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Abstract

Department of Computer Engineering and Mathematics (DEIM), School of Engineering (ETSE)
MASTER IN COMPUTER SECURITY AND ARTIFICIAL INTELLIGENCE

Target-Dependent Sentiment Analysis of Tweets

by Fadi HASSAN

The task of target-dependent sentiment analysis aims to identify the sentiment polarity towards a
certain target in a given text. All the existing models of this task assume that the target is known.
This fact has motivated us to develop an end-to-end target-dependent sentiment analysis system. To
the extent of our knowledge, this is the first system that identifies and extract the target of the tweets.
The proposed system is composed of two main steps. First, the targets of the tweet to be analysed
are extracted. Afterwards, the system identifies the polarities of the tweet towards each extracted
target. We have evaluated the effectiveness of the proposed model on a benchmark dataset from
Twitter. The experiments show that our proposed system outperforms the state-of-the-art methods for
target-dependent sentiment analysis.


http://www.urv.cat
http://etse.urv.cat




Acknowledgements

First and foremost I offer my sincerest gratitude to my supervisor, Dr Antonio Moreno, who has
supported me thoughout my thesis with his patience and knowledge whilst allowing me the room to
work in my own way. I attribute the level of my Masters degree to his encouragement and effort and
without him this thesis, too, would not have been completed or written. One simply could not wish
for a better or friendlier supervisor.

To all my friends, thank you for your understanding and encouragement in my many moments of
crisis, Your friendship makes my life a wonderful experience. I cannot list all the names here, but you
are always on my mind.

Finally, I wish to thank my parents for their love and encouragement, without whom I would never

have enjoyed so many opportunities.






11

Contents

Declaration of Authorship 3
Acknowledgements 9
1 Introduction 21
1.1 Target-Dependent Sentiment Analysis . . . . . . . ... ... . ... ... .. ... 22

1.2 Target Identification . . . . . . . . . . . .. 23

1.3 Objectives and Contributions . . . . . . . ... ... ... Lo ... 24

1.4 Document StruCture . . . . . . . . . v v v v vttt e e e e e e e 25

2 Background 27
2.1 MachineLearning . . . . . . . . . . . i e e e e e e e 27

2.2 DeepLearning . . . . .. .. e 28

2.3 Neural Networks . . . . . . . . o . e 28

2.4  Recurrent Neural Networks . . . . . . . . .. .. o e 29

2.5 GatedRecurrent Unit . . . . . . . . . .. e 30

2.6 Bidirectional RNNs . . . . . . . . ... 30

2.7 Softmax Classifier. . . . . . . . . . . e 31

2.8 Word Representation . . . . . . . . . ... e e e 31

3 State of the Art 33
3.1 Sentiment Analysis . . . . . . ... e e e e 33

3.2 Target-Dependent Sentiment Analysis . . . . . . . .. .. .. ... ... 33

3.3 Target Identification . . . . . . .. ... e 34

4 Methodology 37
4.1 TargetIdentification . . . . . . . ... Lo 37
4.2 Target-Dependent Sentiment Analysis . . . . . .. ... ... ... ... ..... 39

5 Experimental and Results 41
5.1 Datasets . . . .o e e e e 41

5.2 Evaluation Metrics . . . . . . . . . ... e 41

5.3 Resultsand Discussion . . . . . . . . ... e 42
5.3.1 Target Identification . . . . . ... ... ... 42

5.3.2 Effects of Word Embeddings . . . . . ... ... ... ... ... ... .. 42

5.4 Target-Dependent Sentiment Analysis . . . . . . . .. .. ... ... ... 42

6 Conclusion and Future Work 47

Bibliography 49






List of Figures

1.1

2.1
2.2
2.3

24
2.5
2.6

4.1
4.2

5.1
5.2

Example of the two steps. The filled rectangle represents the target extraction step,
where the rounded rectangle represents the sentiment analysis step and it receives two

inputs the extracted target and itscontext. . . . . . .. .. ... ...

Supervised machine learning lifecycle. . . . . ... ... ... ... 000,
Recurrent Neural Network. . . . . . . . .. ... ... .
Gated Recurrent Unit (GRU). Figure source: http://colah.github.io/posts/2015-08-
Understanding-LSTMs/ . . . . . . . . . o e
Bidirectional Recurrent Neural Network. . . . . . . . .. .. ... ... .......
Example of one-hotencoding. . . . . . . . ... ... ... .

Example of word projection in the embedding space. . . . . ... ... ... ....

TI-RNC model for target identification of tweets. . . . . ... ... ... ......
TD-biGRU model for target-dependent sentiment classification. . . . .. ... ...

F1 score accuracy of TI-RNC with different word embeddings. . . . ... ... ..

Confusion Matrix . . . . . . . . 0 i e e e e e e

13






15

List of Tables

5.1 Comparison of our model to the baselines on target identification. Best scores are

showninbold. . . . . . . ... L e 42
5.2 Pre-trained word embedding models. . . . . . ... ... L oo oL 43
5.3 Comparison of different methods on target-dependent sentiment classification. Eval-

uation metrics are accuracy and macro-F1. Best scores are showninbold. . . . . . . 44






17

List of Abbreviations

SA

NLP
RNNs
GRU
BiRNN
BiGRU
TD-biGRU

Sentiment Analysis

Natural Language Processing
Recurrent Neural Networks

Gated Recurrent Unit

Bidirectional Recurrent Nural Networks
Bidirectional Gated Recurrent Unit

Target-Dependent Bidirectional Gated Recurrent Unit






This thesis is dedicated to my parents.
For their endless love, support and encouragement

19






21

Chapter 1

Introduction

Sentiment analysis (SA) (also known as opinion mining) is the problem of identifying people’s opin-
ions, sentiments or attitudes expressed in text. It normally involves the classification of text into
categories such as “positive”, “negative” and “neutral”.

Due to the rapid growth of social networks on the Internet, SA has been applied to analyse opinions
on Twitter, Facebook and other digital communities in real time. Sentiment analysis has now a wide
range of applications in fields like marketing, management, e-health, politics and tourism (Jabreel
and Moreno, 2016; Jabreel, Moreno, and Huertas, 2017; Liu, 2011). For instance, it can enhance the
capabilities of customer relationship management systems and recommenders by finding out which
features customers are particularly interested in or avoiding the recommendation of items that have
received unfavourable feedbacks.

SA can be done at different levels. Coarse-grained analysis attempt to extract the overall polarity
on a document or sentence level, whereas, in a fine-grained level of analysis, the problem is to identify
the sentiment polarity towards a certain target in a given text (Target-dependent sentiment analysis)
(Jiang et al., 2011; Dong et al., 2014; Vo and Zhang, 2015). In this problem it is necessary to determine
the target and its context, which can be defined as follows:

Target A target is an entity (person, organisation, product, object, etc.) referred to in a text, about

which an opinion is expressed.

Context The context of the target is the text surrounding it, that provides information about the

polarity of the sentiment towards it.

It is quite usual to give several opinions on different aspects of an object in a single sentence. For
example, the text "I have got a new mobile. Its camera is wonderful but the battery life is too short.”,
gives both positive and negative remarks about a mobile phone. It may be seen that the example
contains three targets ("mobile”, "camera" and "battery life") and the sentiment polarities towards
them can be seen as "neutral", "positive" and "negative", respectively.

As shown in the example, although the text expresses an overall positive opinion about the phone,
it also contains conflicting opinions associated with different aspects of the phone. The opinions
toward the phone itself and its camera are positive, but the opinion towards its battery life is negative.
Thus, the overall opinion of a product is often not enough for decision making and such fine-grained
opinions are important for both producers and customers. They want to understand which positive or
negative attributes or aspects contribute to the final rating of the product. (Liu et al., 2016).

The importance of target information has been proven by previous studies. It has been shown
(Jiang et al., 2011) that about 40% of the errors of sentiment analysis systems are caused by the lack
of information about the target. Thus, the target-dependent SA problem can be addressed by designing
a system with two steps, shown in Fig.1.1. The first step called Target Identification, aims to extract



22 Chapter 1. Introduction

Its| camera |is wonderful but the| battery life | is too short

I | I |
target context target context

p h 4 v \ 4 \ 4
Targeted SA ] [ Targeted SA ]
g

FIGURE 1.1: Example of the two steps. The filled rectangle represents the target
extraction step, where the rounded rectangle represents the sentiment analysis step
and it receives two inputs the extracted target and its context.

automatically the target in a given text, while the objective of the second step, Target-Dependent SA,
is to identify the opinion expressed in the text towards the extracted target.
The next sections provides the describtions of these two problems, the most recent systems pro-

posed to address them, their main drawbacks and our contributions to avoid theose drawbacks.

1.1 Target-Dependent Sentiment Analysis

Target-dependent sentiment analysis on Twitter is the problem of identifying the sentiment polarity
towards a certain target in a given tweet. Most of the current studies on sentiment analysis are inspired
by the work presented in (Pang, Lee, and Vaithyanathan, 2002). Machine learning techniques have
been used to build a classifier from a set of sentences with a manually annotated sentiment polarity.
The success of these models is based on two main facts: the availability of a large amount of labeled
data and the intelligent manual design of a set of features that can be used to differentiate the samples.

Their performance basically depends on defining an appropriate set of efficient classifying features
(Feldman, 2013; Liu, 2012; Pang and Lee, 2008; Perikos and Hatzilygeroudis, 2016). For instance,
the authors in (Mohammad, Kiritchenko, and Zhu, 2013) and (Jabreel and Moreno, 2016) used diverse
sentiment lexicons and a variety of hand-crafted features in their sentiment analysis systems.

Target-dependent sentiment analysis is also regarded as a text classification problem in the liter-
ature. Standard text classification approaches can be used to build a sentiment classifier. Extracting
syntactic, semantic and sentimental information to represent the relatedness between targets and their
contexts in a given text is the key step of targeted sentiment analysis systems. Due to the difficulty of
dealing with this step, designing a powerful and robust targeted sentiment analysis system remains a
challenge.

This problem can be addressed manually by designing a set of target-dependent features and pass-
ing them into feature-based classifiers such as Support Vector Machines (SVM). For instance, the
work presented in Jiang et al., 2011 uses a rich set of features over part-of-speech (POS) tags and de-
pendency links of a given text to extract target sentiment polarities. However, this approach has many
drawbacks. First, feature engineering is a very intensive and time-consuming task. Second, sparse

and discrete features are not good enough in encoding information like the target-context relatedness.
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Recently, neural networks and deep learning approaches have been used to build target-independent
and target-dependent sentiment analysis systems. Such systems have the capability of learning auto-
matically a set of features to overcome the drawbacks of the handcrafted approaches (Deriu et al.,
2016; Tang et al., 2014a; Tang et al., 2014b).

The most successful targeted sentiment analysis systems that use neural networks rely on the idea
of splitting the sentence into three parts (target, left context and right context) with the aim of modeling
the interaction between the targets and their contexts. For example, Vo and Zhang, 2015 divided the
enclosing sentence into three segments and then they used pooling functions on each part to extract
features for the left context, the target and the right context, respectively. These features were then
passed through a linear classifier for sentiment classification.

This idea helps to improve modeling the relatedness between the targets and their contexts. How-
ever, disconnecting the three parts may cause the loss of some necessary information. For example,
let us consider the entity "Facebook" as a target in the following sentence "Before I used Twitter, 1
liked Facebook but now I hate it." The left context ("Before I used Twitter, I liked") contains the word
like which is positive, so it reflects a positive opinion. The right context ("but now I hate it.") contains
the negative word hate, so it expresses a negative opinion. Thus, there are two contradictory opinions
on the same target in a single sentence.

We believe that it is very important to consider the full sentence when representing the contextual
knowledge about the target. This intuition motivated us to investigate a powerful neural network
model, which is capable of representing the interaction between the targets and their contexts without
losing the connection between the tokens of the text.

Recurrent neural networks (RNNs) have been proved to be a very useful technique to represent
sequential inputs such as text in the literature. A special extension of recurrent neural networks called
bi-directional recurrent neural network (BRNN) can capture both the preceding and the following
contextual information in a text.

Unlike previous studies, in this work we propose a neural network model based on gated recur-
rent units (GRUs) and a bi-directional recurrent neural network. We have developed a model called
target-dependent bi-directional gated recurrent unit (TD-biGRU) to deal with the problem of target-
dependent sentiment analysis. TD-biGRU models the relatedness between target words and their
contexts by concatenating an embedded vector that represents the target word(s) with two vectors that

capture both the preceding and the following contextual information.

1.2 Target Identification

Extracting the targets from the tweets is the key task in the problem of target dependent SA. However,
all the existing studies of this task assume that the target is known. Thus, we have developed a system
to identify automatically the explicit targets of the tweets.

Recently, a similar problem to the target identification, known as aspect term extraction, has been
studied extensively. There are two main kinds of approaches: supervised and unsupervised. In the
supervised approaches machine-learning systems are trained on manually annotated data to extract
targets in the reviews. The most common techniques employed in supervised approaches are decision
trees, SVMs, K-nearest neighbour, Naive Bayesian classifiers and neural networks (Toh and Su, 2016;
Kessler and Nicolov, 2009). On the other hand, unsupervised approaches aim to automatically extract
product features using syntactic and contextual patterns without the need of annotated data (Liu et al.,
2015; Liu et al., 2016).
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There is one particularly interesting supervised approach, which conceptualizes the aspect ex-
traction problem as a sequence labeling problem (Jebbara and Cimiano, 2016). The most success-
ful sequence labeling systems are probabilistic graphical models such as Hidden Markov Models
and Conditional Random Fields (CRFs) (Lafferty, McCallum, and Pereira, 2001; Ratinov and Roth,
2009). However, their main drawback is that they rely heavily on a set of hand-crafted features, whose
definition is very time consuming. Recently, deep learning has been utilized to extract automatically
high-level features in many tasks such as speech recognition (Graves, Mohamed, and Hinton, 2013a),
text classification (Kim, 2014), image classification (He et al., 2016), etc. RNNs have been proved to
be a very useful technique to represent sequential data such as text. These models have also shown
great success in solving sequence labeling tasks, e.g. Named Entity Recognition (NER) and POS
tagging (Lample et al., 2016; Ling et al., 2015). However, these models have their own weakness in
solving the sequence labeling problems, as they predict each word label independently and not jointly
as part of a sequence.

Recent works on sequence labeling tasks such as NER, POS tagging and others have combined
RNN s with the CRFs to leverage their strength and overcome the limitations stated above (Huang, Xu,
and Yu, 2015; Wang et al., 2016). Following this approach we propose a model based on Bidirectional
Gated Recurrent Units and Conditional Random Fields to identify automatically the targets from the
tweets. Specifically, the proposed model consists of two components. The first one is a bidirectional
gated recurrent unit which learns automatically a high level feature representation for each word. The

second one is a conditional random field that models the whole sequence jointly.

1.3 Objectives and Contributions

The main goal of this work is to develop a full fledged target dependent SA system of Twitter that can
be used to automatically extract the targets from tweets and identify the sentiments expressed in those

tweets toward them. To achieve this goal, the work focuses on the following specific goals:

e Developing a target identification system that can automatically extract the targets from the

tweets.

e Developing a target dependent sentiment analysis system that can identify the opinion that

expressed in the tweets toward a set of targets.
o Integrating these two systems in one end-to-end target dependent sentiment analysis system.

e Testing the proposed systems on publicly available datasets for the problem of target dependent

sentiment analysis.
e Using the proposed systems in real case studies.

The contributions of this work are the following:

e First, we have developed a Bidirectional Gated Recurrent Units and Conditional Random Fields

based model to identify automatically the targets from the tweets.

e Second, We have developed a model called target-dependent bi-directional gated recurrent unit
(TD-biGRU) to deal with the problem of target-dependent sentiment analysis. TD-biGRU mod-
els the relatedness between target words and their contexts by concatenating an embedded vec-
tor that represents the target word(s) with two vectors that capture both the preceding and the

following contextual information.
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e Third, we have integrated these two systems into an end-to-end targeted SA system.

o Finally, we have tested the proposed systems on two publicly available datatsets.

The results of these works have been published in the following conferences/books:

e Mohammed Jabreel, Fadi Hassan and Antonio Moreno: on Target-Dependent Sentiment Anal-
ysis of Tweets using Bi-directional Gated Recurrent Neural Networks, in CIMA-16 Post work-
shop.

e Mohammed Jabreel, Fadi Hassan, Saddam Abdulwahab and Antonio Moreno: on the Bidirec-
tional LSTM-CREF for Target Identification of Tweets, in CCIA

1.4 Document structure

The structure of the dissertation is as follows: this chapter has introduced our work. Chapter 2 ex-
plains the background of the work. Chapter 3 describes the state of the art. Chapter 4 describes
the methodology we use it. Chapter 5 shows the experimental and result. Finally, in chapter 6 we

conclude the work, and highlight the future work.






27

Chapter 2

Background

This chapter explains briefly the basic concepts used in this work. We start by explaining Machine
Learning, Deep Learning, Neural Networks, and then we describe recurrent neural networks, gated re-
current units, bidirectional recurrent neural networks and the softmax classifier. Finally, we introduce

the concept of word representation.

2.1 Machine Learning

Machine learning is the subfield of computer science that, according to Arthur Samuel in 1959, gives
"computers the ability to learn without being explicitly programmed."(Munoz, 1959) Evolved from
the study of pattern recognition and computational learning theory in artificial intelligence.

Machine learning models can solve various type of problems such as classification, regression, and
clustering problems, Those models can be categorized to supervised and unsupervised approaches.
Supervised machine learning models need labeled datasets in which experts annotate manually set of
examples and usually split them into two or sometimes three data sets: training set, development sets

and testing set.

Deploy and
Operationalize Models

Prepare Data Engineer Features  Train, Tune and
Validate Models

Update Models
FIGURE 2.1: Supervised machine learning life cycle.

To develop supervised a machine learning model (e.g. a classifier), the following steps are needed:
first, a set of features must be designed and used to represent the examples as vectors. Afterward, the
computed vectors must be used to train the classifier, the most popular classifiers that have been
used recently, especially for sentiment analysis problem, are SVMs, Naive Bayes, Decision Trees,
Random Forest and Logistic Regression Jabreel and Moreno, 2016; Pang, Lee, and Vaithyanathan,
2002; Feldman, 2013; Mohammad, Kiritchenko, and Zhu, 2013. Usually, the classifier has a set of
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parameters that must be tuned; thus, some techniques like grid-search and k-fold cross validation can
be used to select the parameters that give the best performance based on the development set. Later,
the effectiveness of the model can evaluated by applying it on the testing set. Figure 2.1 illustrates the
life cycle of building a supervised machine learning model.

In unsupervised learning techniques the end goal less clear-cut than predicting an output based
on a corresponding input. There are three fundamental problems of unsupervised learning: data
clustering, matrix factorization, and sequential models for order-dependent data. Some applications

of these models include object recommendation and topic modeling.

2.2 Deep Learning

Deep learning is part of a broader family of machine learning methods based on learning data repre-
sentations, as opposed to task-specific algorithms. Learning can be supervised or unsupervised.

Some representations are loosely based on interpretation of information processing and commu-
nication patterns in a biological nervous system, such as neural coding that attempts to define a rela-
tionship between various stimuli and associated neuronal responses in the brain. Research attempts to
create efficient systems to learn these representations from large-scale, unlabeled data sets.

Deep learning architectures such as deep neural networks, deep belief networks and recurrent
neural networks have been applied to many fields including computer vision, speech recognition, nat-
ural language processing, audio recognition, social network filtering, machine translation and bioin-
formatics where they produced results comparable to and in some cases superior to human experts
Goodfellow, Bengio, and Courville, 2016.

Unlike the traditional supervised machine learning models, deep leaning models do not require
to design and define manually the set of features that will be used to train the models. They can
automatically learn high level features from the row data by stacking many neural layers, the lowest
layers learn low level features while the highest layers learn high level once. One interesting example
of this approach is the CNN LeCun et al., 1998 which shows impressive results on many fields such as
computer vision Krizhevsky, Sutskever, and Hinton, 2012 and natural language processing Conneau
et al., 2016; Kim, 2014. RNN is another useful example of deep learning models which has been
proposed model the sequential data (e.g. text) effectively Choi, Cho, and Bengio, 2017. RNN is the
key of the models that proposed in this work. Next sections explain the main deep learning concepts
that are used in this work.

2.3 Neural Networks

Neural Networks or Artificial neural networks (ANNs) are computing systems inspired by the bi-
ological neural networks that constitute animal brains. Such systems learn (progressively improve
performance) to do tasks by considering examples, generally without task-specific programming. For
example, in image recognition, they might learn to identify images that contain cats by analyzing
example images that have been manually labeled as "cat" or "no cat" and using the analytic results
to identify cats in other images. They have found most use in applications difficult to express in a
traditional computer algorithm using rule-based programming.

An ANN is based on a collection of connected units called artificial neurons, (analogous to axons
in a biological brain). Each connection (synapse) between neurons can transmit a signal to another
neuron. The receiving (postsynaptic) neuron can process the signal(s) and then signal downstream

neurons connected to it. Neurons may have state, generally represented by real numbers, typically
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between 0 and 1. Neurons and synapses may also have a weight that varies as learning proceeds,
which can increase or decrease the strength of the signal that it sends downstream. Further, they may
have a threshold such that only if the aggregate signal is below (or above) that level is the downstream
signal sent.

Typically, neurons are organized in layers. Different layers may perform different kinds of trans-
formations on their inputs. Signals travel from the first (input), to the last (output) layer, possibly after
traversing the layers multiple times.

The original goal of the neural network approach was to solve problems in the same way that a
human brain would. Over time, attention focused on matching specific mental abilities, leading to
deviations from biology such as backpropagation, or passing information in the reverse direction and
adjusting the network to reflect that information.

Neural networks have been used on a variety of tasks, including computer vision, speech recogni-
tion, machine translation, social network filtering, playing board and video games, medical diagnosis

and in many other domains.

2.4 Recurrent Neural Networks

A recurrent neural network is a type of neural network architecture specifically designed for modeling
sequential inputs of varying lengths such as text.

As shown in Figure 2.2, at each time step ¢, it takes the input vector x € R? and the hidden state
vector /,_1 € R% and outputs the next hidden state 4, by applying the following equation:

hr:¢(xt7ht—l) 2.1

Usually, hq is initialized to a zero vector in order to calculate the first hidden state. The most common

V-1 Yt Vi+1
ﬂ» RNN | Pl RNN BN RNN L 5

xtT_l :It X;T+1

FIGURE 2.2: Recurrent Neural Network.

approach is to use the affine transformation operation followed by an element-wise non-linearity, e.g.
Rectified Linear Unit (ReLU), as the function ¢ that produces the next hidden state vector A;.

O(xp,hi—1) = fWx; +Vh_1 +b) (2.2)

In this formula, W € R4V € R%*4 and b € R% are the parameters of the model, and f is an
element-wise non-linearity.

In practice, the major issue of RNNs using these transition functions is the difficulty of learning
long-term dependencies due to vanishing/exploding gradients (Bengio, Simard, and Frasconi, 1994).
Long short-term memory (LSTM) units (Hochreiter and Schmidhuber, 1997) and GRU (Cho et al.,
2014) have been specifically designed to address this problem. In this work we use a GRU as ¢, and

we explain how it is used to produce the hidden state vector /; in the next subsection.
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A |

FIGURE 2.3: Gated Recurrent Unit (GRU). Figure source:
http://colah.github.io/posts/2015-08-Understanding-LSTMs/

2.5 Gated Recurrent Unit

Gated recurrent units were designed to have more persistent memory, making them very useful to
capture long-term dependencies between the elements of a sequence. GRUs are the basic components
of the models proposed in this work. Figure 2.3 shows a graphical depiction of a gated recurrent unit.

This kind of units have reset (r;) and update (z;) gates. The former has the ability to completely
reduce the past hidden state /,_ if it considers that it is irrelevant to the computation of the new state,
whereas the later is responsible for determining how much of 4;_; should be carried forward to the
next state A;.

The output 4; of a GRU depends on the input x; and the previous state 4,_1, and it is computed as

follows:

r=0 (W [h_1:%]+Db,) (2.3)

=0 (W, [l_1;%]+b;) 2.4)

e = tanh (Wy - [(r; © by 1):x,] + by) (2.5)
he=(1—2)Oh 1 +2Oh (2.6)

In these expressions r; and z; denote the reset and update gates, Iy is the candidate output state
and /; is the actual output state at time . The symbol ® stands for element-wise multiplication, o is

<d+dh ) and

a sigmoid function and ; stands for the vector-concatenation operation. W,, W,, W, € R%*
by,b.,b, € R% are the parameters of the reset and update gates, where dj, is the dimension of the

hidden state.

2.6 Bidirectional RNNs

The standard RNN, described in subsection 2.4, reads an input sequence X = (xi,...,x,) in a forward
direction (left-to-right) starting from the first symbol x; and ending in the last one x,. Thus, it pro-
cesses sequences in temporal order, ignoring the future context. For many tasks on sequences it is
beneficial to have access to future as well as to past information. For example, in text processing,
decisions are usually made after the whole sentence is known. The Bidirectional BiRNN architecture
(Graves, Mohamed, and Hinton, 2013b) proposed a solution for making predictions based on both

past and future information.
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Outputs ce Yt—1 Y Yt+1
LN LN
Backward Layer <— ?1,1_1 < {Ht < {EH—I
Forward Layer Tl}f_—l > ﬁf_ > fH_l —
RN
Inputs e Tt—1 T Tt41

FIGURE 2.4: Bidirectional Recurrent Neural Network.

Figure 2.4 illustrates the architecture of a BiRNN, it consists of forward $> and backward <$
RNNs. The first one reads the input sequence in a forward direction (xj,...,x,) and produces a se-
quence of forward hidden states (h_f, ...,h_;), whereas the former reads the sequence in the reverse
order (x, ...,x] ) resulting in a sequence of backward hidden states (E, ey K)

We obtain a representation for each word x; by concatenating the corresponding forward hidden

state E) and the backward one ﬁl The following equations illustrate the main ideas:

= (k) @.7)
T =0 () 2.8)
he =] Ff;m (2.9)

In this work we use two GRUs, one as $ and the other as $ We call this model biGRU.

2.7 Softmax Classifier

The softmax classifier is a feed-forward neural network followed by the softmax function, which is
used for multi-class classification (under the assumption that the classes are mutually exclusive). It
takes as input a vector v € R™ and produces the probabilities for each class as follows:

exp(wlfv+b;)

ply=ilv;W,b) = ,
( | ) jC:lexp(wJT-v—i-bj)

i=1,2,..,C (2.10)

This can be interpreted as the (normalized) probability assigned to each class i given the input
vector v, and parameterized by W € R™*C and b € RE, where C is the number of classes, w; 18 the i-th

column of W and b; is a bias term.

2.8 Word Representation

Word Representation is the process of representing each word as a vector. The most simple method

of encoding words is called one-hot or 1-of-N vector representation. In this method each word is

V|x1

represented as an R vector with all Os and one 1 at the index of that word in the sorted vocabulary.
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In this notation, |V| is the size of the vocabulary. Word vectors in this type of encoding for the
vocabulary {King, Queen, Man, Woman, Child} would appear as shown in Figure 2.5.

/__- A
/ N\ Gncodsmob

- Mo
}{Lf"ﬁﬁj

FIGURE 2.5: Example of one-hot encoding.

In the one-hot vector representation method, every word is equidistant from every other. However,
it lacks to preserve any relationship among them and leads to data sparsity. Using word embeddings
can overcome some of these drawbacks. Word embeddings are an approach for distributional seman-

tics which represents words as vectors of real numbers.

| —Paris

)
Camera / \ N

-
PO T F oLse
FIGURE 2.6: Example of word projection in the embedding space.

Such representation has useful clustering properties, since it groups together words that are se-
mantically and syntactically similar Mikolov et al., 2013. For example, the words "seaworld" and
"dolphin" will be very close in the embedding space (Figure 2.6). The main aim of this step is to map
each word into a continuous, low dimensional and real valued vector and use it as input to a model
such as a RNN, a CNN , etc.

When a text has to be analysed, the first step is to map each word into a continuous, low dimen-
sional and real-valued vector, which can later be processed by a neural network model. All the word
vectors are stacked into a matrix E € R¥*N | where N is the vocabulary size and d is the vector dimen-
sion. This matrix is called the embedding layer or the lookup table layer. The embedding matrix can
be initialized using a pre-trained model like word2vec or Glove (Mikolov et al., 2013; Pennington,
Socher, and Manning, 2014).
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Chapter 3

State of the Art

This chapter explains briefly the state-of-the-art studies related to this work. We start by reviewing the
approaches used in sentiment analysis and then we summarize the existing models on target-dependent

sentiment analysis, Finally, we review the most related works to the target identification.

3.1 Sentiment Analysis

Most of the current studies on sentiment analysis are inspired by the work presented in (Pang, Lee,
and Vaithyanathan, 2002). Machine learning techniques have been used to build a classifier from a
set of sentences with a manually annotated sentiment polarity. The success of the machine learning
models is based on two main facts: the availability of a large amount of labeled data and the intelligent
manual design of a set of features that can be used to differentiate the samples.

In this approach, most studies have focused on designing a set of efficient features to obtain a good
classification performance (Feldman, 2013; Liu, 2012; Pang and Lee, 2008). For instance, the authors
in (Mohammad, Kiritchenko, and Zhu, 2013) and (Jabreel and Moreno, 2016) used diverse sentiment
lexicons and a variety of hand-crafted features in their sentiment analysis systems.

Neural network and deep learning approaches have recently been used to build supervised, unsu-
pervised and semi-supervised methods to analyze the sentiment of texts and to build efficient opinion
lexicons (Severyn and Moschitti, 2015; Tang et al., 2014a; Tang et al., 2014b). The main advantage of
neural models is their capability to learn a continuous text representation from data without any fea-
ture engineering. For example, the work presented in (Severyn and Moschitti, 2015) trained a CNN
to learn the best features and used it to classify the sentiment of the tweets. The work in (Tang et al.,
2014b) proposed a model to learn sentiment-specific word embeddings, which were combined with a
set of state-of-the-art hand-crafted features to learn a deep model system.

Most of the previous studies on sentiment analysis have two main steps. First, they use continuous
and real-valued vectors learned from scratch to represent the words (Bengio et al., 2003; Mikolov et
al., 2013; Pennington, Socher, and Manning, 2014; Tang et al., 2014b; Liu, Joty, and Meng, 2015).
Then, they learn a sentence representation by using a compositional approach like recursive networks
(Socher et al., 2013), convolutional neural networks (Kim, 2014), and recurrent neural networks (Liu,
Joty, and Meng, 2015).

3.2 Target-Dependent Sentiment Analysis

As we stated, Target-dependent sentiment analysis is also regarded as a text classification problem in
the literature. Standard text classification approaches such as feature-based Support Vector Machines

(Pang, Lee, and Vaithyanathan, 2002; Jiang et al., 2011) can be used to build a sentiment classifier.
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For instance, (Jiang et al., 2011) manually designed target-independent features and target-dependent
features with expert knowledge, a syntactic parser and external resources.

Recent studies, such as the works proposed by Dong et al., 2014 , Vo and Zhang, 2015, Tang
et al., 2015 and Zhang, Zhang, and Vo, 2016, use neural network methods and encode each sentence
in a continuous and low-dimensional vector space without feature engineering. Dong et al., 2014
transformed a sentence dependency tree into a target-specific recursive structure, and used an Adaptive
Recursive Neural Network to learn a higher level representation. Vo and Zhang, 2015 used rich
features including sentiment-specific word embedding and sentiment lexicons. The work presented by
Zhang, Zhang, and Vo, 2016 modeled the interaction between the target and the surrounding context
using a gated neural network. Tang et al., 2015 developed long short-term memory models to capture
the relatedness of a target word with its context words when composing the continuous representation
of a sentence. Most of those studies rely on the idea of splitting the sentence/text into target, left
context and right context.

Unlike previous studies, we propose a target-dependent bi-directional gated recurrent unit (TD-
biGRU), which is capable of modeling the relatedness between target words and their contexts by
concatenating an embedded vector that represents the target word(s) with two vectors that capture
both the preceding and following contextual information. The next chapter describes the proposed

models in detail.

3.3 Target Identification

Aspect extraction from reviews is the most similar problem to the task of target identification of
tweets. This task has been proved to be an important step in opinion mining to generate list of objects
and the opinions that are expressed toward them. Aspect extraction from opinionated text was first
introduced by Hu and Liu, 2004. Although, the authors introduced the distinction between explicit and
implicit aspects. they only dealt with the explicit aspects by adopting set of rules based on statistical
observations. This method has been improved by Popescu and Etzioni, 2007. The authors assumed
the product class to be known as priori. Their algorithm detects whether a noun or noun phrase is a
product feature or not by computing the point-wise mutual information between the noun phrase and
the product class. The work presented by Scaffidi et al., 2007 also tried to improve Hu and Liu’s idea
by proposing a method that uses a language model to identify product features, assuming that product
features are the more frequent in product reviews than in general natural language text. Recent studies
on aspect extraction have shown that the syntactical approach, which employs rules about grammar
dependency relations between opinion words and aspects, performs quite well. This approach is
highly desirable in practice because it is unsupervised and domain independent. However, the rules
need to be carefully selected and tuned manually so as not to produce too many errors. Although it
is easy to evaluate the accuracy of each rule automatically, it is not easy to select a set of rules that
produces the best overall result due to the overlapping coverage of the rules. Liu et al., 2015 proposed
a novel method to select an effective set of rules.

Aspect extraction can be treated as a sequential labeling problem. The most popular methods
in this context, in particular, are Hidden Markov Models and Conditional Random Fields. Jin, Ho,
and Srihari, 2009 used a lexicalized HMM for joint extraction of opinions along with their explicit
aspects. Jakob and Gurevych, 2010 used CRF to extract explicit aspects in a custom corpus with
data of different domains. Li et al., 2010 and Choi and Cardie, 2010 also used CRF for extraction of

explicit aspects.
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Recently, deep learning methods have been proposed for aspect extraction. For example, Liu,
Joty, and Meng, 2015 proposed a recurrent neural network on top of pre-trained word embeddings.
Yin et al., 2016 developed an unsupervised embedding method to encode dependency path into a
recurrent neural network to learn high-level features for words. Those feature were taken as input
features for CRFs to extract automatically the aspects from reviews. Wang et al., 2017 proposed a
coupled multi-Layer attentions for co-extraction of aspect and opinion terms. Their model provides
an end-to-end solution for this task and does not require any parsers or other linguistic resources for
preprocessing.

Similarly, target identification problem can also be regarded as a sequential labeling problem.
Thus, we propose a model based on Bidirectional Gated Recurrent Units and Conditional Random
Fields to identify automatically the targets from the tweets. Next chapter explains in details our

models for target identification and targeted SA.
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Chapter 4

Methodology

We describe in this chapter the proposed model to tackle the problem of target-dependent SA. It is
composed of two main steps. First, the target of the tweet to be analysed is identified as described in
next section. Once the target has been obtained, it is passed together with the tweet as input to the

model described in section 4.2 to determine the sentiment polarity.

4.1 Target Identification

We describe in this section the proposed model of the problem of target identification in Twitter.
Target identification can be typically regarded as a kind of sequence labeling problem in which the
text (i.e. a sequence of words) can be represented using the I[OB2 tagging scheme Sang and Veenstra,
1999. The idea is that each word in a given text is labeled by one of the tags I, O, or B, which indicate
if the word is inside, outside, or at the beginning of a target respectively.

In this work we propose a model based on Bidirectional Recurrent Neural Networks, Gated Re-
current Units and Conditional Random Fields to extract the targets from a given tweet. This model,
called TI-RNC, reads a sequence of words and predicts a sequence of corresponding IOB2 tags. Once
we have the predicted sequence of IOB2 tags for a tweet, we can interpret it and extract the targets.

Figure 4.1 shows an example of the application of the proposed model for the problem of target
identification. It consists of two main sub-models. The first one, called BiGRU, which learns a high-
level representation of the words in a tweet. The second one is a CRF model, which takes the produced
sequence states to model whole tag sequence.

The main steps of the BiGRU sub-model are the following. First, the words of the input sentence
are mapped to vectors of real numbers resulting in a sequence of vectors xi,xp,...x,. Afterwards,
the resulting sequence is passed to a bidirectional recurrent neural network to produce a sequence of
recurrent states iy, ho, ..., h,. These states are the high-level representation of the input words.

Sequence labeling (tagging) can be simply modeled by using the /s as features to make an in-
dependent tagging decision at each time ¢ (Ling et al., 2015). However, in such tasks it is beneficial
to consider the correlation between labels in neighborhoods, specifically when there are strong de-
pendencies across the output tags. For example, in the problem of target identification, the tag B is
more likely to be followed by the tag I. Thus, instead of modeling tagging decisions independently,
we model them jointly using a CRF (Lafferty, McCallum, and Pereira, 2001).

Formally, let H = {h;,h,...,h,} be the sequence of vectors to be labeled, which is produced by
the BiGRU sub-model, and y = {y1,y2, ...,y } is the corresponding tag sequence. Each element y; of
y is one of the B, I or O tags. Both H and y are assumed to be random variables and they are jointly

modeled. The entire model can be represented as an undirected graph G = (V,E) with cliques C.
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Input Embedding Layer Bi_GRU Layer CRF Layer Output Layer
\A B | O

» fGRU bGRU

The

|

battery OOOOO » fGRU bGRU

>

life o000 »| feRU | boRU

>

» fGRU bGRU

too » fGRU bGRU

>

short » fGRU bGRU

[T I1T1I

>

LAY

» fGRU bGRU

;

FIGURE 4.1: TI-RNC model for target identification of tweets.

In this work we employed a linear-chain CRF, where G is a simple chain or line: G = (V =
{1,2,...,n},E = {(i,i+ 1)}). It has two different cliques (i.e. C = {P,M}): a unary clique (P) rep-
resenting the input-output connection, and a pairwise clique (M) representing the adjacent output
connection. We consider P to be the matrix of output scores, where P, ; corresponds to the score of

the j' tag of the i"" word in a sentence and it is computed as follows:

In this equation, the parameters are W; ; € R2*dh and b ;€ R!, where d, is the dimensionality size of
the hidden state.

The clique M is considered to be the matrix of transition scores such that M; ; represents the score
of a transition from the tag i to the tag j. Given that, we define the score function of the sequence of

predictions as follows:

M=

S(Hay) = ‘

1

n
Fiy, + Z My, ., 4.2)
1 =0

In this expression yg and y,+| denotes the start and the end tags of the sentence, that we add to the
set of possible tags.
A softmax over all possible tag sequences (Y*) on a sequence H yields a probability for the se-

quence y as follows:
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S(HY) A
py|H) = m 4.3)
During training, we minimize the negative log-probability of the correct tag sequence:
J=—log(p(y|H)) = —s(H,y) +log ( Yy e-“<Hvy‘>> (4.4)
jer*

The derivative of the objective function J is taken through back-propagation with respect to the
whole set of parameters of the model, which are the transition matrix M, the parameters of the BIGRU
model and the parameters of the matrix P that defined in Eq. 4.1. The parameters are optimized using
the stochastic gradient descent (SGD) with a learning rate of 0.005. To reduce the effects of gradient
exploding, we set the clipping threshold of the gradient as 5. We apply a dropout Hinton et al., 2012
between the embedding layer and the recurrent layer with probability of 0.5 to reduce the over-fitting.

During inference, we search for the output sequence y* that obtains the highest probability given
by:

y* =argmax p(5|H) 4.5)
yey*

In this model, Eq. 4.4 and Eq. 4.5 can be solved efficiently using dynamic programming.

4.2 Target-Dependent Sentiment Analysis

Figure 4.2 shows the proposed model for the problem of target-dependent sentiment classification.
Its main steps are the following. First, the words of the input sentence are mapped to vectors of real
numbers. Then, the input sentence is represented by a real-valued vector using the TD-biGRU encoder

. =
by concatenating the vectors #,,, E and x,, formally:

X = [Ty 03 ) (4.6)

Softmax

FIGURE 4.2: TD-biGRU model for target-dependent sentiment classification.
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Here h_,,> and E are the last forward hidden state and the last backward one obtained by TD-biGRU.
The x, is the vector representation of the target word(s). If the target is a single word, its representation
is the embedding vector of that word. If the target is composed of multiple words, such as "battery
life", its representation is the average of the embedding vectors of the words (Sun et al., 2015).

In this way, the obtained vector summarizes the input sentence and contains semantic, syntactic
and/or sentimental information based on the word vectors. Finally, this vector is passed through a
softmax classifier to classify the sentence into positive, negative or neutral.

We trained the system to minimize the following categorical cross-entropy:

3
J==Y Y Ge(s)log(P(y=cls)) 4.7
seSc=1

In this expression S is the training set and G.(s) € {0,1} is the ground-truth function which indi-
cates whether class c is the correct sentiment category for sentence s.

The derivative of the objective function is taken through back-propagation with respect to the
whole set of parameters of the model, and these parameters are updated with the stochastic gradient
descent. The learning rate is initially set to 0.1 and the parameters are initialized randomly over
a uniform distribution in [—0.03,0.03]. For the regularization, dropout layers (Hinton et al., 2012;
Srivastava et al., 2014) are used with probability 0.5 on the lookup-table output to the GRU input and
on the concatenation output to the softmax input.
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Chapter 5

Experimental and Results

This chapter explains the experiments that were done to evaluate the proposed models. Section 5.1
describes the datasets that have been used in this experiments. In Section 5.2, the evaluation metrics,

the results obtained and their analysis are presented.

5.1 Datasets

We evaluated the effectiveness of the proposed model of target identification problem (i.e. TI-RNC)
by applying it on two benchmarks of tweets. The first one is the dataset used in Dong et al., 2014,
called "T-Dataset" in this work. It contains 6248 training examples and 692 examples in the testing set.
The second benchmark, provided by Zhang, Zhang, and Vo in (Zhang, Zhang, and Vo, 2016), contains
9489 training examples, 1036 development examples and 1170 testing examples. This dataset is called
"Z-Dataset" in this work. Each example in these datasets contains the tweet and the target. Both
datasets were used in the problem of target dependent sentiment analysis of tweets in the previous
works. Whereas the effectiveness of the proposed models of targeted SA have been evaluated by

using them on the T-Dataset.

5.2 Evaluation Metrics

The evaluation metrics of the target identification problem are the precision (the number of correct
targets divided by the number of all returned targets), recall (the number of correct targets divided by
the number of targets that should have been returned) and F; (the harmonic mean of precision and

recall), which can be defined as follows:

SNG
Precision = | | (5.1
N
ISNG|
Recall = 5.2)
G|
Fi= 2 - Precision - Recall (5.3)

Precision+ Recall
Here S is the set of the predicted targets that the system returned for all the test examples, and G is the
set of the gold (correct) targets.
The evaluation metrics of the target-dependent sentiment analysis system are the classification
accuracy (the percentage of examples that are correctly classified) and the Macro-F1 measure (the

averaged F1 measure over the three sentiment classes).
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5.3 Results and Discussion

5.3.1 Target Identification

We investigated the effectiveness of TI-RNC, which is used to automatically identify the target from
a tweet, by comparing it with the baseline models listed below.

Following the approach used in (Ling et al., 2015) for sequence tagging, in which the tagging
model uses the hidden state &, produced by a RNN as a feature to make an independent tagging deci-
sion for each word w; in the sentence, we compare the proposed system with the following baseline
methods:

o RNN: is the standard recurrent neural network.

e Bi-RNN: is a bidirectional version of the RNN model.
e GRU: is a RNN based on gated recurrent units.

e Bi-GRU: a bidirectional version of the GRU model.

Experimental results of the baseline models and the proposed model are given in Table 5.1. It is
clearly shown that TI-RNC outperforms the other models. Another interesting observation from the
reported results is that among the models described in this paper, the basic RNN approach has the
worst performance. This is not surprising and such conclusion confirms the effectiveness of BiRNNs
in this kind of tasks.

TABLE 5.1: Comparison of our model to the baselines on target identification. Best
scores are shown in bold.

Model _ T-Dataset _ Z-Dataset

Precision (P) Recall (R) F Precision (P) Recall (R) F
RNN 77.90 87.57 82.44 73.93 52.65 61.50
BiRNN 79.76 90.17 84.67 81.00 50.43 62.16
GRU 81.18 90.89 86.10 73.98 54.19 62.56
BiGRU 87.39 91.18 89.25 79.82 60.51 68.84
TI-RNC 95.30 94.02 94.66 82.46 64.27 72.24

5.3.2 Effects of Word Embeddings

Since it is well known that the efficiency of the word embedding helps to improve the composition
of a powerful text representation at a high level, in this subsection we study the effects of different
word embeddings on the models’ performance. We compare four publicly available pre-trained word
embeddings, as well as a randomly initialized one (see Table 5.2). Figure 5.2 provides a graphical
report of the performance of our model with each embedding method. According to these results, the
variations of our model that used a pre-trained embedding model obtain a significant improvement
in compare to the random embedding. We can find that Glove-100 dimensional word embeddings
perform better than 50-dimensional word vectors, while Glove-200 and Word2Vec do not show sig-

nificant improvements.

5.4 Target-Dependent Sentiment Analysis

We compared the proposed model with the state-of-the-art methods used in the task of target-dependent

sentiment classification, including:
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TABLE 5.2: Pre-trained word embedding models.

Embedding Dimension Algorithm Refrence

Glove-50 50 Glove Pennington, Socher, and Manning, 2014
Glove-100 100 Glove Pennington, Socher, and Manning, 2014
Glove-200 200 Glove Pennington, Socher, and Manning, 2014
Word2Vec 300 SkipGram Mikolov et al., 2013

Random 100

100

Glove-100  Glove-200
Glove-50 Word2Vec

90
80

Glove-100 Glove-200 o o
70 Random
60

50

F1%

T-Dataset Z-Dataset

FIGURE 5.1: F1 score accuracy of TI-RNC with different word embeddings.

e SVM-indep: SVM classifier built with target-independent features, such as unigram, bigram,
punctuations, emoticons, hashtags and the numbers of positive or negative words in the General

Inquirer sentiment lexicon (Jiang et al., 2011).

e SVM-dep: SVM-indep model extended by adding a set of features that represent the target
(Jiang et al., 2011).

e Recursive RNN: a recursive neural network is employed to learn the feature representation of

the examples over a transferred target-dependent dependency tree (Dong et al., 2014).

e AdaRNN: extension of the recursive RNN which uses more than one composition function and
adaptively selects them according to the input (Dong et al., 2014). AdaRNN has three varia-
tions: AdaRNN-w/oE, AdaRNN-w/E and AdaRNN-comb. Unlike AdaRNN-w/oE, AddRNN-
w/E model uses the dependency type in the process of composition function selection. AddaRNN-
comb combines the root vectors obtained by AdaRNN-w/E with the unigram and bigram fea-
tures, and then they are fed into a SVM classifier.

o Target-ind/Target-dep: SVM classifiers based on a rich set of target-independent and target-
dependent features (Vo and Zhang, 2015). This model has an extension, called Target-dep+, in
which sentiment lexicon features have been incorporated.

e LSTM, TD-LSTM, TC-LSTM: these methods are based on the long short-term memory
model (LSTM) proposed by (Tang et al., 2015). In the LSTM model the target is ignored.
The idea behind TD-LSTM is to use two LSTM neural networks, so that the left one represents
the preceding context plus the target and the right one represents the target plus the following
context. TC-LSTM is an extension of TD-LSTM in which a vector that represents the target is
concatenated to each context word.
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The values under the section "A" in Table ?? represent the results of the baseline model (basic
bi-directional gated recurrent units - biGRU - without incorporating target information), the new TD-
biGRU model in case the targets are manually given and the results when we apply the two steps
of our system to analyse the tweets. Each tweet is passed to the system to first extract the targets
and then identify the sentiment polarities towards these targets. Section "B" contains the results
of the compared models (obtained from their associated papers). With the exception of AdaRNN,
each approach presented in Table ?? has a target-independent version (which does not incorporate
any information about targets) and two or three target-dependent versions. For instance, in our case
biGRU is the target-independent version.

TABLE 5.3: Comparison of different methods on target-dependent sentiment classi-
fication. Evaluation metrics are accuracy and macro-F1. Best scores are shown in

bold.
Model Accuracy Macro-F1
A.Our model
biGRU 69.94 68.40
TD-biGRU 72.25 70.47
End-To-End-TD 70.08 68.22
B. State-of-the-art systems
SVM-indep 62.70 60.20
SVM-dep 63.40 63.30
Recursive NN 63.00 62.80
AdaRNN-w/oE 64.90 64.44
AdaRNN-w/E 65.80 65.50
AdaRNN-comb 66.30 65.90
Target-ind 67.30 66.40
Target-dep 69.70 68.00
Target-dep™ 71.10 69.90
LSTM 66.50 64.70
TD-LSTM 70.80 69.00
TC-LSTM 71.50 69.50

As it can be observed from the reported results, the target-independent models (SVM-indep,
Target-indep, LSTM and biGRU) have a worst performance than the corresponding models that con-
sider the target information (SVM-dep, Target-dep*, TD-LSTM, TC-LSTM and TD-biGRU). This
conclusion confirms the fact that ignoring the target information causes about 40% of sentiment anal-
ysis errors (Jiang et al., 2011). It may also be notived that neural-based models perform better than
the feature-based SVM classifiers.

The novel TD-biGRU model outperforms the state-of-the-art models both in terms of accuracy
and Macro-F1. Our end-to-end approach gives a comparable results to those models, including our
TD-biGRU model, that assume the target is known.

To get more insight on this result, we analyzed the confusion matrix given by the TD-biGRU
model to figure out which are the most common incorrect cases. Figure 5.2 shows the confusion
matrix obtained by applying TD-biGRU. As observed, the matching between the true and the predicted
labels is quite high (matrix diagonal). Out of the 192 misclassified samples, 76 (39.6%) of them were
misclassified between negative and neutral (i.e., either negative samples were misclassified as neutral
or viceversa) and 31 (16.1%) samples were misclassified between negative and positive. The number
of samples misclassified between positive and neutral is 85 (44.3%).

This analysis shows that most of the misclassified examples are related to the neutral category. We

believe that this problem can be handled by adding more information (e.g. lexicon information). We
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leave the study of this hypothesis for the future work.
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Chapter 6

Conclusion and Future Work

We have developed a system that automatically identifies the target of a tweet. It contains two main
components. The first one is a bidirectional gated recurrent unit which learns automatically a high
level feature representation for each word. The second one is a conditional random field that models
the whole sequence jointly. The effectiveness of the proposed system has been evaluated on two
benchmarks of tweets, obtaining results which show its superiority over several baseline methods.
The reported results show that the proposed system could be a good first step in a targeted sentiment
analysis system of tweets. Our system extracts only the targets that are mentioned explicitly in the
tweets. However, it is sometimes recognized that targets are mentioned implicitly in tweets and they
are detected from the context. Thus, we will consider this point in our future work, by designing a
system that can detect both the explicit targets and the implicit targets that are not mentioned in the
tweets.

We also have developed an end-to-end target-dependent Twitter sentiment analysis system. The
proposed model has the ability of identifying and extracting the target of the tweets, representing the
relatedness between the targets and its contexts and identifying the polarities of the tweets towards
the targets. The effectiveness of the proposed system has been evaluated on a benchmark of tweets,
obtaining results that outperform the state-of-the-art models. The confusion matrix of the results ob-
tained by TD-biGRU shows that most of the misclassified examples are related to the neutral category.

In the future work we plan to extend our system to handle this weakness by integrating more
information such as lexicon information and/or the dependency tree. Our system extracts only the
targets that are mentioned explicitly in the tweets. However, it is sometimes recognized that targets
are mentioned implicitly in tweets and they are detected from the context. Thus, we will consider
this point in our future work, by designing a system that can detect both the explicit targets and the
implicit targets that are not mentioned in the tweets. Although joint learning of all subsystems has
been proved to be useful in natural language processing and text analysis tasks, in this work we have
trained each subsystem (i.e. the target identification and the targeted SA) independently and we have
combined them in the inference step. Thus, we plan to extend our system and apply this learning

technique.
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