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ABSTRACT

The focus of this research is Aspect Based Sentiment Analysis (ABSA) in two different domains
of text-based reviews. ABSA is one of the main tasks in Natural Language Processing (NLP).
An ABSA system receives a set of documents as input and groups them into sentiment polarity
classes based on the opinion and emotion expressed in them. Not only it quantifies sentiment
polarity, but also the aspect of a product or service that the sentiment refers to. Consumer
feedback or reviews for products of services usually contain multiple express of opinion and
sentiment related to different features/attributes of products and services, that we call "aspects".
ABSA aims in estimating the sentiment polarity for each aspect discussed in a document. For
instance, ABSA would recognise positive or negative opinion expressed for each feature of
a laptop. For example, the sentence: “the battery capacity is not too high, screen resolution
is good enough, the CPU speed is good and the internal memory is great” expresses positive
sentiment for the ‘CPU’, the ‘memory’ and the ’screen’ aspects and negative sentiment about
the ‘battery’.
The objectives of this research are divided into the following parts: (a) detecting aspects
from a document and extracting them in two specific domains, (b) classifying opinion about
these aspects into sentiment polarity classes and finally (c) proposing a dual-domain system
able to classify reviews form two different domains, concurrently.
As a first step, we focused on proposing a new method for addressing the shortcomings of
aspect extraction systems on text-based reviews. Extracting all available aspects from text of
a specific domain without pre-defining the aspects manually and hand-crafting data is a major challenge in this task. To address the shortcomings of current systems, such as the preprocessing required, and in order to improve performance, we proposed a neural network-based
model that uses two word embeddings, one general and specific word embedding as the other
one. The experiments show that applying a pre-trained general word embedding and a trained
word embedding on a specific domain can be helpful to detect and extract aspects in two various domains. We evaluated the system using two benchmark datasets from SemEval (Semantic
7

Evaluation) challenges and compared our result with state-of-the-art systems for addressing the
same task on the same datasets. The experimental results indicate that our system achieves the
performance (F1 score) of 73.81% for restaurant dataset and 78.26% for laptop dataset which
are comparable or better performance that the state-of-the-art.
As a second step, we proposed a novel approach for aspect-based sentiment classification of
previously extracted aspects based on deep learning, and in particular on a convolutional neural
network (CNN). To improve classification performance, we trained a domain-aware word embedding and in succession fine-tune it to become task-aware. Instead of using a large manually
annotated training set (gold) and engineering the features manually, we investigated the use of
silver annotated data for fine-tuning. Silver annotated data are automatically generated by classifying reviews as positive and negative, according to positive and negative keywords that they
contain.
As a third step, we extended the proposed approach for aspect-based sentiment classification
to a dual-domain model. This enhanced model uses the approach, mentioned in the above
second step, and extends it to combine the embedding spaces of different domains, resulting in
a comprehensive model. Training this dual-domain model is less resource and time intensive
that training a separate model for each domain. The experimental results indicate that our
system achieves the performance (F1 score) of 78.83% for restaurant dataset and 74.96% for
laptop dataset which are comparable or better performance that the state-of-the-art.
The aspect-based sentiment classification approaches designed and developed in the second
and third step, above, have been evaluated on gold annotated data and the effect of different
data sizes on the effectiveness of methods has been investigated. For our experiments, we used
existing sentiment classification benchmarks, such as the datasets in ABSA SemEval tasks in
2014 and 2016, and a dataset of Amazon reviews for laptops and Yelp dataset for restaurants.
The experimental results show that the proposed methods perform similarly to more complex
models that have significantly larger requirements in memory and computation time.
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Chapter I
INTRODUCTION

1.1

Introduction

People are able to share and evaluate their opinion by using social media networks on the
internet, a phenomenon that has taken off rapidly. The challenge is finding, monitoring, and
extracting information manually from all opinion websites to help improve services or make
decisions. A large section of each website is devoted to opinionated text. In addition, different
experts hold different opinions. Computing the overall sentiment expressed for a particular
product, service or event is a laborious task, due to the vast amount of text that needs to be
processed. Sentiment Analysis has been proposed to address these issues.
What is Sentiment Analysis and how does it work? Sentiment analysis or opinion mining
is a way to study how people think about something or how they feel about something, such as
issues, individuals, events, topics, and their attributes. A sentiment analysis system can analyse
opinion expressed within text by training a sentiment classification model (Pang et al. 2002). As
an example, businesses want to know what customers think about their products and services,
and also potential customers want to know what others think about using them.
Text-based reviews are about particular entities, e.g., products or services. Aspect identification is the process of identifying which words and phrases refer to specific aspects of a
subject in these texts. For example, when we talk about a smartphone as an entity, there are different aspects related to this entity such as battery, camera, storage, screen, operating system or
9

processor. There are different challenges in designing an aspect based sentiment classification
system. One of the main challenges is detecting and extracting the aspects for an entity. For
example, in a specific domain of text such as smartphones, we need to identify specific aspects
that are different from those of other domains, such as restaurants or flight airlines. A model
trained to extract aspects in reviews about smartphones, will not be applicable to extract aspects
in reviews for restaurants or flight airlines.
Identifying aspect category requires manually annotated data to extract these aspect terms
and their sentiment. It also requires a consistent approach that these manually extracted aspects
and their sentiment mostly acceptable in overall. Each set of training data requires potentially
thousands of reviews.
One of the most significant challenges in aspect classification is balancing accuracy with
flexibility in various domains. The most accurate models will likely require more detailed
training data. After extracting the different aspects, we need to find proper sentiment polarity for
each of them. There are various models and architectures for applying sentiment classification
based on different aspects which some of them are very complicated and requires the huge
amount of resources to train an applicable model
In the following sections, the different challenges will be considered in detail and proposed
solutions will be discussed for each of them.

1.2

Motivation

Aspect based sentiment analysis (ABSA) is increasingly viewed as a prominent and vital task
especially for producers and consumers. Finding a solution for extracting and identifying substantial features on text-based data such as reviews, feedback, comments and sentimental analysis will help for better decision making. It helps producers to find the weakness and improve
the quality of products as well as customers to find the best option based on their requirements.
The main focus of this research is proposing an efficient model for aspect based polarity classification on text-based review data.
The main motivation to conduct this research is to develop a model that uses deep learning
architectures for extracting text features and using them to classify each text portion into the
proper sentiment polarity for analysis.
Many pipelines have already been designed for aspect-based sentiment classification for

10

various types of datasets. All pipelines ignore the amount of available memory and processor
resources while training complex highly demanding models.
This study attempts to find the appropriate emotional expression for each available aspect
of the text . The majority of the expressed opinions are then categorized into suitable polarities
based on the included details. Furthermore, the focus of this study is to design a model for
aspect-based sentiment classification able to handle different domains of reviews, feedback,
and comments, such as restaurants or laptops considering limited processing resources.
Furthermore, since there are numerous models based on neural networks that can be applied
to aspect-based sentiment analysis, the study compares the performance of the proposed model
to that of the current models and discusses the shortcomings of the existing models.

1.3

Research aim and objectives

The aim of this research is to investigate aspect-based sentiment analysis on two different technical domains in situations of limited memory and processing resources and propose efficient
methods for this task.
We study methods for detecting and extracting different aspects of text-based reviews, applying sentiment classification of each aspect and finally enhancing the model based on different
domain of reviews. The motivation behind these choices is that many consumers and producers benefit from uncovering sentiment that corresponds to specific goal and target on using a
product.
This will help customers and users to know which product would be the best fit with specific
task with respect to ease of configuration, ease of use and performance as well as indicating
issues or other circumstances in using different products.
By matching the textual reviews to sentiments and by efficiently extracting different aspects
from reviews, new possibilities for analysis, monitoring and decision making systems will arise.
For instance, in the Example 1.1, there are expressed sentiment for various aspects of a smartphone. As a general sentiment classifier, the overall sentiment will be classified as positive, but
if we want to analyse this product in detail, we need to extract all aspects from the text and find
the appropriate expressed sentiment for each. Based on aspect-based sentiment analysis, we
find that this brand of smartphone has negative polarity for the battery and front camera.
In text categorisation and polarity detection, it is important to have methods to extract all
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Figure 1.1: An example of aspects and associated sentiment words in a text-based review for a
smartphone
important aspects to reduce the number of dimensions and to select better features to consider
for any particular query.
Using different neural network architectures on aspect-based sentiment analysis will help
us to detect the aspect terms in reviews automatically. A key aspect of this study is determining
how deep neural networks are useful in identifying the most important aspects from a variety of
reviews and classifying them accordingly.
A list of objectives are defined as follows:
Objective I. Aspect Extraction in Flexible Domains
The research investigates how neural networks can be used to detect sentiment analysis aspects in text-based reviews in specific domains. With this research, we aim to develop a system
flexible enough to detect aspect terms across different domains, when a general trained model
is not efficient in detecting specific aspects in different domains. Having this information will
aid us in improving accuracy in subsequent steps.
Objective II. Aspect-based Sentiment Classification Using Deep Learning Architectures
Studying different approaches to sentiment classification is useful for designing a sentiment
classification model. With the help of strengths and weaknesses in existing approaches, a model
with better performance can be proposed for aspect-based sentiment classification in text-based
reviews. The objective is to develop deep neural network architectures capable of training a
model with small amounts of gold annotated data without compromising performance.
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Objective III. Proposing a Dual-domain Aspect-based Sentiment Classification System
Using the output of two previous objectives will help to propose an enhanced scalable model
which will be applicable in two domains and also extendable to more domains. With this system, it is possible to train a comprehensive model for aspect-based sentiment classification
which can be used in two different domains simultaneously.

1.4

Contributions

In this thesis, the contribution is outlined by a aspect-based sentiment classifier that enables
finding proper expressed sentiment for every aspect within a text-based review. In addition, this
approach can be used in various domains of various types of reviews to analyse sentiment classification tasks. Furthermore, it contributed to the literature by describing key aspects of word
embedding space that can be applied in neural network models to improve their performance
and capability.
The following points briefly describe the contribution of this thesis.

1.4.1

Contribution 1: Proposed method for extracting different aspects in
opinionated reviews

Unlike the primary version of sentiment classification systems that focus on positive or negative
polarity, the aspect-based polarity detection and classification systems need to extract more
information from the raw text-based data. There is lack of systems for detecting and extracting
all available aspects in a review in different domains. As a result, to extract aspects in a new
domain, currently one needs to re-train an aspect-based sentiment classification system from
scratch on data of this domain.
To address this shortcoming, this research contributed an aspect extraction system based on
word embeddings. The solution combined data of the application domain, such as reviews for
restaurants or laptops, with general embeddings. This allowed finding all related aspects of a
specific domain and generating a vector of related context words for each aspect. The relevance
of this contribution is not limited to a specific domain and can be applied in any kind of reviews,
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given a list of aspects.

1.4.2

Contribution 2: Proposed effective model of aspect based sentiment
classifier

There are countless reviews available online for products and services. It is possible to extract
opinions and feedback provided by consumers based on text-based data analysis. The various
reviews contain many different aspects that needed to be extracted and discussed. In the literature, several polarity detection approaches have been proposed, but sentiment classification of
reviews is a challenging task, because of the complexity of training, performance and resources
available for more accurate architecture.
A neural network architecture is presented in this study with a low complexity of tuning
and a minimum requirement of manually annotated data for training. The approach is based on
state-of-the-art neural network architectures as well as general word embedding space architectures. Word embedding can be used in various ways depending on the application. Rather than
using actual words, each word is represented using a generated vector. Word embeddings use a
vector space to determine all conceptually and semantically similar words based on the distance
between word vectors.
Developing efficient neural network architectures that include pre-trained general word embeddings require large sets of manually annotated data for training. But this kind of annotated
data is rare and expensive to produce, leading to low performance. To compensate for this,
usually more complex architectures of neural networks are being proposed. We a system that
fine-tunes the parameters of general word embeddings by using a huge number of automatically annotated data. This results in a task-aware word embeddings model able to distinguish
between words related to the same concept but opposite sentiment.
The proposed model was evaluated as part of an aspect-based sentiment classifier on various benchmark datasets. The experiments have shown that the model performs comparably to
more complex and demanding state-of-the-art models. The proposed model does only employ
a simple network architecture and does not need complex parameter tuning.
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1.4.3

Contribution 3: Proposed effective dual-domain aspect based sentiment classifier

A model for dual-domain aspect-based sentiment classification is a major contribution of this
research. Working with large-scale datasets in different domains is challenging, due to the
number and variability of aspects in each domain. In the proposed approach, the classification
system can be trained on any domain once using a small set of manually annotated data. Model
training is realised in three phases. First of all using a general word embedding space, secondly,
using large set of automatically annotated data for re-tuning the vector parameters, and finally
using a small set of gold annotated data for completing the training.
This phase of contribution is inspired by the idea of the second contribution of this research.
When we can use the system on one specific domain, it can be enhanced in other various domains with different reviews and aspects.
The current model for dual-domain aspect based sentiment analysis can be trained in less
time and memory than a separate model for each domain. This part of contribution showed the
benefit of combining domains together to minimise training requirements for time and space.
As a huge number and variety of reviews in different domains are available online, they can be
automatically annotated and used as silver-annotated training data, minimising annotations cost.
Therefore, we have increased the sentiment classifier’s performance using advantages of the
general embedding structure on less complex neural network models. In terms of applications,
an aspect-based polarity detection system can provide fast, reliable and dual-domain detection,
which can assist with a better understanding of reviews for more effective analysis.

1.5

Thesis structure

The rest of this thesis is organised as follows:
Chapter II, provides an overview of neural network architectures and describes the parameters and layers that form a neural network based model.
Chapter III, discusses the most relevant sentiment analysis systems, their structure and performance.
In Chapter IV, a contribution based on first objective have been discussed for aspect detection and extraction in different domain using a less complex neural network model and in15

domain word embeddings. Further, the datasets, tuning parameters, and current systems are
described and compared with those proposed in the study.
Chapter V discussed the proposed model for second objective for aspect-based sentiment
classification using deep convolutional neural network and large set of automatically annotated
data. Moreover, information about the datasets, tuning parameters, state-of-the-art systems and
comparing their performances with the proposed models are discussed.
Our contribution based on third objective has been discussed in chapter VI on evaluation
the multi-domain aspect based sentiment classifier based on the characteristics of general word
embeddings in specific domains.
Chapter VII interprets the experimental results of each model and discusses them in conjunction. In addition it summarises the contributions of this research in association with the
experimental results.
Chapter VIII proposes some future work and concludes this thesis.
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Chapter II
BACKGROUND

2.1

Introduction

Natural Language Processing (NLP) is a branch of artificial intelligence (AI) that looks at how to
extract meaningful and prominent information from natural language. The Sentiment Analysis
is one of the main tasks of Natural Language Processing, which sets up polarities for given
texts–positive, negative, or neutral (Pang et al. 2002, Pang & Lee 2004, Liu 2012, Bakshi et al.
2016).

2.2

Aspect-based Sentiment Analysis (ABSA)

An aspect-based sentiment analysis (ABSA) is a sub-task of sentiment analysis that extracts
sentiment for different available aspects of entities as opposed to finding the overall sentiment
for all texts (Peng et al. 2007). Figure 2.1 shows an example entity, i.e. mobile phone, and its
aspects that can be mentioned in a text-based review.
ABSA and sentiment analysis have a main difference in that the latter extracts and quantifies the sentiment regarding key aspects mentioned in text. The traditional sentiment analysis
classifies whole textual units as positive, negative or neutral.
ABSA breaks down the text into categories and computes the sentiment for each category.
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In more detail, the ABSA process can be separated into sub-tasks, including identifying aspects
and extracting them, and separating them into positive or negative categories based on the points
of view expressed about each element in the text.
A challenging part of the first sub-task is to identify and extract all available aspects from a
text-based review.
Figure 1.1 in chapter I is an example review for a smartphone. The review of ”This brand
of mobile phone is great with a full-HD lcd and very fast processor but the battery and front
camera is not good enough” if we apply a traditional sentiment classification approach, we will
start with identifying the positive and negative words:

• Positive words: great, very fast
• Negative word: not good
Thus, the overall polarity of this reviews as a whole based on calculating the overall weights of
sentimental words will be determined as positive.
Applying an aspect-based sentiment classification method helps to extract more details from
text and calculates the sentiment polarities for each aspect.
In the same example, we have different aspects for the smartphone including screen, battery,
camera, processor and memory. It is important that the sentiment classification system be able
to extract these aspects and all expressed sentiment for each of them and finally classify them
into positive or negative classes.

Figure 2.1: Example of an entity (mobile phone) and its aspects
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are used, machine learning and deep learning architectures, their differences, and why neural
network-based architectures are preferred for all tasks.

2.3

Text-Based Data

Online reviews have become a useful tool for both businesses and consumers in the process of
monitoring, comparing, assessing and finally making decisions. Text-based reviews are freely
available online for a variety of products or services, such as movies, restaurants, hotels, and
other.
This research focuses on text-based reviews to propose a scalable and flexible model for
multi-domain ABSA. Benchmark datasets from the SemEval Pontiki et al. (2014, 2016) competition have been used to evaluate the performance of my systems and compare them with
state-of-the-art systems, previously evaluated on the same benchmarks. Product consumer reviews usually include text, a rating and helpfulness votes that can be very helpful to determine
the sentiment associated with aspects of a product. The large number of availability of this kind
of data helps to proposing and training different model based on them.
Further, I have used Amazon Review Data 1 and Yelp Open Dataset 2 as additional datasets
for training. The Amazon Review dataset contains 233 million reviews and metadata from Amazon, spanning May 1996 to October 2018. This dataset contains reviews (ratings, text, helpfulness scores), as well as product metadata (descriptions, category information, price, brand, and
image features).
Yelp is a review dataset for personal, educational, and academic use. For learning NLP or
to sample production data, are available as JSON files.

2.4

Deep Learning & Machine Learning

Traditional machine learning methods have been used in ABSA for a long time. Support Vector
Machines (SVMs) (Boser et al. 1992) and Logistic Regression (LR) (Hosmer Jr et al. 2013) are
two such methods. (Pang et al. 2002). In recent years, deep learning models for ABSA have
1
2

https://nijianmo.github.io/amazon/index.html
https://www.yelp.com/dataset
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been proposed by researchers. Neural network models have become very popular due to their
impressive results on numerous text analysis tasks.
Deep learning enables computational models to learn multiple levels of abstraction. Deep
learning methods have significantly improved the state-of-the-art in image processing and large
text analysis.
Several of these methods have been employed to identify complex entities and structures in
big datasets. The representation of text is computed iteratively using trainable parameters, layer
by layer. The neural network system, in simple terms, breaks complex, large-scale tasks down
into smaller, more concrete ones. The model determines the important features based on the
smallest piece of complex data. (Chernyshevich 2014, Hinton et al. 2015).
Figure 2.2 shows the effect of data scales on the performance of the traditional and deep
learning algorithms. One of the experts in deep learning –Andrew Ng- during his talk at the
Extract Data Conference, 2015 mentioned that training a large deep learning model with more
data will improve the performance, that means data scale is very important consideration with
these models (Hinton et al. 2015).
The whole process of machine learning in traditional methods includes several pre-processing
steps. Compared to deep learning, which automatically recognizes all the important features,
we define features manually in the traditional machine learning methods.
The Table 2.3 shows some significant difference between traditional machine learning and

Figure 2.2: The effect of data size on performance using deep learning and traditional learning
algorithms (Hinton et al. 2015)
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deep neural networks.

2.5

Deep Neural Networks

In deep neural networks, multiple layers are used to acquire higher-level features from inputs,
inspired by neural circuits in human brains. Figure 2.4 illustrates a Neural Network. I briefly
describe this structure.
Neuron A neural network can be considered a composite function. The function outputs a
result based upon some input data. There are many neurons that make up a neural network. An
individual neuron contains a weight function, bias function, and activation function as shown in
Figure 2.5.
An input and an output are the two values of a neuron. In the neuron, data first enters, the
weight is multiplied by the data, then a bias is applied to the multiplied data. In a sense, it is like
a liner function. It is the output of these functions that will be sent to the activation function of
the neuron. Activation functions are also known as mapping functions. Upon receiving output
from a prior run, we see the value of the output over a limited range.

Figure 2.3: Significant differences between deep learning and traditional machine learning
methods
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Figure 2.4: An overview of neural network structure
Activation Function A large value of an output is converted to a smaller value using activation functions. It is important to choose the right activation function to improve the output
of the neural network. It is possible to select different activation functions for different units.

Figure 2.5: Neural network structure
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There are different types of nonlinear activation functions based on their range or curves.
1. Rectified Linear Unit (ReLu) Activation Function Currently, ReLU is the most widely
used activation function. This is a technique that is employed in a large number of convolutional neural networks or deep learning. It is calculated based on R(x) = max(0, x)
within range from 0 to infinity. According to Figure 2.6 When x is less than zero, f(x) is
zero, and when x is greater than zero, f(x) equals x.
2. Logistic (Sigmoid) Activation Function
It is calculated based on ϕ(x) = 1+e1−x within range from 0 to 1 (as shown in Figure 2.7
). According to this formula, the Sigmoid Function curve has a S-shape. Probabilities are
predicted by models as outputs. Logistic sigmoid functions may result in neural networks
getting stuck during training.
3. Hyperbolic tangent (Tanh) Activation Function
Tanh resembles logistic sigmoid but is better and it is derived from tanh(x). tanh is a
function whose range is between (-1) and 1. As it shown in Figure 2.8 Tanh follows a
similar shape with sigmoid.

Figure 2.6: Rectified Linear Unit (ReLu) Activation Function
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Hyperparameter The term of hyperparameter is used to describe parameters whose values
are determined by humans rather than by learning from input data. There are a number of hyperparameters in neural networks such as learning rates, number of layers of neural networks, and
regularization rates. In contrast, the parameters we mentioned earlier can be learned through
training, while these values must be manually set. It is almost impossible to get all of these hyperparameters correct when we begin building a new neural network. We must experiment with

Figure 2.7: Logistic (Sigmoid) Activation Function

Figure 2.8: Hyperbolic tangent (Tanh) Activation Function
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different values like learning rates and hidden units to obtain the best results with deep learning.
In order to develop a better neural network, we refine the ideas and change the configuration
after we run an experiment and get feedback. Changing hyperparameters clearly changes the
output. By setting neural networks correctly, we can speed up their learning process.

2.6

Word Representation

In order to handle NLP tasks, we need to first solve the word representation problem. In human
communications, language is a way to express high-level information. In the case of two distinct
words, it is hard to depict the connection between them in a meaningful way. It is clear what
the word means, but a computer can only do numerical calculations, and the word must be
expressed in a way that the computer can understand. This is why Natural Language Processing
has to resolve this problem.

2.7

Language Model

Language models consider languages (the sequence of words) as random events and assign a
corresponding probability to them. Language models describe how probabilities are computed
for a given sentence. A sentence with a higher probability of scoring conforms to the human
expression of words in a natural way. The language model determines how likely it is that a
given sequence of words from the language belongs to a collection of languages by assigning
a probability. Statistical language models assign a probability to words given their vocabulary
set, in order to measure the confidence they have in conforming to language rules. It calculates
the probability of a sentence based on a language model. Scores are a measure of how well a
sentence conforms to human expression, so the higher the score, the more natural the expression
is.

2.7.1

Word Embedding

In general, word embedding or distributed representation is a representation of words using
neural networks. Each word is mapped to a vector through training, and all of these vectors and
25

Figure 2.9: CBOW (I) and Skip-gram (II) models
their intersection make up the vector space, from which we can study the relationships between
words statistically. Depending on the individual, the training can take different forms. In natural
language processing, this process is known as “feature extraction”. In a vector, the numbers
represent the distribution weight of words as well as the intensity distribution of words. Each
word in a dimension is given a numerical weight based on how closely associated that word
is with that meaning. In addition to being able to better understand the relationships between
words.
There are different type of word embedding structures. The different embedding methods
each have their own merits and shortcomings. As of right now, there is no embedding model
that is capable of performing well on every sub-task of NLP. We must choose an embedded
model depending on what task it is going to support. The common methods are described as
follows:
Word2Vec 3 is a feed forward neural network based model to find word embeddings. There
are two models that are commonly used to train these embeddings: The skip-gram and the
CBOW model (Mikolov, Chen, Corrado et al. 2013).
3

https://code.google.com/archive/p/word2vec/
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• CBOW (Continuous Bag of Words) (I) as shown in Figure 2.9 the model takes a set
of context words for the given word, places them in the hidden layer (embedding layer),
and from there predicts the original word. Following the training, the embedding for a
specific word is obtained by feeding the word as input and taking the value of the hidden
layer as the embedding vector.
• Skip-gram (II) as shown in Figure 2.9 the model takes the input as each word in the
corpus, applies a hidden layer (embedding layer) and then predicts the context words.
When the hidden layer has been trained, the embedding for a certain word can be obtained
by feeding the word as input and taking the hidden layer value as the final embedding
vector.
GloVe 4 an unsupervised learning algorithm known as GloVe is used to obtain vector representations for words. It is trained using a global word-to-word co-occurrence matrix from a
given collection of text documents. Decomposing this co-occurrence matrix yields a more dense
and expressive vector representation. The Euclidean distance (or cosine similarity) between
two word vectors is an effective method for determining the semantic or linguistic similarity
between the words (Pennington et al. 2014).
FastText 5 Unknown words and words outside of the vocabulary should be able to be encoded.
Facebook proposed a solution to this problem called FastText. In essence, it extends Word2Vec
to follow the Skip-gram model and CBOW. The words are first broken up by FastText and then
fed into a neural network. Suppose, for example, the segmentation parameter is 3. The word
”adaptor” is broken into [’<ad’, ’ada’, ’dap’, ’apt’, and ’or>’] and its word embedding is the
sum of these vectors. In this way, unknown words can be represented in vector form, since it is
highly likely that its segmentation will also appear in other words (Bojanowski et al. 2016).
ElMo 6 This system uses a bi-directional LSTM network to produce a vector representation
of the embedded language model and developed by ALLenNLP. Instead of building a dictionary of words with a vector form, ELMo anticipates how words are used within a context. In
the sentence, ELMo predicts what word follows. The model, therefore, will be aware of the
language patterns if it is trained on a big dataset. A two-layered bi-directional LSTM model is
4

https://nlp.stanford.edu/projects/glove/
https://fasttext.cc/docs/en/english-vectors.html
6
https://allennlp.org/elmo
5
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represented in the model and there is a residual connection between both the layers which does
not have any nonlinear activation functions (Peters et al. 2018).
BERT 7 is Google’s representation of bidirectional encoders from Transformer. A specific
format is required for BERT input data, along with special tokens to indicate when a sentence begins or ends. We must also tokenize our text into tokens that correspond to BERT’s
vocabulary. Each token in the BERT vocabulary is identified by its input id, a sequence of integers identifying a certain input token. According to the configuration and inputs, the BERT
Model returns the sequence of hidden-states, the initial embedding outputs, and finally attention
weights, which are then used to compute the average weight of attentions (Devlin et al. 2018).

2.8

Deep Learning for Natural Language Processing (NLP)

There are different architectures of neural network which are using for natural language processing (NLP) tasks. There are some effective neural network methods such as Convolutional
Neural Network (CNN) (Kim 2014, Poria et al. 2016) and Recurrent Neural Network (RNN)
(Lai et al. 2015) that have been used to propose different models in various sub-tasks of NLP.
The deep learning architectures helps to extract hidden features of text automatically. Applying deep neural network architectures allow to improving the performance in different natural
language processing applications such as aspect extraction and aspect based sentiment classification. In the following part, there are some more detail about the structure of these two
methods:

2.8.1

Convolutional Neural Network(CNN)

Convolutional neural networks (CNN) are specific kinds of feed-forward artificial neural networks that are employed in supervised learning to analyse data. Nodes are connected in a
non-cyclical manner in CNN. It utilizes a multi-layer perceptron variation designed to require
as little pre-processing as possible. Although CNNs are generally used for computer vision, the
recent application of CNNs to NLP tasks has yielded promising results. This study uses CNN,
which has been proposed by Kim (2014) for sentence level classification tasks using pre-trained
7

https://github.com/google-research/bert
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word embeddings. The following is a brief review of what happens when we use CNN on text
data. Each sentence is represented by concatenating all its k−dimensional word vectors from
the first word to the end of a sentence. This K dimensional word vectors are created based on
word embedding concept. Convolutions are triggered when a specific pattern is detected. Depending on the kernel size and concatenating their output, it is possible to detect patterns with
multiple sizes (3, 4 or 5 nearby words). In this case, patterns could be expressions such as "I
like" or "not good" and therefore CNNs can identify these patterns in the sentence. Figure 2.10
shows an architecture of CNN method.

Convolutional Layer
Each layer of a CNN has many convolutional filters with a kernel size that can be applied
to x input word vectors. Applying convolutional filters produce new features based on the
corresponding input vector slice and after shifting by one word can be applied again to produce
the next feature. This one word shifting will be continued until reaching the end of the input
vector and will produce different set of features based on a fixed kernel size. As a result of this
convolution operation, a set of feature map will be generated.

Figure 2.10: An overview of Convolutional Neural Network (CNN)
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Pooling Layer
Pooling layers proposed by Collobert et al. (2011) are added to take a set of generated features. It is responsible for reducing the spatial size of the convoluted features. There are two
hyperparameters in the pooling layer: Size of the window and strid. There are two types of
pooling including avarage pooling and max-pooling which works based on the value of window
size and strid. In order to take a maximum value among the set of generated features from the
corresponding convolution filter a max-pooling can be applied.
The output of the max-pooling operation is only one feature and it is not enough to represent
the required knowledge. Therefore, the process will be repeated using different filter size to
produce more features to represent more knowledge from the sentence. Figure 2.11 shows an
example of max-pooling layer.

Hidden Dense Layer
A hidden dense layer known as activation layer, is a nonlinear activation function that decides
the final value of the output node and eliminates the rest of nodes. As it has already discussed
in 2.5, there are different activation functions that can be used for each layer, such as Rectified
Linear Units (ReLU), Tanh and Sigmoid functions. One important issue is that there is not an
overall best activation function to get output. Each of them may be better than others in one
case and be worse in others (Glorot & Bengio 2010). The most common activation function in
convolutional neural networks is the Rectified Linear Units (ReLU) which is defined as f (x) =

Figure 2.11: Max-pooling layer
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max(0, x). It keeps the maximum positive value, replaces the rest with 0 and improves neural
network performance by speeding up training (Krizhevsky et al. 2012).

Softmax Layer
The output of the previous step will be sent to a layer is called "Softmax Layer" to calculate
a probability distribution and prediction over the classes and categories of different aspects. A
sentence without any aspect mention will be classified as null value for aspects (Krizhevsky
et al. 2012).

Dropout
Dropout can be applied on the hidden layers of neural networks to prevent over-fitting during
training by constraining weights and preventing co-adaptation among the values on the training
data (Srivastava et al. 2014).

2.8.2

Recurrent Neural Network (RNN)

Recurrent Neural Networks (RNNs) are powerful and robust neural networks. They are among
the most promising algorithms, since they have a memory on the inside. The internal memory
of RNNs allows them to remember some information about the input they receive, which allows
them to predict what is going to happen. Because of this, they’re the algorithm of choice for a
wide range of data, such as time series, speech, text, financial data, audio, video, etc (Mikolov
et al. 2010). As shown in Figure 2.12 the information in a RNN is cycled through a loop. It
considers the current input as well as what it has learned from the previous inputs.
An example will help illustrate the concept of a recurrent neural network’s memory:
Let’s consider a feed-forward neural network where we input the word "Thesis" and have
the network process the word in character order. This type of neural network can’t predict which
character will appear next because by the time it reaches the character "s," it has forgotten the
characters "t," "h" and "e."
Recurrent neural networks, on the other hand, are capable of remembering those characters
due to their internal memory. After producing output, the system copies that output into the
network and loops it back. Hence, a RNN is fed information from the present as well as the
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recent past. Sequences of data provide precious insight into what is to come because they reveal
what is coming next.
In feed-forward neural networks, the inputs are weighted according to a matrix and the
outputs are then produced. RNNs apply weights to both the current and previous inputs. Also, a
recurrent neural network can adjust the weights through gradient descent and backpropagation
in the future (Mikolov et al. 2010).
Backpropagation Machine learning algorithms use backpropagation to learn from historical
data. Calculating a neural network’s gradient with respect to its weights is done by backpropagation. By working backward from the top layer of gradients, the algorithm finds the partial
derivative of the errors in relation to the weights. These weights are then used by Backpropagation when training to reduce error margins (Werbos 1990).
Gradient Descent In gradient descent, the partial derivatives of the error in relation to the
weights are used as inputs. This algorithm is capable of minimizing a function iteratively. In
order to reduce the error, the weights are adjusted up or down. During the training process, a
neural network learns exactly that way (Bottou 2012).

Figure 2.12: An overview of Recurrent Neural Network (RNN)
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Figure 2.13: An overview of Long Short-Term Memory (LSTM)
Long Short-Term Memory
Long short-term memory (LSTM) is a special type of RNN that can use long memories as input
functions in the hidden layer which was introduced by Hochreiter & Schmidhuber (1997). A
Long Short-Term Memory (LSTM) network is an extension of a RNN that extends the memory.
The LSTM is used to construct the layers of a RNN. The weights that LSTMs assign to the
data enable RNNs to gain or lose new information depending on how important they think it is.
RNNs are able to remember inputs for a long time using LSTMs. As LSTMs contain information in their memory, they operate similarly to computer memory. From its memory, LSTMs
are capable of reading, writing, and deleting information. An example of how this memory
works can be compared to a gated cell, where the gate controls whether the cell stores or erases
information according to how important it is. By learning weights, the algorithm determines
importance. Essentially, the system learns through time what information is important. Three
gates make up an LSTM: the input, forget, and output gates. A gate determines whether or not
updates to information will be posted (input gate), deleted (forget gate), or impacted (output
gate). Figure 2.13 demonstrates the simple concept of LSTMs. This network output depends
both on the state of the current input Xt , as well as the states of ht−1 , ht−2 ,... at the previous
outputs.
A difficulty with generic RNNs is gradient vanishing problems as a result of back propagation. Weights and activation functions play a role in determining the gradient. With each
layer further back, the gradient is reduced until, finally, the gradient vanishes. Therefore, the
RNN easily forgets over time. The LSTM cell was introduced as a solution to this problem.
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Compared to RNNs, LSTM has three gates, a gate for input, a gate for forgetting, and a gate
for output. and the matrix computations are more complex. An LSTM cell, on the other hand,
is fully differentiable, since each gate has its own weight matrix and gates. After data is input
to the input gate, the model then forgets any long-term data it deems unnecessary and decides
what aspects of the input should be saved for long-term storage. The course concentrates more
on important information rather than learning everything (Hochreiter & Schmidhuber 1997).

2.8.3

Summary

Once we understand how a neural network works, we can evaluate its value relative to other
algorithms for machine learning problems by weighing all advantages and disadvantages.
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Chapter III
LITERATURE REVIEW

3.1

Introduction

A comprehensive overview of the different studies conducted on sentiment analysis based on
aspects is provided in this chapter. A number of taxonomies, challenges and possible directions
for new algorithms are also presented in this review.
In the following review, we provide a comparison of the current sentiment analysis techniques based on aspect analysis, along with an overview of each technique. Besides classifying
and comparing the shortcomings of the current techniques, we can also compare their datasets
and performance.

3.2

Sentiment analysis (SA)

As part of Natural Language Processing (NLP), sentiment analysis (SA) is one of the most
important tasks. An opinionated text-based dataset is analysed for opinions and features and
classified into positive, negative, or neutral categories. Opinions can be expressed about restaurants, movies, hotels, new products, services, products or anything else that can be described in
text form. Websites, posts on blogs, or social networks can be used for collecting opinions and
sentiments (Yadollahi et al. 2017). An aspect is an attribute or feature of an entity. Aspect-based
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sentiment analysis is one of the core tasks of sentiment analysis, also called feature-based or
attribute-based sentiment analysis. (Pang & Lee 2004).
Systems that categorise sentiments according to aspects identify phrases or words that are
associated with a specific subject that is being described as positive or negative. It is not uncommon in some texts such as reviews to see several opinions referring to the different features
simultaneously. As part of the subtask, the system must be able to detect and extract these kinds
of aspects that may be explicit or implicit. There has been an increasing demand for text-based
reviews in areas like restaurants, hotels and airlines. For example, quality, price, and service
are some of the aspects of this type of data that are being analysed by different approaches for
restaurants. (Kang et al. 2012).
It is possible to use various sentiment analysis applications to collect, monitor, process and
analyse different opinions regarding various daily issues, such as politics or even a sporting
event.
As well as market trend analysis with analysing the rate of consumer satisfaction on products
or services, it can also help companies improve their weaknesses and failures. Feedback from
consumers is used by producers and sellers to make decisions about their services or products.
A customer’s review can also be used to develop new products or services to increase customer
satisfaction.(Kang & Park 2014, Ravi & Ravi 2015).
Sentiment analysis approaches can be classified into three main groups including sentence
level, document level, and finally topic based which is known as aspect level (Medhat et al.
2014, Yadollahi et al. 2017) as illustrated in 3.1.
On the sentence and document levels, the goal is to determine the overall sentiment of the
sentence or document. The goal is to calculate the overall sentiment polarity in the document
without classifying it by feature. At this level, sentiment analysis is applied to the entire document as a single topic and decides whether the overall sentiment is positive or negative based on
how many words are opinionated. An analysis of document sentiment can be used to determine
product quality or consumer satisfaction in social media (Yadollahi et al. 2017). A sentence
level sentiment analysis is concerned with finding the overall sentiment polarity. As a small
document, it is crucial to determine whether the subjective sentence and calculate the overall
as a positive or a negative opinion. In addition, to dealing with short messages like tweets,
comments, and posts, SA also plays a huge role in managing online social networks (Jagtap &
Pawar 2013).
Aspect-based sentiment analysis attempts to estimate the sentiment expressed toward each
aspect of a text. This indicates that features extraction is an important task that can be either
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Figure 3.1: Different levels of sentiment analysis
explicit or implicit (Rana & Cheah 2016). In a review, various aspects may be considered.
As an example, in the sentence "I love the camera on the iPhone, however, its battery life is
disappointing", two opinions would be reflected; one positive for the camera and the negative
for the battery life. It is therefore based on the opinions expressed by people about a particular
aspect of a service or product (Medhat et al. 2014, Rana & Cheah 2016).

3.2.1

Lexicon-based techniques

Sentiment analysis was first performed using lexicon-based techniques. A dictionary-based
approach and a corpus-based approach are the two main categories. The former method involves
using a dictionary containing terms from SentiWordNet and WordNet to perform sentiment
classification (Baccianella et al. 2010).
While no predefined dictionary is required for corpus-based sentiment analysis, it does use
techniques based on k-nearest neighbors (k-NN) (Guo et al. 2003), conditional random fields
(CRF) (Tseng et al. 2005) and hidden Markov models (HMMs) (Rabiner & Juang 1986), among
others.
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3.2.2

Machine learning-based Models

Deep learning and traditional machine-learning models can both be used to solve sentiment
analysis problems. The Naïve Bayes classifier, Maximum classifier, or Support Vector Machines (SVM) are traditional machine learning techniques (Moraes et al. 2013). A sentiment
lexicon, parts of speech, the adjective and adverb are the inputs for such algorithms. Which
features are chosen will determine the accuracy of these systems.

3.2.3

Application of sentiment analysis

In many areas, such as business and government, sentiment analysis is considered very useful.
By studying customer feedback and improving their marketing strategies, companies can provide better customer service, build better products, and attract new customers through business
intelligence and e-commerce. Users’ opinions on events and products can be inferred through
sentiment analysis. The results of SA provide valuable insight into customers’ opinions and interests regarding industries. Jain & Dandannavar (2016) highlights a fast, flexible, and scalable
sentiment analysis framework for Twitter data involving some machine learning methods and
Apache Spark. As a result of sentiment analysis, recommender systems have also become more
sophisticated.
An example can be found in the work of Preethi et al. (2017), which applied recursive
neural networks to analyse sentiments in reviews. A cloud-based recommender system used the
output to improve and validate restaurant and movie recommendations. In addition to behavioral
analysis, sentiment analysis is a useful tool for commodity markets.
Another potential area of interest is the medical field. Social media and blog posts on healthrelated topics can be analyzed for possible applications of opinion mining. As a new approach
to traditional machine learning and text processing, Denecke & Deng (2015) proposes a medical lexicon to help experts and patients understand the varied terminology used to describe
symptoms and diseases. As part of mental health practice, sentiment analysis is performed on
texts written by patients’ comments on social media as a supplement to or replacement for the
standard questionnaires.
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3.3

Aspect based sentiment analysis (ABSA)

As an aspect-based sentiment analysis (ABSA), or feature based polarity analysis, the focus
is on analysing the expressed sentiment within a text towards each aspect. A variety of approaches have been proposed in the last few years using different types of techniques and parameters. Over the past few years, several aspect-based sentiment analysis tasks and solutions
have been published through a series of semantic evaluation competitions known as SemEval
competitions (Pontiki et al. 2016).
The extraction and classification of aspects are both very popular tasks in the literature, just
like document summarisation and classification. Performing information retrieval and natural
language processing are challenging tasks.
According to previous work on aspect-based sentiment polarity, the task was represented by
a multiclass classification problem. It consists primarily of common features such as Named
Entity Recognition (NER), Part of Speech (POS) tagging, parsing, semantic analysis, bag of
words (BOW), as well as data from several domains, including reviews from Amazon and Yelp
(Pontiki et al. 2015).
Prior deep learning approaches have primarily focused on the sentiment subtask: Tang et al.
(2015) used a target-dependent LSTM for sentiment analysis, while Nguyen et al. (2015) used
a recursive neural network, which leveraged both constituency trees and dependency trees.
Hu & Liu (2004) originally introduced ABSA for summarizing customer reviews, which
was based on a rule-based model. To extract frequent noun phrases, part-of-speech tagging was
applied, followed by the ones that exceed the predefined threshold (Pang et al. 2002).
Semantic evaluation (SemEval) series in 2014 Kiritchenko et al. (2014) included a task (T4)
for detecting the sentiment of extracted aspects of customer reviews. First ranked team Wagner
et al. (2014) discusses creating an automated sentiment lexicon for reviews. For detecting the
aspect terms and the sentiment expressed towards each aspect, supervised machine learning
methods were used (Chernyshevich 2014). In addition, SemEval 2016 concluded the work by
continuing to use Aspect Based Sentiment Analysis (ABSA) from 2014. It was evaluated at
both the sentence-level and text level of ABSA (Pontiki et al. 2016).

3.3.1

Aspect Extraction

Detecting and extracting all relevant entities from the text as well as their corresponding aspects
is crucial for analyzing sentiment at an aspect level. A sentiment map is a way to figure out
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the expressed viewpoints for different aspects in a text that can be summarized as an expressed
aspect (Rana & Cheah 2016). Figure 3.1 indicates whether the extracted aspect is implicit or
explicit. There is an explicit aspect if it is mentioned obviously within the sentence otherwise it
is an implicit aspect (Hu & Liu 2004).
There is a combination of explicit and implicit aspects included in online reviews for products and services, for example price, in the example given. According to Xu, Ba, Kiros, Cho,
Courville, Salakhudinov, Zemel & Bengio (2015), one third of reviews in Chinese include implicit information. In a review, implicit aspects are very important as a high percentage of
customers make a decision based on this kind of aspect.
In the survey by Rana & Cheah (2016), the main focus is on reviewing different methods
of explicit aspect extraction. Aspect extraction algorithms are categorized based on the algorithm they use. Additionally, the performance of explicit aspect extraction techniques has been
compared. Yadollahi et al. (2017) focuses on emotion extraction. This paper summarizes the
various emotion extraction techniques and compares them to the multi-label coded emotion
used in tweets. The methods have been reviewed on various languages, as well.
Jakob & Gurevych (2010) employed Conditional Random Fields (CRF) to extract aspect
phrases in long-term dependencies. The results showed improved accuracy compared to using
a supervised model to extract the features based on state-of-the-art by Zhuang et al. (2006).
An approach based on deep learning has been proposed for tagging each word in a subjective
text using convolutional neural networks. In this layer, it labels each word in the subject text as
an aspect or not. The results show better performance than state-of-the-art approaches. Deep
convolutional neural networks fit the data better than linear models such as conditional random
fields due to their non-linear nature (Poria et al. 2016). Since deep learning algorithms are very
powerful, and because of their popularity and success, researchers have been trying to improve
supervised as well as unsupervised learning accuracy using them. In different domains, existing
models still have some shortcomings when it comes to extracting aspects from text and also
aspect-based sentiment classification. For the purpose of detecting specific words for a specific
domain, it is necessary to find some solutions that are neither in the training set nor the general
embedding.
The following section provides further discussion about extracting aspects using different
methods. The methods for aspect extraction can be grouped into three types with different
characteristics including unsupervised (I), semi-supervised (II) and supervised (III) methods as
follows.
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I. Unsupervised Aspects Extraction
Using a text-based data set for unsupervised aspects extraction gives the ability to use unlabeled
data as a training set, and no algorithms are necessary. The following are some of the most
commonly used unsupervised aspect extraction methods. A summary of literature on methods,
data domains, data sizes, and results are provided in Table 3.1.
Dependency parsing A common method in sentiment analysis consists of using a predefined
set of rules to determine the target opinion and the sentiment terms associated with it. Dependency parsers build dependency rules based on relationships between terms. Zainuddin et al.
(2016) applied this method to extract implicit information from crime reviews.
Association rule mining Methods like this are based on finding texts that can occur together
simultaneoulsy. This makes it easier to find a set of associations between frequently occurring
items. Market basket analysis is one of the most famous examples of association rule mining.
According to the analysis, it is based on uncovering customer buying patterns and identifying
the associations that are present in common selected items (Karthikeyan & Ravikumar 2014).
Hai et al. (2011) uses the concept of association rule mining to create a matrix of cooccurrence frequencies between explicit features and opinion terms in the text. An association
rule set is then extracted from the matrix constructed by searching it. To determine association
rules, the similar explicit features were clustered. If an opinion term is detected in a sentence
without any explicit feature, it checks against previously defined rules. This method is used by
Zhang et al. (2012) to extract implicit features from Chinese reviews. Mankar & Ingle (2015)
also used implicit features extraction from tourism reviews to identify tourism trends.
Mutual or association In this method, words are associated according to their meanings. It
used predefined auto features as the candidate features for the implicit features (Su et al. 2006).
In another study, they used mutual reinforcement to cluster the features with the term of opinion.
The clusters are defined based on the hidden sentiment association between the product features
and opinion terms. Lastly, opinion words were mapped to implicit features using associations
in clusters Su et al. (2008). According to Wang & Wang (2008), explicit features have been
extracted using the mutual information formula. It helps to identify the association between
features and opinion words within each pair. Meng & Wang (2009) used the association between
the opinion terms and explicit features as well as the association between the features and unit
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of measurement for extracting implicit features. Yu et al. (2012) extracts implicit aspects based
on the existing associations between the aspects and their corresponding reviews. The nodes in
the hierarchy are connected to the related reviews. Song et al. (2013) extracts implicit meanings
using Wikipedia resources and associations between words. Wikipedia is used to find synonyms
of words and use cosine similarity to discover associations between them.
Hierarchy Yu et al. (2012) used product hierarchy for implicit aspect extraction. Hierarchies
are created by retrieving the initial product hierarchy from a product website. There is an
attached aspect to every review where the same aspect is discussed. Each review is converted
into a vector that includes all sentiment words. Additionally, for each aspect, the centroid
is calculated as the average value of all terms in the aspect vector. Cosine similarities are
calculated between each aspect’s centroid and the implicit sentence. Lastly, the aspect with the
highest similarity value was selected as the correct implicit aspect.
Ontology Ontology was used to demonstrate implicit feature extraction by Qiu (2015). Each
entity has some kind of semantic relationship which is linked to all related aspects. The feature
enables the extraction of opinion terms that are not explicitly stated. Based on the calculated
associations, an implicit feature was extracted. The implicit features were also extracted by
Cadilhac et al. (2010) based on ontology properties, which link the concepts. An implicit feature
is considered for each opinion word that lacks an explicit feature.
Lazhar & Yamina (2016) uses ontology for implicit feature extraction, exploiting semantic
relationships in ontologies between attributes, concepts, and individuals. Firstly, they extracted
opinion expressions that had no relationship to any explicit feature. In their study, six types
of dependency relations between opinion words were examined. They then used the opinion
expression to navigate the ontology and find its corresponding implicit feature.
Topic modeling Sentiment analysis uses topic modeling methods to identify all included topics in a document (Rana et al. 2016).
Karmaker Santu et al. (2016) used a probabilistic model for implicit feature extraction. Using generative probabilistic feature models, the reviews were mapped into different models.
By using hidden variables, associations between sentences and their were used to represent reviews. The training data consisted of a predefined list of explicit features. Next, tagged training
data is used to calculate the model parameters. Finally, implicit features are extracted based on
hidden variables associated with the calculated parameters.
42

Chen et al. (2015) used a joint topic model to extract implicit features. There are two kinds
of words related to implicit features, including special and general opinion terms. While general
opinion terms can occur simultaneously with many different features, special ones only occur
with one specific feature. For the opinion distribution of the topics and the context distribution
of options and topics, two probability distributions were calculated.
Using occurrence matrix, Chen et al. (2015) calculates the distance between each opinion
word and other contexts. A Latent Dirichlet Allocation (LDA) topic model is used to calculate
the topic probability distribution.
Xu et al. (2013) identified implicit features using aspect dependent sentiment lexicons.
Based on generative topic models, a Joint Aspect Sentiment model extracts explicit aspects. It
finds the entries of an aspect-dependent sentiment lexicon.
Rule-based Wan et al. (2015) extracted implicit features using four rules based on Part-ofSpeech (POS) tags. It is a combination of POS tags. The implicit features are considered
domain-specific.
Clustering Popescu & Etzioni (2007) using this method, all the extracted opinion words are
grouped into a number of clusters. Tags identifying the implicit feature in the cluster for opinion
words. The previously identified clusters were applied to each opinion word that lacked explicit
features. Clustering was used to extract implicit features by Chen et al. (2016). These implicit
aspects of a candidate are commonly described as adjectives or verbs. The cluster has one
representative feature and similar features clustered together. As a result, implicit features will
be identified using the feature cluster.

II. Semi-supervised Aspect Extraction
Semi-supervised methods for identifying aspects by using both unlabeled and labeled data are
defined as methods that require some training. As follows, I describe the most common methods
of implicit aspect extraction in sufficient detail. A summary of literature is shown in Table 3.2
based on methods, data domains, and sizes of data.
Association rule mining For extracting the implicit features, Wang et al. (2013) used hybrid association rule mining. The top rules of five sets of association rules have been selected
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as the basic rules. The basic rules were extracted using semi-supervised topic models, dependency grammar, and substring hypothesis. Therefore, a complete set of rules are used to extract
implicit features, including primary basic rules.
The association rule mining technique was used by Jiang et al. (2014) to extract implicit
aspects using various types of aspect indicators, LDA as a semi-supervised topic modeling
algorithm, and an algorithm for ordering all extractions. LDA topic modeling algorithm added
new rules to the basic rules. To remove redundant extracted aspect indicators, a pruning method
was added. To extract implicit aspects, new rules were combined with the basic ones.
Clustering Hai et al. (2015) uses the K-means algorithm to group extracted explicit features.
This method was used to group similar explicit features into one cluster. The highest frequency
for each feature was used as the selection point for a given cluster. Furthermore, each cluster
had its own related opinion term attached. In addition, semantic correlation is calculated for
each opinion term in the cluster. Additionally, each opinion word without an explicit feature
was mapped into the opinion words’ members in the clusters. Therefore, the matched cluster
with the highest correlation value with the given opinion term was chosen as the implicit feature.
Topic modeling Xu, Zhang & Wang (2015) extracts implicit features using both the explicit
topic model and the Support Vector Machine (SVM). In order to improve the LDA explicit topic
model, prior knowledge and information about both words that cannot and must exist within the
same cluster were combined. For selecting relevant aspects of the data set, the improved LDA
model was used. For implicit feature extraction, a variety of SVM classifiers were trained on
the selected aspects.

III. Supervised Aspects Extraction
In supervised aspects extraction, data is labeled before being extracted from the corpus and
training is required. In this section, I describe the most commonly used methods for extracting
supervised aspects. In Table 3.3, methods, data domains, and sizes of data are summarized
based on published literature.
Association rule mining Liu et al. (2005) applied an association rule mining method. A label
is added to each opinion word without an explicit feature in the dataset, based on the implicit
feature. Using the labeled data, association rules are created. Additionally, pruning method
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was applied in order to remove unused rules, and keep the rules with features on their right
side. Therefore, rules are translated into language patterns and used to extract implicit features.
Hierarchy with co-occurrence The words with no explicit aspect and only related implicit
aspects have manually been labeled by Panchendrarajan et al. (2016). Using labeled implicit aspects, all sentences were extracted and classified by opinion words. At this point, each opinion
word without an explicit aspect is extracted along with a list of their implicit aspects. Moreover, a score is calculated for each candidate for implicit aspect based on the word and phrase
co-occurrences. Additionally, the explicit feature extractor selected implicit aspect candidates
that scored higher than the specified thresholds (Qiu et al. 2009). The implicit aspect will be
considered correct if it has a relationship with the extracted feature.
Fuzzy Fuzzy methods have been used to extract explicitly and implicitly related aspects and
their associated opinion words by Afzaal et al. (2016). It employs a set of fuzzy rules based on
a set of frequent, explicit aspects. The explicit aspect of a rule contributes to its result. Each
opinion word without an explicit aspect is mapped to a set of fuzzy rules. With the highest
frequency of same opinion word in the matched rule, aspect as implicit aspect is extracted.
Classification Mohammed et al. (2016) used a hybrid technique of implicit aspect extraction
with a Naïve Bayes classifier with WordNet. All adjectives from the corpus were extracted at
the first level, then WordNet package was used to extract words with lexical relationships, such
as antonyms and synonyms. Lastly, a Naïve Bayes classifier is trained with extracted data to
extract implicit aspects.
The explicit aspects, along with their opinions, are extracted by Zeng & Li (2013). Each
opinion word was grouped into one cluster with the given opinion word. A training document is
created for every aspect-opinion pair in the given cluster using the same sentences in the dataset
that contain that aspect. A classifier based on training documents for the aspect-opinion pair is
used to map the opinion word without an explicit aspect.
Fei et al. (2012) uses a dictionary-based approach for identifying implicit aspects using
adjective opinion words. Each opinion word is defined by a statement taken from an online
English dictionary. In addition, these statements were also used to identify potential implicit
aspect candidates. Thus, a collective classification was used to detect and classify the adjective
related nouns which means we do not have an existing lexicon of positive and negative words.
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Conditional Random Fields (CRF) Conditional Random Fields (CRFs) are used by Bhatnagar et al. (2016) to extract implicit features in tourism reviews. This CRF is used for building an
implicit feature recogniser that can be used to extract implicit aspects. Moreover, CRF output
was used as training data in detecting implicit features. As this is a domain specific model for
tourism data, it cannot be applied to other types of reviews, such as product reviews.
Conditional Random Fields (CRFs) is one of the state-of-the-art methods for labeling sequences. The method takes as input a sequence of tokens, determines the probabilities of all
possible labeling possibilities and chooses the one with the greatest chance of being correct.
In addition, they have used the word features including tokenisation, part of speech tagging,
named entity recognition and Semantic orientation (SO).
It is a sequential version of logistic regression model, which is used for sequence labelling.
It defines a group of feature functions on the entire sentence, that take the position of words and
nearby labels into account. Then, is assigns a weight for each feature, adds them all together
and finally computes a probability for them.

3.3.2

Aspect-based Sentiment Classification

This section presents an overview of the proposed model in the domain of sentiment analysis.
The literature review is shown in Table 3.4 based on methods, data domains, and applications.
Aspect-based sentiment classification has been introduced by Hu & Liu (2004) for the first
time for summarising customer reviews with the help of rule-based models. Part of speech tagging is used to extract frequent noun phrases, and those that exceed a predetermined threshold
are then included in a sentiment analysis based on Pang et al. (2002) work.
Feldman (2013) discuss three levels of sentiment analysis: document, sentence, and aspectbased. The document and sentence levels of sentiment classification work well when a sentence
refers to a single entity. Sometimes, text refers to entities with various attributes. These are
called aspects. In some reviews and forums, different opinions are expressed about specific
products or services, such as smart phones, cameras, hotels, cars, and hotels.
For determining the polarity of reviews, topic modeling algorithms were used in an unsupervised manner. Topics have been extracted from the reviews, compared to topics available in
metadata, and a general list of topics has been generated. Using an external lexicon (Xianghua
et al. 2013), all local topics, as aspects, are classified in the correct sentiment. Liu (2012)
discusses four methods for aspect identification, frequent terms, opinion/target relations, super-
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Table 3.1: Summary of unsupervised research works on implicit aspects extraction
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Table 3.2: Summary of semi-supervised research works on implicit aspects extraction
vised classification and topic modeling algorithms.
A threshold parameter in dependency parsing can be used to merge associated opinion expressions. Mukherjee & Bhattacharyya (2012) relies on the idea that closely associated words
express an idea together. Toh & Wang (2014) have developed a tagging model that includes
linguistic features and WordNet for aspect-based sentiment classification.
Toh & Su (2016) reported a model using word features, parsing models, and an external
sentiment lexicon to train a SVM model to classify sentiments in text. They achieved the best
performance in the aspect based polarity detection task using Conditional Random Fields in
SemEval-2016. A CRF model was used for labeling and a neural network model based on a
single layer was used for classification.
Since in the datasets of laptop and restaurant reviews most aspects are single words, our
model works better than Conditional Random Field (CRF) based models, which model distant
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Table 3.3: Summary of supervised research works on implicit aspects extraction
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dependencies. A major weakness of CRF models is their slow training speed, due to the number
of dependencies that are considered. Previously, ABSA approaches modelled the task as a
multi-class classification problem and addressed it using traditional machine learning methods.
These machine learning approaches have used classifiers, such as SVMs, combined with a
wide range of common features, e.g., n-grams, Part-of-Speech tags, negation words, named
entities, syntactic information and knowledge from sentiment lexicons Pontiki et al. (2015).
Over the past few years deep learning-based approaches have demonstrated remarkable results
for text classification and sentiment analysis Kim (2014). Neural network-based architectures
have been proposed for modelling the complex states of aspect based sentiment classification,
where traditional machine learning models cannot handle it in large amount of data. Figure 2.2
in chapter II shows the effect of data size on performance using deep learning and traditional
learning algorithms.
Most ABSA approaches based on deep neural networks usually require large manually annotated datasets for training, which are rare and expensive to produce for specific product domains, such as restaurants or laptops.
The proposed model performs better the Long-short term memory (LSTM) model, which is
designed based on the Recurrent Neural Network (RNN) model. This is probably because the
proposed method was trained on a specific domain embedding.
A Gated Multimodal Embedding LSTM with Temporal Attention is proposed by Chen et al.
(2017). By operating on the word-level fusion between the input modalities and noticing the
most significant time steps, the LSTM with Temporal Attention enriches the fusion performance. Consequently, it is more capable of modeling the multimodal structure over time and
performing more accurate sentiment detection.
Using CNN and LSTM systems, Chen et al. (2017) propose an architecture for neural networks that increase the accuracy of LSTMs systems. The system replaces the pooling layer in
CNN with LSTM in order to take advantage of long-term dependencies and reduce the loss of
detailed local information.
Paredes-Valverde et al. (2017) proposed a deep-learning approach to detect improvements
in services or products using sentiment analysis. It utilises a convolutional neural network and
a word2vec algorithm. For determining the efficiency of this approach, they tested a Twitter
corpus consisting of tweets with different sizes.
The work by Preethi et al. (2017) is focused on the use of RNN with deep learning to analyse
sentiments in reviews. By analysing reviews and computing a score based on the different
reviews, the proposed system can recommend places that are near the user’s location.
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An LSTM based Deep Learning model is utilised to detect emotions like happiness, sadness,
and anger in textual conversations (Gupta et al. 2017). The training data they use for the model
is gathered via semi-automated techniques. They propose a solution combining both semantic
and sentimental embeddings.
With the aid of a word embeddings model and a linear machine-learning algorithm, a sentiment classifier was created using deep learning (Araque et al. 2017). To compare subsequent
results with this classifier, a baseline is used. Furthermore, they discuss two ensemble techniques for aggregating baseline classifiers with other surface classifiers prevalent in Sentiment
Analysis. They also propose two models for combining surface and deep features in order to
combine the information from several sources.
Zhang, Wang & Liu (2018) provide a comprehensive overview of deep learning’s current
applications in sentiment analysis. The article is categorised under fundamental concepts of
deep learning methods for Sentiment Analysis. It explains how polarity classification in texts,
using CNN, RNN, and LSTM, can be done using these models.
Schmitt et al. (2018) propose a model for aspect-based sentiment analysis. Comparatively to
previous approaches, they integrate the detection of aspects with their classification of polarity
in a trainable neural network. GermEval 2017 dataset is used for experiments with different
neural architectures and word embeddings.
The paper proposes three different attention models including attention vector, LSTM attention, and attentive pooling, which are integrated with a CNN model. Additionally, word
meanings are researched in context to reduce ambiguity for rich input representation. A crossmodality consistent regression and transfer learning method are presented to improve the performance of three different attention CNN models (Zhang, Zou & Gan 2018).
Sohangir et al. (2018) aim to figure out if Deep Learning models are able to improve sentiment analysis for StockTwits. The researchers applied several neural networks models, such as
doc2vec and convolutional neural networks, to stock market opinions posted on StockTwits.
Pham & Le (2018) propose a novel multi-layer architecture for representing customer reviews. They observe that the overall sentiment for a product originates from sentiments expressed in its aspects, and that these aspects themselves are expressed in related sentences
which are also made from their words. To represent the different sentiment levels for input
texts, a multi-layer architecture designed for representing knowledge. Based on this representation, a neural network can be built as a prediction tool for product overall ratings. A backpropagation technique based on gradient descent used to learn the model from representation
learning techniques such as word embeddings.
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Yang et al. (2019) developed a co-attentional mechanism that models target and context
attention differently. They develop a Coattention-LSTM network in which context and target
are learned in nonlinear representations simultaneously and sentiment features are extracted
more effectively from the coattention process.
To improve understanding of sentiments, Abid et al. (2019) developed a joint architecture
that uses RNN at first to capture long-term dependencies with CNNs using average pooling.
Additionally, a word embedding method based on GloVe was obtained by unsupervised learning.
Researchers are representing two distinct aims in the aspect based sentiment analysis: the
aspect extraction and sentiment classification of target aspects. Approaches based on deep
learning have proven to be effective at achieving these aims because they capture both syntactic
and semantic features of text as well without requiring high level feature engineering as in
earlier methods. Do et al. (2019) present a critical comparison of deep learning approaches for
aspect-based sentiment analysis.
Wan et al. (2020) proposed a new method for detecting target aspects and sentiments jointly.
For sentiment prediction, it relies on pre-trained language models that capture the dependence
on targets and aspects.
Utilising the recently introduced Tsetlin Machine (TM), Yadav et al. (2021b) attempt to
bridge the interpretation and accuracy gaps in aspect-based sentiment analysis (ABSA). Tsetlin
Machine (TM) is a model-based interpretable pattern recognition algorithm. Natural Language
Processing (NLP) tasks such as sentiment analysis, text classification, and Word Sense Disambiguation (WSD) have all demonstrated competitive performance with this algorithm (Yadav
et al. 2021a). By encoding the aspect-based inputs as binary format, they proposed to classify
word sentiments based on how they are expressed. The TM architecture is then fed with binary
representations of inputs, which can be transparently learned, enabling a clear picture of what
motivates the TM to target a certain sentiment.
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Method

Data domain
(reviews)

Application

LSTM with
Temporal
Attention

CMU-MOSI

Multimodal sentiment analysis using a
novel deep architecture that fuses modality at the word-level

CNN and RNN
(LSTM)

IMDB

Performing sentiment analysis with less
parameters

CNN and
word2vec

Twitter data

Improve products and services by identifying customer satisfaction

Preethi et al.
(2017)

RNN

Amazon

Gupta et al.
(2017)

LSTM

Twitter data

Araque et al.
(2017)

linear algorithm
with word
embedding
model

SemEval
2014

Related work
Chen et
(2017)

al.

Hassan
&
Mahmood
(2017)
ParedesValverde et al.
(2017)

collected data
from different
social
network
platforms
GermEval
2017 dataset

Zhang, Wang
& Liu (2018)

CNN, RNN,
LSTM

Schmitt et al.
(2018)

CNN and LSTM

Zhang, Zou &
Gan (2018)

CNN and LSTM

SemEval
2016

CNN and LSTM

stockTwits

Sohangir et al.
(2018)
Pham & Le
(2018)
Yang et al.
(2019)
Abid et al.
(2019)
Do
et
al.
(2019)
Wan et al.
(2020)
Yadav et al.
(2021b)

RNN-LSTM
LSTM

TripAdvisor
dataset
SemEval
2014

CNN and RNN

Twitter data

CNN, RNN,
LSTM

SemEval
datasets
SemEval
datasets
SemEval
2014

CRF and BERT
Tsetlin Machines
and BOW

Using the different reviews and evaluating them to generate the score for nearby
places to the user’s location
using semantic features for sentiment classification
Applying Deep Learning Techniques to
Traditional Surface Methods Based on
Manual Features
Empirical research was conducted on multimodal sentiment analysis, sarcasm analysis, and emotion analysis.
A model for solving aspect categories and
aspect polarity classification
attention and attentive pooling are integrated with CNN models to extract sentiment, lexicon, and semantic embeddings
to Improve the Performance of the StockTwits Sentiment Analysis
Examining the Knowledge of Layers in the
neural network model from Input
Feature Extraction for Target-level and
Context-level Sentiment classification
Providing better insight into domain specific word embeddings
Survey on both aspect extraction methods
and sentiment classification for aspects
Text analysis to detect aspects and polarities of targets
Using Tsetlin Machines (TMs), propose an
interpretable learning approach for ABSA

Table 3.4: Summary of aspect based sentiment analysis research works
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Chapter IV
ASPECT EXTRACTION

4.1

Introduction

Aspect-based sentiment analysis is an important natural language processing task that allows to
extract the sentiment expressed in a review for parts or aspects of a product or service. Aspectbased sentiment analysis is a variation of sentiment analysis that considers different aspects
of the object of a text-based review and classifies the comments for each aspect as positive or
negative.
In the last few years, neural network architectures have been shown to perform exceptionally
well in text analysis tasks when combined with word embeddings. As already discussed in the
background chapter (II), in section 2.7.1, word embeddings are vector representations of textual
vocabularies. Each word is mapped to a vector that captures its context in different sentences.
Embeddings retain syntactic and semantic similarities and relations among words. Combining
neural networks with word embeddings triggered significant progress in the aspect extraction
task of sentiment analysis (Poria et al. 2016).
One of the most important shortcomings of aspect extraction systems is the need for large
amounts of per-processed, manually annotated training data. Manual annotation of aspects is
typically labor-intensive, costly, and time-consuming.
Using neural networks with word embeddings for aspect extraction removes the need for
pre-processing large amounts of training data, reducing processing time requirements and in53

Figure 4.1: Proposed CNN model with domain and general word embedding
creasing time performance.
Most neural network based systems for text analysis have employed Convolutional Neural
Networks (CNN) and Recurrent Neural Networks (RNN) with various architectures and parameter tuning. Given the success of CNN on NLP tasks, such as aspect extraction Gehring
et al. (2017), Kim (2014), I focus on a CNN-based system for aspect extraction from text-based
reviews and I combine it with different embedding layers.
In light of CNN’s success at NLP tasks, such as aspect extraction Gehring et al. (2017), Kim
(2014), I focused on a CNN-based model with different embedding layers to develop a system
to extract aspects from text-based reviews.
There are two main reasons for choosing a CNN-based model. Firstly, the CNN model is
less complex than the RNN model and secondly, experiments reported in the literature have
shown that CNN models train faster than RNN models and tuning their hyper-parameters is
simpler. In this study, the focus is on using less resources and a low rate of handcrafting data,
two of the reasons for focusing on neural networks on CNNs.
The innovation in our proposed system is that we combined a CNN with two word embedding layers, one trained on the general domain and one trained on the domain of the reviews.
The general domain embedding acts as a fallback model to provide vectors for words that are
unknown for the domain-specific embedding layer.
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4.2

CNN Architecture

To extract aspects of reviews, I use a CNN architecture (Kim 2014) with fully connected layers
combined with two independent embedding layers.
The scenario of designing the model starts with the concept that each sentence is represented by concatenating all its k-dimensional word vectors from the first to the last word of a
sentence. This k-dimensional word vectors are created based on the concept of word embeddings. It transforms a textual vocabulary into a numerical format, while capturing the meaning
and context of the words as well as the semantic relationships and similarities among them. It
is useful in finding words with similar meaning, since they are expected to have similar vector
representations, according to the distributional hypothesis.
Distributional Hypothesis: The distribution hypothesis is based on works by Zellig Harris
(Harris et al. 1954). Based on this, the distribution of words in a text is correlated with their
meanings. In specific, the more semantically alike two words are, the more likely they will
appear in similar contexts. If we say the opposite, then we may be more clear: words with
different semantic meaning will exhibit different distributions. For example, it is common for
two words such as service and restaurant to be seen together, so they may share a common
meaning. In order to measure the semantic similarity of words, we must first set up a method.
How can two words be similar? The answer to this question is important, as it is believed that
the similarities between words influence how mental lexicons process them. Thus, there is a
need for making explicit the functional relationship between word distribution and semantics.
To apply its theory, word embedding models use statistical analysis to extract the similarity
between vector of words in the text. Vectors that capture semantic similarity are suitable for
training prediction algorithms (Le & Mikolov 2014).
Convolutional Layer: Each CNN layer consists of many convolutional filters that are applied
to the input word vectors. Applying convolutional filters produces new features, based on the
corresponding input vector slice.
After shifting the input by one word, each filter is applied again to produce the next feature.
Shifting continues until reaching the end of the input vector and produces a set of features
based on a fixed kernel size. As a result of this convolution operation, a feature mapping is
generated. The figure 4.2 shows a sample of convolutional layer in a CNN model. Number (1)
shows the input sentence which the input word vectors generated using word embeddings and
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build a sentence matrix (2). A convolutional layer is produced by applying convolutions to the
input layer (3). Filters (4) are typically applied to full rows of the matrix (words). Our filters
usually have the same "width" as the input matrix, While heights or region sizes (4) use for
sliding windows. In this sample, we have 2 region sizes (4,5) and 2 filters for each region size
which totally create 4 filters. Nonlinear activation functions (5) like ReLU, tanh or Sigmoid
are applied to convolutions to generate the output. The output of the convolution operation is
known as a feature map (6).
Max-Pooling Layer: In order to take the maximum value among the set of generated features
from the corresponding convolution filter, a max pooling operation number (7) in the figure 4.2
can be applied as proposed by Collobert et al. (2011).
According to the explanation of max-pooling layer in the chapter II, section 2.11, it is responsible for reducing the spatial size of the convoluted features. As the output of the maxpooling operation is only one feature, it is not enough to represent an entire sentence. Thus, the
process is repeated for different filter sizes to produce more features (Number (8) in the figure
4.2) to encoding more knowledge from the sentence.

Figure 4.2: Proposed CNN model with domain and general word embedding
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Hidden Dense Layer: A hidden dense layer known as the activation layer, is a nonlinear
activation function that decides the final value of the output node and eliminates the remaining
nodes. For each layer, different activation functions can be used, such as Rectified Linear Units
(ReLU), Tanh or the Sigmoid function. As we have already discussed in chapter II, interestingly,
there is no universally best activation function. Each may be better or worse than others, per
case Glorot & Bengio (2010). The most common activation function for CNNs is Rectified
Linear Units (ReLU), defined as f (x) = max(0, x). It keeps the maximum positive value,
replaces the remaining ones with zero and improves neural network performance by speeding
up training Krizhevsky et al. (2012).
Softmax Layer: As It has already discussed in the in chapter II, the output of the previous
step is sent to a layer, called Softmax function (Number (9) in the figure 4.2), to calculate the
probability distribution and prediction over the classes and categories of different aspects. A
sentence without any aspect mention is classified as null for aspects Krizhevsky et al. (2012).
Dropout: With a single model, it is possible to simulate a large number of different network
architectures by randomly dropping nodes during the training process. In deep neural networks
of all types, dropout offers a very computationally cheap and remarkably effective regularization method to reduce over-fitting and improve generalization error (Baldi & Sadowski 2013).
Dropout can be applied on the hidden layers of neural networks to prevent over-fitting during
training. It involves constraining weights and prevents co-adaptation among the values in the
training data by providing a form of regularisation Srivastava et al. (2014). To regularise a
fixed-sized model, it’s recommended to average the predictions of all possible settings of the
parameters, based on the posterior probability of each setting based on the training data (Srivastava et al. 2014).

4.2.1

Embeddings in the proposed model

The general embedding is the pre-trained Global Vectors for word representation (GloVe) model
Pennington et al. (2014), trained on 840 billion tokens.
The GloVe algorithm Pennington et al. (2014) is an unsupervised learning method for obtaining vector representations of words. The training is performed using aggregated global
word-to-word co-occurrence statistics obtained from a corpus, and the resulting output displays
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interesting linear structures in the word vector space. GloVe is trained on 840 billion tokens,
the size of the vocabulary is 2.2 million and vectors are of dimension 300. The domain-specific
embedding layer consists of an in-domain embedding matrix trained on a corpus with domainspecific vocabulary and 100-dimensional vectors. We selected this model due to the size of the
data it was trained on and its popularity for aspect extraction.

4.2.2

Domain-specific Embeddings

The domain-specific embeddings are trained either on Yelp Mikolov, Chen, Corrado et al.
(2013), a restaurant review dataset, and on Amazon reviews for laptops He & McAuley (2016).
Yelp is an open dataset of reviews and user data that can be used for personal, educational
and academic purposes. Yelp, formatted in JSON files, can be used for training Natural Language Processing (NLP) models.
The open dataset of Amazon Customer Reviews (Mudambi & Schuff 2010) contains product
reviews submitted during 20 or more years.
Over a hundred million reviews have been posted on the Amazon website, expressing opinions and describing experiences. Therefore, Amazon Customer Reviews are a valuable source
of information for academic researchers in the field of NLP.

4.3

Model

Figure 4.1 shows the proposed CNN model with two embedding layers and fully connected convolutional layers. The general and the domain-specific embedding layer work independently.
Each word of the input is looked up in both the general and the domain-specific layer and the
two representations are concatenated in a joined vector. This joined vector is the input of our
multi-layer convolutional neural network.
Let x = (x1 , ..., xn ) be an input sequence of words. The two continuous representations
for this sequence xgen and xdomain are created with two different embedding layers Egen and
Edomain . The Egen represents general embedding and the Edomain represents domain-specific
embedding. In this case, the domain scope is exactly the same as the domain that the training
and testing data falls under. As small training examples in domain-specific embedding may
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Table 4.1: Dataset statistics
Dataset
Restaurant Laptop
Instances
2,000
3,045
Training
Aspect terms
1,743
2,358
Instances
676
800
Test
Aspect terms
622
654
result in a large number of unseen words in test data, we do not allow these two embedding
L
layers to be trainable. Following that, we concatenate two embeddings X ′ = xgen xdomain
and feed the resulting layer into the convolutional layers. In the convolutional layer each filter
performs Nonlinear activation and convolution as follows:
(c+1)

xi,h

= max 0, (

z
X

!
(c) (c)

(c)

ej,h xi+j ) + bh

(4.1)

j=−z

where c is the convolutional layer and h indicates the h − th filter in each convolution filter.
Each layer uses a convolutional filter and each filter has a fixed window width and a kernel
size. For example with kernel size with k = 5 the filter will keep 2 words before and after
the current word. Each filter calculates a representation for each word and its nearby words
according to the kernel size. For each position between i = 1 and i = n, the filter provides a
representation of that word along with its position in z before and after that word. An activation
function is used to choose the maximum value of each features node. Last but not least, a
Softmax layer is applied to a fully connected layer with all weights based on the position of
words and calculates a label tag for each word based on its position. In addition, a dropout is
applied after embedding layers to prevent over-fitting during training.

4.3.1

Datasets

Two benchmark datasets from the SemEval competition have been selected for the evaluation
of the proposed method. In particular, the laptop review dataset was introduced in task 4 of
SemEval-2014, and the restaurant review dataset was used in task 5 of SemEval-2016 for aspect
based sentiment analysis. Table 4.1 shows statistics of the two datasets.
For the domain-specific embedding layer, we trained a word2vec model with 100 dimensions Mikolov, Chen, Corrado et al. (2013) on review data from Yelp for restaurants and Ama59

zon reviews He & McAuley (2016) for laptops.

4.3.2

Tuning Network Hyper-Parameters

For tuning the parameters for the proposed model, 100 randomly-selected data instances were
excluded from the training data, to be used as validation data. A popular technique for avoiding
under-fitting, is to evaluate the model for various layer sizes, parameters and learning rates. If
validation accuracy is higher than training accuracy, then the model is under-fitting, whereas if
validation accuracy is lower than training accuracy then the model is over-fitting (Gavrilov et al.
2018).
The plot in figure 4.3 shows that the CNN model consistently achieves good validation
accuracy. Each layer of the convolutional neural network has 256 filters and the kernel size
is set to 5. The kernel size in each CNN layer defines the number of words to be kept by the
filters. Processing continues until the end of the input vector and produces different sets of
features. There are two more parameters in the network that should be set with some values. As
it mentioned before, we need to set dropout rate for avoiding over-fitting and another parameter
is learning rate. The learning rate is an algorithmic parameter that determines how much the
model should be modified in response to an estimated error. If the learning rate is chosen too

Figure 4.3: Accuracy on the training (blue line) and validation data (red line) for increasing
epoch sizes
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low, it may result in a long training process that gets stuck, while if the learning rate is chosen
too high, it could result in a sub-optimal weight set being learned too fast or an unstable training
process. Based on various experimental results and also common tuning parameters for CNNs,
the dropout rate was set to 0.5 and the learning rate to 10−4 .

4.4
4.4.1

Experiments
Evaluation metrics

Following common practice, performance of aspect extraction systems is usually evaluated using the F-score (F 1) metric, which is calculated as the geometric mean of precision (P ) and
recall (R). Let T P , T N , F P and F N stand for true positives, true negatives, false positives
and false negatives, respectively. Precision, recall and F-score are defined as follows:
P =

TP
TP + FP

(4.2)

R=

TP
TP + FN

(4.3)

2∗P ∗R
P +R

(4.4)

F1 =

For evaluation, we used the SemEval script which is available in the repository 1 and also
here for 2016 2 . The evaluation script calculates and displays the precision, recall and F1 for
aspect term and category extraction for a system and comparing it to the file that contains the
gold correct annotations.
We compare our proposed model with other models which have already used the SemEval
2014 and 2016 datasets on their evaluation (Li & Lam 2017) to have better evaluation on the
performance of the proposed model.
• IHS_RD (Chernyshevich 2014) was the best performing system in Task 4 of SemEval
1

https://github.com/davidsbatista/Aspect-Based-Sentiment-Analysis/tree/master/datasets/ABSASemEval2014
2
https://alt.qcri.org/semeval2016/task5/index.php?id=data-and-tools
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2014, which was about aspect extraction on laptop reviews. The system used Conditional Random Fields (CRF) for cross-domain feature extraction for products (Pontiki
et al. 2014). Training was conducted using a mixed set of 6086 sentences having annotated aspect terms (3045 sentences from the laptop domain and 3041 sentences from the
restaurant domain). The same model was applied unchanged to the test datasets from the
laptop domain (800 sentences) and restaurant domain (800 sentences). The researchers
employed a number of lexical, syntactic, and statistical features and demonstrated that
their approach had good domain portability, scoring first out of 28 participating teams in
the laptop domain, and fourth in the restaurant domain.
• NLANGP (Toh & Su 2016) was the best performing system in Task 5 of SemEval 2016,
which was about aspect extraction on restaurant reviews in the English datasets. They
have trained CNN systems using the following features as input: Word Embeddings,
Name List, and Word Cluster. For CNN network training, a stochastic gradient descent
(SGD) algorithm is used in conjunction with a backpropagation algorithm. SGD is conducted for n epochs, with a batch size of b sentences. In addition, the extraction of opinion
targets is treated as a sequential labeling task. Conditional Random Fields (CRF) is utilized to train sequential labeling classifiers. A Recurrent Neural Network (RNN) system
is also used as an addition to the existing CRF system. Most of the performance gains
came from neural networks. On the other hand, the Name List and Word Cluster features
do not seem to be that efficient when used with the testing data. The system used neural
network features to improve the performance of aspect extraction (Pontiki et al. 2016).
• AUEB (Xenos et al. 2016) Using an ensemble of two systems, they compared their constraint system based on features with a new system that was based on word embeddings.
Extraction of features was done from lexicons created from training data. One Support
Vector Machine (SVM) classifier were trained for each Entity. Using embeddings of
words was the second system implemented. Based on Amazon product reviews, the authors made inverted document frequency (IDF) matrices and word embeddings. With
Gensim, 200-dimension word embeddings were produced using skip-gram models. For
features related to lexicons, they used training data to create a list of POS tags, prefixes
and suffixes varying in length (prefixes and suffixes with 1, 2, and 3 characters) and aspect
terms. A single one-hot vector (i.e., a vector of zeroes and one one) per list is created to
denote which token on the list corresponds to the investigated token.
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The system was ranked as one of the top systems for aspect extraction in the SemEval
2016 challenge.
• CRF (Okazaki 2007) is a CRF method for sequence labeling using a general word embedding structure and basic feature templates.
• Semi-Markov CRF (Semi-CRF) (Sarawagi & Cohen 2005) Semi-CRFs were trained to
label entity segments and put non-entity words in unit-length segments. A comparison
was made between these and two versions of CRFs. In the first version of the CRF-1 label,
words are categorized as belonging to or outside an entity. As for the second version, it
replaces the tag with four different tags based on where the words appear in a document.
They also utilized the same set of word-level characteristics for semi-CRFs, as well as
extending them logically to segments. They specifically used phrasing indicators within
segments as well as capitalization patterns within segments. (Cuong et al. 2014).
• DLIREC (Zhiqiang & Wenting 2014) The learning algorithm is based on CRF, which
leverages semantic and syntactic resources. Modeling the sequential labeling task and
extracting features for CRF training are the key steps. As well as the features used in
traditional Named Entity Recognition (NER) systems, these systems also rely on external sources to build various name lists and word clusters. The Stanford Parser is used to
tokenise and parse all sentences. Syntactic features are extracted from the parsing information (for instance, POS, head words, and dependency relations). By inducing clusters
and K-means clusters from in-domain unlabeled data, they used unsupervised word representations as extra word features to enhance the accuracy of both NER and chunking.
The system was ranked second in the SemEval 2014 aspect extraction challenge for the
restaurant and laptop domains.
• WDEmb (Yin et al. 2016) uses dependency context information and linear context on
embedding features for aspect extraction based on a CRF model. In the proposed learning model, two words are connected via their dependency paths. Adding the dependency
path to the model enables the words to encode more syntactic information, and dependency paths are explicitly learned in the word embeddings. In order to enhance word
embeddings, they utilize the linear context. This method is based on the assumption that
meanings are similar when words are used in similar contexts. They use Skip-grams to
enhance word embeddings so that context words that occur in the linear context of the
target word can substantially improve prediction accuracy.
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• RNCRF (Wang et al. 2016) Specifically, they propose Recursive Neural Conditional Random Fields (RNCRF). There are two primary components of RNCRF. Based on the dependency trees of each sentence, the first component of the algorithm contains recursive
neural networks (RNNs). A high-level feature representation of every word in every sentence is learned by considering the underlying dependency structure between the words.
The RNN’s output is then fed into a Conditional Random Field (CRF) that determines
how every object in the world is mapped to its context, i.e., aspects, opinions, etc. A
major contribution of this paper is an approach to encoding aspect-opinion relations with
RNN in high-level representation learning, as well as a joint approach based on maximum
likelihood and backpropagation for learning both RNN and CRF components simultaneously. This can double up the propagation of the label information of the aspect terms to
the representation terms while both are being learned in CRF. These models are integrated
into a unified framework to co-extract explicit aspect and opinion terms.
• LSTM (Liu et al. 2015) is a discriminative model based on Recurrent Neural Network
(RNN) and general pre-trained word embeddings. The model does not use any hand
crafted features, but is flexible to incorporate other linguistic features. They compute
compositional vector representations of any word sequence using recurrent neural models. Tokens in the network are then classified by using these high-level distributed representations (i.e., hidden-layer features). In the RNN framework, word embeddings will
be the only features used to avoid manual feature engineering. As model parameters,
they learn the embeddings based on the errors by backpropagating them to look-up layer.
In the case of random initialization, the SGD may become stuck in the local minima.
However, one can use readily available embeddings from external sources as features in
RNN models, without further tuning them to fit the task, as is done in any machine learning model. In training, the models are fine-tuned using the trained word embeddings, a
method that is quite effective for initializing them and fine-tuning them for tasks.
• Memory Interaction Network (MIN) (Li & Lam 2017) The authors propose a novel
LSTM-based deep multi-task learning framework for extracting aspect terms from user
reviews. A pair of LSTMs with extended memories and neural memory operations is
designed to handle extraction tasks of aspects and opinions by interacting with memory.
They use extended memories and neural memory operations on a two long-short term
memory (LSTM) architecture for aspect extraction through memory iterations. In each
LSTM, there are extended memories for task-level memory interactions. In order to train
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an LSTM, the aspect term annotations are used. For the analysis of opinion words, a
sentiment lexicon and high-precision dependency rules are applied since no ground truth
is available in the training data.

4.4.2

Implementation

Our system was developed using the Python programming language. Since it is pre-packaged
with libraries like Pandas, SciPy, and nltk, it is ideal for natural language processing and neural
network connections. In addition, Keras provided a Python interface to artificial neural networks
that we used. This interface allowed us to use the TensorFlow library.
We used two baselines:
• the proposed multi-layer CNN model with general word embeddings, only
• the proposed model with in-domain word embeddings, only
The performance gap between the baselines and the proposed system shall highlight the
impact of combining the two word embeddings.
Models
Review data
IHS_RD (Best-Laptop) (Chernyshevich 2014)
NLANGP (Best-Restaurant) (Toh & Su 2016)
AUEB (Xenos et al. 2016)
CRF (Okazaki 2007)
Semi-CRF (Sarawagi & Cohen 2005)
DLIREC (Zhiqiang & Wenting 2014)
WDEmb (Yin et al. 2016)
RNCRF (Wang et al. 2016)
LSTM (Liu et al. 2015)
MIN (Li & Lam 2017)
Proposed model

Dataset
Restaurant
Laptop
F1 74.55
F1 72.34
F1 70.44
F1 69.56
F1 74.01
F1 66.35
F1 68.75
F1 73.78
F1 75.16
F1 69.74
F1 77.26
F1 71.26
F1 75.25
F1 73.44
F1 77.58
Pr 76.93
Pr 81.13
Rec 70.69 Rec 75.39
F1 73.81
F1 78.26

Table 4.2: Experiment results based on F1 score , Precision (Pr) and Recall (Rec)
on SemEval review datasets for aspect extraction.
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4.5

Results and Discussion

As the first aim of the study is to extract aspects from two domains, we proposed our idea to find
the impact of the model by comparing it to other previous works in the same domain. Based on
the proposed model, specific domain embedding is combined with general embedding. Each
specific domain contains some words that do not appear in the general word embedding space,
so using fastText API, a random vector is generated. Our model is based on combining a specific
domain embedding with a general one to avoid generating random vectors for unknown aspects.
Table 4.2 shows the results of the proposed method on two benchmark datasets and compares its performance with other models, as discussed in the previous section. Instead of using
a general pre-trained word embedding structure, we added more knowledge from an extra indomain embedding to enhance its performance. A word embedding trained in a specific domain,
integrates more semantic and lexical information about domain words. Experiments show that
this has a good impact on the output. The results show that the model performs differently on
the two datasets. As the laptop dataset contains more specific words, training an embedding in
the laptop domain works better that the restaurant domain, that has many general words that
could be already available in a pre-trained general embedding.
As all systems in table 4.2 use general word embedding structures, the results show that
using a very big general word embedding and a small domain-specific word embedding improves performance for the aspect extraction task. Figure 4.4 shows the effect of increasing the
training data size on performance. Results improve mildly as the size of the training data for
the in-domain embeddings increases. Our main reason for this may be the fact that the domain
specific training data consist of sentences that contain specific aspect words. In other words, the
training data are suitable and selected to improve the performance off the domain specific word
embedding. The experiment shows that the results improve as the size of the training data for
the domain specific embedding increases.
The proposed method can also be used in any other specific domain, given that a specific
domain word embedding has been trained for that domain to get benefit of training specific
words on that domain. Although recent work shows that the RNN model is the state-of-the-art
for this task in other domains, our evaluation has shown that we can achieve comparable results
using a simpler and faster model, that integrates two learning layers, one for a general and one
for a specific-domain embedding.
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Figure 4.4: Performance for increasing size of the domain-specific embedding layer for restaurant (blue line) and laptop (red line)

4.6

Summary

This chapter presents a new method for aspect extraction from text-based reviews. It uses a
convolutional neural network (CNN) and two embedding layers including a general embedding and also a domain-specific one. The domain-specific embedding is trained on data from
the domain for which aspect terms should be extracted. I tested the proposed model on two
benchmark datasets in the domain of restaurant and laptop reviews. The results show that the
proposed model performs comparably or better than more complex neural network architectures. The main advantages of the proposed model are the lower training time and also the
fewer network parameters that need to be tuned, in comparison to more complex models. There
are many ideas that could be worked on in the future. In the first place, the proposed model can
be extended to more different domains to see how the in-domain word embedding behaves in
different domains. Moreover, it may be tested in different languages to determine the impact of
in-domain embedding training in different languages in a specific domain. The results of this
type of experiment can show how generalisable the proposed model is.
The aspects extracted using the proposed aspect extraction model are used in succession to
build a complete aspect-based sentiment classifier which can be enhanced in different domains
using domain-specific embeddings. Details about this classifier are discussed in the next two
chapters.
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Chapter V
ASPECT-BASED SENTIMENT
CLASSIFIER (ABSA)

5.1

Introduction

Nowadays, more and more people posts written reviews for products and services online. Sentiment analysis Liu (2012) allows to extract important patterns and insights from these reviews
by computing their overall polarity. Often people express different views for various aspects of
a product or service, such as the price or the quality of service in a restaurant. Aspect-based
Sentiment Analysis (ABSA) allows us to determine the polarity of sentiment expressed towards
such aspects of an entity.
Due to their complexity, most existing ABSA systems based on deep learning are processing
power and resource intensive. Furthermore, they require large volumes of manually annotated
data, that are expensive to produce. The proposed approach is simpler and has less parameters to be tuned than existing ABSA approaches, since it is based on a deep CNN-based neural
network. Despite its simplicity, the proposed model performs similarly or better than more
complex ABSA approaches, while using a small amount of gold-annotated data and minimal
processing resources. A simple well-performing model with low processing and resource re-
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Figure 5.1: The proposed architecture uses: (1) a pre-trained embedding, (2) silver; and (3) gold
annotated training data. Step (4) denotes the neural network that corresponds to the sentiment
classifier.
quirements can make ABSA accessible to users of low specification devices. In addition, a
simple model can be tuned quickly and efficiently, allowing to extend it and adapt it easily to
new domains. The overall model is discussed in detail in this chapter.
In this chapter, a multi-layer neural network approach for ABSA is introduced and in the
next chapter its performance is evaluated on two different domains. The proposed approach
focuses on a domain-aware and task-aware Convolutional Neural Network (CNN) architecture. For domain-awareness, an extra word embedding is trained on domain-specific text. For
task-awareness, an extra layer is added in the common CNN architecture to use automatically
annotated positive and negative reviews. This automatically labeled data, which we call “silver
annotated data”, fine-tune the embedding vectors.
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5.2

Proposed Model for ABSA

The proposed model architecture is an extension of the Convolutional Neural Network (CNN)
structure used by Collobert et al. Collobert et al. (2011). This CNN model has been successfully
used in numerous research studies for a variety of Natural Language Processing tasks Kim
(2014). The focus of this chapter is on classifying sentiment that corresponds to aspects that
describe various entities. The goal is to identify expressions of sentiment for each aspect of an
entity and classify them as positive or negative. The proposed model is shown in Figure 5.1 and
is discussed in detail in the following sections.

5.2.1

Embedding and Training Data

The proposed model, presented in Figure 5.1, consists of several embedding layers:
1. The first embedding layer uses a general word embedding to generate common vectors
for each word in the input text snippet. The general embedding comes pre-trained and
there is no need for further training and for any annotated data.
2. The next embedding layer uses silver annotated data to fine-tune the parameters of the
general embedding. Our approach uses task-specific silver annotated data, to generate an
embedding capable of making the necessary distinction between sentiment polarity words
for the ABSA task.
3. In the final step, we use gold annotated data for training the network.

5.2.2

CNN layers

Our CNN model, shown graphically in figure 5.2, takes as input a text snippet of n words, represented as vectors. Each input vector has been derived using a pre-trained general embedding
of k-dimensional vectors (number 1 in figure 5.2). The input of the first convolutional layer
(number 2 in figure 5.2) is the sequence of the generated embedding vectors for the words of
the input text. I use different sizes of sliding windows for convolutional filters and apply max
pooling to generate the input for the next convolutional layer. Thus, we have two convolutional
layers with max pooling (numbers 2 and 3 in figure 5.2) and a hidden layer (number 4) with
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a softmax layer, also known as the classification layer (number 7), to learn the final prediction
model.
The aspect input layer (number 5) introduces information about the aspects that are found in
the input text, so that the model can identify which aspect is associated to the current word and
its context. This happens in the embedding layer (number 6), just before the final classification
layer. An aspect is defined as a specific feature for an entity. For example, price is an aspect
of a restaurant and screen is an aspect of a laptop. Below, we describe in detail the layers and
parameters for the model.
The overall architecture of the model is illustrated in Figure 5.2. Each input text snippet
consists of n words. For each word, we create a vector x, and for each input text snippet, we
have a matrix W consisting of n word vectors. The ith element of vector x is denoted as x(i).
The input layer (number 1 in figure 5.2) considers as parameters the dimension of word
vectors (k) and the length of the input text snippet in words (n). Based on the input text snippet,
the vector representations of words, < x1 , x2 , ..., xt >, is stored in W , a k × n matrix.
In the convolutional layer (number 2 in figure 5.2), we apply a set of filters with a pre-defined

Figure 5.2: Proposed sentiment classification model based on aspects
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window size, h, on the input text snippet to generate a variety of features:
uh (t) = f (W T xt:(t+h−1) + b)

(5.1)

where the output feature uh (t) at the position t is calculated as the concatenation of the vectors
x(t : (t + h − 1)), using a non-linear activation function, such as ReLu (f ), and the bias value,
b, which is a constant value. Finally, we have a feature matrix with dimension t − h + 1.
We apply a max-pooling layer (number 3 in figure 5.2) to find the greatest value for a
position, t, as follows:
vt = maxh {uh (t)}
(5.2)
In our experiments, filters with different window size, h ∈ {2, 3, 4}, are used to select features
about each input text snippet.
The output of the max-pooling layers for each position t, i.e. a feature vector, vt , is the input
of the hidden layer (number 4 in figure 5.2) that extracts the most important features. Given that
w is the weight of the maximum scoring feature, selected in the max-pooling layer, the output
of the hidden layer, o, can be computed as follows:

o = f (w × vt + b)

(5.3)

In this stage, the embedding layer uses two sources of information. The first source is the
output of the hidden layer, i.e., the highest weighted feature (o). The second source is the aspect
vectors (a), previously extracted using the model introduced in Chapter IV. Using this aspect
extraction model, we have extracted aspects from each text snippet, and formatted them as an
aspect vector for the embedding layer. In the training phase, we re-train the parameters of
the hidden layer using our silver-annotated vectors, in order to broadly disperse the positive or
negative vectors that occur in the text snippet, as we will discuss further in section 5.3.2. The
embedding layer is calculated as follows:
"
y=f

w
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(5.4)

where o is the output of the hidden layer and a is the aspect vector.
The final layer of the network is a classification layer (number 7 in figure 5.2) to assign a
final classification probability. During the training phase of the model, gold annotated data are
used to increase classification performance. After further training the general embedding using
the silver annotated data in the embedding layer, we add a small set of gold annotated data as
well to improve training further. In this layer, we use a softmax activation function to transform
the output of the embedding layer to a proper prediction class label. Since the focus of this
study is to identify the sentiment associated to particular aspects, binary classification has been
used to capture positive or negative polarity.

5.3

Implementation

This section presents all details about implementing the model that was presented in Section
5.2. In addition it provides more details about the general embedding and about the further
training step with silver annotated data.

5.3.1

General Embedding

Word2Vec (Mikolov, Sutskever, Chen, Corrado & Dean 2013) is a neural network word embedding technique for learning a vector space model from text. By definition, word embedding
models represent in their internal feature space semantically related words closer than nonrelated ones. This is the expectation from a general pre-trained embedding. A pre-trained
Word2Vec embedding1 has been employed, trained on a part of the Google News dataset, that
contains 100 billion words, approximately. The model contains 300-dimensional vectors for 3
million unique words and phrases.

5.3.2

Further training on silver annotated data

General embedding models have shown weaknesses when modelling text of specialised domains Mikolov, Sutskever, Chen, Corrado & Dean (2013). The definition of semantic related1

The pre-trained embedding is available under section Pre-trained word and phrase vectors at https://
code.google.com/archive/p/word2vec/ (last visited on June 24th , 2021).
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Figure 5.3: A sample of word vectors before further training on silver annotated data
ness in general embeddings does not match the requirements of various tasks, such as ABSA.
A general word embedding model represents words that correspond to opposite sentiment polarities, such as good-bad and excellent-terrible, close to each other, due to their high semantic
relatedness, as shown in figures 5.3 and 5.4. This happens because the general word embedding
is not designed for polarity detection on word vectors. In a general embedding words that are
semantically closer are located close to each other. For ABSA, we would prefer an embedding
that represents these words far from each other, to reflect the opposite sentiment polarities, as
shown in figure 5.6. Our preliminary experiments have shown that the general embedding does
not perform well for ABSA, due to this issue.

Figure 5.4: A sample of word vectors visualisation before further training on silver annotated
data
74

Figure 5.5: A sample of word vectors after further training on silver annotated data
To address this challenge, silver annotated data have been used. A large collection of laptop
and restaurant reviews have been automatically annotated as positive or negative, and then this
resource was used to improve the embedding with adding one extra embedding layer. For
the automatic annotation, we used a manually created lexicon based on common positive and
negative keywords and their synonyms and only performed direct matching. This method for
automatic annotation will certainly introduce some errors, in instances where both positive and
negative words co-occur. We expect that the effect of these errors is minimal due to the large
size of this resource.
In succession, the Gensim package Řehůřek & Sojka (2010) was used to further train the
embedding using the silver annotated data.

Figure 5.6: A sample of word vectors visualisation after further training on silver annotated
data
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After this re-training step, we checked and confirmed that the vectors that correspond to
pairs of words with opposite sentiment polarity, such as good-bad and excellent-terrible, are
not close to each other anymore, as shown in figures 5.5 and 5.6. Their cosine similarity score
is less than 0.1, as shown in figure 5.5.

5.3.3

Different Domains

As mentioned in the previous sections, the architecture of the proposed model is based on using
two embedding layers including using silver annotated data for updating the general embedding
vectors. In order to improve the performance for each specific domain, restaurant and laptop
reviews have been used. The process of adapting the model to a domain other than restaurants
and laptops would be identical. The experimental results in the next chapter, will quantify the
impact of using this data in the performance of the proposed model.

5.4

Summary

In this part of the research, a novel deep neural network model for aspect-based sentiment
classification on reviews has been introduced. The proposed model trains a CNN-based neural
network using the reviews that are freely available online. General embedding spaces comprise
the input, at the beginning of the training process. In addition, a large amount of automatically
annotated data (silver annotated data) is employed. Finally, a small manually annotated dataset
is used to fine-tune the model.
Silver annotated data is important in the proposed architecture for a number of reasons. As
neural network-based models work with embeddings, there are various types of pre-trained general embeddings that have been trained on billions of words. In general embedding spaces, that
are not intended for sentiment analysis tasks, the vectors for all semantically related words are
close to one another. Embeddings for sentiment analysis should represent words with opposite
sentiment polarities far from each other, even if they are semantically similar. To address this
issue, we extracted the sentimental polarity of words using silver annotated data; in particular
two large groups of positive and negative text reviews. The experimental results concerning
the proposed model are presented and discussed in chapter VI. The reason of choosing a CNN
architecture as the basis for this model, is that its parameters are fewer than more complex
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models, such RNN, and it is easier to parallelise the training process on multiple GPUs.
There are several meaningful aspects for exploring and experimenting with the proposed
model further, in the future. Firstly, we could add more domains to investigate the capacity
and behaviour of the model. Secondly, the model could be tested on different languages, using
different language embeddings, to assess the possibility of extending it to deal with multiple
domains and multiple languages, concurrently.
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Chapter VI
DUAL-DOMAIN ABSA and
EXPERIMENTS

6.1

Introduction

Traditionally, neural networks for sentiment analysis are trained using large amounts of unlabeled data, followed by gold-annotated data to train their parameters. This type of neural
network models have acceptable performance, when there is a correlation between data and
sentiment prediction label. Usually data from different domains with varying numbers of aspects lead to low performance of a sentiment classification model. To deal with this issue, one
needs to train a more complicated model. This challenge of current ABSA models motivated me
to propose a multi-domain ABSA model using multiple levels of embedding spaces and silver
annotated data, that would be able to perform well in many domains. As discussed in chapter V,
the proposed model can be applied to different domains by adding in-domain embeddings and
training them on automatically annotated data. In this chapter, I evaluate the performance of
the model using two different benchmarks in comparison to previously existing models, which
have been evaluated on the same benchmarks.
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6.2

Experiments

This section presents experiments and associated results for the novel model for ABSA, that
was introduced in chapter V. The experiments consider many variations of applicable neural
network models. Models are evaluated:
• with and without further training of the general embedding on domain specific data, i.e.,
restaurant and laptop reviews
• with and without further training of the general embedding on task specific data, i.e., the
silver annotated data of restaurant and laptop reviews annotated as positive or negative,
as discussed in section 5.3.2
The first set of experiments considers the following neural network based models:
M1 Single layer CNN + general embedding: This is the simplest convolutional neural network (CNN) architecture. It consists of a single layer and is trained using the general
word embedding.
M2 Single layer CNN + pre-trained embedding: A single-layer CNN trained using the
domain-aware word embedding. To produce this the general embedding was further
trained on domain specific data, i.e., restaurant and laptop reviews.
M3 Multi layer CNN + general embedding: A multi-layer CNN including two layers trained
using the general word embedding.
M4 Multi layer CNN + pre-trained embedding: A multi-layer CNN including two layers
trained using the domain-aware word embedding. Specifically, the general embedding
was trained on restaurant and laptop reviews data to produce this.
M5 Multi layer CNN + general embedding + silver-annotated data: A multi-layer CNN
including two layers trained using the general embedding and task-aware word embedding. As discussed in Section 5.3.2, the embedding is further trained using task-specific
silver annotated data and vector space distribution changed based on sentimental polarities.
M6 Multi layer CNN + pre-trained embedding + silver-annotated data: A multi-layer
CNN including two layers is trained using the domain-aware word embedding. In addition, we further train the embedding on the task-aware silver annotated data, as discussed
in section 5.3.2.
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Table 6.1: Statistics of the laptop review dataset (task 4 in SemEval 2014) and the restaurant
review dataset (task 5 in SemEval 2016).
Dataset
Training instances Test instances
Restaurant
2000
676
Laptop
3,045
800
M7 LSTM + general embedding: A single layer Long Short-Term Memory (LSTM) based
on the recurrent neural network architecture is trained using a the general embedding
Mikolov et al. (2010).
M8 MLSTM + pre-train embedding + silver-annotated data: A multi-layer LSTM neural network including two layers is trained using the domain-aware word embedding.
In addition, we further train the embedding on the task-aware silver annotated data, as
discussed in section 5.3.2.

6.2.1

Datasets

The proposed method was tested and evaluated against existing methods on two benchmark
datasets for ABSA from the SemEval series: the laptop review dataset introduced in task 4 in
SemEval 2014, and the restaurant review dataset introduced in task 5 in SemEval 2016. Table
6.1 shows statistics of the two datasets.
To create domain-specific word embeddings, we trained the word2vec model Mikolov,
Sutskever, Chen, Corrado & Dean (2013) with 100 dimensions on the Amazon reviews dataset1
Mikolov, Chen, Corrado et al. (2013) and the Yelp dataset2 He & McAuley (2016).

6.2.2

Experimental Results

This section presents the evaluation results of the above models and an interpretation of the
performance differences. F1 score has been used as the evaluation metric.
The results table, table 6.2, shows that model (M6), the proposed model that used the
domain-aware and task-aware word embedding, performed best. As part of experimentation, I
1
2

Available at: cseweb.ucsd.edu/~jmcauley/datasets.html
Available at: https://www.yelp.com/dataset/download
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Table 6.2: Experimental results Precision (Pr), Recall (Rec) and F-score on SemEval review
datasets for aspect-based Sentiment classification. NN stands for neural network.
Model
Dataset (reviews)
#
NN (layers) Embedding Extra training
Laptop
Restaurant
M1 CNN (Single)
general
✗
Pr 61.31
Pr 70.46
✗
Rec 56.75 Rec 67.71
✗
F1 59.03
F1 69.08
M2 CNN (Single) pre-trained
✗
Pr 64.23
Pr 74.09
✗
Rec 62.53 Rec 70.89
✗
F1 63.38
F1 72.49
M3 CNN (Multi)
general
✗
Pr 69.53
Pr 75.63
✗
Rec 66.19 Rec 72.59
✗
F1 67.86
F1 74.11
M4 CNN (Multi) pre-trained
✗
Pr 75.81
Pr 79.36
✗
Rec 68.65 Rec 76.46
✗
F1 72.23
F1 77.91
M5 CNN (Multi)
general
silver data
Pr 73.21
Pr 75.63
silver data
Rec 69.17 Rec 74.29
silver data
F1 71.19
F1 74.96
M6 CNN (Multi) pre-trained
silver data
Pr 77.49
Pr 82.69
silver data
Rec 72.43 Rec 74.97
silver data
F1 74.96
F1 78.83
M7
LSTM
general
✗
Pr 69.21
Pr 75.47
✗
Rec 66.93 Rec 73.07
✗
F1 68.07
F1 74.27
M8
MLSTM
pre-trained
silver data
Pr 77.83
Pr 82.81
silver data
Rec 72.27 Rec 74.91
silver data
F1 75.05
F1 78.86
tested various combination of CNN and LSTM architectures with general, pre-trained (domainaware) and silver (task-aware) data to evaluate the effect of adding extra domain-aware and
task-aware layers. Firstly, I started with the simplest CNN architecture paired with the general
embedding, which is not domain-aware or task-aware (M1). In succession, I added extra training on the specific domain (M2 and M4), which was found to improve the results. Furthermore,
I added more training data to re-tune the embedding vectors based on the sentimental polarity
distribution to aid sentiment classification (M5, M6 and M8). The results shows that this extra
training improves sentiment classification performance. The comparison among all pipelines
shows that the proposed model (M6) can perform comparably to complex and resource-intense
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Table 6.3: The impact of adding different sizes of silver annotated data
Dataset (reviews)
Silver data size Laptop Restaurant
300K
72.39
77.92
500K
72.91
77.97
700k
73.51
78.06
900K
73.94
78.56
1M
74.23
78.79
1.2M
74.96
78.83
architectures, such as RNN. The CNN architecture is simpler, easier and faster to train and
suitable to run on standard desktops or laptops.
Table 6.3 shows that increasing the amount of silver annotated data used for training the
task-aware embedding always affects F1 score positively. In table 6.2, we can also see the
positive effect of the task-aware embedding on all models that it has been applied to. The
experimental results confirm that the quality of the word vectors increases significantly with the
amount of training data (Mikolov et al. 2010).

6.2.3

Statistical significance

McNemar’s test (Dietterich 1998) for statistical significance is a non-parametric test for paired
nominal data. It checks if the disagreements between two methods match. McNemar’s test has
been used to evaluate the statistical significance of the difference between the performance of
the proposed model and other existing models.
McNemar’s Test can be used to compare the predictive accuracy of two machine learning (or
statistical) models. McNemar’s test uses a 2x2 contingency table of the predictions of the two
models, In two models, it is calculated based on true positives, true negatives, false positives,
and false negatives.
The McNemar’s Test is a statistical test that tests whether p(b) and p(c) are the same, or
both models perform equally well. Therefore, the alternative hypothesis is that the two models
don’t perform equally. The McNemar test statistic can be calculated as follows:
(b − c)2
x =
b+c
2
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(6.1)

Table 6.4: Results of McNemar’s testing. NN stands for neural network.
Compared Models
Statistics
χ2
Dataset
#
NN
Embedding Extra training p-value
M4
CNN
pre-trained
✗
Laptop
> 10−4 15.429
M6
CNN
pre-trained
silver data
M4
CNN
pre-trained
✗
Restaurant
0.041
4.167
M6
CNN
pre-trained
silver data
M8 MLSTM pre-trained
silver data
Laptop
0.480
0.5
M6
CNN
pre-trained
silver data
M8 MLSTM pre-trained
silver data
Restaurant
0.617
0.25
M6
CNN
pre-trained
silver data

Result
Difference
significant
significant
insignificant
insignificant

If the sum of c and b is sufficiently large, the x2 value follows a chi-squared distribution.
By setting a significant threshold, we can compute the p-value, which is the probability of
observing this empirical (or a larger) chi-squared value. The null hypothesis that both models
perform equally can be rejected if the p-value is less than our chosen significance level.
Table 6.4 presents our statistical significance testing results. For CNN based models, the results shows that the difference in performance with and without the silver annotated data training
step is significant. In contrast, silver annotated data training does not seem to differentiate the
performance of a CNN and an LSTM based model. In conclusion, a CNN based model, that is
less complex and resource demanding than an LSTM model, can achieve comparable results.

6.3

Summary

Convolutional neural networks are among the most popular architectures for aspect based sentiment analysis, according to the latest literature. They have been applied to a wide variety of artificial intelligence and natural language processing tasks. This chapter presented experimental
results of the proposed model for aspect based sentiment classification based on convolutional
neural networks. The proposed model uses a general word embedding and retrains it with domain specific and task specific data. The proposed model has been evaluated on two sentiment
analysis datasets from SemEval-2014 and SemEval-2016. Domain specific data comprised of
sets of reviews for restaurants and laptops. Task specific data have been collected automatically
using a set of positive and a set of negative keywords. The proposed model has been evaluated
against other existing architectures for aspect based sentiment analysis. Statistical significance
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testing has been employed to quantify the significance of the differences in performance of
different models. The results shows that the proposed CNN-based model can achieve similar
levels of performance to much more complex architectures, such as RNN, that require more
time, more computational power and specialised equipment for training. As one part of experiments is based on increasing the size of silver data for two laptop and restaurant domains, in the
future it would be meaningful to apply the proposed model on other domains and to evaluate the
the impact of increasing the amount of silver annotated data on the performance of the model.
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Chapter VII
DISCUSSION

7.1

Introduction

A major motivation for this study was to develop an approach to extract features from text and
classify individual text into appropriate sentiment polarities, since there is a lack of manually
annotated data in certain domains. It aimed to identify the appropriate emotional expression
for each available aspect of the text. A majority of expressed opinions are categorised into
appropriate polarities based on the available details. The motivation behind this system concerns consumers and producers that would benefit from discovering sentiment that correlates
to specific goals and objectives when using a product. In this way, customers and users can
determine which product to use for specific tasks based on ease of configuration, ease of use
and performance, as well as indicating issues or other circumstances that may arise when using
various products. In addition, the analysis, monitoring, and decision-making systems will be
enhanced through the matching of textual reviews to sentiment and effective extraction of different aspects from reviews. This research aimed at developing a model of aspect-based sentiment
classification for various domains with a particular emphasis on whether deep neural networks
are applicable when memory and time are restricted and manually annotated data cannot be
large enough to achieve acceptable performance.
On the basis of the objectives outlined in Chapter I, the following sections discuss the performance of the proposed models. Earlier chapters have already discussed how this research
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employed deep neural network architectures to achieve the objectives, including developing a
model to detect and extract aspects in specific domains, developing an aspect-based sentiment
classifier model, and finally enhancing the classifier model for different domains.

7.2

Aspect extraction model

Various insights led to the idea of proposing the aspect extraction model during this study. In
preliminary research, it was noted that neural network-based models perform best with large
datasets. This motivated the decision of moving in this direction, in order to find the shortcoming of using such methods for aspect extraction. Using neural networks involves using a
vector space model instead of the actual words in a text snippet. Identifying the structure of
the word embedding spaces was the next step. It has been discovered from the literature that
several pre-trained word embeddings appear to be used in various natural language processing
tasks. Initially, the proposed model focused on enhancing the embedding spaces, when it deals
with domains that contain specialised terminology.
Focusing on the structure of word embeddings showed that general word embeddings,
trained on general text or news, often do not contain specialised domain terminology. We
came up with the idea that training word embeddings further in a specific domain can be helpful to integrate more semantic and lexical information about the words in that domain. Next,
a word embedding was trained on specific domains to assess the impact on detecting semantically similar vectors in that domain. The experiments showed that the embedding model was
able to extract domain terms that are semantically and syntactically similar to a given term.
Then, the focus was on developing a neural network-based model that combines general word
embeddings with specific-domain embeddings, simultaneously. The detailed description of the
model can be found in chapter 4.3. As part of the proposed model, an in-domain embedding
is added to augment the performance of the model rather than using only a general pre-trained
word embedding.
Based on two benchmark datasets, the results reported in the table 4.2 illustrate the model’s
performance. A comparison of the results with other models is also provided. Other models are
represented by various, diverse architectures, such as traditional machine learning techniques
and neural network-based models. The proposed model performed differently in two different
datasets. Analysing the results revealed that the laptop dataset contains more domain words
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that the restaurant dataset, and training a laptop domain embedding succeeds in finding them.
In addition, the restaurant domain contains a lot of general words that might be already present
in a pre-trained general embedding. In the datasets, the majority of available aspects are single
words, so the proposed model works better than some other good performing models, such as
CRF. CRF-based models have better label-dependency performance when aspects are represented by combinations of words. Additionally, the CRF models have a weakness concerning
their slow speed of learning, which translates into slow training.
As all mentioned systems in table 4.2 are based on general word embedding models, the
experimental results indicate that using a very large size general word embedding as well as
a small size word embedding for a specific domain can boost aspect extraction performance.
According to the results, the proposed model based on training specific domain embeddings
performance comparably with the LSTM, which is based on the RNN model and uses a general word embedding, only. Based on plot 4.4, the result could be affected by increasing the
domain training size. According to the experimental results, training on word embedding in a
specific domain is likely to produce slightly better results with a larger size. Method like this are
applicable to improve model training in any specialised domain. While recent work suggests
that RNN models in general are the best in other domains for this task, I showed that with an
extra learning layer, we can achieve comparable results using a simpler model that takes less to
training.

7.3

Aspect-based sentiment classifier

Following the development of a model for extracting the aspects in specific domains, we moved
to the next objective of this study. The literature review revealed that building manually annotated data for a specific domain is a time-consuming and costly process. The existing ABSA
systems are processing and resource intensive due to their complexity. Additionally, they require large amounts of manually annotated data, which are expensive to produce. Furthermore,
we would like to develop a solution for training a deep neural network model when the time
and memory resources are limited. As a result of these challenges, the goal was to create a
model that can handle aspect-based sentiment classification in specialised domains with acceptable performance, even when the manually annotated data available is not large enough to train
the model with high accuracy. In this way, ABSA can be made accessible to users of low-spec
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devices with a simple, well-performing model with low processing and resource requirements.
The model should also be easy and quick to modify and customise, allowing for easy extension
and adaptation to new domains.
As described in chapter 5.2, a multi-layer neural network approach was developed for ABSA
based on these requirements. The goal was to adapt a neural network based model to different
domains and task-specific problems. Similarly to the approach of the first objective, an additional word embedding was trained on domain-specific text. By examining the characteristics of
the word embedding, we found that semantically similar words with opposite sentiment polarity are still close to each other in the vector embedding space. This process begins by selecting
some positive and negative words, incorporating their parameters in word vectors, and calculating their similarity using the cosine similarity metric. This was the primary version of the
samples in Figure 5.3. The visualisation of the samples in a 2-D word embedding space, which
is demonstrated in Figure 5.4, showed that the vectors of pairs of words, such as good and bad,
lie close, despite the fact that they carry opposite sentiment polarities. Developing a method to
address this issue was key in designing the proposed model. To add task-awareness, automatic
annotation of positive and negative reviews was incorporated into the common CNN architecture. Automatically annotated data, also known as silver annotated data, allowed us to fine-tune
the embedded vectors. In brief, large amounts of silver annotated data was used to fine-tuned
the embedding space. As silver annotated data we used the Amazon and Yelp review datasets,
and we annotated them automatically using positive and negative keywords.
In contrast to the main concept of vector embeddings, where all vectors of similar words
are located close to each other, further training on silver annotated data distributed the word
vectors in a semantically suitable way for sentiment analysis. After this extra training step, we
examined the vector parameters of the same pairs of words and calculated their similarity using
the cosine similarity metric again. Figure 5.5 shows how parameters changed. We re-visualised
the two-dimensional embedding space to illustrate the geometric distance between pairs of word
vectors, as shown in Figure 5.6. In conclusion our preliminary experiments confirmed that this
further training made word vectors with similar context but opposite sentiment polarities very
dissimilar in the vector space.
This methodology of altering the vector space and the proximity or similarity of word pairs
with similar semantics but opposite sentiment polarity was the basis for our proposed model for
aspect-based sentiment classification, that was introduced and discussed in chapter 5.2.

88

7.4

Dual-domain aspect based sentiment classifier

The final objective of this study was to design and evaluate a multi-domain aspect-based sentiment classifier using a deep neural network. For our experiments, we used two benchmarks
datasets for sentiment analysis, consisting of reviews for restaurants and laptops. We had already extracted aspects from each dataset using the model proposed towards the first objective.
These aspects are being made available to the proposed model, is shown in layer number 5 in
Figure 5.2. In succession, the model assigns a sentiment polarity to each of these aspects.
CNN and LSTM were used in various combinations to evaluate the effect of the proposed
innovations on sentiment classification systems. As the simplest model, we used a CNN model
with a general embedding. Then, we added the pre-trained embedding, introduced in chapter
5.2. We have also considered multi-layer CNN models with general embedding and pre-trained
embedding. In succession, the general embedding in the multi-layer CNN model was further
trained on the silver annotated data. Finally, the pre-trained embedding in the multi-layer CNN
model was further trained on the silver annotated data. The resulting model of this last training
step constitutes the proposed innovation. We also compared the models discussed above with
a LSTM model combined with the general embedding, as well as a multi-layer LSTM model
combined with the pre-trained embedding further trained on the silver annotated data. The
experimental results concerning all these models are shown in Table 6.2.
Table 6.2 shows that using word embedding pre-trained on large amounts of domain-specific
data and re-training them on task-specific silver annotated data improves the performance of
classification models. Tested on the SemEval-2016 datasets, the proposed model (M6 in table
6.2) achieved comparable performance to state-of-the-art methods.
According to table 6.3, increasing the amount of silver annotated data used for training the
task-aware embedding increased the F1 score and a positive effect of the task-aware embedding
can be seen in the results. The experimental results confirmed that the quality of the word
vectors improves significantly as the amount of the training data increases.
McNemar’s test was applied to determine the significant of performance differences between different models. Table 6.4 demonstrates that the silver annotated layer significantly improved the performance of the CNN model when applied to the laptop and restaurant datasets.
Additionally, we used McNemar’s testing to quantify the significance of performance differences between our proposed CNN-based model and the MLSTM model, which is based on
an RNN. The results showed that the proposed model is not significantly better or worse than
the MLSTM model, both for the restaurant and the laptop dataset, despite the complexity of the
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MLSTM model in comparison to the CNN architecture.
CNN architectures come with advantages and disadvantages when employed for sentiment
classification. CNNs work with small convolutional filter windows of pre-defined size, but their
hyper-parameters are simpler to set in comparison to other architectures, such as RNN and
LSTM. CNNs process large sets of sentences more quickly than RNNs. Thanks to their maxpooling layer, CNN models keep the position of selected words only, instead of all of the words,
as RNNs and LSTMs do. As a result, CNNs have fewer parameters and fewer computational
requirements. Our experimentation has demonstrated that further training a CNN-based model
on additional automatically annotated data plays an important role in increasing aspect-based
sentiment classification performance without adding more complexity.

7.5

Contributions of research study

Many aspect extraction and sentiment classification techniques have been proposed in the literature, as described in chapter III), but it is still challenging to detect aspects on domain-specific
text. In summary, the contributions of this research focus on the following fundamental issues:
• Assessing methods of aspect extraction and aspect-based sentiment classification
• Designing and evaluating an effective model for detecting aspects in different domains
• Designing and evaluating an aspect-based sentiment classifier applicable to situations of
limited resources
• Improving classification performance without annotating domain specific data manually
The following sections elaborate further on these issues:

7.5.1

Extracting Aspects in Different Domain

Aspect-based polarity detection and classification systems must extract more information from
the data than the simpler version of sentiment classification systems, which are concerned with
the assignment of positive or negative polarities, only. There is a lack of systems to identify and
extract all available aspects of a review across various domains. As a result, we have to train
an aspect extraction model from scratch for each new application domain. In this study, we
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proposed a novel model based on word embeddings to resolve this shortcoming, by combining
application domain data with general embeddings. In this way, aspects related to a specific
domain can be identified and vectors of related context words can be generated for each aspect.
The proposed model can be effectively applied to any specialised domain, to extract a list of
aspects that can be then inform an aspect-based sentiment classifier.

7.5.2

Aspect Based Sentiment Classifier (ABSA)

A wide variety of product and service reviews are available online. Through sentiment analysis
of customer feedback, it is possible to extract consumer opinions and decide accordingly. For
aspect-based sentiment analysis, i.e., quantifying a separate sentiment polarity for each aspect
of a product or service, different aspects depending on the domain of each review must be identified. There are several approaches for polarity detection in the literature, but it is challenging
to improve the performance of sentiment classification of reviews due to the complexity of
training and the limited resources available. The novel method presented in this study has low
parameter tuning complexity and minimal requirements for annotating training data manually.
It uses an approach based on embeddings and incorporates a state-of-the-art neural network
architecture.
Depending on the application, word embeddings, i.e., representations of actual words as
numerical vectors, can be used in various ways. Developing neural network architectures that
incorporate pre-trained general word embeddings requires a large amount of manually annotated data. This type of annotated data is rare and difficult to obtain, leading to a slow and
expensive process. The solution is typically to develop more complex neural network architectures to compensate for the lack of large amounts of manually annotated data. Instead, in this
study large amounts of automatically annotated datasets have been used to design a method for
fine-tuning the parameters of general word embeddings. Thus, a task-aware word embedding
model was proposed that is capable to distinguish between words with similar semantics but
opposite sentiment polarities. A simple network architecture was employed in this model, so
that parameter tuning is not too complicated.
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7.5.3

Effective Dual-domain ABSA

ABSA on large-scale datasets is difficult due to the large number and variety of aspects in each
domain and the differences in the aspects of similar domains. The model should be able to
perform aspect-based sentiment classification concurrently in multiple domains, without the
need of separate training for each domain. By using small sets of manually annotated data, the
proposed approach allows training the classification system on any combination of domains.
The following process for training word-embeddings is proposed:
• We start with a general word embedding.
• Then, we use a large set of automatically annotated data, i.e., silver annotated data, for
fine-tuning the vector parameters to make the embedding task-aware.
• Finally, we use a small set of gold annotated data to adapt the embedding to a particular
domain of preference.
As part of this study, this training procedure has been tested on two domains, and the results
ensure that it can be applied to other new domains with confidence.
In comparison with training a model for each domain separately, the proposed multi-domain
aspect-based sentiment analysis model can be trained in a shorter amount of time. Combined
domains provide the maximum benefit in terms of time and space savings. Online reviews
contain enormous amounts of information in a variety of domains, which make them a good
source of silver-annotated training data so as to reduce annotation costs. Thus, the sentiment
classifier’s performance improved by using the above procedure for training task-aware and
domain-aware embeddings on a simple neural network model. A polarity detection system that
takes into account aspects can provide fast, reliable, and multi-domain detection and can be
used to help to understand reviews better. This study was driven by the characteristics of CNNs
and word embeddings. A significant finding was that it is possible to adapt a general embedding
to a specific domain and task. We exploited this finding to analyse various types of user reviews
in different domains for aspect based sentiment classification.

7.6

Summary

Despite the number and extent of published research about aspect extraction and aspect-based
sentiment classification in product and service reviews, these tasks are still challenging, due
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to the multitude of domains and the variety of aspects. The purpose of this research was to
identify and address some challenges in aspect-based sentiment analysis, which is a major task
in the Natural Language Processing field. After reviewing a large number of aspect extraction
and sentiment classification related works, we detected a number of shortcomings and proposed
effective innovative solutions. A notable finding of this study is that it is possible to develop
an efficient and effective aspect-based sentiment classification model by re-training a general
embedding to adapt it to a particular domain and task. The resulting model can analyse for
aspect-based sentiment different types of product and service reviews from different domains
concurrently. The successful application of silver annotated data, which is easy and straightforward to produce, opens the possibility of training different aspect-based sentiment classifiers
for different domains. For example, a model specifically for the car industry would be able
to extract opinion and issues that users have expressed about aspects of their cars, informing
car manufacturers and allowing them to improve the quality of products and achieve higher
customer satisfaction.
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Chapter VIII
CONCLUSION

8.1

Conclusion

The research field of Artificial Intelligence (AI) that aims to analyse and extract meaningful
information and patterns from natural language is called Natural Language Processing (NLP).
Sentiment Analysis (SA) is a major NLP task that analyses a piece of text and assigns positive
or negative sentiment polarity to it depending on its content. Traditional sentiment analysis
classifies the entire piece of text as positive or negative. Aspect-Based Sentiment Analysis
(ABSA) is a sophisticated variation of sentiment analysis that uses as input a user review for
a product or service and assigns separate sentiment polarities to specific areas of interest, i.e.,
aspects, that concern this product or service.
Each product or service has many different features, so a consumer may focus on some of
them and express diverse opinion about each. In ABSA, these features are called aspects. An
example would be a product review of a smartphone. A user review about this smartphone may
includes positive or negative comments about the screen, battery, camera, memory or processor.
After detecting these aspects, an ABSA system estimates the weights of positive or negative
expressions and determines the polarity of sentiment for each.
The ABSA process can be divided into two sub-tasks: the detection of aspects and their
classification as positive or negative based on the sentiment-bearing words about each. In the
first step, all aspects of a given text must be discovered and extracted, which is challenging.
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Let’s consider a scenario where we want to extract aspects from a domain-specific review using an extraction model previously trained on general reviews that lack domain-specific words.
We would expect that the model would not be able to extract aspects effectively. To address
this issue, this research proposed a convolutional neural network (CNN) based model for aspect
extraction in multiple domains. General models may not be able to detect and extract aspects
in domains that contain many technical terms. We explored the idea of gathering some related
reviews in a specific domains, and then used them to trained the model’s word embedding. This
improved domain-specific aspect detection and extraction. In particular, reviews for restaurants
and laptops have been used to train a domain-specific embedding. Two benchmark datasets
have been employed to evaluate the proposed method against other state-of-the-art systems.
The proposed method performed comparably to other state-of-the-art systems in identifying aspect terms. In summary, we proposed a model that uses extra information from specific domains
to supplement a general embedding, enhancing the integration of domain-specific semantic and
lexical information.
In the next step, an aspect-based sentiment classifier assigns a sentiment label to each of
the extracted aspects, according to the sentiment-bearing expressions about it. As part of this
study, we proposed a novel sentiment classification model with an aspect-based approach that
can be individualised for specific domains. The model is built on top of a simple but effective
CNN-based architecture in combination with a general domain embedding.
Our model was made task-specific, e.g., aware of the requirements and characteristics of
sentiment analysis, by being re-trained on an automatically annotated collection of laptop and
restaurant reviews (silver annotated data). The automatic annotation process exploits lists of
positive and negative words.
As a result, the model is capable of distinguishing sentiment polarity words for the ABSA
task. In addition, a small quantity of manually annotated data was used for further training, to
make the model domain-aware.
The proposed model has been evaluated and experimentally compared with other existing
architectures for aspect-based sentiment analysis.
The results indicate that our CNN-based model can achieve comparable performance levels
to much more complex architectures, such as RNN, that take more time and processing power
to train and sometimes require specialised equipment.
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8.2

Key Findings and Contributions

• Design, development and evaluation of a novel multi-domain aspect extraction method.
• Design, development and evaluation of an aspect-based sentiment classifier applicable in
circumstances of limited resources.
• Improving aspect-based sentiment classification performance without annotating domainspecific data manually

8.3

Future Work

As future work, it is meaningful to construct even more benchmark ABSA datasets from a wide
variety of domains, and evaluate our method further, to strengthen our experimental conclusions. It would also make sense to experiment more using different types of pre-trained word
embeddings. Comparing the results and analysing aspect extraction and classification errors
can be helpful to gain more insight and generate ideas to improve performance further.
There are many neural network architectures with various hyper-parameter tuning mechanisms. In this study, we focused on cases where a low level of resources is available, only.
It is important to experiment with more architectures independently of their training time and
their demand for memory or GPU usage resources. This experimentation would allow to gain a
better perspective on errors occurring in different neural network architectures.
This study proposed methods for performing aspect based sentiment classification in a specific language, the English language. It is meaningful to experiment similarly in other languages, and probably propose a multi-lingual aspect extraction model. Based on the successful
application of silver-annotated data in the proposed model, we plan to attempt to use silverannotated data in the process of developing a multi-domain and multi-lingual ABSA model.
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