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Abstract
Sentiment Analysis is a process of extracting information from a large amount of data and
classifying them into different classes called sentiments. Python is a simple yet powerful,
high-level, interpreted, and dynamic programming language, which is well known for its
functionality of processing natural language data by using NLTK (Natural Language Toolkit).
NLTK is a library of python, which provides a base for building programs and classification
of data. NLTK also provides a graphical demonstration for representing various results or
trends and it also provides sample data to train and test various classifiers respectively.
Sentiment classification aims to automatically predict the sentiment polarity of users
publishing sentiment data. Although traditional classification algorithms can be used to train
sentiment classifiers from manually labeled text data, the labeling work can be timeconsuming and expensive. Meanwhile, users often use different words when they express
sentiment in different domains. If we directly apply a classifier trained in one domain to
other domains, the performance will be very low due to the difference between these
domains. In this work, we develop a general solution to sentiment classification when we do
not have any labels in the target domain but have some labeled data in a different domain,
regarded as the source domain.
The purpose of this study is to analyze the tweets of the popular local and international news
agencies and classify the tweeted news as positive, negative, or neutral categories.

Keywords: Sentiment Analysis, machine learning, news tweets, Vader, sent wordnet, text
blob, naïve Bayes, LSTM, Bi-directional LSTM, transform learning technique.

iii

Table of Contents

ACKNOWLEDGMENTS ........................................................................................................................................ II
ABSTRACT .......................................................................................................................................................... III
LIST OF FIGURES ................................................................................................................................................. V
LIST OF TABLES................................................................................................................................................... V
CHAPTER 1 .......................................................................................................................................................... 1
1.1

BACKGROUND ......................................................................................................................................... 1

1.2

STATEMENT OF THE PROBLEM ............................................................................................................ 1

1.3

PROJECT GOALS ...................................................................................................................................... 2

1.4

METHODOLOGY ...................................................................................................................................... 2

1.5

LIMITATIONS OF THE STUDY................................................................................................................ 4

CHAPTER 2 – LITERATURE REVIEW ................................................................................................................. 5
CHAPTER 3- PROJECT DESCRIPTION ................................................................................................................ 7
CHAPTER 4- PROJECT ANALYSIS ..................................................................................................................... 14
CHAPTER 5 CONCLUSION ................................................................................................................................. 27
5.1

CONCLUSION ......................................................................................................................................... 27

5.2

RECOMMENDATIONS ........................................................................................................................... 29

5.3

FUTURE WORK ..................................................................................................................................... 29

BIBLIOGRAPHY (APA FORMAT) ...................................................................................................................... 30

iv

List of Figures
Figure 1Crisp DM........................................................................................................................................... 2
Figure 2 stemming ........................................................................................................................................ 9
Figure 3 TF ................................................................................................................................................... 10
Figure 4 TFIDF words................................................................................................................................... 10
Figure 5 Naive Bayes ................................................................................................................................... 11
Figure 6 LSTM Architecture......................................................................................................................... 12
Figure 7 LSTM gateways.............................................................................................................................. 13
Figure 8LSTM hidden state ......................................................................................................................... 13
Figure 9 Comparison between Pretrained model....................................................................................... 21
Figure 10 TFID Data Embedding.................................................................................................................. 21
Figure 11 Data Splitting ............................................................................................................................... 22
Figure 12 Confusion & Classification Report............................................................................................... 22
Figure 13 LSTM Tokenization ...................................................................................................................... 24
Figure 14 LSTM Model ................................................................................................................................ 24
Figure 15 Test Accuracy LSTM .................................................................................................................... 25
Figure 16 LSTM Random Test ..................................................................................................................... 26
Figure 17 Training and Validation Accuracy................................................................................................ 26
Figure 18 Opinion Counts ........................................................................................................................... 27
Figure 19 Positive Hot Topic ....................................................................................................................... 28
Figure 20 Negative Hot Topic ...................................................................................................................... 29

List of Tables
Table 1 Lemmatization.................................................................................................................................. 9
Table 2 Model Comparison ......................................................................................................................... 27

v

Chapter 1
1.1 Background
Social media platforms are widely used as the main source of networking for the public,
corporates, businesses, and governments to share their information and thoughts. Thus, the
corporates, business leaders, and government officials must understand the sentiments and
thoughts of the public; which assists in a better decision-making process.
Social media is also used by News agencies to broadcast local and international news to the
public using different social media platforms such as (Facebook, Instagram, Twitter).
In this paper, we propose a Sentiment approach to discover the opinion and attitude towards
Dubai; by analyzing the tweets from major new agencies related to the health domain.

1.2 Statement of the problem
Despite the popularity of news shared via social media platforms especially Twitter, little is
known about the reaction of the users and how the image of Dubai is portrayed globally.
As such it is imperative to develop tools to analyze the tweets and thereby determine the
sentimental position of Dubai on a global level.
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1.3 Project goals
1. The main objective of the project is to classify the news tweets centered around
Dubai based on their sentiment as below:
1. Positive
2. Negative
3. Neutral
2. Identify the best model for Sentiment analysis
Project Questions
1. What is the opinion of the city of Dubai through the tweets by the News agencies?
2. What is the major topic on which Dubai is being tweeted?

1.4 Methodology

Figure 1Crisp DM

In the study, we are following the CRISP-DM model, which consists of six stages as shown in
Fig1.
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The first step is business understanding: which is about analyzing the business, objectives,
and requirements.
The second stage is the Data Understanding step: which includes data collection, data
visualization, and data summary and to discover insights from the data. The data relating to
the news tweets of the 6 news agencies were extracted from the website
“https://archive.ics.uci.edu/ml/datasets/Health+News+in+Twitter” as part of the data collection
process.
The third step is the Data preparation: Also known as the data preprocessing phase, where
the final dataset will be created from the original dataset. During this preprocessing phase,
various pre-processing steps were performed such as stop words removal, digit removal,
special characters removal, and use of POS tags for all those texts. Further to that, we
extracted nouns, adjectives, verbs, and adverbs on those pos tags.
The fourth step is the modeling stage: different machine-learning algorithms are applied, and
their parameters are adjusted to outfit the dataset under study. During this phase, 3 different
pre-trained models are used to classify the sentiment of the text. Those 3 models are Vader,
text blob, and sent wordnet. In which, we identified that “text blob” was performing well in
classifying the texts. Post this, we embedded our text by using TfidfVectorizer and split the
data to train and test in a 70:30 ratio. Later then, we used naïve Bayes, LSTM, bidirectional
LSTM, and transfer learning techniques.
The fifth step is the Evaluation stage: the models brought forward from the previous step are
assessed and their accuracy and performances were evaluated. Based on the performance
evaluation, the previous step is repeated for choosing a different model.
The sixth step is the deployment stage: the final stage is deploying the model to be used by
public users.
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1.5 Limitations of the Study
While dealing with the text data, the researcher should have a solid knowledge of the
domain that would support during the pre-processing of the text. The domain
expertise could be applied in the pre-processing stage so that significant words will
not be ignored/removed; as the machine might not possess this knowledge. However,
the ML models are not capable to conserve domain knowledge.
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Chapter 2 – Literature Review
A significant amount of work has been done on sentiment analysis (SA) using different
techniques.
The work by (Samir Tartir.,2017) proposed a semantic approach to identify user attitudes
and business insights from Arabic social media. Arabic Sentiment Ontology (ASO) database
was introduced which contains a group of words that express different sentiments of Twitter
posts. 1100 tweets were collected through Twitter Archivist.
They were then pre-processed and classified into positive, negative, and neutral by the
implemented ASO. The research showed that the semantic methodology can create a decent
comprehension of the general picture of a specific element (in any event, when managing
restricted sentiments to investigate posts).
Secondly, the work by (SiYeun Lee 2017) proposed to use semantic analysis in the field of
transportation to analyze the trends of traffic by analyzing research papers from the “Web
of Science” database.
A workshop paper on state-level opinion investigation was introduced in 2005 by Wilson et
al. recognized another way to deal with the issue by first arranging phrases as indicated by
subjectivity (polar) and objectivity (nonpartisan) and afterward further characterizing the
abstract ordered expressions as one or the other positive or negative. The paper saw that
many authentic expressions utilized earlier feeling-bearing words, which prompted the
weak characterization of particularly genuine expressions. It guarantees that assuming we
use a primary classifier that expects that the logical extremity of the word is equivalent to its
earlier extremity gives an aftereffect of around 48%.
In the works by Andreevskaya A., Bergler S(2006), a technique for lexicon extension is
proposed where positive or negative feelings are allowed depending on the presence of
words known to convey content’s opinions.
One more work by Esuli, A. furthermore Sebastiani, F.(2005), supervised learning strategies
for broadening a dictionary /lexicon by exploring data, yielding positive precision upgrades
5

over the gold standard in contrast with a portion of the techniques referenced before. This
is a similar methodology utilized in building the SentiWordNet.
A paper composed by Prabowo and Thelwall (2009) said that, with the progression of
innovation, sentiment analysis could assist organizations with assessing their product
acceptance level. That way, they could think of methodologies and strategies to improve the
product quality. This could likewise be used to work with the policymakers or government
officials by analyzing the public opinions without any policy breach, public administration,s
or political issues.
Research done by Ohana, Delany, and Tierney (2012) said that when the areas focused or
the domain utilized for training and assessment shares little in common, vulnerable
outcomes will be acquired. While depending on out-of-domain information to build classifier
ensembles and further expanding training data with in-domain unlabeled reports could beat
the poor accuracy. They select the primary term tagged as adjectives words and verbs during
the record scoring. They add that utilizing labeling pre-handling steps could work on the
precision of vocabulary questions.
Twitter semantic Sentiment Analysis performed by (Saif et al., 2012) expressed that the API
is utilized because of its better coverage as far as inclusion and precision. There is one
drawback of using this technique: the abstraction level of the ideas recovered from the entity
extractor.
Finally, the work by (Nicholas Chamansingh and Patrick Hosein,2016) focused on productive
sentiment classification of real-time Tweets.
In all the above research papers, sentiment analysis has been used successfully in different
areas to discover the opinions/sentiments of certain entities.
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Chapter 3- Project Description
3. Introduction
We consider six different news agencies’ tweets related to Dubai and applied ML approaches
to find which news agencies’ tweets were positive, negative, and neutral about Dubai. To
achieve this, we used several steps such as
1. Data Understanding
2. Data Ingestion
3. Data Preprocessing(cleaning)
4. Data Embedding (TFIDF, glove)
5. Data Split (train & test)
6. Model training and Validations
7. Model Deployment (Optional for end-users)

3.1 Data Understanding
As we know, this is the critical step in the Machine Learning cycle to follow. In this study, the
data understanding majorly focused on researching the tweets related to a specific domain
i.e. healthcare and drawing key insights.
There is a total of 6 files and each file represents news tweets related to one Twitter account
of a news agency. For example, cnnhealth.txt is related to CNN health news. Each line
contains tweet id, date and time, tweet. The separator is '|'.

3.2 Data Ingestion
By using the glob library, we extracted the entire tweets and concatenated them in one data
frame so that we can use them for further analysis.
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3.3 Data Preprocessing
One of the critical steps which needs more effort and attention is data preprocessing which
includes the below steps and it depends on domain. We cannot generalize these steps for all
problems:
•

Removing punctuations like.,! $( ) * % @

•

Removing URLs

•

Removing Stop words

•

Convert to Lower case

•

Tokenization

•

Stemming

•

Lemmatization

The below were used based on this data set,
Changing to lower case of text:
This is going to be the most important step because we need to ensure that the text is in
common case either lowercase or uppercase because python is a case sensitive programming
language. Wherein, if the content is in uppercase, the training model will take it as a different
output as compared to a lowercase content.
Tokenization:
Next in this step, we split the text into tokens. There are 2 options to feed the text into our
training model; either sentence tokenization or word tokenization. We have selected word
tokenization.
Removing Stop word:
Stop words are the words used in sentences which when removed does not affect the data
being analyzed. There is a list of stop words that we used in this training model which is in
the NLTK library, such as I, me, myself, we, they, you, etc.
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Stemming:
Stemming, another name for Text Standardization, is the next step after Removing Stop
Word, wherein, the word is stemmed to its main root/ base form. For example, Tweeting,
Tweeter and Tweet, all will be stemmed to Tweet.
The only negative impact of this step is, that the sentence/ content may loses its meaning
once stemming is done.
Below is few examples of stemming,

Figure 2 stemming

Lemmatization:
This preprocessing step, unlike Stemming, it makes sure that the word does not lose its
meaning. In Lemmatization step, the words are pre-stored in the library and are crossed
checked during diminishing.
Below example shows difference between Stemming and Lemmatization,

Table 1 Lemmatization

Original Word

Stemming Step

Lemmatization Step

Densely

dens

Densely

populated

popul

Populated

9

3.4 Data Embedding (BOW, TFIDF, glove, Word2Vec)
It is an approach using methods & formulas of probability to evaluate how relevant in a
document is a word in its context & its relation to the remaining collection of documents. the
use tf-idf instead of BOW is applied in order to scale down the dominance of tokens that are
repeatedly used in a document which result in them providing less relevance and may not
carry enough information than tokens that are repeated in less & small numbers.
.

Figure 3 TF

TF = (Number of time the word occurs in the text)/ (Total number of words in text)
Inverse Document Frequency (IDF)
IDF measures the rank of the specific word for it’s relevancy within text.

Figure 3 IDF

IDF = (Total number of documents) / (Number of documents which contain that word)
It looks in entire document not in specific sentence so it is more semantic than bag of words

figure the TF-IDF score for each word in the corpus. Words with a higher score are more
significant, and those with a lower score are less significant:

Figure 4 TFIDF words
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3.5 Data Splitting
Split the data into train and test data for cross-validation purposes. We use the train data to
develop the predictive model and the latter data i.e. the test data to evaluate the performance
of the model.

3.6 Model Explanation
3.6.1. Naive Bayes Algorithm
It works on joint or conditional probability and how these two combines to make bayes
theorem using a two way contingency table.
Conditional probability:
P (A/B) = P (A intersection B) / P (B)
P (A/B) is the probability of event A occurring, given that event B occurs.
Joint Probability:
P (A intersection B) = P (A/B) * P (B)
The probability of event A and event B occurring. It is the probability of the intersection of
two or more events.
Naive Bayes algorithm assumes that the presence of a specific feature in a class is unrelated
to the presence of any other feature. Bayes Theorem gives a method of computing back
likelihood P(c|x) from P(c), P(x), and P(x|c).

Figure 5 Naive Bayes
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3.6.2. LSTM:
Long Short Term Network are capable to learn order dependency in sequence problems. This
nature of LSTM achieved by one of the memory cell feature of neural network which makes
this network performance much better than other RNN networks.
There are three types of gate present in LSTM
1- Forget gate
2- Input gate
3- Output gate
Forget gate decide which information needs notice or and which can be avoid. Now let’s
understand the use of Input gate, there are three sigmoid function present in LSTM so the
current state and previous hidden state are passed into the second sigmoid function and
as per the behavior of sigmoid it converts into 0 and 1. The output gate determines the
value of the next hidden state.
LSTM Architecture
At a fundamental level, LSTM works like an RNN cell. Here is the inward working of the LSTM
organization. The LSTM comprises three sections, as displayed in the picture underneath,
and each part fills a unique role.

Figure 6 LSTM Architecture
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The initial segment picks whether the data from the past timestamp is to be recalled or
unimportant and can be neglected. In the next part, the cell attempts to take in new data
from the contribution to this cell. Finally, the cell passes the refreshed data from the
current timestamp to the following timestamp in the third part. These three pieces of an
LSTM cell are known as entryways. The initial segment is called the Neglect door, the next
part is the Information entryway, and the last is the resulting door.

Figure 7 LSTM gateways

LSTM has a secret state where H(t-1) addresses the hidden condition of the past
timestamp, and it is the personal condition of the current timestamp. Notwithstanding that
LSTM additionally have a cell state managed by C(t-1) and C(t) for past and current
timestamp individually.

Figure 8LSTM hidden state
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Chapter 4- Project Analysis
4.1 Data Understanding
Data Source:
https://archive.ics.uci.edu/ml/datasets/Health+News+in+Twitter

Some details about the dataset

Data Set Information:
•

There is a total of 6 files and each file represents news tweets related to one Twitter
account of a news agency. For example, cnnhealth.txt is related to CNN health news.
Each line contains tweet id, date and time, tweet. The separator is '|'.

•

And here we do not need to work on tweet_id (first column) & tweet_date (second
column) that we can use.

By using the glob library, we extracted the data and concatenated it into one data frame.
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All the concatenated tweets are stored in a new data frame named “news_df”.
As we can see, there is a total of 22690 tweets with 3 columns namely “tweet_id”,
“tweet_date”, “text”.
Later, a new column name “text” was created and all records stored.

4.2 Data Preprocessing
Cleaning text using regular expressions in which we are keeping only text and removing
everything except alphabets.
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During this pre-processing phase, all the cleaned tweets in the text column are stored in a
new column that was created named Cleaned Reviews.

Performing pos tag on the text

The various activities such as text tokenization ,removal of stop words , tagging of words to
their POS is executed by the function named ‘ token_stop_pos’ .
This function was performed on the 'Cleaned Reviews' column and an additional column
was created 'POS tagged’. As referenced before, to get the exact Lemma, the
WordNetLemmatizer requires POS tags as 'n', 'a', and so on. Be that as it may, the POS tags
are acquired from pos_tag 'NN', 'ADJ', and so on.
To map pos_tag to wordnet labels, we made a dictionary named pos_dict. Any pos_tag that
begins with J is mapped to wordnet.ADJ, any pos_tag that begins with R is mapped to
wordnet.ADV, etc.
Our tags of interest are Noun, Adjective, Adverb, Verb. Anything out of these four is mapped
to none.
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Lemmatization

After pos tagging, then lemmatization on pos tagged texts was executed.

All the lemmatized texts on the pos tagged column were saved to a new column named
‘Lemma’.
After this major step, we have to apply various machine learning techniques to identify the
sentiment of the lemmatized texts.
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Until this point, our dataset is unsupervised as there is no label. Moving further to the next
ML step, subjectivity and polarity of this text are identified that helps in labeling the data in
three classes positive, neutral & negative. Thus, we can perform sentiment analysis.
To label the sentiments, we performed 3 ML techniques, namely text blob, Vader, and
Sentiwordnet.
Sentiment Analysis using TextBlob:
TextBlob is a Python library for processing textual data., and then some.
The two measures that are used for sentiment analysis are :
•

Polarity – discusses how positive or negative the opinion is

•

Subjectivity – discusses how subjective the opinion is

•

TextBlob(text). the opinion gives us the Polarity, Subjectivity values.

•

Polarity ranges from - 1 to 1 (1 is more Positive, 0 is Neutral, - 1 is more Negative)

•

Subjectivity goes from 0 to 1(0 being exceptionally objective and 1 being extremely

subjective)

18

Explanation
-

Function to extract Polarity, Subjectivity values, and label the review depending on

the Polarity score.
-

Create a new data frame with the review, Lemma columns and apply the above

functions
Now we will perform sentiment labeling using VADER

VADER stands for Valence Aware Dictionary and Sentiment Reasoner. Vader provides the
intensity of the emotion along with if the statement is positive or negative.
The sum of pos, neg, neu intensities gives 1. Compound ranges from -1 to 1 and is the
metric used to draw the overall sentiment.
•

positive if compound >= 0.5

•

neutral if -0.5 < compound < 0.5

•

negative if -0.5 >= compound

In addition to VADER, we also used sentiment labeling using SENTIWORDNET
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Sentiment Analysis using SentiWordNet
•

SentiWordNet utilizes the WordNet database. It is essential to acquire the POS,

lemma of each word. We will then, at that point, utilize the lemma, POS to develop the
synonym sets(synsets). At that point, we get the positive, negative, objective scores for
every one of the potential synsets or the absolute first synset and name the text.
•

if positive score > negative score, the opinion is positive

•

if positive score < negative score, the opinion is negative

•

if positive score = negative score, the opinion is unbiased

Visualizing the text labeling
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Figure 9 Comparison between Pretrained model

4.3 Data Embedding
Now embedding text to an integer using tfidf, also we can use GloVe.

Figure 10 TFID Data Embedding
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4.4 Data Splitting and Data Modelling
Now splitting the data to train and test and building base models as naive Bayes with
default parameters and validating using confusion metrics and f1-score.

Figure 11 Data Splitting

Figure 12 Confusion & Classification Report
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A disarray lattice is a table that is frequently used to portray an arrangement model (or
"classifier") on a bunch of test information for which the genuine qualities are known.
As we can see confusion matrix 926 actual positive tweets were predicted as negative.

Actual

Positive
Negative
Neutral

Positive
95
0
0

Predicted
Negative
926
4054
1088

Neutral
151
36
1138

Since the Multinomial model did not perform well as per the expectation, hence we decided
to move with more complex models such as LSTM.
Here we are using, TensorFlow latest version 2.7. The data that is being used requires at
least 16GB RAM for smoother work.
Below are the necessary libraries for LSTM model building.

Here, we are tokenizing the entire text and performing padding which is necessary for
LSTM. In other words, this is performed to make the length of the sentences equal.
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Figure 13 LSTM Tokenization

LSTM Model Architect
We are using the Keras sequential model with embedding and the dropout layer of 70%
and the optimizer which is being used ADAM.
The model was running for 10 epocs and 256 batch sizes that can be increased according to
model performance.

Figure 14 LSTM Model
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Figure 15 Test Accuracy LSTM

The loss function which we used is categorical cross-entropy.
From the below graph, we can observe that our training accuracy and validation accuracy is
increasing gradually concerning epics. On the other hand, training loss and validation loss
are decreasing which indicates our model is stable and performing decently.
Lastly, we validated our model with some random text and performed well on that.
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Figure 16 LSTM Random Test

Figure 17 Training and Validation Accuracy
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Table 2 Model Comparison

Model
Naïve Bayes
Multinomial
LSTM

Accuracy

Precision

Recall

F1

71%

84%

53%

71%

89%

88%

88%

88%

As we can see in the above table, the LSTM model has a high recall rate of 88% while
compared to Naïve Bayes, and also F1 score is higher for the LSTM model. Hence LSTM is a
better performance model for Sentiment analysis.

Chapter 5 Conclusion
5.1 Conclusion
The project questions that are addressed in my project are as follows:
1. What is the opinion of the city of Dubai through the tweets by the News agencies?

Figure 18 Opinion Counts

As you can see above, most of the news agencies’ tweets are neutral and positive opinions.
However, there are also noticeable negative tweets that need to be monitored closely as
Dubai’s main vision is people’s Happiness, and tourism is one of the main pillars of Dubai’s
economy.
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2. What is the major topic on which Dubai is being tweeted?
Positive: As we can see NBC News, BBC, hospital, etc. are the hot topics when analyzing
Positive tweets

Figure 19 Positive Hot Topic

Negative: Mental, Video, bad, etc. are the hot topics in negative tweets.
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Figure 20 Negative Hot Topic

We used naïve Bayes multinomial and LSTM with all possible hyperparameters in which
LSTM performed 89% accuracy while compared to multinomial with an accuracy of 71%.

5.2 Recommendations
-Spend more time on text cleaning during the data pre-processing stage. This would lead to
better performance of the model.
-To enable the public users to use our model, we recommend deploying the model using flask
or GCP (google cloud platform).

5.3 Future Work
In the future, we can use transformer-based models to get the sentiment of the text such as
ROBERT and ELECTRA which are the biggest breakthrough in the NLP industry.
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