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Lexicon Based Approach Twitter is a popular micro blogging social media platform and
Sentiment Analysis the largest data contributor in the analysis of political
Opinion Mining sentiments in the United States especially in Presidential
Twitter elections. Lack of labeled data as well as requirements of
Machine Learning testing data are major problems in political domain since due
Feature Extraction to their constant change according to current events. The
TF-IDF contribution of this study is to compare two dictionary-based
Naive Bayes Lexicon approaches which are Bing Liu Opinion Lexicon and
Political Tweet Textblob for tweets labelling. Some comparative models have

been developed. Model based on Bing Liu Opinion Lexicon
which used machine learning algorithm TF-IDF for feature
extraction and also classified with Naive Bayes gets the highest
F1-Score with 93%, outperformed our baseline model with
score of only 68%. Test results have shown the effectiveness of
combining lexicon approaches and machine learning
algorithms in the development of sentiment analysis model.

1.0 Introduction

The Internet was crowned the ‘king of all political campaigns’ after the 2008 U.S. presidential
campaign and the election results were released. It has become a platform for online learning,
exchanging opinions, and sharing opinions (Ahmad et al., 2020). The Internet plays an important
role in the campaigns conducted by candidates running for the presidency. The use of social media
is now getting a lot of attention from a variety of different personalities and entities such as
candidates, political parties, the general public, and corporate news. Therefore, analysis of
political scenarios on social networks is important for candidates, political parties, or the public.
As noted by (Al-Saffar et al., 2018), results from social media sentiment analysis can help
candidates and their parties know their position and general sentiment orientation.

Sentiment analysis is a text mining category in which the collected texts are classified based
on the polarity of sentiment which can be positive, negative or neutral. There are various methods
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of sentiment analysis including language Model, Part of Speech Tagging (POS) and semantic
orientation (Awwalu, Bakar and Yaakub, 2019).

According to a report (Center, 2016), a research center that conducts public opinion polls,
demographic research and social sciences based in the United States, in January 2016, 44 percent
of adults in the United States stated that they learned about the presidential election through
social media . Additionally, 24 percent of adults in the United States reported using both candidate
social media as a source of news and information, of which more than 15 percent used both
candidate websites or emails combined. 17.1 million tweets, the first presidential debate between
Donald Trump and Hillary Clinton is the most talked about debate on the Twitter.

According to (Blake, 2016), an author in the Washington Post also mentioned the 2016
Presidential Election was “the most negative presidential election in our lives” and many people
from around the world voiced their feelings for each candidate on different social networks
including Twitter. The growth of Twitter users since the last election suggests that it may be a
more accurate voting tool since the 2012 election (Joyce and Deng, 2018). According to
(Statista.com, 2017), the number of monthly active Twitter users worldwide from the fourth
quarter of 2012 to the fourth quarter of 2016 increased from 185 million to 328 million.

The large amount of text on websites has been proven to be a tool of communication between
humans and machines as well as human-to-human interaction (Shaheen et al., 2014). The volume
of this text has grown rapidly, creating large -dimensional specific content (Fersini, Messina and
Pozzi, 2014; Choi and Lee, 2017). With the increasing availability of opinion -rich texts on Twitter,
the challenges and opportunities in sentiment analysis are growing. Some of the challenges as
noted by (Ranganathan and Bagavathi, 2020) include a lack of tweets, emoticons, and informal
expressions. These challenges not only make the sentiment analysis process challenging but also
affect the accuracy of the model for sentiment analysis (Awwalu, Bakar and Yaakub, 2019).
Previous efforts to assess Twitter user sentiment have suggested that Twitter can be a valuable
resource for studying political sentiment and it illustrates the real landscape of offline politics
(Ebrahimi, Yazdavar and Sheth, 2017).

2.0 Research Background
In the following sub-sections, we discuss the related research background on research
problems and research objectives.

2.1 Research Problems

The manual annotation method is a commonly used method in sentiment analysis. The
time-consuming and high-cost annotation process makes this method less relevant for
political domains that require faster analysis, less cost and the availability of training data
(Yaakub, Latiffi and Zaabar, 2019). Moreover, the annotation process is more challenging
because the length of one tweet is no more than 140 characters which complicates the
sentiment determination process according to this method (Ebrahimi, Yazdavar and Sheth,
2017).

Many good systems and models have been developed in the political domain but it is
likely that these systems and models are less relevant or unusable after some events,
propaganda or political scandals occur because political data is constantly changing and
with the passage of time. Thus, to ensure that relevant systems are developed and always
applicable, an important and key element is to provide training data sets that are always up
to date in line with current events and agendas (Ebrahimi, Yazdavar and Sheth, 2017).

The second problem faced in this study is the amount of text in social media including
twitter which is constantly growing rapidly and creating large-dimensional specific content
(Fersini, Messina and Pozzi, 2014). This problem occurs because there are repetitive and
irrelevant terms in the feature space (Ahmad, Bakar and Yaakub, 2019b, 2019a). Moreover,
this condition can cause the classification algorithm to experience overfitting to train the
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sample and less effective on new samples. To overcome this problem, feature extraction
methods can be used for text and sentiment classification (Ahmad, Bakar and Yaakub,
2019b).

The two main methods in sentiment analysis are the lexicon approach and machine
learning (Alexander and Omar, 2017). The merging or integration between these two
methods has resulted in high accuracy based on the improvement of the feature extraction
process (Al-Saffar et al., 2018). (Hasan et al., 2018) in their study have used hybridization
methods that combine lexicon approaches such as Textblob, SentiWordNet, W-WSD and
machine learning to study political tweets in India. The experimental results showed that
the Naive Bayes algorithm achieved 76% accuracy for Textblob and 79% for W-WSD, while
the Support Vector Machine (SVM) algorithm achieved 62.67% accuracy for Textblob and
62.33% for W-WSD. (Hutto and Gilbert, 2014) in their study using VADER model and
conducted comparative studies with other lexicon approaches in the classification of social
media text sentiment using machine learning methods. The results of the study found that
this Vader model has surpassed the accuracy of manual annotation with an achievement of
96%.

2.2 Research Objectives

In particular, this study was implemented to achieve the following objectives. The first
objective is to identify the best techniques for labeling tweets using the lexicon approach
without using annotations manually. Next is to identify feature extraction techniques and
machine learning algorithms that can produce sentiment classification accuracy. The final
objective is to combine lexicon approach and machine learning methods to develop high
accuracy sentiment analysis models.

Proposed Model

In order to carry out the study effectively and meet the objectives of the study, this study

method includes seven important sub-phases starting with literature review, data analysis, data
pre-processing, labeling, feature extraction using Document Term Matrix and Term Frequency
Inverse Document Frequency (TF-IDF), sentiment classification, evaluation and output analysis
as shown in Figure 1.
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3.1 InputPhase

Figure 1: Research Proposed Model

The input phase involves several work processes such as identifying problems involving
the analysis of sentiments in the political domain as well as setting the objectives, scope
and importance of the study. The most important subphase in this phase is the literature
review which will help identify problems and help set the scope, objectives and importance

of the study.

3.2 Model Development Phase

The model development phase includes two main subphases namely labeling and
Tweets classification. Figure 2 shows the model development phase framework used in

the study.
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Figure 2: Framework for Model Development Phase

The model development phase begins with identifying data that fits the focus of the
study, namely the twit data of the two main candidates for President of the United States in
2016, namely Donald Trump and Hillary Clinton. This data was obtained from Ben
Hamner’s Kaggle repository where the data was originally collected from Twitter’s
application programming interface (API) in the political domain. This data is unstructured
and unlabeled data. This Tweets data contains 6,444 twits from the two candidates
mentioned above as well as contains 28 attributes that need to be processed. Once the raw
data is provided, the data will go through a pre-processing process that involves data
cleaning, data filtering, data transformation, attribute generation and attribute selection.
There are 9 data cleaning methods used in this study as in Table 1. All 9 steps are used
because they meet the objectives of the study to produce a clean data set for the next phase.

The labeling phase is the second subphase in the model development phase. The labeling
process is done on the Tweets data sets of Donald Trump and Hillary Clinton after going
through the data pre-processing process. Two lexicon approaches are used in the labeling
phase, namely the dictionary-based method, namely the lexical database known as Bing Liu
Opinion Lexicon and Textblob which is a library developed in Python programming
language to label Tweets data.
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Table 1: Techniques for Pre-Processing

Z
=]
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Technique
Remove #
Remove @
Convert to small letter
Remove hyperlink
Remove punctuation
Remove special char
Remove numbers
Remove underscore _
Remove stopwords

Sentiment score is a value of polarity strength that will determine the polarity of a tweet
whether positive, negative or neutral. The labeling phase ends with the distribution of
sentiments for the entire data set which will produce a set of 6,444 labeled Tweets data that
will be used for the next phase which is the feature extraction that operated by Term
Frequency Inverse Document Frequency (TF-IDF).

TF-IDF is one of the most popular termweight schemes today. The TF-IDF weighting
scheme has two components. Term Frequency measures the number of occurrences of a
term in a document. Inverse Document Frequency calculates the logarithm of the number
of documents in a corpus to the number of documents in which the term appears (Qazi and
Goudar, 2018). The following is the TF-IDF formula:

Term i frequency in document j

TF(i, ) =
@) total words in document j
IDF() =1 Total documents

(0) = log, documents with term i

The output produced in the feature extraction phase will go through a classification
phase using three popular algorithms in text and sentiment classification namely Random
Forest (RF), Support Vector Machine (SVM) and Naive Bayes (NB).

3.3 Output Phase

The output phase will analyze and interpret the labeling and classification results
obtained from the model development phase and subsequently determine the best model
for the classification of sentiment in political Tweets.

Result and Discussion
4.1 Labelling Using Bing Liu’s Opinion Lexicon
4.1.1 Sentiment Score Distribution
In the labeling method using Bing Liu’s Lexicon of Opinion, the sentiment score is
calculated based on the total frequency of a sentiment word appearing in a tweet.
Figure 3 shows the distribution of sentiment scores for the entire data set where
positive sentiment scores are highest and dominate the data.
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Figure 3: Distribution of Sentiment Scores

4.1.2 Sentiment Polarity Distribution

The polarity distribution visualized in Figure 4 shows positive sentiment is highest
in this data set followed by negative and neutral. The findings of the study also show
that the sentiment played out in Donald Trump’s tweets is more positive than Hillary

Clinton’s.
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Figure 4: Distribution of Sentiment Polarity

Labelling Using the Textblob Library
4.2.1 Sentiment Score Distribution

The textblob library method differs slightly from the previous approach where
sentiment scores were calculated through polarity strength in tweets in the range [-
1,1] as shown in Figure 5. The results showed positive sentiment was highest in this

data set followed by neutral and negative.
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Figure 5: Distribution of Sentiment Score

4.2.2 Sentiment Polarity Distribution

Figure 6 shows the polarity distribution of sentiment in tweets where the results
show positive sentiment is the highest sentiment for both candidates followed by
neutral and negative sentiment. Studies also show Trump uses more positive
sentiment than Hillary.
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Figure 6: Distribution of Sentiment Polarity

4.3 Sentiment Classification Based on Bing Liu's Opinion Lexicon Model

Table 2 shows the performance of the classification model using Bing Liu’s Lexicon of
Opinion compared to the policy model that has been developed by Pavan Raj using the
Random Forest classifier. Prior to undergoing the classification phase, the labeled data sets
underwent a feature extraction process using TF-IDF. The highest accuracy, retrieval and
F1-Score were on the Bing Liu model alongside the Naive Bayes classifier with a score of
0.93% followed by Bing Liu model with SVM classifier with a score 0f 0.78% and the last
were Bing Liu model with RF classifier and baseline model which obtained a score of 0.68%
for both. What can be seen from these results, the NB classifier is more likely to show better

79



International Journal of Synergy in Engineering and Technology Vol. 3 No.2 (2022) 72-83

performance that the SVM classifier for this data set. The overall performance of the model

is visualized in Figure 7.

Table 2: Performance for Baseline Model and Bing Liu Opinion Lexicon Model

[=]
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Model Accuracy Recall F1-score
Baseline Model +RF 0.68 0.71 0.68
Bing Liu +TF-IDF+RF 0.68 0.70 0.68
Bing Liu +TF-IDF+SVM 0.78 0.71 0.74
Bing Liu +TF-IDF+NB 0.93 0.93 0.93
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Figure 7: Performance for Baseline Model and Bing Liu Opinion Lexicon Model

4.4 Sentiment Classification Based on Textblob Library

Table 3 shows the performance of the classification model using the textblob library
compared to the policy model that has been developed by Pavan Raj using the Random
Forest classifier. Prior to undergoing the classification phase, the labeled data sets
underwent a feature extraction process using TF-IDF. The highest accuracy, retrieval and
F1-Score were on the textblob model with the Naive Bayes classifier with a score of 0.93%
followed by Bing Liu model with SVM classifier with a score 0f 0.78% and the last were Bing
Liu model with RF classifier and baseline model which obtained a score of 0.68% for both.
What can be seen from these results, the NB classifier is more likely to show better
performance that the SVM classifier for this data set. The overall performance of the model

is visualized in Figure 8.

Table 3: Performance for Baseline Model and Textblob Model

Model Accuracy Recall F1-score
Baseline Model +RF 0.68 0.71 0.68
Bing Liu +TF-IDF+RF 0.68 0.70 0.68
Bing Liu +TF-IDF+SVM 0.78 0.71 0.74
Bing Liu +TF-IDF+NB 0.93 0.93 0.93
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Figure 8: Performance for Baseline Model and Textblob Model

The results showed that the sentiment analysis model developed together with the
extraction of the TF-IDF feature and the Naive Bayes classifier achieved the highest
accuracy in both the lexicon approach methods used. The advantage of Naive Bayes in text
classification is that it is easy to use and does not require a lot of training data. Since the
data used in this study is only 6,444, it does not require complex algorithms such as Vector
Support Machine (SVM) for classification. The nature of naivety allows these algorithms to
be easily developed without having to think of complicated iterative classification estimates
(Ibrahim and Yusoff, 2018; Ahmad et al., 2020). SVM is an algorithm of high complexity that
requires large amounts of testing data and training to produce good classification accuracy.
The Random Forest (RF) algorithm is more in favor of attributes that have more levels for
variable data and are suitable for use in predictive models.

4.5 Average ‘retweets’ and ‘favorites’ by Sentiment

Average retweets and favorites by sentiment - Trump

20000 - D retweet count
B favorite_count

negative neutral positive
sentiment

Figure 9: Average Retweets and Favourites by Sentiment
Figure 9 shows the average of ‘retweets’ and ‘favorites’ by sentiment where negative

sentiments are most favored. As for the number of retweets, negative sentiment was the
highest indicating that twitter users prefer to retweet negative sentiment.
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5.0 Conclusion

The main problems identified in this study are the lack of labeled data and the need for testing
data in the political domain for the purpose of sentiment analysis. In addition, the development
of social media has been a major contributor to the amount of large-dimensional unstructured
data that complicates the sentiment classification phase.

Three objectives of the study have been stated and this study has met all the objectives of the
study and answered the problem statements that arose. Tweets data can be labeled without
manual annotations using Bing Liu & Textblob’s lexicon of opinions. Feature extraction using TF-
IDF helps provide an optimal feature set that results in sentiment classification accuracy using the
Naive Bayes algorithm. The combination of lexicon and machine learning approaches in a
supervised manner has successfully developed a high accuracy sentiment analysis model.
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