accuracy, i.e. 86.4%. It is followed by XGBoost with GBTrees = 500, XGBoost with
GBTrees = 100, RF with trees = 300, RF with trees = 100, KNN with K = 3,
KNN with K = 2, DT and MNB, achieving accuracies of 85.8%, 84.1%, 81.9%, 81.1%,
77.1%, 73.8%, 68.1%, and 49.1%, respectively.

The fastest model is MNB which required only 0.92 s for training, validation and
testing. It achieved an accuracy of only 49.1%. In terms of execution time, the worst
algorithm is KNN with K = 3 which required 57,698 s (approximately 16 hr) and
achieved an accuracy of 77.1%.

W2V usually performs better than the traditional TF-IDF data encoding for cer-
tain problems, specifically when capturing semantic and contextual information of
text. However, in this work TF-IDF outperforms W2V because after applying text
preprocessing, i.e. text normalization and tokenization, the text loses its contextual
information. The number of features in the TF-IDF matrix is also higher than in the
W2V matrix. Furthermore, word frequency in the entire text is considered by TF-
IDF which plays a significant role in sentiment analysis, but W2V does not consider
this.
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Figure 4.19: Test accuracy (%) of the ML algorithms with W2V.

Figure 4.20: Total execution time (s) (training, validation and testing) for the ML
algorithms with W2V.



68

Figure 4.21: Test accuracy (%) versus total execution time (s) (training, validation and testing) for the ML algorithms with
W2V.
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Figure 4.22: Test accuracy, precision, recall and F1-score for the ML algorithms with W2V.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion
Stretched words along with other textual features in a tweet are not used arbitrarily,
and there was a significant number of tweets containing these features, i.e. 28.5%
in a randomly extracted dataset which could not be neglected as shown in Table
2.1. A very large, randomly extracted, unbiased dataset named NB-StV_Senti with
688,881 tweets containing the stretched words, smileys, and other textual features
was created and labelled with the proposed rule-based sentiment analysis technique
called StretchVADER. Five ML algorithms were trained, validated, and tested with
TF-IDF and W2V data encoding in order to evaluate which combination performed
better with the dataset.

Accuracy, precision, recall, F1-score, and execution time were considered as met-
rics to evaluate the performance of the ML algorithms. Some of ML algorithms were
also tuned to perform better. The results obtained show that the XGBoost algorithm
with GBTrees = 1500 and TF-IDF performed better than the other ML algorithms
achieving the highest accuracy of 91.2%. The slowest ML algorithm was KNN with
K = 3 and W2V which had a total execution time of 16 hr. Overall, the worst ML al-
gorithm was KNN with (K = 2) and TF-IDF with significantly higher total execution
time, i.e. 2,350 s and lower accuracy, i.e. 58.1%. The lowest accuracy of 49.1% was
achieved by MNB with W2V data encoding and total execution time of 0.92 s. The
worst ML algorithm in terms of accuracy, precision, recall, and F1-score was MNB
with W2V, i.e. 49.1%, 41.5%, 49.1%, 37.1%, respectively. MLR with TF-IDF was
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better in terms of both accuracy and total execution time. It achieved an accuracy of
90.8% with only 42.8 s total execution time. Hence, it can be concluded that proper
parameter selection achieves better results. It can also be concluded that XGBoost
with GBTrees = 1500 and TF-IDF data encoding is better for sentiment analysis of
tweets containing stretched words and other textual features.

5.2 Future Work
The following can be considered in future to improve the performance. In Stretch-
VADER, the generation of the root word from the condensed form of the stretched
word is based on an English dictionary. The results can be improved by using a larger
English dictionary. In reduction to root words, spelling correction can be used to cor-
rect words in parallel by considering their context. The proposed approach can be
used with Amazon product reviews and other platforms to create a rating system us-
ing multi-class classification of customer reviews or comments. Both data encodings,
i.e. TF-IDF and W2V can be combined together to make a hybrid approach. Other
networks such as DL classifiers can also be employed to improve the performance.
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