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By
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October 2017
Chairman . Masrah Azrifah Azmi Murad, PhD
Faculty . Computer Science and Information Technology

This thesis utilizes sentiment classification task within the field of artificial intelligence
for financial news using the combination of machine learning, linguistics, and
statistical methods. The motivation for this approach comes from human emotion and
vital information that lies in the financial news like news reports and impacts on the
market. In recent years, a huge amount of this information is accessible for investment
and research analysis in a text format where investors and researchers can simply get
access to the desired information through a variety of channels on the Internet.

Despite the studies conducted in automated sentiment classification of financial news,
there are still challenges in some parts of text mining and financial news classification
that concerns feature extraction, feature selection, and classification processes. Most
existing literature on sentiment financial news typically relies on very simple linguistic
features, such as Bag-of-Words (BOW) in which each piece of news is represented
using distinct words with frequencies as a feature type, and only a few numbers of the
studies have employed complicated approaches. Obviously, not all words are needed to
reflect a given text. The primary downside of the BOW or unigrams is the huge number
of linguistic features that it produces. The secondary downside is that linguistic features
have too much information to become features while it is not clear which ones are
important to the sentiment of financial news classification. Furthermore, since the
extraction of words is based on their high frequency, typically low frequency-based
linguistic features can be worth ignored. This research proposes two feature process
models, Ngram-based and the NgramPOS-based models for the sentiment classification
of financial news.

The Ngram-based model utilizes statistical approaches for feature processing in order
to classify financial news. This high frequency-based model combines unigrams and
bigrams along with Term Frequency-Inverse Document Frequency (TF-IDF)



(unsupervised feature weighting) while applying Document Frequency (DF) method
with a certain threshold as dimensionality reduction method since it is suitable for high
dimensional feature space.

NgramPOS-based model is able to enhance the performance of feature processing in
Ngram-based model. NgramPOS-based model employs a combination of statistical and
linguistic approaches to extract sentiment information as features in order to classify
financial news. This low frequency-based model extracts the combination of sentiment-
rich words and phrases as unigrams and bigrams using the defined POS-based fixed
patterns along with the binary weighting method and applies Principle Component
Analysis (PCA) as an unsupervised method to reduce the dimension of the extracted
feature space.

Both models utilized RBF Support Vector Machine (SVM) with optimized parameters
(G v) to classify the financial news as positive and negative news. Experiments showed
that the combination of features as unigram and bigram along with TF-IDF and binary
feature weighting methods in both models leads to the best result in financial news
classification among, diverse feature spaces, with different accuracy for two models as
97.34% and 67.19% respectively.
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Tesis ini menggunakan tugas klasifikasi sentimen dalam bidang kecerdasan buatan
untuk berita kewangan menggunakan gabungan pembelajaran mesin, linguistik dan
kaedah statistik. Motivasi untuk pendekatan ini berasal dari emosi manusia dan
maklumat penting yang terletak dalam berita kewangan seperti laporan berita dan kesan
pasaran. Dalam tahun-tahun kebelakangan ini, sejumlah besar maklumat ini dapat
diakses untuk analisis pelaburan dan penyelidikan dalam format teks di mana pelabur
dan penyelidik hanya dapat mengakses maklumat yang dikehendaki melalui pelbagai
saluran di Internet.

Walaupun kajian yang dijalankan dalam klasifikasi sentimen automatik berita
kewangan, masih ada cabaran di beberapa bahagian penambangan teks dan klasifikasi
berita kewangan yang menyangkut pengekstrakan ciri, pemilihan ciri, dan proses
klasifikasi. Kebanyakan kesusasteraan sedia ada mengenai berita kewangan sentimen
biasanya bergantung pada ciri linguistik yang sangat mudah, seperti Bag-of-Words
(BOW) di mana setiap bahagian berita diwakili dengan menggunakan kata-kata yang
berbeza dengan frekuensi sebagai jenis ciri, dan hanya beberapa kajian telah
menggunakan pendekatan rumit. Jelas sekali, tidak semua perkataan diperlukan untuk
mencerminkan teks yang diberikan. Kelemahan utama BOW atau unigram adalah
jumlah ciri linguistik yang dihasilkannya. Kelemahan sekunder adalah, ciri linguistik
mempunyai terlalu banyak informasi untuk menjadi cirri, sementara ia tidak jelas
mana satu yang penting untuk sentimen klasifikasi berita kewangan. Tambahan pula,
sejak pengekstrakan kata-kata didasarkan pada frekuensi tinggi mereka, ciri linguistik
yang berasaskan kekerapan rendah boleh diabaikan. Penyelidikan ini mencadangkan
dua model proses ciri, iaitu model berasaskan Ngram dan model berasaskan
NgramPOS untuk pengkelasan sentimen berita kewangan.



Model berasaskan Ngram menggunakan pendekatan statistik untuk memproses ciri
untuk mengklasifikasikan berita kewangan. Model berasaskan frekuensi tinggi ini
menggabungkan unigrams dan bigrams bersama-sama dengan Frekuensi Istilah
Frekuensi Dokumen Songsang (TF-IDF) (pengawalan ciri tanpa pengawasan) semasa
menggunakan kaedah Frekuensi Dokumen (DF) dengan ambang tertentu sebagai
kaedah pengurangan dimensi kerana ia sesuai untuk ruang ciri dimensi yang tinggi.

Model berasaskan NgramPOS dapat meningkatkan prestasi pemprosesan ciri dalam
model berasaskan Ngram. Model berasaskan NgramPOS menggunakan kombinasi
pendekatan statistik dan linguistik untuk mengekstrak maklumat sentimen sebagai ciri
untuk mengklasifikasikan berita kewangan. Model berasaskan kekerapan rendah ini
mengekstrak kombinasi kata-kata dan frasa yang kaya dengan sentimen sebagai
unigrams dan bigrams menggunakan corak tetap berdasarkan POS yang ditetapkan
bersama dengan kaedah penimbang binari dan menggunakan Analisis Komponen
Prinsip (PCA) sebagai kaedah tanpa pengawasan untuk mengurangkan dimensi ruang
ciri yang diekstrak.

Kedua-dua model menggunakan Mesin Vektor Sokongan RBF (SVM) dengan
parameter yang dioptimumkan (C, y) untuk mengklasifikasikan berita kewangan
sebagai berita positif dan negatif. Eksperimen menunjukkan bahawa gabungan ciri-ciri
seperti unigram dan bigram bersama dengan kaedah pemberat ciri TF-IDF dan binari
dalam kedua-dua model membawa kepada hasil terbaik dalam Kklasifikasi berita
kewangan di kalangan ruang ciri yang berbeza, dengan ruang ciri yang berbeza, dengan
ketepatan yang berbeza untuk dua model masing-masing sebagai 97.34% dan 67.19%.
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CHAPTER 1

INTRODUCTION

Financial news is considered as a significant factor to evaluate stock price by analysts
and investors. Since the news conveys new information about the firm’s fundamentals
and qualitative information, therefore, financial documents can affect stock returns.
Moreover, Tetlock (2007) showed the qualitative textual impact stock prices.
According to the Efficient Market Hypothesis (Fama, 1965), all available information
on stocks are reflected in market prices. Hence, news, particularly financial news
including corporate, news article and, Internet message plays an essential role for
investors when judging about stock price. This is because of the massive collection of
the vital information contained in the news as the firm’s fundamentals and prospect of
other market participants. On the other hand, due to the rapid growth of financial news
in the media for decades, it is difficult for investors to track and consider all available
information, thus, automated classification of textual data seems vital.

Although the studies in automated classification of textual financial news are still in its
infancy, but many attempts have been done in text mining to convert unstructured
information to a usable format for classification task in machine learning. Nevertheless,
there are still challenges in some parts of text mining and financial news classification
such as feature extraction, feature selection, and classification processes.

Most existing literature (Koppel and Shtrimberg, 2006; Groth and Muntermann, 2011;
Yu et al., 2013) on sentiment financial news typically rely on a very simple frequency-
based textual presentation, such as Bag-of-Words (BOW) in which each piece of news
is represented using distinct words with frequencies as a feature type. Moreover, some
studies (Généreux et al., 2011; Zhai et al., 2011) have utilized unigrams, which have
similar characteristics with distinct words as linguistic feature, since the extraction of
both is based on their high frequency. On the other hand, a few other studies (Hagenau
et al., 2013; Khadjeh Nassirtoussi et al., 2015) have employed complicated approaches
for feature extraction such as noun phrases which is a type of low frequency-based
feature.

For instance, a sample sentence is assumed as “Increase investment in universal

T3P T)

economy” for how to capture the linguistic features. By dropping the word “in” as stop
word the rest of the words (“Increase”, “investment”, “universal”, “economy”) will
remain as features of the unigram type. While only the term “Increase” can be
considered as a sentiment feature. Obviously, not all words are needed to reflect the
polarity of the given text. The primary downside of the BOW or unigrams is the huge
number of features that it produces using a big data set (Pestov, 2013). The secondary
downside is that, linguistic features have too much information to become features
while it is not clear which ones are important to sentiment of financial news

classification.



By capturing sentiment expressions as bigram from the above sentence, a feature set
including the terms “Increase investment”, “investment in”, “in universal”, “universal
economy’ is created. Surely, only term “Increase investment” expresses the polarity of
the sentence. Certainly with a large volume of data, the process is encountered with a
lot of the low frequency expressions which can be considered as an informative and
sentiment feature. Since the extraction of words is based on their high frequency,
typically low frequency-based linguist features that can be worth to sentiment

classification are ignored.

As expressed, unfortunately most researches related to sentiment classification of
financial news suffer from these significant weaknesses which were mentioned in
above. All of these issues refer to the extraction and selection of specific and key terms
as features to maintain the sense of dependency between terms which ultimately leads
to an effective dimensionality reduction of features. For instance, extracting and
selecting sentiment expressions as collocations and bigrams from the terms within the
text can enhance the sentiment classification performance.

Moreover, some studies like Généreux et al. (2011) and Hagenau et al. (2013) applied
some filter methods like Information Gain (IG) and Chi-Square (CHI) as feature
selection. Although filter methods have lower risk of overfitting than wrapper and
embedded methods, these techniques are scale-based methods that are not reliable for
low-frequency terms (Dunning, 1993). Therefore, these methods cannot be reliable to
extract the bigram or trigram features which have low frequency.

Khadjeh Nassirtoussi et al. (2014) presented a comprehensive systematic review on the
text mining approaches used in the past for a market predictive purpose. The authors
summarized all the machine learning algorithms employed in the financial news as
follows: Support Vector Machine (SVM), Regression Algorithms, Naive Bayes (NB),
Decision Rules of Trees, Combinatory Algorithms, and Multi-algorithms. The studies
by Sebastiani (2001) and Khadjeh Nassirtoussi et al. (2014) confirmed that SVM has
been extensively and successfully applied as a textual classification and sentiment
learning approach. However, none work of the existing works has applied the
optimized classifiers while, Ageev and Dobrov (2003) have demonstrated that
parameter optimization can essentially increase text classification performance.

As a summary of the discussion, the main focus of the existing works is to identify the
polarity of news contents. Therefore, the existing approaches focused on the feature
extraction and selection. The performance the related works can be improved if these
weaknesses which have caused:

e Linguistic and statistical relevant features
e High Dimensionality of feature space
¢ Non optimized classifiers



can be addressed. This thesis focuses on these shortcomings and develops two feature
process models for financial news sentiment classification based on statistical and
linguistic approaches as low and high frequency feature process models to extract and
select informative features to increase accuracy of polarity classification.

1.1  Motivation

With enlargement of Web 2.0 and the advent of social networks, blogs, and online
news sources, analysts have to process enormous amounts of real-time unstructured
data. For example, predicting the stock market trends and sentiment by the financial
news is one of these instances. Financial news documents are produced in various
types, such as recent earning statements, information about latest products, declaration
of profits by a company, and similar issues. These sources usually contain the key but
implicit factors which affect the stock market in different ways, for instance, effect on
stock returns, volatility of price and also future firm earnings. Therefore, there is a vital
need to discover the approaches to uncover the sentiment and polarity related
expressions from these corpora of text. Obviously, this is a part in which sentiment
analysis tool and its techniques can be employed to obtain the main concept of text by
extracting important keywords from the financial news. Despite the large number of
recent publications on sentiment mining in financial news, there are still many
problems in this regard. Hence, it is necessary to have an improved technique for the
extraction and determination of the sentiment and polarity of words, sentence, and
phrase in order to extract the most representative expressions as features for sentiment
analysis with high accuracy. This study focuses on the feature extraction and selection
based on statistical and linguistic approaches to extract the prominent sentiment-rich
features in order to enhance the sentiment classification performance of financial text.

1.2 Problem Statement

Analysis of the previous works on financial news classification indicates potential
improvement for sentiment classification. According to the issues discussed in the
introduction, most of the prior researches have solely relied on the BOW or unigrams
(Koppel and Shtrimberg, 2006; Rachlin et al., 2007; Généreux et al., 2011; Yu et al.,
2013) methods which unfortunately hardly capture any sentiment orientation of the
content.

On the other hand, some early works have applied bigram model alone like Zhai et al.,
(2011), since it is perfect at capturing local dependencies. However, this model
extremely suffers from data sparseness which is caused by the low frequency of
bigrams. Unfortunately, since the extraction of words is based on their high frequency;
typically low frequency-based linguist features that can be worth are ignored.

Moreover, due to the nature of textual data the news document classification will
produce a high-dimensional feature space which most of features are irrelevant and
leads to feature space sparsity. Most related works used two ways to handle this issue:
the first approach employed common text preprocessing methods such as stemming
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and removing stopwords which were used by most researchers like (Pui Cheong Fung
et al., 2003; Mittermayer, 2004; Joshi et al., 2016; Moore & Rayson 2017), and the
second approach applied unsupervised selection method like IG or CHI that are
strongly dependent on the training set and data set size (Généreux et al., 2011; Hagenau
etal., 2013).

For instance, Généreux et al. (2011) employed different types of features such as
unigrams, stems, financial terms, health metaphors and agent-metaphors along with
some feature selection methods (IG, CHI, and DF) and two feature weighting methods
(binary and TF). The authors achieved the highest accuracy with unigrams, 1G feature
selection, and TF feature weighting. As mentioned earlier, unigram alone cannot
convey any sentiment and feature. On the other hand, IG method that was used as a
feature selection method is sensitive to data size and TF feature scheme cannot be a
proper feature weighting method since it only determines the importance of each
feature in a document and not in the whole corpus.

Finally, majority of researches (Khadjeh Nassirtoussi et al., 2015; Joshi et al., 2016;
Moore & Rayson 2017) related to financial news sentiment classification have used
SVM as machine learning while none of these researches have used it as an optimized
classifier learning method due to the focus on numerical financial data.

According to the above discussion the existing studies reveal some shortages on
financial news classification. It can be categorized into these issues in different aspects:
feature extraction and selection, feature weighting methods, and utilization of
optimized classifiers. Therefore, this study focuses particularly on how to extract and
select relevant features especially low frequency sentiment expression features in order
to classify news documents as positive and negative by a high-performance sentiment
classifier.

The weaknesses are extracted from the related works can be concluded as follows:
e Linguistic and statistical relevant features

e High Dimensionality of feature space

e Non optimized classifiers

1.3  Research Questions

This thesis is going to address the following questions:

e How does the combination of statistical features in a high frequency-based feature
selection model (Ngram-model) affect the performance of sentiment classification
of financial news?



e How does the integration of statistical and linguistic features in a low frequency-
based feature selection model (NgramPOS-model) perform in improving the
efficiency of sentiment classification accuracy?

e What is the impact of the unsupervised feature weighting methods on sentiment
classification accuracy in high and low frequency-based feature selection model
(Ngram-based model and NgramPOS-based model)?

e How does the dimensionality reduction affect financial news sentiment
classification in high and low frequency-based feature spaces model (Ngram-based
model and NgramPOS-based model)?

o How does the optimized SVM classifier improve classification performance?

1.4  Research Objectives

The main objective of this research is to propose two feature process models to
sentiment classification of financial news based on the combination of statistical-based
and linguistic-based approaches to improve the sentiment classification accuracy in
terms of informative and sentiment feature extraction.

e To propose a high frequency-based feature selection model based on the
combination of statistical features to sentiment classification of financial news.

e To propose a low frequency-based feature selection model based on the integration
of statistical and linguistic features approaches to news sentiment classification.

e To propose various feature spaces using different unsupervised feature weighting
methods in order to recognize the most appropriate method to each feature selection
model to achieve the most accurate results in sentiment classification.

e To propose an optimized sentiment classification model for financial news based on
supervised machine learning using dimensionality reduction approaches.

1.5 Research Scope

This study satisfies various challenges and research objectives of sentiment
classification of financial news. The main focus of this thesis is on feature process
models based on statistical, linguistic, unsupervised feature weighting, and
dimensionality reduction methods to obtain an optimal feature space to classify
financial news by supervised machine learning according to sentiment orientation of
each of them which was aggregated from the Google Finance News. The collected data
is considered as unbalanced to coordinate with the real case. Therefore, since the
provided dataset contains more positive financial news documents than negative ones,
hence experimental results will have higher sentiment classification accuracy for
positive financial news text than negative ones.



1.6  Contributions of the Work

The major contribution of this thesis is to design and implement two feature process
models to sentiment classification of financial news which is able to classify news
document according to sentiment-rich features with a high rate of accuracy. The goal
has been to find a way to process news documents for extracting and selecting richer
sentiment features specially low frequency features using statistical and linguistic
approaches associated with unsupervised feature weighting methods in order to
represent financial textual news. To achieve this goal, the proposed sentiment
classification schema integrates these statistical and linguistic methods as two high and
low frequency-based models where these models extract and select sentiment words as
unigrams and bigrams with based on the defined patterns in Part of Speech (POS), N-
gram model, and apply the proper unsupervised feature weighting to news text
presentation. These models overcome the limitations of the previous financial news
sentiment classification systems. This study makes the following contributions:

e Demonstrate the usefulness of combining high frequency-based statistical
features to improve of news sentiment classification.

Chapter 4 of this thesis will illustrate the new statistical-based framework for financial
news sentiment classification, which is known as Ngram-based model. This model
utilizes statistical methods as feature selection and extraction methods in order to
classify financial news through the combination of unigrams and bigrams along with
TF-IDF feature weighting while applying Document Frequency method with a certain
threshold.

e Demonstrate the strength of incorporation of low frequency-based prominent
statistical and linguistic features to determine the polarity news as positive and
negative.

Chapter 5 of this thesis will propose an effective model for sentiment classification of
financial news which is able to enhance the performance of feature extraction and
selection in Ngram-based model. NgramPOS-based model employs a combination of
statistical and linguistic methods to extract sentiment information as feature. This
model utilizes the combination of sentiment-rich words and phrases as unigrams and
bigrams (Uni-POS, Bi-POS) based on the defined fixed patterns along with binary
weighting method while applying Principle Component Analysis (PCA) as a dimension
reduction method in order to classify financial news documents.

e Define various feature spaces using different unsupervised feature weighting
methods in order to recognize the most appropriate method to each feature
selection model to achieve the most accurate results in sentiment classification.

The customized TF-IDF is generated by involving the number of unigrams, bigrams
and composition of them for use in both models where the length of each news
document is determined by the number of unigrams, bigrams, and their combination
when each of them is used as feature to represent text news.



o Demonstrate the efficiency of the optimized SVM classifiers as a supervised
method to classify financial news documents as positive and negative.

Chapter 4 of this thesis will experimentally demonstrate that optimized SVM classifiers
as a supervised method can successfully classify financial news as different feature
spaces with high accuracy rate.

1.7  Thesis Organization

This chapter has provided an overview of the whole thesis, which is structured as
follow:

Chapter 2: Background and General Concepts. This chapter reviews the literature
relevant to the thesis; and introduces the key concepts of research and revisits the
available systems in financial news which have included textual sentiment as a major
part. First, the basic concepts are defined in sentiment classification and are analyzed
and then in second part, the related works are investigated in three subcategories: (i)
financial textual sources, (ii) feature preprocessing, and (iii) machine learning methods
for classification.

Chapter 3: Research Methodology. This chapter presents the design principles and
implementation of each phase of the research. All of the considerations involved in
designing the proposed feature process models for financial news sentiment
classification including data collection process, the relevant concepts for Support
Vector Machine (SVM) classifier, and evaluation metrics are described in this chapter.
The chapter begins with an overview of the research design and then continues giving
details and purposes of the phases and experiments.

Chapter 4: Design and Development of Ngram-based Model using Statistical
Approach. This chapter discusses the design, implementation and evaluation steps for
first experiment (statistical-based model) in order to attain an Ngram-based feature
process model. It begins with illustrating the design and development the model and
experiments. Then continues with a brief review of the model and the methods related
to the Ngram-based model and is followed by its detailed design. Finally, this chapter
presents a comprehensive discussion on the implementation and the evaluation of the
Ngram-based model in this chapter.

Chapter 5: Design and Development of NgramPOS-based Model using Linguistic
Approach. This chapter discusses the design, implementation and evaluation steps for
the second experiment (linguistic-based approach) in order to achieve an NgramPQOS-
based feature process model. It begins with a brief review of the model and the
methods related to the NgramPOS-based model and followed by detailed design steps
are explained.



Chapter 6: Conclusion and Future Work. The final chapter of this thesis, discusses
the conclusions about the research describe throughout the dissertation, and lists the
contributions. It will also present suggestions for future work.
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