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Abstract

Sentiment analysis aims at �guring out the opinions of the users towards a certain

service or product. In this research, the aim is at classifying the sentiments of

users based on the comments they have posed on Douban movie website. In

this thesis, I try two di�erent ways to classify the sentiments: with the �rst one

classifying comments into �ve classes of ratings from 1 to 5, and with the second

one classifying comments into three classes of ratings: negative, neutral and

positive. For the latter, the ratings of 1 and 2 are grouped as negative, the ratings

of 3 neutral and the ratings of 4 and 5 positive.

First, Term Frequency Inverse Document Frequency (TF-IDF) is used as the

feature extraction technique for machine learning algorithms. Chi Square and

Mutual Information are used for feature selection. The selected features are fed

into di�erent machine learning methods: Logistic Regression, Linear SVC, SGD

classi�er and Multinomial Naive Bayes. The performance of models with feature

selection will be compared with the performance of models without feature

selection for 5-class classi�cation as well as 3-class classi�cation.

Also, fastText and Skip-Gram are used as embedding methods for deep learning

algorithms LSTM and BILSTM. FastText will also be used for both embedding

as well as being a classi�er. The aim is to compare di�erent machine learning

and deep learning algorithms using di�erent vectorization methods to see which

model performs the best regarding both 5-class and 3-class classi�cation.

The two classi�cation strategies will be compared with each other in terms

of error analysis. The aim is to �gure out the similarities and di�erences of

misclassi�cations made by two di�erent classi�cation strategies.

Keywords— sentiment analysis, classi�cation strategies, feature selection, machine

learning, embedding, deep learning
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1 Introduction

Douban
1

is one of the most popular websites in China which recommends movies,

books and other entertainments, as well as serves as a website for users to rate and

review these entertainments. The movies it recommends are international, meaning

that there are both Chinese movies and international movies. Users rate the movies

by giving stars to the movies they watched at a scale from 1 to 5, and writing their

reviews of the movies so that other users can read or comment on them.

A movie review is a document of sentences which shows how the reviewer thinks

about the movie and how the reviewer judges the movie. These reviews can be read by

other reviewers, which means that they can potentially learn something of the movie

based on the review, and even comment on the review. This is a way of internet social

networking. The users can then decide whether they want to watch the movie or not.

That is why movie reviews can play an important role in movie industry. To a large

extent, after a movie is done, movie reviews can either serve to promote the movie or

push the potential audience away from watching the movie. For Douban reviewers,

together with the reviews they write, they also pair the reviews with a rating from 1

to 5. The ratings can be considered as a shortcut to the opinions of the reviewers on

the movie (Liu, 2012). Instead of reading every piece of movie review, which can be as

short as a word or as long as a long article, ratings can be a good indicator of audiences’

preferences. Therefore, when di�erent models are trained using the comments and

ratings in this research, it is possible to use these models to classify other data that

might not be already rated.

To be able to extract sentiments out of millions of reviews is to be able to e�ciently use

the data for understanding the audience. This has already urged many researchers to

have used di�erent automated ways to analyze the textual data. From data collection,

data preprocessing, data vectorization all the way to data classi�cation, di�erent tech-

niques related to natural language processing have been employed. Both rule-based

methods and machine learning methods have been used for sentiment analysis. In

terms of sentiment analysis of movie reviews in English, many scholars have done

research using di�erent machine learning strategies. In comparison, not a lot of re-

search has been done on movie reviews in Chinese. Therefore, this thesis focuses on

the sentiment analysis of movie reviews in Chinese.

This research will deal with the sentiment analysis of movie reviews with two di�er-

ent classi�cation strategies. The �rst classi�cation strategy in this research is 5-class

(Hallsmar and Palm, 2016; Pak and Paroubek, 2010), with the ratings in the data from 1

to 5 being the �ve di�erent classes of labels. The second classi�cation strategy divides

the 5 di�erent ratings into negative, neutral and positive classes of sentiment. Ratings

which are lower than 3 can be considered negative reviews while ratings above 3 can be

considered positive reviews. Ratings equal to 3 can be considered neutral. Depending

on the purpose of sentiment analysis, whether it is for knowing exactly how much

each user like or dislike the movies, or it is for knowing whether each user holds

1
https://www.douban.com

5

https://www.douban.com


positive, neutral or positive feelings towards the movies. For the former, the 5-class

classi�cation strategy can be useful. For the latter, the 3-class classi�cation strategy

seems to be able to meet the needs. This comparative study between two classi�cation

strategies can help ful�ll both purposes of sentiment analysis. Comparative studies

will not only be done on di�erent models within each classi�cation strategy, but also

between two di�erent classi�cation strategies. The performances of di�erent models

for two di�erent classi�cation strategies can serve as a guide for choosing classi�cation

strategy and model for sentiment analysis.

A comparative discussion will be made on the models within each classi�cation strat-

egy, as well as between two di�erent classi�cation strategies. An error analysis will be

made on the two di�erent classi�cation strategies, in order to �nd out the patterns of

misclassi�cation of each strategy.

The research questions will be:

1. Among the models of LSTM or BILSTM with Skip-Gram or fastText as the embed-

ding method, as well as fastText as being both the classi�er and the embedding

method, which model performs the best for the task of 5-class classi�cation and

3-class classi�cation respectively?

2. Could dimension reduction methods (Chi Square or Mutual Information) improve

the performance of the traditional machine learning classi�ers (SGD Classi�er,

Linear SVC, Multinomial Naive Bayes, and Logistic Regression)?

3. Given F1 scores as the evaluation metrics on how each model mentioned in

the previous two questions performs in each class, what are the patterns of

misclassi�cation for 5-class classi�cation and 3-class classi�cation respectively?

This means that in which class the models make the most mistakes for prediction,

and in which class the models make the least mistakes for prediction?

The thesis is organized as follows: Chapter II describes the related work in the �eld of

sentiment analysis. Chapter III describes the methods used in the experiments. Chapter

IV describes the experimental setup. Chapter V analyzes the results of experiments,

and Chapter VI is dedicated to the conclusion of the research and future work.
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2 Related Work

In this chapter, the previous works on sentiment analysis will be reviewed. The algo-

rithms used in the previous works will be explained in a brief way.

2.1 Introduction

Sentiment analysis refers to the processing of textual data and analyzing the emotions

represented by the data.

There have been numerous researches in the past related to sentiment analysis. Di�er-

ent methods and algorithms have been used for prediction of sentiments. They will be

talked about in more details in the next section.

Generally speaking, there are two major types of ways to analyze sentiment: lexical-

based systems (Chiavetta et al., 2016) and data-driven systems. The focus of this

research is on data-driven systems (Jufarsky et al., 2000; Karl Pearson and L. Lee, 2008).

2.2 Data-Driven Systems

Data-driven systems are to use machine learning algorithms for classi�cation of senti-

ments and make predictions. The algorithms used for this area are meant to learn from

the textual data, extract useful information, and predict a class that the data belongs

to. The following describes the implementation of a machine learning algorithm:

First of all, data is split into training and testing data. The textual data is transformed

into numerical features. Features and labels are paired and fed into machine learning

algorithms for producing a model.

During the process of predicting, testing data is transformed into numerical features.

The input of the model is the features and the output of the model will be the predicted

labels.

2.2.1 Vectorization of Textual Data

Textual data cannot be directly used as input for any machine learning algorithm as

they are not in numerical form. Therefore, it is necessary to �rst convert the text into

numbers. This process is called vectorization, which means to turn words into vectors.

There are di�erent ways to vectorize words. The most basic way to vectorize words is

Bag-of-Words. But this method of choosing words based on the count threshold doesn’t

take rare words into consideration (Allahyari et al., 2017). TF-IDF was introduced as it

cares more about the relevance of words, instead of frequency of words, in the data
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(S. Lee and Kim, 2008).

Besides, word2vec, introduced by Mikolov, K. Chen, et al. (2013), has also been widely

used for embedding the inputs. In terms of sentiment analysis, word2vec has been

used for word representations (Tang et al., 2014; Xue et al., 2014; D. Zhang et al., 2015).

Besides, Sadeghian and Sharafat (2015) used sentence embeddings, which counted the

average of the word vectors in each review, for sentiment analysis.

2.2.2 Classification Algorithms

Classi�cation tasks are to train classi�ers such as Naïve Bayes, Logistic Regression,

Support Vector Machines, or Neural Networks, and use these models to predict:

2.2.2.1 Naive Bayes in Sentiment Analysis

Two Naive Bayes algorithms, one using unigrams and the other using part of speech

tagging, were combined by Pak and Paroubek (2010) for sentiment analysis. The emoti-

cons contained in the data were assumed to represent the sentiment of the text and

the combined classi�er gave the accuracy of 74%.

The Naive Bayes algorithm has been used for movie review data as well. For instance,

it was used by Pang et al. (2002) and the results proved to be consistent with the

previous studies on sentiment analysis. Di�erent ways of extracting features, such

as part-of-speech tagging, unigrams and bigrams were used for Naive Bayes models

training and their performance reached the accuracy of 77.3%.

2.2.2.2 Support Vector Machines in Sentiment Analysis

Twitter data was used for public sentiment analysis by Ritterman et al. (2009). The

approach used for this study was using a SVM-based algorithm on microblog messages

about an in�uenza pandemic. The results show that social media such as Twitter can

be used for gauging public sentiment. BlogVox was introduced by Java (Gao et al.,

2019) to capture the opinions on any speci�c topic from blogs.

Feature selection methods are used for reducing training time of Naıve Bayes and

Support Vector Machine classi�ers (O’Keefe and Koprinska, 2009) on movie reviews

from IMDb
1
. The results showed that the performance of the classi�ers can reach the

accuracy of 87.15 percent when the feature selection method Categorical Proportional

Di�erence was applied to reduce the usage of features to less than 36 percent. For

Chinese sentiment analysis of Chinese microblogging, Information Gain, Mutual Infor-

mation, Chi-Square were used for selecting the features (Tan and J. Zhang, 2008). The

results showed that when Information Gain was applied, the performance of Support

Vector Machines reached the F1-score of 87.07 percent.

2.2.2.3 Decision Trees in Sentiment Analysis

Castillo Ocaranza et al. (2013) trained a Decision Tree algorithm with manual annota-

tions of data on a Twitter dataset and they got the accuracy of 70%. A weighted voting

was given as scoring criterion to each Decision Tree in the forest by Tsutsumi et al.

(2007) on 1400 movie reviews, and they got the result of 83.4% as accuracy. Kanakaraj

and Guddeti (2015) used semantics and word sense disambiguation techniques to

1
https://www.imdb.com/
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increase the accuracy of classi�ers. In order to further improve the accuracy of pre-

diction, di�erent machine learning algorithms were combined and employed on the

data and this approach, which is called Ensemble Methods, achieved better accuracy

than any of the algorithms that the Ensemble Methods are made of. Kanakaraj and

Guddeti (2015) tried Decision Tree, Random Forest, Extremely Randomized Trees and

Decision Tree regression with Ada Boost Classi�ers on Twitter sentiment analysis.

The results were compared with other machine learning algorithms like SVM, Baseline,

MaxEntropy and Naive Bayes.

2.2.2.4 Neural Networks in Sentiment Analysis

Back-propagation arti�cial neural network based approach was proposed by Sharma

and Dey (2012) for doing classi�cation of di�erent sentiments. This approach is a

combination of machine learning approaches and lexical-based approaches. It was

proved to give performance with good accuracy with dimensions of features reduced.

Tarasov (2015) did a comparative study between logistic regression, Recurrent Neural

Networks, Bidirectional Recurrent Neural Networks, Bidirectional Long Short-Term

Memory, and found that deep bidirectional LSTM with 2 hidden layers gave the best

performance. LSTM was employed by Tai et al. (2015) to classify sampled movie review

sentences and to predict how related these sentence pairs were semantically. Socher

et al. (2013) used Recursive Neural Tensor Networks and the Stanford Sentiment

Treebank to improve the accuracy of predicting sentiment labels.
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3 Methodology

This chapter is dedicated to the theories that the sentiment classi�cation tasks in this

thesis are based on, namely data representation, feature selection, and classi�ers.

3.1 Data Representation

While machine learning algorithms deal with numbers, the data we have in this

study is text. In order to be able to classify these textual data using machine learning

classi�ers, these textual data needs to be transformed into numbers. This process or

transformation of text into numbers is called text vectorization. Text vectorization

is an important step enabling machine learning classi�ers for analyzing the textual data.

As described in Section 2.2.1, there are many di�erent ways to vectorize textual data,

including bag-of-words, TF-IDF (term frequency-inverse document frequency) and

word2Vec. Di�erent ways of vectorization will lead to di�erent results of analysis.

3.1.1 TF-IDF

In this research, TF-IDF is chosen as one of the ways to vectorize the textual data of

movie reviews. Each review is treated as a document (Turney, 2002). TF-IDF is chosen

for vectorizing the textual data because it takes into consideration the importance of

a word across the complete list of documents. Within each document, each word is

measured for its relevance in that document. Each word is given weight according to

how relevant it is to that document. Therefore, if a word exists in many documents,the

weight given to that word is diminished, as it is not useful for discerning the doc-

uments. TF-IDF creates a matrix in which rows represent the documents, columns

represent the words, and values represent the relevance of the words in the documents.

TF, term frequency, measures how many times a word exists in a given document. IDF,

inverse document frequency, measures how many times that word exists across a set of

documents. If a word occurs frequently in a given document, but it also occurs in many

other documents, that word is not valuable to di�erentiate any given document.The

equation of TF-IDF is shown in Equation 3.1

F8, 9 = C 58, 9 × log
(
#

358

)
(3.1)

where:

F8, 9 = weight of 8 in 9

C 58, 9 = number of occurrences of 8 in 9

3 58 = number of documents containing 8

# = total number of documents

From the mathematical formula above, it can be seen that if a word occurs frequently

in a given document but it doesn’t exist in many other documents, its TF score will be

10



high, and its IDF will be very close to 1. Therefore, its TF-IDF score will be high. On the

contrary, if a word occurs frequently in a given document, but it also occurs in many

other documents, even though its TF score will be high, its IDF score will be closing to

0. Therefore, its TF-IDF score will be very low. If a word occurs frequently in a given

document, and also is found in all documents, its IDF score will be 0. Therefore, its TF-

IDF score will be 0 as well. Valuable words, which are common in a given document,

will have high TF-IDF score, whereas less valuable words, which are common in

both a given document and appear in many other documents, will have low TF-IDF

score. These scores are the features for later machine learning algorithms to use for

classi�cation purposes.

3.1.2 Word Embeddings

Word embedding maps words in the input into a vector space. The aim of word em-

bedding is to use distance between word vectors as a way to measure how similar the

mapped words are to each other. Word embedding has been used in many di�erent

tasks, for instance, machine translation (Zou et al., 2013), parsing (D. Chen and Man-

ning, 2014) and semantic search (Reinanda et al., 2015; Voskarides et al., 2015).

Two di�erent kinds of models are involved in word embedding, which are a count-

based method and a predicative method. And for the predicative method, there are

two kinds of methods, which are Glove and word2Vec. Since the word2Vec method

does the computation of word representation in a more e�cient way, it is chosen for

this research.

For word2Vec, there are three kinds of models for word representation: Skip-Gram,

CBOW and fastText. Since the aim of these three models is to �nd out the semantic

similarity between words, they can be used for extracting feature vectors which have

high correlation with the words’semantic meaning. It is assumed that words in similar

contexts will have similar meaning, therefore, words with similar meaning will have

similar vector representations. The di�erence between Skip-Gram and CBOW is that

while CBOW works more quickly with a large data, skip gram works better when

new words occur
1
. In this research, Skip-Gram will be used for vector representation.

Also, fastText is chosen for vector representation in this research. It is because fastText

vectorizes n-gram characters instead of treating each character as a vector, it can

potentially better vectorize rare and unknown characters.

3.1.2.1 Skip-Gram

The Skip-Gram model is introduced by Mikolov, K. Chen, et al. (2013) and Mikolov,

Sutskever, et al. (2013). It is used for the prediction of context of a word as target.

Figure 3.1 illustrates the Skip-Gram model.

As it is illustrated in Figure 3.1, focus wordF (C) is the input, while the surrounding

words are the output.F (C − 2) andF (C − 1) are the contextual words before the focus

word, andF (C + 2) andF (C + 1) are the contextual words after the focus word. The dot

product between the weight matrix and the input vectorF (C) is done in the hidden

layer between the input layer and the output layer. Then the dot product between

the weight matrix and the output vectorsF (C − 2),F (C − 1),F (C + 1) andF (C + 2) is

done in the output layer. After that, softmax is used as activation function so that the

1
https://towardsdatascience.com/nlp-101-word2vec-skip-gram-and-cbow-93512ee24314
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F (C)

F (C + 2)

F (C + 1)

F (C − 1)

F (C − 2)

INPUT PROJECTION OUTPUT

Figure 3.1: Skip-Gram

probability of contextual words can be counted.

3.1.2.2 fastText

FastText is another method for word embedding as it extends from Word2Vec (Joulin

et al., 2016). In terms of Chinese, the di�erence between fastText and word2Vec is

that fastText represents Chinese characters using n-grams, while word2Vec represents

each word as a vector.

When Chinese characters are represented using n-grams, a Skip-Gram model learns

how to embed the n-grams characters by a sliding window over the n-grams of Chinese

characters without taking their order into consideration. Therefore, fastText can be

considered as n-grams embeddings.

The advantage of fastText over word2Vec is that when Chinese characters are repre-

sented using =-grams,each vector actually contains information of n words. So even

if a Chinese character is not present when the model is trained,it can be combined

with = − 1 characters and embedded as a single vector. Therefore, in comparison

with word2Vec which cannot embed words absent during training, rare characters

or characters absent during training can be embedded together with its neighboring

characters using fastText. FastText also makes it possible for the model to learn the

order of the n-grams characters, instead of treating every character as a vector without

taking any order of characters into consideration.

3.2 Feature Selection

After the features are extracted from the corpus through TF-IDF method, it is worth

it to take the dimensionality of features into consideration. The reason is because, if

the dimensionality is too high that it is both computationally very expensive, but also

might possibly cause the performance of the model to decrease. This is called “The

Curse of Dimensionality” (Van Der Maaten et al., 2009).

The reason why high dimensionality of features might cause decreasing performance

of models is because when feature space grows bigger and bigger by adding more

and more features, the feature space becomes more and more sparse. The more sparse

the feature space becomes, the more machine learning models �t the training data.

Therefore, if the feature space is too sparse, machine learning models will over�t the

12



training data, and thus become less capable of predicting on the test data.

On the other hand, the attempt of reducing dimensions of features might cause perfor-

mance decreasing as well, as this might remove some valuable features and lead to

under�tting of the model to the data.

There are two ways to do dimension reduction. The �rst method is feature selection, and

the second method is feature projection. The di�erence between these two methods is

that the former method removes redundant features while the latter method compresses

the dimensions of features by projecting the features in high-dimensional space onto

fewer dimensional space. A subset of features are kept with the former methods,

while new features are created with the latter methods. In this research, Chi Square

and Mutual Information as feature selection methods are chosen for reducing the

dimensions of features. Feature projection methods are not chosen because they

completely change the feature space by mapping inputs from higher dimension to a

lower dimension coordinate system. Therefore, even though the dimension is reduced,

more non-zero elements need to be stored to preserve information as much as possible.

Because of the huge number of non-zero elements, algorithms can not work without

crashing the RAM.

3.2.1 Chi Square

Unlike feature projection methods, feature selection methods remove unimportant

variables instead of creating new variables out of original variables. The �rst feature

selection method for this research is Chi-Square. Chi-Square is a statistical method for

measuring how dependent a feature variable and a target variable are (Plackett, 1983).

A high Chi-Square score shows the strong dependency between a feature variable

and a target variable, whereas a low Chi-Square score shows the weak dependency

between a feature variable and a target variable. If a feature variable is independent

from a target variable, the score of the Chi-Square is 0. Chi-Square Test is calculated

in the following steps:

1. De�ne the null hypothesis that a feature variable and a target variable are

independent, and the alternative hypothesis that these two variables are not

independent.

2. Create a table which shows how target variables in rows and feature variables

in columns are distributed. Degrees of freedom for the table is (A − 1) × (2 − 1)
in which A ,2 are rows and columns.

3. Calculate the expected values for all the cells of the table created above. The

formula for this is as follows:

4 = = × ? (3.2)

In Equation (3.2), 4 is the expected value, = is the number of times that the event

happens, and ? is the joint probability between a feature variable and a target

variable. Since the null hypothesis is that these two variables are independent,

their joint probability is equal to the multiplication of probability of the feature

variable by the probability of the target variable.

4. Calculate the Chi-Square statistic. Equation (3.3) shows how Chi Square is

calculated:

j22 =
∑ ($8 − �8)2

�8
(3.3)

where

13



2 = degress of freedom

$ = observed value(s)

� = expected value(s)

5. Chi-Square value computed above can be checked against the Chi-Square table to

see whether it falls in the acceptance or rejection region. If it falls in the rejection

region, then the null hypothesis is rejected and the alternative hypothesis is

accepted. If it falls in the acceptance region, then it is the other way around.

Hence,whether the feature variable and the target variable are independent to

each other can be found out. If they are independent, then the feature variable

can be removed.

3.2.2 Mutual Information

Mutual information is used for measuring how mutually dependent two variables are

(Tan and J. Zhang, 2008). Mutual dependency in this case means that if two variables

are mutually dependent, by observing one variable, it can tell a lot of information

about the other variable. The mutual information � (- ;. ) between the feature variable

- and the target variable Y is given by:

� (- : . ) =
∑

G ∈j,~∈~
? (-,. ) (G,~) log

? (-,. ) (G,~)
?G (G)?~ (~)

=
∑

G ∈j,~∈~
? (-,. ) (G,~) log

? (-,. ) (G,~)
?G (G)

−
∑

G ∈j,~∈~
? (-,. ) (G,~) log?. (~)

=
∑

G ∈j,~∈~
?- (G)?. |- = G (~) log?. |- = I (~) −

∑
G ∈j,~∈~

? (-,. ) log?. (~)

=
∑
G ∈j

?- (G)
(∑
~∈~

?. |- = G (~) log?. |- = G (~)
)
−

∑
~∈~

(∑
G

? (-,. ) (G,~)
)
log?. (~)

= −
∑
G ∈j

? (G)H(. |- = G) −
∑
~∈~

?. (~) log?. (~)

= H(. |- ) + H(. )
= H(. ) − H(. |- )

(3.4)

Equation (3.4) shown above, ? (G,~) is the joint probability density function of -

and . , ? (G) and ? (~) are the marginal density functions. The mutual information

determines how similar the joint distribution ? (G,~) is to the products of the marginal

distributions. If - and . are independent, then ? (G,~) is equal to ? (G) ∗ ? (~), and

this integral would be zero. Entropy � (. ) shows the uncertainty about the variable

. . � (. |- )shows what - variable does not tell about . variable. That means after

knowing - variable, how much uncertainty about . variable still remains. Therefore,

� (. ) −� (. |- ) means after knowing - variable, how much uncertainty of . variable

is removed. In other words, how much . variable is known by knowing - variable. If

two variables are independent, . variable is not at all known even though - variable

is known.

3.3 Classifiers

Since this research aims at predicting the ratings of movies based on the comments, it

is a study of classi�cation. For 5-class classi�cation, all comments can be classi�ed into
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5 di�erent categories, as the ratings are on the scale from 1 to 5, with each comment

assigned with only one rating. For 3-class classi�cation, ratings of 1 and 2 are combined

as negative class, ratings of 3 are treated as neutral class, and ratings of 4 and 5 are

combined as positive class. Since this research has both input variables, which are the

features from the comments, and output variable, which is the rating of each comment,

therefore, it is a supervised learning approach for the models to learn from training

data and then classify test data. The machine learning algorithms chosen for this

research are described in the following subsections.

3.3.1 SGD Classifier

SGD Classi�er, which is Stochastic Gradient Descent Classi�er, changes weights with

1 random point each time, instead of with all training data. Therefore, SGD Classi�er

has quicker running speed if data size is large. SGD Classi�er starts with a random

point, and then optimizes this point as it makes each iteration
2
. Equation (3.5) shows

how SGD Classi�er functions.

for i in range (m);

\ 9 = \ 9 − U (~̂8 − ~8)G89
(3.5)

In Equation (3.5), \ 9 is the parameter, U is the learning rate, ~̂8 is the label, ~8 is the

prediction, and G89 is each training example. SGD Classi�er can jump from one local

minimum to another better minimum. However, this can also lead to overshooting,

preventing the convergence at the optimal minimum. Therefore, it is important to

choose an appropriate learning rate, as large learning rate can lead to large step over

the optimal minimum but miss it. It is advisable to use large learning rate at the starting

point but small learning rate when getting closer to the optimal minimum.

3.3.2 Multinomial Naive Bayes

Naive Bayes algorithms have the assumption that all feature variables are independent.

Any possible correlation between two variables is not considered in this regard. Naive

Bayes algorithms are widely used for classi�cation of di�erent textual data
3
. There

are di�erent kinds of Naive Bayes such as Gaussian Naive Bayes, Multinomial Naive

Bayes and Bernoulli Naive Bayes. Multinomial Naive Bayes is used in this research as a

probabilistic method for multiclass classi�cation. It aims at calculating the probability

of a review being in class 24
.

2<0? = arg<0G2∈� ˆ% (2 |3) = arg<0G2∈� ˆ%2 Π
1<:<=3

ˆ% (C: |2) (3.6)

Equation (3.6), ?̂ (C: |2) shows the estimated conditional probability of a feature C:

given class 2 . % (2) is an estimated prior probability of a review being in class 2 . <

C1, C2, ..., C=3 > are the features in a review that are used for sentiment classi�cation,

and is the number of features in a review. Based on the formula, it can be seen that if

the estimated probabilities of features of a review being in any class are similar, then

the higher the estimated prior probability of a class, the more likely these features are

in that particular class. In order to �gure out how movies are rated according to the

reviews of these movies, the most likely rating based on each review is the one that

has the highest probability posteriori class 2<0? as in the formula above. As shown in

the formula above, the multiplications of all the estimated conditional probabilities

2
https://ruder.io/optimizing-gradient-descent/index.html

3
https://towardsdatascience.com/algorithms-for-text-classi�cation-part-1-naive-bayes-3�1d116fdd8

4
https://nlp.stanford.edu/IR-book/html/htmledition/naive-bayes-text-classi�cation-1.html
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might lead to a �oating point under�ow. This problem can be solved by the formula

as follows:

2<0? = arg<0G2∈�

log ˆ% (2) +
∑

1<:<=3

log
ˆ% (C: |2)

 (3.7)

In Equation (3.7), it can be seen that the multiplications of all the estimated conditional

probabilities can be replaced by adding logarithms of these estimated conditional

probabilities. Likewise, the most likely rating for a movie based on the review should

be the class which has the highest log probability score.

3.3.3 Logistic Regression

Logistic Regression calculates the linear product of feature variables and their weights.

Then sigmoid function will be used on the linear product. If the probability out of the

sigmoid function is bigger than 0.5, the prediction will be labelled as “1”. Otherwise,

the prediction will be labelled as“0”. The formula of Logistic Regression
5

is Equation

(3.8):

% (~ = 1|G) = ℎ\ (G) =
1

1 + 4\)G
(3.8)

The loss function is in Equation (3.9):

� (\ ) = −1
<

∑
~ logℎ\ (G) + (1 − ~) log(1 − ℎ\ (G)) (3.9)

The loss function is for measuring how good the calculated weights are. Therefore, in

order to minimize the loss, best set of weights should be found.

3.3.4 Support Vector Machines

The idea behind Support Vector Machines is to �nd a hyperplane that best classi�es

the - variables into di�erent classes. The hyperplane means it is a function to classify

between features in m dimensions. The support vector points are the points that are

closest to the hyperplane and the margins are the distance from the vectors to the

hyperplane. Therefore, in order to classify the data in the best way, the margins should

be as big as possible. All these can be illustrated in Figure 3.2
6
:

3

2

1

4

5

6

c+c −c

points in positive

domain

points in nega-

tive domain

Figure 3.2: Support Vector Machines

Initially,c is the separating hyperplane. c+is the margin on the positive side, and c−is

the margin on the negative side. The margins are the distance between the closest

5
https://towardsdatascience.com/logistic-regression-detailed-overview-46c4da4303bc

6
https://towardsdatascience.com/support-vector-machines-svm-c9ef22815589
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point on either side and the separating hyperplane in the middle. Equation (3.10) shows

how the margins are calculated:

c = 1 +F)- = 0

c+ = 1 +F)- = 1

c− = 1 +F)- = −1
~ (G) = F)G + 1

(3.10)

If ~8 = 1 and ~8 (F)G8 + 1) ≥ 1, that means b is in the correct class. If ~8 = −1 and

~8 (F)G8 + 1) ≤ 1 , that means b is in the correct class. Otherwise, points are wrongly

classi�ed.

It is often the case that the input data can not be separated linearly. That is why a

new slack variable (b) is needed. The points are classi�ed in a correct way if b = 0.

The points are classi�ed wrongly if b > 0. When b > 0, the points are not falling

outside the area between margin and the hyperplane. Equation (3.11) shows what is a

regularized error function:

2

#∑
=−1

b= +
1

2

| |F | |2 (3.11)

Where constraints are b= ≥ 0,∀= = 1, . . . , # and ~ (F)G + 1) ≥ 1 − b= .

All in all, �nding the best, and 1 is to maximize the margins and minimizing the

error is to minimize the points that are wrongly classi�ed.

There are several kinds of kernel functions
7
:

1. linear kernel

2. polynomial kernel

3. Radial Basis Function kernel

The equation of Linear kernel is as follows:

 (G,~) = G)~ + 2 (3.12)

In Equation (3.12) above, G and ~ are vectors in input space, and 2 is a free

parameter (Bahassine et al., 2018).

Polynomial kernel:

In general, the polynomial kernel is de�ned as Equation (3.13):

 (-1, -2) = (0 + -)1 -2)1 (3.13)

where

1 = degree of kernel

0 = constant term

7
https://data-�air.training/blogs/svm-kernel-functions/
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In the polynomial kernel, the dot product can be calculated by changing the

degree of the kernel.

Radial Basis Function is represented as follows:

 (G,~) = 4G?
(
−||G − ~ | |2

2f2

)
(3.14)

In Equation (3.14), f is a free parameter.

3.3.5 LSTM and BILSTM

The key of LSTM lies in the fact that it has the cell state and di�erent gates. The cell

state allows relative information, which is the memory in the network, to pass through

the sequence. This means that the information that passes through the sequence earlier

can still be passed down through the sequence. This makes up for the negative impact

of short-term memory. The gates decide whether the information should be added to

the cell state as it is relevant or deleted as it is not relevant. Figure 3.3
8

shows how

LSTM model is like.

Figure 3.3: Long and Short-Term Memory

For the forget gate, information from the previous hidden state and information from

the current input goes through sigmoid function. Sigmoid function keeps values into

the range between 0 and 1, so when information is multiplied by 0, its value turns to 0.

This means that the information is irrelevant and can be deleted. On the other hand,

when information is multiplied by 1, its value remains the same. This means that the

information is relevant and can be added.

Input gate is used for updating the cell state. The previous hidden state and current

input should pass through a sigmoid function, which transforms the information into

values between 0 and 1. The information that has 0 as its value should be deleted.

Also, the hidden state and current input goes through the tanh function, which turns

information into values between -1 and 1. For the output gate, the output from the

tanh function gets multiplied with the output of the sigmoid function. That is to decide

what information from the tanh output should be kept in the new hidden state. The

new cell state, is then passed to the next time step with the new hidden state.

The di�erence between LSTM and BILSTM is that LSTM is used only from beginning

to the end, while BILSTM is used on the input once from the beginning to the end

and once from the end to the beginning. This bidirectional network enables both the

previous information and the future information to be dealt with at each time step.

8
https://colah.github.io/posts/2015-08-Understanding-LSTMs/
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Because of the di�erence between a bidirectional and unidirectional LSTM, it was

proposed that unidirectional LSTM reach the equilibrium much quicker, which means

that it stops learning and tuning its parameters (Siami-Namini et al., 2019). The equi-

librium in this case means that the loss stops being minimized and the performance

becomes stable without further improvement even with more training epochs. For

BILSTM, however, even though it takes more time to be trained as it learns from the

data from two directions, it actually is capable of capturing more features than LSTM.

Therefore, with more epochs, BILSTM continues to learn and thus its performance

continues to be improved. In this research, experiments will be done on LSTM and

BILSTM with di�erent epochs in order to �gure out whether the proposal mentioned

before is always the case or not.

3.4 Evaluation Metrics

The metrics
9

that are employed to evaluate the performance of the classi�ers are

Accuracy and F1-score. Accuracy is calculated as follows:

Accuracy =
)% +)#

()% + �% + �# +)# ) (3.15)

In the Equation (3.15), )% stands for the number of True Positives, �% stands for the

number of False Positives, �# stands for the number of False negatives, )# stands

for the number of True Negatives. )%, �%, �# and )# will be counted and listed in a

confusion matrix as Figure 3.4.

Figure 3.4: Confusion Matrix

The confusion matrix shows how the predicted labels and the real labels are distributed.

Each column of the confusion matrix represents the actual labels and each row repre-

sents the predicted labels. In this research, the actual labels are the actual ratings of

movies based on the reviews, while the estimated labels are the predicted ratings of

movies based on the reviews.

)% is the number of reviews belonging to a certain rating class that are classi�ed

correctly into that certain rating class, )# is the number of reviews not belonging

to a certain rating class that are not classi�ed into that certain rating class, �% is the

number of reviews not belonging to a certain rating class that are classi�ed wrongly

into that certain rating class, �# is the number of reviews belonging to a certain rating

9
https://towardsdatascience.com/understanding-confusion-matrix-a9ad42dcfd62
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class that are not classi�ed into that certain rating class.

It should be noted that Accuracy on its own is not a good indicator of classi�cation

performance. The reason is because it only considers the total number of True Positives

and True Negatives, without taking the number of False Positives. Therefore, It is

necessary to check the Precision and Recall of classi�cation performance as well. The

equations of Precision and Recall are listed as follows:

Precision =
True Positives

True Positives+False Positives

(3.16)

Recall =
True Positives

True Positives+False Negatives

(3.17)

In Equations (3.16) and (3.17), Precision focuses on how many positive predictions

made by the classi�ers are correct. Recall, on the other hand, focuses on how many

positive answers have been predicted correctly. It is possible that performance can

have high Precision but low Recall or vice versa. Therefore, it is importance to include

F1 score as the balancing metrics between Precision and Recall.

�1 =
2 × Precision × Recall
Precision + Recall (3.18)

In Equation (3.18), it can be seen that when both Precision and Recall scores are high, F1

score is high, too. When either Precision or Recall is low, F1 score is low. Therefore,in

this case as sentiment analysis of movie ratings based on reviews, F1 score checks both

how many reviews predicted as belonging to a rating class are correctly predicted by

the classi�ers, as well as how many reviews that are supposed to belong to a rating

class are predicted by the classi�ers as belonging to the rating class.
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4 Experimental Setup

The previous chapters were dedicated to introduction, literature review and theories

that this research needs to be based on. In this chapter, the focus is on the description

of data. In addition, there is also an explanation on how data is cleaned, vectorized into

features, how the dimensionality of features are treated, as well as how the data-driven

classi�ers perform on the data for the classi�cation tasks.

4.1 Descripiton of the Datasets

The data is collected from Douban Movie Short Comments Dataset V2 on Kaggle

(Utmhikari, 2018). Douban is a Chinese website which allows users to pose comments

on movies. The data has over 2 million comments on 28 movies made by over 700,000

users. Any repeated comments have been removed.

The columns contained in the data are: userId, movieId, rating, timestamp, comment

and like. Since this research focuses only on how to predict sentiment out of comments,

only comments and ratings will be extracted for use. The distribution of data in terms

of ratings is shown in Figure 4.1.

Figure 4.1: Data Distribution Across 5 Classes

It can be seen that most of the comments are paired with ratings from 3 to 5, with

ratings of 4 has the highest number, followed by ratings of 5 and ratings of 3. On the

other hand, the ratings of 1 and 2 are much smaller in number, with less than 400,000

in total. The number of ratings of 3 is around 480,000. Ratings of 4 and 5 have around

1.2 million in total.
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4.2 Data Preprocessing

After the columns of comments and ratings are extracted from the original dataset,

the data now has comments as the input and ratings are the labels. The lengths of

the comments are set within the range of no shorter than 2 Chinese tokens and no

longer than 80 Chinese tokens. The result of this is that the majority of comments are

within this range with 122,444 comments which have less than 2 tokens or more than

80 tokens.

In terms of data cleaning, white space within the text are removed. Punctuations,

numbers, and English alphabets are also removed from the text (Prakash and Aloysius,

2019). This is because this is a research on data as comments in Chinese, so that

other information except Chinese characters can be considered noise and can possibly

reduce the performance of classi�ers. Also, Jieba
1

is used to tokenize the text. Chinese

stopwords
2

are also then removed from the text.

4.3 Implementation

In this research, two strategies are taken for the sentiment analysis. The �rst way of

using the data for sentiment analysis is to predict the ratings on a scale from 1 to 5

based on the comments left by the users. This is 5-class classi�cation where the labels

are ratings from 1 to 5. The second way of doing sentiment analysis of the data is to do

a 3-class classi�cation based on the comments. Instead of predicting the rating from 1

to 5, the ratings of 1, 2 are treated as negative labels, 3 as neutral labels, and 4 and 5 as

positive labels. Data will be split into three parts with 70% of it being the training set

and 30% of it being the test set. Out of the training set, 20% of it will be the validation set.

For machine learning, the comments in the data will be vectorized using TF-IDF. The

parameters<8=_3 5 = 0.0005, and<0G_5 40CDA4B = 5000 are chosen. Terms that have

a document frequency strictly lower than the given threshold 0.0005 are ignored.

The parameter represents a proportion of documents. So if a term appears in less

than 0.05 percent of the documents, this term is ignored. "0G_5 40CDA4B = 5000 that

chooses the 5000 most frequent terms. Here, it is set to 5000 so that there are not

too many features to cause over�tting. Then, the inputs are fed into four di�erent

machine learning algorithms respectively. The machine learning algorithms used here

are: Logistic Regression, Multinomial Naive Bayes, Linear SVC, and SGD Classi�er.

Scikit-learn is used for applying machine learning methods.

Logistic Regression
Logistic Regression

(C=1.0, n_jobs=-1, random_state = AB)

MultinomialNB MultinomialNB()

LinearSVC LinearSVC()

SGDClassi�er SGDClassi�er(n_jobs=-1, random_state = AB)

Table 4.1: Parameters for the Machine Learning Algorithms

Table 4.1 shows that, in order to compare the performance of classi�ers with and

without features being selected, two di�erent feature selection methods are used: Chi

Square and Mutual Information. After the features have been selected with these

1
https://www.programcreek.com/python/example/105305/jieba.Tokenizer

2
https://blog.csdn.net/shijiebei2009/article/details/39696571
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two methods, the inputs are fed into the same machine learning algorithms as those

mentioned in the previous paragraph. It is to see whether feature selection methods

can help improve the performance of the classi�ers. Table 4.2 shows the changes of

feature dimensions before and after feature selection method is applied.

Non-Reduced Dimension Reduced Dimension

Train set shape: (1121462, 2728) Train set shape: (1121462, 900)

Valid set shape: (280366, 2728) Valid set shape: (280366, 900)

Test set shape: (600784, 2728) Test set shape: (600784, 900)

Table 4.2: Shapes of train and test sets before and a�er using the feature selection methods

This research also aims at comparing the performances of di�erent classi�ers with

di�erent ways of vectorizing data. Since TF-IDF is used when traditional machine

learning methods are used, word2vec is used when deep learning methods are used.

In this case, Skip-Gram and fastText are chosen for embedding the data. For every

particular word in wiki corpus for Chinese, there are 300 dimensions of vectors.

The deep learning classi�ers chosen for this research are LSTM and BILSTM. In

addition, fastText is also used for both embedding words but also classifying the inputs,

with learning rate at 0.1. The following table shows the parameters chosen for LSTM

and BILSTM. For fastText classi�er, very little con�gurations are needed. Table 4.3 and

4.4 shows the parameters chosen for LSTM and BILSTM.

LSTM BILSTM

input_size / Input Layer = 100 input _size / Input Layer = 100

activation = ReLU activation = ReLU

Dense layer = 100 Dense layer = 100

Drop out = 0.5 Drop out = 0.5

Output/Dense Layer = 5 Output/Dense Layer = 5

(Activation = Softmax) (Activation = Softmax)

Learning Rate = 0.001 Learning Rate = 0.001

Optimizer = RMSProp Optimizer = RMSProp

Table 4.3: Parameters chosen for LSTM and BILSTM for 5-class classification

LSTM BILSTM

input_size / Input Layer = 100 input_size / Input Layer = 100

activation = ReLU activation = ReLU

Dense layer = 100 Dense layer = 100

Drop out = 0.2 Drop out = 0.2

Output/Dense Layer = 3 Output/Dense Layer = 3

(Activation = Softmax) (Activation = Softmax)

Learning Rate = 0.001 Learning Rate = 0.001

Optimizer = RMSProp Optimizer = Adam

Table 4.4: Parameters chosen for LSTM and BILSTM for 3-class classification

Parameters are selected for optimal training performance. First, input layers are set

to at 100, because most of the reviews consists of words less than 100. If the review
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consists of more than 100 words, extra values will be truncated which is very rare

in this case. And if the review consists of less than 100 words, then that review will

be padded with 0’s. Memory is also a constraint for this. If the input is set at 150

or 300, more memory will be allocated and processing time will be increased. Next,

learning rate is set at 0.001 for all the models because if it is set at less than 0.001

it would signi�cantly e�ect the model training time. With learning rate at 0.001, an

average of 3 minutes 20 secs elapsed for all 5-class models. The same learning rate

for 3-class classi�cation takes an average of 3 minutes for an epoch but it gets a good

accuracy because of more data in negative and positive classes. In terms of the activa-

tion function for the hidden layers, ReLU is chosen for both deep learning classi�ers

for both 5-class classi�cation and 3-class classi�cation. This is because ReLU outputs

0 for negative neurons, and thus makes the classi�ers learn faster. Hidden layers are

set at 100 as input layers are set at 100. If hidden layers are set at less than 100, the

models might under�t. For 5-class classi�cation, dropout is set at 0.5, as it drops 50

percent of neurons. If it is larger than 0.5, models will not perform well according to

the experiments. For 3-class classi�cation, dropout is set at 0.2, as the models learn

the best when 20 percent of neurons are dropped. Output layers are set at 5 for 5-

class classi�cation and 3 for 3-class classi�cation. Activation function for the output

layers is set to be softmax for both classi�cation tasks, as it gives probabilities for

each class label. In terms of optimizer, the ones chosen are the ones for highest accuracy.

The distribution of data in this research shows that more data belongs to the classes

of rating of 3, 4 and 5, while much less data belong to the classes of rating of 1 and

2. This uneven distribution means that the evaluation metrics might as well take the

proportions of each label into consideration. There are di�erent ways to evaluate

the performance of classi�ers. First, accuracy is used as it shows the proportion of

the correct answers that the classi�ers make. F1-score is also used for checking the

performance of the classi�ers for classifying di�erent classes, as F1-score strikes a

balance between Recall and Precision.
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5 Results and Discussion

In this research, there are two di�erent ways to classify the sentiments based on the

comments made by the users on Douban Movie website : 5-class classi�cation and

3-class classi�cation. Depending on the purpose of sentiment analysis, the predictions

can be related to either whether the users hold positive, neutral or negative attitude

towards the movies, or how much they like or dislike the movies. Therefore, this

comparative study on two di�erent ways of classi�cation of sentiments can helpfully

for choosing the most appropriate model for the speci�c classi�cation task. It can also

be helpful for considering how speci�c the sentiments should be classi�ed, given the

scores of the models.

This chapter will be divided into three di�erent sections. In the �rst section, compar-

isons will be made between machine learning classi�ers using TF-IDF as the vectoriza-

tion method. The performance of machine learning classi�ers will be compared with

each other for the tasks of 5-class classi�cation and 3-classi�cation respectively. After

that, the performance of machine learning classi�ers with feature selection methods

will be compared with each other for these two classi�cation tasks respectively. At the

end of this section, comparisons will be made between the performances of machine

learning algorithms without using feature selection methods and the performances of

these algorithms using features selection methods.

In the second section, comparisons will be made between deep learning classi�ers

using fastText as the embedding method. The performance of deep learning classi�ers

will be compared with each other for the tasks of 5-class and 3-class classi�cations re-

spectively. Also, comparisons will be made between the same deep learning classi�ers

using Skip-Gram as the embedding method. At the end of this section, the performance

of deep learning classi�ers using two di�erent kinds of embedding methods will be

compared with each other for the tasks of 5-class and 3-class classi�cations.

The last section will be dedicated to an error analysis on both 5-class classi�cation

and 3-class classi�cation. The purpose of the error analysis is to �gure out in what

class that the models make the most mistakes for prediction, and in what class that

the models make the least mistakes for prediction.

5.1 Traditional Machine Learning Methods

The Table 5.1 shows the traditional performances of machine learning classi�ers with-

out features being selected for the task of 5-class classi�cation.

In Table 5.1, the �rst score belongs to SGD Classi�er, the second to Logistic Regression,

the third to Linear SVC and the fourth to Multinomial Naive Bayes.
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Accuracy=0.45 Accuracy=0.49 Accuracy=0.48 Accuracy=0.47

P R F1 P R F1 P R F1 P R F1

1 0.43 0.49 0.46 0.50 0.47 0.49 0.50 0.48 0.49 0.56 0.39 0.46

2 0.30 0.11 0.16 0.41 0.14 0.21 0.49 0.08 0.14 0.50 0.05 0.10

3 0.44 0.33 0.38 0.44 0.42 0.43 0.44 0.41 0.43 0.43 0.38 0.40

4 0.44 0.27 0.33 0.44 0.51 0.47 0.44 0.50 0.47 0.42 0.56 0.48

5 0.47 0.79 0.59 0.57 0.60 0.59 0.54 0.64 0.59 0.55 0.61 7 0.58

P = Precision, R = Recall, F1 = F1 Score.

Table 5.1: Performance of Traditional Machine Learning Classifiers (5-Class Classification)

Table 5.2 shows the performance of traditional machine learning classi�ers with Chi

Square as the feature selection method for the task of 5-class classi�cation.

Accuracy=0.44 Accuracy=0.47 Accuracy=0.47 Accuracy=0.46

P R F1 P R F1 P R F1 P R F1

1 0.41 0.48 0.44 0.50 0.45 0.47 0.49 0.45 0.47 0.59 0.33 0.43

2 0.30 0.12 0.17 0.42 0.12 0.19 0.49 0.08 0.13 0.52 0.05 0.08

3 0.43 0.32 0.37 0.44 0.39 0.41 0.44 0.37 0.40 0.42 0.33 0.37

4 0.45 0.24 0.32 0.42 0.53 0.47 0.42 0.52 0.47 0.40 0.60 0.48

5 0.45 0.80 0.57 0.56 0.59 0.57 0.54 0.61 0.57 0.55 0.58 0.56

P = Precision, R = Recall, F1 = F1 Score.

Table 5.2: Performance of Traditional Machine Learning Classifiers with Chi Square (5-Class

Classification)

In the above Table 5.2 the �rst score belongs to SGD Classi�er, the second to Logistic

Regression, the third to Linear SVC, and the last one to Multinomial Naive Bayes.

Table 5.3 shows the performance of traditional machine learning classi�ers with Mutual

Information as the feature selection method for the task of 5-class classi�cation.

Accuracy=0.42 Accuracy=0.46 Accuracy=0.46 Accuracy=0.44

P R F1 P R F1 P R F1 P R F1

1 0.41 0.40 0.41 0.48 0.41 0.44 0.48 0.40 0.44 0.57 0.28 0.37

2 0.26 0.12 0.16 0.42 0.10 0.16 0.50 0.06 0.11 0.53 0.03 0.06

3 0.41 0.30 0.34 0.42 0.38 0.40 0.42 0.36 0.39 0.41 0.29 0.34

4 0.42 0.27 0.33 0.42 0.51 0.46 0.42 0.51 0.46 0.39 0.60 0.47

5 0.44 0.77 0.56 0.53 0.58 0.55 0.51 0.60 0.55 0.52 0.57 0.54

P = Precision, R = Recall, F1 = F1 Score

Table 5.3: Performance of Traditional Machine Learning Classifiers with Mutual Information

(5-Class Classification)

Again, in Table 5.3 the scores are as this: First score belongs to SGD Classi�er, second

to Logistic Regression, third to Linear SVC and fourth to Multinomial Naive Bayes.

Table 5.4 shows the performance of traditional machine learning classi�ers without

using feature selection method for the task of negative-neutral-positive classi�cation.
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Accuracy=0.67 Accuracy=0.70 Accuracy=0.69 Accuracy=0.68

P R F1 P R F1 P R F1 P R F1

0 0.66 0.41 0.51 0.64 0.52 0.57 0.64 0.51 0.57 0.69 0.40 0.51

1 0.65 0.06 0.11 0.51 0.26 0.35 0.53 0.22 0.31 0.54 0.15 0.24

2 0.67 0.97 0.79 0.73 0.91 0.81 0.72 0.92 0.81 0.69 0.95 0.80

P = Precision, R = Recall, F1 = F1 Score

Table 5.4: Performance of Traditional Machine Learning Classifiers (3-Class Classification)

In Table 5.4, SGD Classi�er is the �rst score, Logistic Regression is the second score,

Linear SVC the third score and fourth score is Multinomial Naive Bayes.

Table 5.5 shows the performance of traditional machine learning classi�ers with

Chi Square as the feature selection method for the task of negative-neutral-positive

classi�cation.

Accuracy=0.67 Accuracy=0.69 Accuracy=0.69 Accuracy=0.67

P R F1 P R F1 P R F1 P R F1

0 0.66 0.38 0.48 0.64 0.49 0.55 0.64 0.48 0.55 0.71 0.35 0.47

1 0.65 0.06 0.11 0.52 0.23 0.31 0.54 0.19 0.28 0.55 0.12 0.19

2 0.67 0.97 0.79 0.72 0.92 0.81 0.71 0.93 0.81 0.67 0.97 0.79

P = Precision, R = Recall, F1 = F1 Score

Table 5.5: Performance of Traditional Machine Learning Classifiers with Chi Square (3-Class

Classification)

In Table 5.5 �rst score with accuracy 0.67 belong to SGD Classi�er, second to Logistic

Regression, third to Linear SVC and fourth to Multinomial Naive Bayes.

Table 5.6 shows the performance of traditional machine learning classi�ers with Mutual

Information as the feature selection method for the task of negative-neutral-positive

classi�cation.

Accuracy=0.66 Accuracy=0.68 Accuracy=0.67 Accuracy=0.65

P R F1 P R F1 P R F1 P R F1

0 0.64 0.34 0.44 0.62 0.45 0.52 0.63 0.43 0.51 0.71 0.28 0.40

1 0.63 0.05 0.09 0.50 0.20 0.29 0.52 0.16 0.25 0.55 0.08 0.13

2 0.66 0.97 0.79 0.71 0.92 0.80 0.69 0.94 0.80 0.65 0.98 0.78

P = Precision, R = Recall, F1 = F1 Score

Table 5.6: Performance of Traditional Machine Learning Classifiers with Mutual Information

(3-Class Classification)

With reference to scores in Table 5.6 �rst score belong to SGD Classi�er, second to

Logistic Regression, third to Linear SVC and fourth to Multinomial Naive Bayes.

Based on the scores listed above, discussions will be made on the performance of all the

models mentioned above. First, Focus is on Accuracy. In terms of traditional machine

learning classi�ers, when features are not selected, Logistic Regression model gives

the best performance for 5-class classi�cation at 0.49, and for 3-class classi�cation at

0.70.
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Next, when Chi Square is applied to all traditional machine learning classi�ers, for

both 5-class classi�cation and 3-class classi�cation, Logistic Regression and LinearSVC

are both best performers at 0.47 and 0.69.

In addition, when Mutual Information is applied to all traditional machine learning

classi�ers, for 5-class classi�cation, Logistic Regression and LinearSVC are both best

performers at 0.46. On the other hand, for 3-class classi�cation, Logistic Regression

gives the best performance at 0.68.

Hence, it is noted that Logistic regression can be considered the best choice among

all the traditional machine learning models, for both situations when features are

not selected, and when features are selected with Chi Square or Mutual Information.

Also, all the traditional machine learning models give better performances for the task

of 3-class classi�cation than 5-class classi�cation. It makes sense since it is easier to

distinguish between a few categories than a more �ne-grained categorisation.

Lastly, the feature selection methods, no matter if it is Chi Square or Mutual Informa-

tion, bring down the performance of the traditional machine learning models for both

the 5-class classi�cation and 3-class classi�cation, but only very slightly.

5.2 Deep Learning Methods

The following Table 5.7 shows the performances of LSTM with Skip-Gram and fastText

as the embedding methods for the task of 5-class classi�cation.

Accuracy=0.50 Accuracy=0.54

P R F1 P R F1

1 0.57 0.50 0.53 1 0.65 0.56 0.60

2 0.52 0.08 0.14 2 0.52 0.17 0.26

3 0.44 0.48 0.46 3 0.48 0.56 0.52

4 0.44 0.54 0.49 4 0.47 0.68 0.55

5 0.60 0.59 0.60 5 0.74 0.48 0.58

P = Precision, R = Recall, F1 = F1 Score

Table 5.7: Performance of LSTM with Skip-Gram (le�) or fastText (right) (5-Class Classifica-

tion)

In Table 5.7 the �rst score with accuracy 0.50 belongs to LSTM with Skip Gram and

the second score with accuracy of 0.54 belongs to LSTM with fastText.

The following Table 5.8 shows the performance of LSTM with Skip-Gram and fastText

as the embedding methods for the task of negative-neutral-positive classi�cation.

In the above table, the accuracy of 0.72 corresponds to Performance of LSTM with

Skip-Gram and accuracy of 0.76 corresponds to Performance of LSTM with fastText.

The following Table 5.9 shows the performances of BILSTM with Skip-Gram and

fastText as the embedding methods for the task of 5-class classi�cation.

In Table 5.9, the accuracy level of 0.51 corresponds to Performance of BILSTM with

Skip-Gram and accuracy of 0.53 to Performance of BILSTM with fastText.
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Accuracy=0.72 Accuracy=0.76

P R F1 P R F1

0 0.69 0.55 0.61 0 0.76 0.64 0.69

1 0.51 0.33 0.40 1 0.58 0.40 0.48

2 0.76 0.91 0.83 2 0.80 0.92 0.76

P = Precision, R = Recall, F1 = F1 Score

Table 5.8: Performance of LSTM with Skip-Gram (le�) or fastText (right) (3-Class Classifica-

tion)

Accuracy=0.51 Accuracy=0.53

P R F1 P R F1

1 0.55 0.54 0.55 1 0.56 0.64 0.60

2 0.42 0.18 0.26 2 0.52 0.10 0.17

3 0.46 0.46 0.46 3 0.50 0.44 0.47

4 0.47 0.41 0.44 4 0.48 0.43 0.45

5 0.56 0.73 0.63 5 0.57 0.78 0.66

P = Precision, R = Recall, F1 = F1 Score

Table 5.9: Performance of BILSTM with Skip-Gram (le�) or fastText (right) (5-Class Classifi-

cation)

The following Table 5.10 shows the performances of BILSTM with Skip-Gram and fast-

Text as the embedding methods for the task of negative-neutral-positive classi�cation.

Accuracy=0.72 Accuracy=0.76

P R F1 P R F1

0 0.65 0.63 0.64 0 0.76 0.64 0.69

1 0.55 0.28 0.37 1 0.58 0.40 0.48

2 0.77 0.91 0.83 2 0.80 0.92 0.86

P = Precision, R = Recall, F1 = F1 Score

Table 5.10: Performance of BILSTM with Skip-Gram (le�) or fastText (right) (3-Class Classifi-

cation)

The following Table 5.11 shows the performances of fastText as both the encoding

method as well as the classi�er for the tasks of multiclass and negative-neutral-positive

classi�cations.

Accuracy=0.52 Accuracy=0.72

P R F1 P R F1

_label_1 0.57 0.57 0.57

_label_2 0.42 0.13 0.20

_label_3 0.47 0.46 0.46 _label_neg 0.68 0.62 0.65

_label_4 0.47 0.50 0.49 _label_neut 0.52 0.33 0.40

_label_5 0.49 0.59 0.68 _label_pos 0.77 0.90 0.83

P = Precision, R = Recall, F1 = F1 Score

Table 5.11: Performance of fastText for both embedding and classifying 5-class classification

(le�)and 3-class classification (right)
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For Table 5.10 the �rst score with accuracy of 0.72 belongs to BILSTM with Skip-Gram

and the second score with accuracy of 0.76 belongs to BILSTM with fastText.

Similarly here in Table 5.11 the �rst score with accuracy represents performance of

fastText for embedding and classifying 5-class classi�cation (accuracy level of 0.52)

against embedding and classifying 3-class classi�cation (accuracy level of 0.72).

LSTM with fastText as the embedding method improves from the performance of

LSTM with Skip-Gram as the embedding method at 0.50 to 0.54, for the 5-class classi�-

cation. Likewise, BILSTM with fastText as the embedding method improves from the

performance of BILSTM with Skip-Gram as the embedding method at 0.51 to 0.53, for

the 3-class classi�cation.

Based on the results, it can be said that, comparing the performances of LSTM and BIL-

STM with two di�erent embedding methods, fastText is a better choice as embedding

method than Skip-Gram for both deep learning classi�ers. The possible reason might

be because fastText embeds inputs as n-gram characters, new and rare characters can

be better represented as they are embedded together with other characters within the

n-grams. Besides, the order of n-gram characters are taken care of by fastText. All

these reasons can be used to explain why fastText with deep learning classi�ers are

better models for classi�cation in this study.

In this research, both LSTM and BILSTM are chosen for classi�cation. Their perfor-

mances are compared with each other, in order to �nd out whether the bidirectional

BILSTM can lead to better performance of classi�cation than the unidirectional LSTM.

The reason for doing such comparison is because LSTM is unidirectional while BILSTM

is bi-directional. For BILSTM, training is done from right to left and from left to right,

that is adding one extra training layer to the model. The curves of training and testing

are shown in the graphs in Figure 5.1.

Figure 5.1: Graph for LSTM with Skip-Gram (le�) and graph for BILSTM with Skip-Gram

(right) for the task of 5-class classification

First, the performance is for the task of 5-class classi�cation. Figure 5.1 shows that

during training, when the epochs go over 15, LSTM seems to stop learning from the

training set, whereas BILSTM continues to learn little by little until the epochs reach

20. For testing, the accuracy of LSTM with Skip-Gram is at 0.50, and the accuracy of

BILSTM with Skip-Gram is at 0.51. Therefore, when using Skip-gram as the embedding

method, BILSTM seems to perform slightly better than LSTM for the task of 5-class
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classi�cation.

Figure 5.2 shows that, LSTM continues to learn from the training set until the epochs

reach 15. On the other hand, BILSTM learns quickly epoch 3, then the learning slows

down but still continues. By the time when the epochs reach 15, learning starts to

drop until the epochs reach 20, learning starts to become stable. For testing, when

epochs reach 15, the performance of LSTM reaches 0.54. The performance of BILSTM

is at around 0.53 at epoch 20. In this case, LSTM performs slightly better than BILSTM,

when fastText is used as the embedding method.

Figure 5.2: Graph for LSTM with fastText (le�) and graph for BILSTM with fastText (right)

for the task of 5-class classification

Next, the performance is for the task of 3-class classi�cation. Figure 5.3 shows that

the learning curves of both LSTM and BILSTM are quite similar, except that, between

epoch 11 and 13, there is a drop in accuracy, whereas the learning of BILSTM improves

mildly throughout the whole range of epochs. For testing, when epochs reach 15, the

performance of LSTM reaches 0.72. The performance of BILSTM is at around 0.72 at

epoch 20. In this case, LSTM performs as good as BILSTM when Skip-Gram is used as

the embedding method.

Figure 5.3: Graph for LSTM with Skip-Gram (le�) and graph for BILSTM with Skip-Gram

(right) for the task of 3-class classification

Figure 5.4 shows that, by the time the epochs reach 15, the learning of LSTM reaches

its peak and since then becomes stable, while the learning of BILSTM continues until

the epochs reach 20. For testing, when epochs reach 15, the performance of LSTM

reaches 0.76. The performance of BILSTM is at around 0.76 at epoch 20. In this case,
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LSTM performs as good as BILSTM when fastText is used as the embedding method.

Figure 5.4: Graph for LSTM with fastText (le�) and graph for BILSTM with fastText (right)

for the task of 3-class classification

When it comes to using fastText as both the embedding method and the classi�er, its

performance for the task of 5-class classi�cation reaches 0.52. Therefore, this model

performs better than any machine learning method, as well as deep learning methods

when using Skip-Gram as the embedding method. Its performance, on the other hand,

is not as good as the performance of deep learning methods when using fastText as the

embedding method. For the task of 3-class classi�cation, this model still works better

than any machine learning model, as good as the deep learning methods when using

Skip-Gram as the embedding method. Its performance is beaten by the performance

of the deep learning methods using fastText as the embedding method.

5.3 Error Analysis

In this section, F1 score is the evaluation metric in focus. For both classi�cation tasks,

the F1 scores for the predictions of 5 di�erent classes will be compared, in order to

�nd out the patterns of errors. In this case, the patterns of errors mean in what class

the models make the most mistakes for prediction, and in what class the models make

the least mistakes for prediction. The lower the F1 score, the more di�cult to predict.

Based on the F1 scores listed in the previous section, it can be seen that, for the 5-class

classi�cation, class 2 is the most di�cult class to predict. The possible reason for class

2 being the most di�cult class to predict might be that the data size for class 2 is the

smallest among the data sizes of all classes. Table 5.12 shows some examples of reviews

that belong to class 2 but are wrongly classi�ed.

Table 5.12 shows some reviews that are wrongly classi�ed as being in class 3. The

possible reason is that class 3 contains reviews with mixed feelings. Since both class 2

and class 3 carry negative feelings, it can be easy for reviews of class 2 to be wrongly

classi�ed as being in class 3.

For the 3-class classi�cation, class 1, which is the neutral class, is the most di�cult class

to predict. The possible reason might be because many of the comments belonging

to class 1 are either wrongly classi�ed to class 0 which is the negative class, or class

2 which is the positive class, since the reviews belonging to class 1 usually contain

sentiments which are mixed with both negative as well as positive feelings. Table 5.13
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Review AC WC

剧情是不能太糟了特效方面的每一个画面都让你无感打怪
兽的电影好莱坞有太多经典了. "The plot can’t be too bad.

Not impressed by any special e�ects. It is a movie of killing

monsters. Hollywood has too many classics of this kind."

2 3

感觉电影的节奏感有点奇怪缺少冲突镜头衔接也好像慢半
拍的感觉不过最后angela的声音好. "I feel that the rhythm of

the movie is a bit strange, and there is no con�ict. There is some

latency of the scenes, but in the end angela’s voice is good."

2 3

受不了电影的爱国主义思想浅显幼稚. "Can’t stand the

patriotism of the �lm. Naive."

2 3

一星给棒子的作画一星给声优和日本的配乐也算是贡献过
票房了艹. "One star for the painting of the Korean. One star

for the seiyuu and the Japanese soundtrack. It can be regarded as

a contribution to the box o�ce. Fuck."

2 3

AA is Actual Classi�cation, WC is Wrongly Classi�ed to.

Table 5.12: Examples of reviews belonging to class 2 but wrongly classified (5-class classifica-

tion)

shows some examples of reviews that belong to class 1 but are wrongly classi�ed.

Review AC WC

前面比较搞笑后期剧情很扯有点编着编着编不下去了了强
行结束的感觉主角就是个丝做着白日梦 "The beginning is

funny. The ending is so ridiculous that it feels like a forced

ending when things can’t go on anymore. The main character

seems like a day-dreaming loser."

1 0

比我想的烂1张涵予死的奇怪2那些女兵蹦极跳下去毫无意
义杀不了几个饕餮却自损无数... "Worse than I thought. 1.

Zhang HanYu died in a strange way. 2. The bungy jumping of

these female soldiers is unnecessary as so many of them die

without killing a lot of monsters."

1 2

情话说给左耳听 "Say romantic words to the left ear." 1 2

除了炫酷的特效之外毫无亮点 "There is nothing that stands

out except the cool special e�ects."

1 0

这票房只能说是奇迹中国人真的啥都看... "This box o�ce is

really a miracle. This shows that Chinese people can watch

anything."

1 0

AA is Actual Classi�cation and WC is Wrongly Classi�ed to

Table 5.13: Examples of reviews belonging to class 1 but wrongly classified (3-class classifica-

tion)

Table 5.13 shows that some reviews that are wrongly classi�ed as being in class 1. The

possible reason is that class 1 contains reviews with mixed feelings of both negative

and positive feelings, so it can be easy for these reviews to be wrongly classi�ed as
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negative or positive.

On the other hand, for the 5-class classi�cation, class 1 and class 5 are the two least

di�cult classes to predict. The possible reason might be because they are the most

extreme feelings being either the most negative or the most positive, and therefore,

being the easiest to predict. Table 5.14 and Table 5.15 show some examples of reviews

that belong to class 1 and class 5 and are correctly classi�ed.

Review AC CC

这世上最可怕的是人性 "The most scary thing in the world

is human nature."

5 5

强烈推荐 "Strong recommendation." 5 5

被鞋拔子脸的大圣帅一脸QWQ最后变身眼睛放光从耳朵里
抽出金箍棒的场面简直是简直是Qw... "The

shoehorn-shaped face of the Monkey King is so handsome.

Crying. The last scene when the monkey king transforms

himself with sparkling eyes and takes out the golden cudgel out

of his ear is so..."

5 5

五分给小罗伯特唐尼然后所有的超级英雄我都喜欢 "Five

stars given to Robert Downey Jr. Also, I love all the superheros."

5 5

应该是我看的第一部漫威的作品真心喜欢后来把所有的都
补了一遍 "This should be the �rst art work of Marvel

Cinematic Universe I watched. I love it sincerely and I watched

all the rest of its works later."

5 5

AC is Actual class and CC is Correctly classi�ed to

Table 5.14: Examples of reviews belonging to class 5 correctly classified (5-class classification)

For the 3-class classi�cation, class 2, which represents positive feeling, is the least

di�cult class to predict. The possible reason might be because there are around 1.2

million reviews in total for class 2, which is much more than the total number of data

belonging to class 0 and class 2 added together. Table 5.16 shows some examples of

reviews that belong to class 2 and are correctly classi�ed.

Sometimes the reviews are wrongly classi�ed for the task of the 5-classs classi�cation,

but correctly classi�ed for the task of the 3-class classi�cation. And sometimes, the

opposite is true. Table 5.17 shows some examples of this kind.

In Table 5.17, "笑过之后居然很难受" (I feel sad after laughing.) is wrongly classi�ed

for the task of the 5-class classi�cation, but correctly classi�ed for the task of the

3-class classi�cation. The real label of this review is class 5, which means that it carries

very strong positive feeling. However, since in this review there is both characters

"笑" (laughing) and "难受" (sad), these characters carry opposite feelings literally, and

this might be the reason why it is classi�ed as belonging to class 4, whose positiveness

is somehow toned down a little bit. But since both class 4 and class 5 are combined

together as the class of positiveness, for the task of the 3-class classi�cation, this review

is correctly classi�ed.
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Review AC CC

看了五分钟就没必要再看了的那种电影但何老师本人的魅
力让人毒蛇不起来 "After �ve minutes there is no need to

continue watching this kind of movie, even though Teacher He

has the charm that I can’t say bad words about."

1 1

这是胡八一胡八一是一个机智臭贫果敢的人这赵又廷哭鸡
尿腚的演技真是看他演一部不用再看其他片... "This is Hu

BaYi and he is a witty and brave person who likes to joke. All

the crying that Zhao Youting acted is so bad performance that I

don’t want to watch any other of his �lms."

1 1

简直是在挑战自己的忍耐底线强迫症看了开头就一定要看
完简直如外星人般无法理解这种东西的... "This is literally

challenging my boundary. I forced myself to �nish it after

having watched the beginning. It is so hard to understand like a

liens. Those stu�..."

1 1

杨幂不亏为烂片女王黄晓明你让我在合伙人里对你的好感
一点点磨没了反正杨幂你现在给我的映像就... "Yang Mi is

the empress of bad movies. Huang XiaoMing’s performance

impressed me in the movie Partner but now that good

impression has been worn o�. So now the impression that Yang

Mi gives me..."

1 1

AC is Actual class and CC is Correctly classi�ed to

Table 5.15: Examples of reviews belonging to class 1 correctly classified (5-class classification)

Review AC CC

让人惊艳中国动画电影心的标杆 "So impressive. This is the

role model for Chinese animated movies."

2 2

有模仿的痕迹确实没错但满满的诚意还是看得到的所以能
到电影院支持一下国产一点儿都不心疼票钱... "It can be

seen that this movie is made in a sincere way, even though the

traces of imitation can be seen. That is why i went to the movie

theatre as a way to support the Chinese movie and didn’t feel

bad for paying to watch it."

2 2

笑过之后居然很难过 "I feel sad after laughing." 2 2

比预期要好太多这么多跟风黑的都是什么鬼 "This is so

much better than expected. What the hell is all these tanning

about as it is trendy?"

2 2

AA is Actual Class and CC is Correctly classifed to

Table 5.16: : Examples of reviews belonging to class 2 correctly classified (3-class classification)

For "前面比较搞笑后面剧情很扯有点编着编着编不下去了了强行结束的感觉主
角就是个丝做着白日梦" (The beginning is funny. The ending is so ridiculous that it

feels like a forced ending when things can’t go on anymore. The main character seems

like a day-dreaming loser.), is wrongly classi�ed for the task of the 3-class classi�cation.

This review is labeled as mixed sentiment as the real class it belongs to is class 1, but

it is classi�ed as negative. The �rst half of the review is positive, while the second
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Review AC PC

笑过之后居然很难受 "I feel sad after laughing." 5 4

笑过之后居然很难受 "I feel sad after laughing." 2 2

一星给棒子的作画一星给声优和日本的配乐也算是贡献过
票房了艹 "One star for the painting of the Korean. One star

for the seiyuu and the Japanese soundtrack. It can be regarded as

a contribution to the box o�ce."

2 2

一星给棒子的作画一星给声优和日本的配乐也算是贡献过
票房了艹 "One star for the painting of the Korean. One star

for the seiyuu and the Japanese soundtrack. It can be regarded as

a contribution to the box o�ce."

0 0

前面比较搞笑后面剧情很扯有点编着编着编不下去了了强
行结束的感觉主角就是个丝做着白日梦... "The beginning

is funny. The ending is so ridiculous that it feels like a forced

ending when things can’t go on anymore. The main character

seems like a day-dreaming loser."

3 3

前面比较搞笑后面剧情很扯有点编着编着编不下去了了强
行结束的感觉主角就是个丝做着白日梦... "The beginning

is funny. The ending is so ridiculous that it feels like a forced

ending when things can’t go on anymore. The main character

seems like a day-dreaming loser."

1 0

AC is Actual Class and PC is Predicted Class

Table 5.17: Assorted examples

half is more towards being negative. On the other hand, for the task of the 5-class

classi�cation, such mixed sentiment is correctly classi�ed. The possible reason might

be the data distribution. For the task of the 5-class classi�cation, the data size for the

reviews belonging to class 3 is larger than the data size for the reviews belonging to

class 1 or class 2. That might explain why the review is classi�ed as being in class 3,

as the review is less likely to be classi�ed as being in class 1 or class 2 when it carries

both negative and positive sentiments.

In terms of "一星给棒子的作画一星给声优和日本的配乐也算是贡献过票房了艹"

”(One star for the painting of the Korean. One star for the seiyuu and the Japanese

soundtrack. It can be regarded as a contribution to the box o�ce.), this review is

correctly classi�ed for both the task of the 5-class classi�cation and of the 3-class

classi�cation. The possible reason might be because of the characters "一星" (one star)

and "一星" , which makes this review classi�ed as being in class 2 out of 5 classes, and

class 0 out of 3 classes.
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6 Conclusion and Future Work

This chapter introduces conclusions of the work that was done as well as discussions

about possibilities for future work.

6.1 Conclusion

This research aims at classifying the comments of movies collected from Douban movie

website. The comments in the data are treated as the input while the ratings are treated

as labels. Since there are �ve di�erent ratings in the data, there can be di�erent ways

to classify the data, among which 5-class classi�cation and 3-class classi�cation are

both explored as a comparative study. The aim for this comparison is that depending

on the purpose of sentiment analysis, sentiments can be very �ne-grained as being

divided into 5 classes, or generalized as being divided into classes of negative, neutral

and positive sentiments.

In terms of data distribution, the data belonging to the ratings of 1 and 2 are relatively

much smaller than the data belonging to the ratings of 3, 4 and 5. Partly because of the

uneven distribution of data, the Recall and F1 scores perform di�erently for di�erent

classes. The performance of models on the data belonging to the majority classes are

better than on the data belonging to the minority classes. This happens for 5-class

classi�cation as well as 3-class classi�cation.

The performance of the classi�ers seems to be higher for the 3-class classi�cation than

for the 5-class classi�cation. The possible reason might be because the data for each

class is now doubled when division of sentiments become more generalized instead of

being as �ne-grained as the �ve ratings.

When deep learning methods, which are LSTM and BILSTM in this research, are used

for the 5-class and 3-class classi�cations, deep learning methods perform slightly

better for both classi�cation strategies. One of the possible reasons might be because,

for LSTM and BILSTM, the inputs are embedded by word2Vec methods, whereas for

machine learning methods TF-IDF is used for word vectorization. The advantage of

word embedding methods is that it can capture the semantic similarity between the

word vectors, while TF-IDF only cares about the relevance or importance of a word in

a document. For tasks like sentiment analysis, word vectors carry more information

than simply relevance in a document, as each word is vectorized in a context, whereas

TF-IDF only treats every word individually without considering the similarity between

words when they are in a similar context. The other reason for deep learning to per-

form better is because deep learning methods, given that the data in large size is large

enough, can understand the data in a better way than traditional machine learning

methods, as they have more parameters to be trained on the large data.

For deep learning methods, fastText seems to be a better choice than Skip-Gram for

embedding the input, since rare words or new words can be better represented when
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they are embedded together with other words, given the n-gram characters. This ad-

vantage of fastText when applied to LSTM and BILSTM, leads to better performances

for both the 5-class classi�cation and the 3-class classi�cation.

Also, deep learning methods extract features from the data with many hidden layers,

and if features are not that important for the output, they are given less weight. There-

fore, for LSTM and BILSTM, feature selection is not necessary. In comparison, feature

selection methods are applied to machine learning methods. The results show that

when feature selection methods are used, the performance of the machine learning

classi�ers decrease, with the possible reason that some important features are removed.

Between LSTM and BILSTM, even though it was reported that BILSTM shall perform

better with more epochs, this doesn’t seem to be always the case. After LSTM reaches

the stable level of performance, the increase in epochs doesn’t lead to any improvement

in the performance of BILSTM, making the performances of both models pretty much

the same. Therefore, the claim that, with more epochs, BILSTM can pick up more

information from the data from both directions, and thus can improve its performance

in classi�cation, doesn’t hold in this research for classifying movie reviews.

In the following paragraphs of this section, the research questions listed in the intro-

duction part of this thesis are answered one by one.

Firstly, LSTM with fastText as the embedding is the best-performing classi�er for 5-

class classi�cation. For 3-class classi�cation, fastText is the better embedding method

than Skip-Gram for both LSTM and BILSTM. LSTM and BILSTM perform equally well

when fastText is the embedding method.

Secondly, regarding the performance of machine learning models, feature selection

doesn’t seem to make the performance better, probably due to the fact that some

features might be removed while feature selection methods are applied. Logistic

Regression seems to be the best-performing classi�er both when feature selection

methods are applied and not.

Thirdly, the pattern of misclassi�cation for 5-class classi�cation task is that class 2

is the most di�cult class to be predicted, with the possible reason that class 2 has

the smallest data. On the other hand, class 1 and class 5 are the easiest classes to be

predicted, possibly because the comments belonging to class 1 carry the most negative

emotion, while the comments belonging to class 5 carry the most positive emotion. For

the task of 3-class classi�cation, the pattern of misclassi�cation is that class 1 is most

di�cult class to be predicted, with the possible reason that the comments belonging to

class 1 have mixed emotion, which might cause the classi�ers to predict them as either

negative or positive. On the other hand, class 2 is the easiest class to be predicted, with

the possible reason that class 2 has the largest data. In addition, some comments can

be misclassi�ed for the task of 5-class classi�cation but correctly classi�ed for the task

of 3-class classi�cation, and vice versa.

6.2 Future Work

In the future, there are still many other ways to do the classi�cation task with the cur-

rent data. Instead of 5-class or 3-class classi�cations, other strategies of classi�cation,
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such as aspect-based sentiment analysis, can be done on the same data.

For class 3, which is treated as mixed sentiment, it is hard to decide whether it is more

to the side of negative or positive sentiment, which might be the reason why it will be

worth it doing more research on how to improve the performance of models for this

particular class of mixed sentiment.

In this research, �ve machine learning methods are explored with TF-IDF as the

vectorization method. Besides, LSTM and BILSTM are used with Skip-Gram and

fastText to embed words. In the future, other traditional machine learning methods

and deep learning methods can be explored on the same data. Other word embedding

methods, such as GloVe, and contextual embedding methods such as BERT, can also

be applied to deep learning methods as the ones used in this research or to other

classi�ers.
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