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Abstract

In today’s data-driven world, it is possible to gain access to significant amounts
of data from different sources, and even share this data for various purposes. In
modern everyday life, people use social networks extensively, reading tweets and posts,
leaving comments, sharing their views on findings through comments and posts, or
getting feedback from other users. As social networks are enhancing a source of
abundant information flows, it is becoming difficult and time-consuming to filter
the information. The correct analysis of information is important since the way we
communicate and establish various kinds of relationships can heavily rely on correct
interpretations.

This thesis aims to introduce the methods for sentiment analysis, investigating
the application of the Machine Learning Approach for the sentiment classification
problem by comparison of the Machine Learning and Statistical approaches, especially
defining the importance of the Machine Learning approach for our purpose. Moreover,
this research paper intends to explore the effectiveness of the pre-trained models
over other approaches. Logistic Regression, Long Short-Term Memory, and BERT
models will be demonstrated as methods of explaining this topic. And there will
be an observation of what is the performance of the python libraries next to these
methods. The analysis will show how the results are different and how the first
approach outperforms the second one and will test whether ML algorithms show
good performance and best results. Training experimental work will take place on
the open-source dataset Sentiment140 extracted from Twitter.
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Chapter 1

Introduction

Social networks are taking an essential part of our life, we may sit there for hours
not only for chatting with our friends or looking for publications of acquaintances
but also for sharing news, getting media, leaving our own opinions, and contributing
to problem solutions discussed there. The importance of data from social networks
getting valuable so that we are used to browsing posts to see products, clothes, foods
and look through comments of others to know about the real quality of the service,
then we will think about buying or visit a certain place. This is the new role of
social networks as a recommendation system. Online communication creates a rela-
tion between people, businesses and other parts of our society. The creation of such
connections is directly dependent on the data flow in the social networks. Data flow
can be described in terms of text, photo, audio, or video. These kinds of informa-
tion streams may contain not only positive knowledge contributions but also negative
materials. The issue behind this topic is that data analysis should be improved so
that we can get valuable data. Our interactions will be meaningful if there is a posi-
tive environment in our digital society. However, this process is enough complicated
because of the scaling of data, as we can get millions of messages every day. De-
spite this growth, plenty of modern solutions for data analysis are suggested, starting
with a special social network analysis studies, continuing with software and tools. In
most cases special tools are designed for marketing purposes, investigating the user

flows through a social network, user behavior, and user actions with the information



provided. Depending on the observation results, they will enhance and straighten
out their customer services or remove products that gain low rates. Furthermore,
there may be a commitment to revise the text which received negative opinions from
users as the textual information is assessed based on the attitude. Time to proceed
with the text, study, and capturing the correct outcome boosts the demand for op-
timization of the whole mechanism of text analysis. One of the current innovative
solutions is the usage of Machine Learning algorithms. They help to stimulate the
automatization of human activity regarding sentiment analysis. Sentiment analysis
is a Natural Language Processing task, explained as a process of defining emotions
from words to understand the feeling or sentiment towards some concept. Emotions
can be extracted from image, audio, video, and text [1, 2, 3]. Automation advances
provide various optimization models that may facilitate the task performance by giv-
ing a quick responses. These improvements may be advantageous, for a process that
requires the data to be utilized. This proposed project will investigate an experimen-
tal work on sentimental analysis by using a dataset from a social network, as people
free to write everything there, and in most cases, they are not thinking about how

proper texts they are writing.

1.1 Background

Machine Learning is a study of learning systems involving experience, covering the
areas, such as information theory, recognition, data mining, and statistics [4]. The
idea behind Machine Learning is to learn the data/tasks using neural networks of
multiple layers and produce predictive results [5]. The learning can be supervised,
unsupervised and reinforced by its learning style. Supervised and unsupervised learn-
ing depends on whether the data is labeled or not and the first learning type needs to
get both input and output, while the second one requires only inputs to be processed.
Supervised learning introduces a classifier that will be trained on labeled data and
then will predict the future values. Reinforcement learning is about learning through

interactions “feedback” with a dynamic environment [6]. Machine Learning can be de-
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ductive and inductive depending on the learning information, first deals with existed
evidence and assumes new knowledge from that, while the inductive learning type
focuses on building instructions by extracting features and patterns from the dataset
[7]. Natural Language Processing (NLP) is a field of Machine Learning about the
understanding human language by a non-human scheme. NLP introduces syntactic
and semantic analysis, sentiment analysis, there are rules and interpretations to work
and manage text. Tokenization, part of speech tagging, sentiment and lemmatization
techniques are about syntactic and defining the relationship between texts and word
sense tend to be a semantic analysis. Sentiment analysis extracts semantics from the
text. A recurrent neural network is a part of a neural network which makes connec-
tions between nodes and able to store and pass the data forward without feedback
communication between layers. RNN can be one-to-one, one-to-many, many-to-one,
and many-to-many. This type of network is used for speech recognition, video tagging,

machine translation, and language modelling tasks.



Chapter 2

Related work

Recent works and findings around this topic related to the introduction and use of
sentiment analysis algorithms in textual content, give detailed information on how
the algorithm is implemented, what kind of neural network architecture is used. First
of all, the sentiment analysis problem has in general two directions, Machine Learning
and Lexicon - based, but modern study introduced a new approach, which combines
a hybrid approach and a Deep Learning approach [8]. The Machine Learning ap-
proach is divided into supervised learning, which combines Decision Tree Classifiers,
Probabilistic Classifiers, Linear Classifiers, Rule-based Classifiers, and unsupervised
learning. The lexicon-based approach is described with dictionary-based and corpus-
based methods [9]. Supervised learning has three popular methods as Naive Bayes,
Bayesian Network, and Support Vector Machine. The most used ones are Support
Vector Machines and Naive Bayes classifiers because they output good results in
terms of performance. They work with labeled data, while unsupervised machine
learning work with data containing no labels [10]. The main task behind using Ma-
chine Learning algorithms is to find features from context [11|, while the statistical
approach looks for the occurrence of a part of speeches, the appearance of polarities
in a corpus [12]. The word polarity is then measured by the frequency of negative
and positive words in the text [13]. If the word occurs more frequently among posi-
tive texts, then its polarity is positive. If it occurs more frequently among negative

texts, then its polarity is negative. If it has equal frequencies, then it is a neutral



word [14]. The sentiment analysis process starts with the identification of the emo-
tion model — sentiment identification. There are six emotions as anger, disgust, fear,
happiness, sadness, and surprise. However, the emotional model differs depending on
the language. Best practices show that a combination of different emotion models
gives significant results [15]. Sentiment analysis practice with the Kazakh language
is not properly studied, it is reported that baseline methods at most show 60 percent
accuracy [16]. In most cases Kazakh language is used with Russian Language and
analysis for dual languages is set by using Deep Recurrent Neural Networks. This type
of method shows over 70 percent of accuracy, where applied two-lingual embedding
of words [17]. As the Kazakh language is in the group of agglutinative languages, it
can be described not only in terms of phonetic, but also morphological and syntactic
features should be taken into consideration [18]. However, it is well formalized and
an analyzer for morphological features can be set in the early stage of sentiment anal-
ysis [19]. Due to the complexity of natural languages, simple approaches are likely
to fail since many facets of the language are not taken into account, as the presence
of the negation. The following problems and limitations may arise during sentiment
analysis: mistakes in words, unstructured text, and lack of labeled learning examples.
Texts that contain mistakes in spelling make the word processing complicated and
slows the recognition part. Notwithstanding these limitations, there is a subjectivity
issue as the word may be for one person positive, for second negative or word is neural

by its definition [20].

2.1 Sentiment analysis

Sentiment analysis combines the following steps to be done:
1. Data collection
2. Text preprocessing and preparation
3. Sentiment detection

4. Sentiment classification
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5. Visualization of results

In this part, we will give a piece of detailed information about sentiment detection

and classification methods that we selected for our purpose.

2.1.1 Data collection

Data collection is an important process in the data management area as there is a lack
of labeled data. This is not only getting data, but it also covers cleaning, analyzing,

and feature engineering topics [21].

2.1.2 Text preprocessing and preparation

Text preprocessor covers removing all non-letter characters, numbers, punctuation,
stop-words, and transforming the text to lowercase. If there is empty data, we should
also get rid of them. This process will help to improve the text quality for text

classification tasks.

2.1.3 Sentiment detection

In this step, the subjectivity and objectivity of the words are defined. For example,
the subjectivity of the sentence ‘The film was not interesting’ — 0.5, the subjectivity
of the sentence ‘Life goes on’ — 0, and the sentence ‘I feel sad” has a subjectivity of 1.

Only the sentences that have subjectivity should be passed for the next step.

2.1.4 Sentiment (feature) selection

After removing not-relevant characters from the dataset, we go to the next step, called
sentiment selection. This part is consolidated with Machine Learning algorithms,
and its main task is to reduce the scale of the feature field [22]. In this step, the
whole sentence is divided into separate words and this technique can be divided
into supervised, semi-supervised, and unsupervised. The feature selection part will

define features that may indicate that words in one category will differ from words
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in the second [23] and techniques that used in this part may be narrowed due to the
vocabulary resources [24|. That is why, each word is then transformed into a vector
of numbers by using methods, like TF-IDF. Moreover, feature selection will influence

the computational cost of algorithms.

2.1.5 Sentiment classification

Then goes sentiment classification, which can be divided into three levels: document
level, sentence level, aspect level [25]. Document-level aims to classify an opinion
document as expressing a positive or negative opinion or sentiment. It considers
the whole document a basic information unit. Sentence level aims to classify senti-
ment expressed in each sentence, first it checks whether the sentence is subjective or
objective, if subjective, it will determine whether the sentence expresses positive or
negative opinions. The aspect level aims to classify the sentiment concerning for the
specific aspects of entities. On the output of the sentiment classification step, we get

sentiment polarity, sentence/word classified as positive, negative or neutral.
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Chapter 3

Proposed methods. Algorithms and

techniques

3.0.1 Logistic regression

Logistic regression is a discriminative model, which does predictive analysis for the
classification problems, when the target value is categorical, explaining the relation-
ship between target-dependent value and other independent values. Logistic regres-
sion is considered to be a feature-based method and it calculates the odds, dividing
the probability of an event by the probability of not event. It gets as input some
value and on the output gives 0 or 1, probabilities are found by logistic function, out-
putting a binomial result. In this algorithm, Count Vectorizer is used for converting

text input into feature output, token counts provided by scikit-learn.

3.0.2 BERT (Bidirectional Encoder Representations from Trans-
formers)

BERT is a machine learning framework, meaning that reading a sequence of to-

kens, understanding, learning relations between them, and encoding the text based

on meaning. It provides a pre-trained language model for 104 different languages,

relying on two powerful technologies, a deep Transformer network and bidirectional.
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BERT helps to conduct NLP tasks such as sentence-level classification, token level
classification, and question answering. BERT aims to generate a language model,
training by masking only 10-15 percent of tokens and predicting the next tokens.
The first part is called Masked Language Modeling, the second is Next Sentence
Prediction. Masked Language modeling aims to predict the masked tokens, while
Next Sentence Prediction aims to predict the flow sequence of sentences. BERT base
encoders consist of 12 encoders and BERT large 24. In this work, we will use a

pre-trained model on the English language — “bert base cased”.

3.0.3 LSTM (Long-Short Term Memory)

LSTM is one of the popular methods for text classification problems as a part of
Recurrent Neural Networks, which can learn long-term dependencies. It contains
memory blocks, each containing an input and output gate. They manage the input
and output of the network by measuring the input and cell activations [26]. In this
algorithm, Tokenizer is used for vectorizing a text by converting them into a sequence
of integer values, provided by Keras, we can pass the number of most frequent words
and get the unique words in train data. First, it creates a vocabulary with word
frequencies, then transforms each word in the text to a sequence of integers. A
sequential model is selected because we have one input and one output. Out LSTM

model created with 128 neurons.

3.0.4 TextBlob

TextBlob is a text processing open-source python library described as a rule-based
method, which focuses on pattern analyzer. It returns polarity and subjectivity values
for a given text. It has the following features: tokenization, phase extraction, part-
of-speech tagging, parsing, spelling corrections, sentiment analysis, and classification.

In our practical work, TextBlob is used to test the sentence polarities of each word.
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([ © 0 0 ... 12 5 226]

[ 0 0 0 77 876 1247]
[ 0 0 0 86 189 393]
[ © 0 0 108 49  43)
[ © 0 0 .. 3 330 10)
[ 0 0 0 ... 9 3 1486]]

Figure 3-1: Tokenization example

3.0.5 Polyglot

This is an open-source python library, which characterizes itself as a unigram mod-
eling approach and helps to perform NLP operations. It has polarity lexicons for
136 languages and in this project, it is used for testing the corpus-based statistical
approach. Polyglot has the following opportunities: tokenization, part-of-speech tag-
ging, language detection, transliteration morphological, and sentiment analysis. For
a given sentence we can output each word’s polarity and then the sentiment of the

whole sentence determined by comparing positive and negative values.
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Chapter 4

Experiment

In order to do our experiments, we used Keras (https://keras.io/), Scikit-learn (https://scikit-
learn.org/), and PyTorch (https://pytorch.org/) python libraries. We set the number
of epochs to be 10 and batch size — to be 128 and 32. To evaluate the performance of
our models we used widely used assessment methods: Accuracy, Precision, Confusion

matrix, Recall, and F score.

4.0.1 Data collection

For our experimental part, we took two open-source datasets in csv format, each
containing tweets from different users about different topics in the English language.
The first dataset consists of 1700 lines of data, containing index, sentence, sentiment,
polarity, and sentiment type. The second dataset consists of 10 000 lines of data and
is organized in terms of three columns: Itemld, Sentiment, Sentence. The length of
the tweets in both datasets is mostly one or two-sentence. The first thing we needed

to do is to process the text, prepare our data for the modeling and training part.

The first dataset contains 580 lines of negative sentences and 1120 lines of positive
sentences. The second dataset contains 5800 lines of negative text and 4200 lines of

positive text. The graphical information about target class distribution is given below:
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Dataset Samples | Train Test samples | Classes Target class
samples balance
Twitter dataset 1 | 1700 1360 340 2 0-0.3420
1-0.6579
Twitter dataset2 | 10 000 8000 2000 2 0-0.5812
1-0.4188

Figure 4-1: Detailed statistics of the data

sentiment

sentiment

Figure 4-2: Dataset 1 and Dataset 2 target class balance

4.0.2 Text preprocessing

In this part, we used regular expressions to clean out data, did the following prepro-

cessing steps which will help to remove the characters, as they do not contain any

sentiment.

Removing the underscore

Removing symbols

Removing the literal question mark

17

Removing the one or more white spaces

Removing the number of white space characters followed by a comma




e Removing one or more digits

e Removing punctuations

Removing empty sentences (on non-empty sentiment value)

Removing HTML tags

Converting text to lower case

This is a dataset column before text preprocessing:

sentence sentiment

] is 5o sad for my APL friend............. V]
1 | missed the New Moon trailer... o
2 omg its already 7:30 :0 1
3 .. Omgaga. Im sooo im gunna CRy. I've been at this dentist since 11.. | was suposed 2 just get a crown put on (30mins)... lv]
4 i think mi b is chealing on me!!! T_T 0
5 oF | just worry 100 much? 0
6 Juuuuuuuuuuuuuuuuussssst Chilling! 1
7 Sunny Again Work Tomorrow -1 TV Tonight o
8 handed in my uniform today . | miss you already 1
9 hmmmm.... i wonder how she my number &-) 1

Figure 4-3: Data before text preprocessing

After text preprocessing, we got the following cleaned text:

sentence sentiment

0 is s0 sad for my apl friend 0
1 i missed the new moon trailer Q
2 omg its already o 1
3 omgaga im 5000 im gunna cry | ve been at this dentist since i was suposed just get a crown put on mins 1]
4 | think mi bf is cheating on me tt 0
5 or | just worry too much 0
6 JuuuUUUUUUUUUUUUUUSSSSsSt chillin 1
7 sunny again work tomaorrow tv tonight 0
8 handed in my uniform today | miss you already 1
9 hmmmm | wonder how she my number 1

Figure 4-4: Data after text preprocessing

4.0.3 Extracting features

Extracting features is one of the important parts of the model building process, as

we need to find valuable data that contains more information to fit our model. This

18



part includes a method called TF-IDF (Term Frequency Inverse Document). TF-IDF
counts the frequency of the word in a document, first TF is calculated by dividing
the number of times a word appears in a document by total number of words in a
document. The second term IDF measures the weighted importance of the word in a
whole document. In BERT, word embeddings are extracted with the help of the Keras
library. In Logistic regression algorithms it is done by Sklearn library CountVectorizer
and in LSTM method features extracted by multiple layers using tokenizer functions.
Feature selection techniques like removing objective sentences part of speech (POS)
tagging (unsupervised learning), opinion words and phrases, finding negations can be

also practiced [27].

4.0.4 Model building

LSTM model is four-layered Sequential models, containing an LSTM layer with 196
memory units. Categorical cross-entropy used as a loss function and Adam is used as
an optimization function. To overcome the overfitting problem, we added a Dropout
layer. The splitting proportion of the dataset into testing and training is 1/5. Logistic
regression model constructed using sklearn linear model, defining ‘Ibfgs’ ( Limited-
memory Broyden—Fletcher—Goldfarb—Shanno) solver as an estimation, which guesses
weights that will encourage to decrease the cost function, and other default param-
eters. Model fits the input that was converted into feature vectors. BERT model
consists of 12 layers, 768 hidden sizes, and 12 attention masks. Adam is used as an
optimizer and cross-entropy loss to fine-tuning the weight parameter. The model is

called pre-trained because it is trained on data that not connected with the task.

4.0.5 Training

Training is a process of learning the data. We trained the models with two different
numbers of data, first with 1700 lines and then 10 000 lines of data. The model
training process consisted of 10 iterations, in order to prevent overfitting, and as we

have not large data enough. After each iteration, we calculated the train, validation
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accuracy, and loss. The validation split ratio for both LSTM and BERT was 0.5,

while test size was in ratio 0.1.

Train history

0.90 1 —— train accuracy
validation accuracy

0 2 4 6 8
Epoch

Figure 4-5: Train accuracy history of LSTM model

The accuracy of training the model after 10 iterations were the following: LSTM
— 0.82, Logistic Regression — 0.77, BERT — 0.81. Working with the Polyglot and
TextBlob library, they do not require the training part, so we took the examples
from the dataset and passed them through our code. One thing to be noted is that
some language resources were not available in Polyglot and we had difficulties with

sentiment detection.
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Training history

10

0.8 1

0.6 1

Accuracy

i

0.2

- train accuracy
validation accuracy

0.0

L] L] L] L L]

-
=
=

0 2 - 6 8 10 12 14

Epoch

Figure 4-6: Train accuracy history of BERT model

Below examples of detecting “Negative” and “Positive” sentiment:

is

=a

sad

for

my

apl
friend
Hegative

is so sad for my apl friend | missed the new moon trailer or i just worry too much

i thimk mi bt im chenting omone t o
i 0

¢ i o or o think ]

_g missed -1 i 0 ;i '

M the o Just 0 is o

M new 0 worry -1 hestang °

o moon o too a ne [l

1] trail gr o maeh 1] : :
Hegative Hegative ngative

Figure 4-7: Negative sentiment detection

hmeme 1 wonder how she my number Lf this iz he way i feal right new
I 1t

sunny again work tomorrow tv tonight o
sunny o ; : ehis ]
4 + ia o
again o
w: x 1 wonder 1 =he o
< how a way 8
LOMOEroW o e a i o
v o ;y p fecl o
right 1
Lonj..gljlt o number Q naw L]
Positive Poaitive rasitive

Figure 4-8: Positive sentiment detection

21



4.0.6 Testing

We generated 10 random sentences using the Document Generator library (https://pypi.org/project/ess
generators/) to test our models, how they predict their polarities and whether they

show different results.

1 Persons. The the lower-density surface zone is known as the length and movement

2 Density zones: two existing customs unions: Mercosur and the Mediterranean trade.

3 Owls, Carclina with speoradic rainfall while parts of

4 Midtown, and a move into the ground in what is right. Evil or bad

5 Italian sausage. than a place name.

6 Physician Asaph downdrafts within the Boreal Kingdom and Empire), and the Arabian

7 XML dialect. entrance to

B And testified colloguial use of effect size statistics, rather than the speed of light in
9 English languages. explain properties of the

10 Ten floors has rather warm summers, with a salad

Figure 4-9: Randomly generated sentences

We passed these sentences to our four methods, labeled the output, if the assumed
value is positive, then 1, if it is negative then 0. For the Polyglot case, we also

highlighted the neural values.

1. Persons. The the lower-density surface zone is known as the length and move-

ment [BERT — 0, LSTM — 1, Logistic Regression — 1, Polyglot — 1 (neural)]

2. Density zones: two existing customs unions: Mercosur and the Mediterranean

trade. [BERT — 0, LSTM — 1, Logistic Regression — 0, Polyglot — 1 (neural)]

3. Owls, Carolina with sporadic rainfall while parts of [BERT — 0, LSTM - 0,

Logistic Regression — 1, Polyglot — 0]

4. Midtown, and a move into the ground in what is right. Evil or bad [BERT - 0,
LSTM - 0, Logistic Regression — 0, Polyglot - 1 (neural)|

5. Italian sausage. than a place name. [BERT — 0, LSTM - 1, Logistic Regression
— 1, Polyglot — 1 (neural)]

6. Physician Asaph downdrafts within the Boreal Kingdom and Empire), and the
Arabian. |[BERT — 0, LSTM — 1, Logistic Regression — 0, Polyglot — 1 (neural)|

7. XML dialect. entrance to. [BERT — 1, LSTM — 1, Logistic Regression — 0,
Polyglot — 1 (neural)]
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8. And testified colloquial use of effect size statistics, rather than the speed of light
in [BERT - 0, LSTM — 1, Logistic Regression — 0, Polyglot — 1 (neural)|

9. English languages. explain properties of the [BERT — 1, LSTM — 0, Logistic
Regression — 0, Polyglot — 1 (neural)]

10. Ten floors has rather warm summers, with a salad [BERT — 1, LSTM - 0,
Logistic Regression — 0, Polyglot — 1]

4.0.7 Evaluation

To test whether our model works appropriately, we need to make an evaluation. In

this work, we looked for the most commonly used evaluation metrics:

e Accuracy (TP+TN)/Total — meaning the proportions of correct predictions

e Precision TP /(TP+FP) - meaning the proportion of points that the model clas-

sifes as positives are actually positives, how many values are predicted correctly.

e Confusion matrix represents a table of four value combinations about predicted
and real values, used for evaluation of the classification model. The predicted
values are described in positive and negative, while actual values are true and

false.
1. True Positive (TP): model predicted the actual value correctly and it shows
a positive result

2. True Negative (TN): model predicted the actual value correctly and it

shows a negative result

3. False Positive (FP): model predicted the actual value to be positive and it

1s 1ncorrect

4. False Negative (FN): model predicted the actual value to be negative and

1t 1s incorrect
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e Recall (TP/(TP+FN)) - meaning the proportion of actual positives that are

correctly classified by the model, how many actual values predicted correctly

e I score — helps to compare models, simultaneously taking into account recall

and precision, calculated as the harmonic mean of precision and recall.
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Chapter 5

Results & Discussion

5.0.1 Result

We applied two datasets to the proposed LSTM, Logistic Regression, BERT models,
and library Polyglot. We did Machine Learning based and statistical approach. The
table below shows the experimental results of ML approaches. We established that
the result of experimental work with a small dataset does not achieve the results that
a large dataset got, so in this part, only the result of working with large dataset will
be discussed. In the Figure 5-1, LSTM and BERT models show the best accuracy,
showing about 0.8, however, BERT pre-trained model shows better performance in
terms of precision, recall and F score over two algorithms.

We ran 5 positive sentences and 5 negative sentences from the dataset for the
Logistic Regression model to see predicted and expected sentiment values. Then we
obtained the following results in Figure 5-2.

By summarizing achieved results, we can admit that LSTM presented a more
compatible model learning rate, showing an accuracy of 0.82. Despite a well-trained
model, LSTM failed in terms of precision and recall metrics. BERT model demon-
strated consistent output for accuracy and recall, showing a value of 0.81. Talk-
ing about the Logistic regression model, we conclude that there was lagging be-
hind the accuracy of the training history than other models, showing - 0.77. We

looked to the results of others that did sentiment analysis with this open-source
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Evaluation metrics LSTM Logistic regression BERT
Accuracy 0.82 0.77 0.81
Precision 0.74 0.76 Negative — 0.7
Positive — 0.61
Recall 0.74 0.64 Positive - 0.81
Negative — 0.79
F score 0.74 0.67 0.82
Figure 5-1: Evaluation results
Sentence Predictions Expect Results
0 feeling strangety fine now | m gonna go listen to some semisonic to celebrate False True False Negative
1 handed in my unifarm taday | miss you already False True False Negative
2 you re the only one who can see this cause no one else is following me this is for you because you re pretty awesome False True False Negative
3 uploading plctures on friendster False True False Negative
4 thanks 1o all the haters up in my face all day False True False Negative
5 this weekend has sucked so far False False  False Positive
6 just worry too much False False False Positive
7 | migsed the new moaon trailer False False False Posilive
& is 8o sad for my apl friend False False False Positive
9 isnt showing in australia any more False False False Positive

Figure 5-2: Test cases with Logistic Regression model

dataset and found that their Logistic regression model hit accuracy of 0.82 [Kri-

tika Rupauliha’s solution from Github (https://github.com /rkritikal508/Sentiment-

Analysis/blob/master /Fifth.ipynb)].

Talking about the prediction of the sentiment

of the ten generated sentences, we observed that there was only one case, when we

got the same result, in other cases, they differed. Sometimes we observed that BERT

with LSTM, BERT with Logistic regression, or LSTM with Logistic regression pre-

dicted in the same way. In most cases, prediction by using Polyglot displayed that

the text is Neural.

Talking about the models themselves, we considered that the LSTM model is one
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of the widely used and studied methods, as over 3000 papers were found only from
one source (https://paperswithcode.com/), and this rate is multiple times bigger than
other method related papers. Papers about the application of LSTM for sentiment
analysis task are in the second place after time series papers. The popularity of the
LSTM model can be described by fact that it is simple to implement. The logistic
regression model can be advantageous if there is low dimensional data and their fea-
ture are linearly separable, but it requires a large dataset to get better results. BERT
pre-trained model gives a better result as it is already trained and has calculated
weights, but it requires more computational power and time. Polyglot and TextBlob
does not need prior training, and we can get the result quickly, because of execution

time, but it has no learning competence.

5.0.2 Data visualization

The operation of the sentiment analysis may go through various applications where
the user can easily detect what does the word expresses. One of the approaches can
be web applications. Part of the hands-on experience was creating a simple web
application that can demonstrate the idea behind this approach. Web application
based on TextBlob and Polyglot python libraries, LSTM, and BERT approach for
sentiment analysis. LSTM and BERT models were selected because of their perfor-
mance while the training and testing phases. Those trained models saved and were
imported to web projects and used for sentiment prediction. The interface of the
application was written in JavaScript and used the Flask framework for connecting
our python libraries for a web application. One thing that should be mentioned is
that TextBlob and Polyglot may output “Neural” values too. User enters word or
sentences, then clicks the button “Define sentiment” and get results for every block
of methods. We can observe that one sentence can be from one perspective “Neural”
and another perspective “Positive”.

In the web application, we allowed loading data from the file and see the sentiment
chart, count how much data tend to be positive and negative. Sentiment prediction

is done by the LSTM algorithm. On the right side, we can see the filtered list of data
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Sentiment analysis

| am happy

TaxtEiag Polygiot BERT LSTM

Positive Mewr; Positive: Paaitive

Figure 5-3: Web interface. Positive and Neural sentiments

Sentiment analysis

| am sad

TaxtBlog Palyglet BEAT LETM

Negative Neural Megaive Megative

Figure 5-4: Web interface. Negative and Neural sentiments

Sentiment analysis

| lave you to the macn and back

TeotBlcg Falygiot BERT L5TM

Positive Posnie

Figure 5-5: Web interface. Neural and Positive sentiments

Sentiment analysis

| hate you
Difine santiment
Textfliog Falygiot BEAT LETM
Mogatie 4 Nogative Nogative

Figure 5-6: Web interface. Negative and Neural sentiments
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by sentiment. This might be an example of how you can filter data by sentiment.
For example, a user uploads a post on Instagram receives comments, and can see how
others react to that post. The post can be an advertisement, recommendation, or
sale of a product. With the help of this analysis, it will be possible to collect feedback

and delete negative comments.

Sentiment of data from file

Positive content:

1. You look perfect

2. Delete your photo

3. | admire you

4. | believe that you will get a first place

W Positive (4)
W negative (6)

Negative content:

1. 1 am waiting your new album
2. Your profile is so interasting
3. This photo made me sad

4. Do not judge them

5. Do not show us your talent
6. Sorry | hate you

Figure 5-7: Sentiment analysis graph

5.0.3 Discussion

In this paper, we observed how sentiment analysis work and how different technique
can be applied for this NLP problem. Sentiment prediction from different methods
represented different values.

The first reason may be that our class distribution was imbalanced, that is why
accuracy may not found appropriate. The first training set class balance was Negative
—0.34201, Positive — 0.6579, while the second dataset class distribution was following,
Negative — 0.5812 and Positive — 0.4188. In order to solve this issue, we should
truncate and pad the input sequences, use the class weighted loss function, and up
sample our class sharing.

The possible second reason is that we targeted only Positive and Negative classes,
not taking into consideration Neural class sentences. This may also alter the predic-
tion sentiment if the actual value of the test sentence is Neural, as there is no option

for forecasting of third class. This is a shred of evidence, when we passed text to ML
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algorithms and got positive or negative sentiment, however Polyglot guess that the
target class of the text is neural.

The third reason may be that we did not consider sarcastic sentences, negations
and we did not perform the stemming process. Finding negations from sentences and
analyzing them during sentiment classification is still an open question in the senti-
ment analysis domain. The stemming process can be done using Natural Language
Tool Kit, meaning this preprocessing is replacing one rooted word in different words
with a root word. For example, the words waiting, waits, waited are replaced with
the word ‘wait’.

The final reason may be the domain of the dataset that we used to test our
models. 10 randomly generated sentences were not especially from social networks,
it may cover different subjects, even difficult terms. A random sentence generator
was chosen because attempts to connect Twitter API were unsuccessful. Our models
were trained only on Twitter reports, that is why it is obvious that they may face
confusion.

In the interest of increasing the progress of proposed models, we can do the fol-

lowing operations:

e Removing words that do not contain sentiment. For example, nouns and pro-

nouns.
e Tuning the hyperparameters. For example, using popular Grid Search.

e Scaling the feature and normalization, they will decrease the computational
cost. For example, BERT needed more computational power for training the

data than other models.

e Handling Part of Speech and Point-Wise mutual information. For example,
there is a hypothesis that adjectives have more value in the sentence sentiment

rather than adjectives with adverbs.
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Chapter 6

Conclusions

In this paper, we tried to introduce methods for sentiment analysis task by experi-
mental work and by comparing their performance investigated the hypothesis which
approach shows appropriate results. The main contribution of this paper was a re-
vision of three algorithms, which have different individual objectives but applied to
the one sentiment analysis task. Furthermore, we used the Polyglot and TextBlob
libraries to see how it flies with this task, how we can output the sentiment of the
whole sentence knowing separate words sentiment. We come up with the idea that
pre-trained models and ready libraries give more precise results. To raise the power
Machine Learning approach, we should build the model so that we took into con-
sideration all the features of the selected language, improve preprocessing and do

experiments on large datasets.
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