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Abstract

Sentiment Analysis is a field of Natural Language Processing which addresses the problem of
extracting sentiment or, more generally, opinion from text. Obtaining deeper insights on that
topic can be very valuable for a range of fields such as finance, marketing, politics and business.
Previous research has shown how sentiment and public opinion can affect stock markets,
product sales, polls as well as public health. This thesis researches the message sentiment
polarity classification problem in Twitter aiming to classify messages based on the polarity of
the sentiment towards a specific topic, where the tweets and the topics are always given. The
dataset analyzed and the evaluation metrics considered are provided by the SemEval 2017
International Workshop and the 4th task about "Sentiment Analysis in Twitter". This task
includes five subtasks, two of which were eventually engaged in this research according to the
implemented approach. First, subtask B is a binary classification task, where the goal is to
classify messages into two classes, positive and negative regarding the sentiment towards the
topic. Following, subtask C where the target is to classify messages in a five-scale sentiment
polarity from highly negative, negative, neutral, positive to highly positive, based on the
sentiment towards a given topic. We re-implemented and experimented with two deep learning
models for both subtasks; a Convolutional Neural Network (CNN) and a state-of-the-art
Recurrent Neural Network with context attention (Att-BiLSTM+WL). We compare both models
to the baselines of the challenge and show that the Att-BiLSTM+WL outperforms the other

models, in both subtasks, with all evaluation measures but one.



Mepiinym

H Avéaivom ZvvaloOnuatog eival évag topéag g Emegepyaociag dvokns Mwooag o omoiog
QVTIUETWTIL(EL TO TIPOPLAN U TG EEAYWYNS CUVALCONUATWV 1) YEVIKOTEPX YVWUNGS aTio Kelpevo. H
amoktnon BabUTEPWY YVWOEWV CYETIKA PE TO BERX AU TO UTTOPEL VA EIVAL TTOAVTIUN VLA UL CELPA
meSlwy OMWG TA XPNUATOOIKOVOULKA, TO HAPKETLVYK, 1 TOALTIKN] KOL OL ETLXELPNOELS.
[Tponyolueves épevves €xouv Seiel MwG To ouvaloOnuA KoL 1 KOV yVun UTopovv va
EMMNPEACOVV TIG XPNUATIOTNPLAKEG AYOPES, TIG TWAT|OELS TIPOTIOVTWY, TIG ST|LOOKOTNOELS KB WG
Kat ) dnpooia vysia. AvTti 1 SIMAWPATIKY epyacia epguvd To TPOBANUA ™G Tagvounong g
TOALKOTNTAG TOVU OLUVALOONUATOG UNVUUATWY oto Twitter pe otéxo TNV TAgvOUnon TOUG UE
Bdaomn TV TOAKOTNTA TOU CUVALOONUATOG TIPOG EVA CUYKEKPLUEVO BEpa, OTIOV SlvovTtal TTavTa
Ta tweets kot Ta Ogpata. To oUvoAo SeSopévwy OV AVAAVETAL KL Ol HETPTOELG aELOAOYNONG
mov eetdlovtal mapéxovral anmo to SemEval 2017 International Workshop Task 4 ywx to
"Sentiment Analysis in Twitter". Aut6g 0 SlaywVIopog TepAapfavel Tevte vmd-epyaaoies, S0o
aTd TIG OTIOLEG €V TEAEL TPOOEYYIOAUE 0€ aQUTH TNV €pevva. [IpwTov,  vTTd-epyaoia B elvat pia
epyacia Svadikng tagvounong, 6Tov o 6ToOX0G elval va TagvounBovv ta unvopata oe Vo
KaTnNyopieg, OETIKA KAl apVNTIKA OXETIKA [LE TO cuvaioOnua Tpog to Béua. AkoAoVBwG, N VTO-
epyacia I' Tov 0 6td)06 eival va Ta&vounbovv ta unviIaTa, WG TPOG KATOL0 EUN, O TIEVTE
TGEELG TTOALKOTNTAG, TIOAD ApPVNTIKY], APVNTIKT), OVSETEPT, OETIKT Kot TTOAV OeTikr). EQapuoocape
600 povtéda Bablag padnong Kot EKTEAECAE TIEPAUATA YA TIS §V0 LVTTO-epyacies; éva CNN kot
éva tedevtalag texvoAoyiag RNN mov meplapfavet kot unxavioud Attention (Att-BiLSTM+WL).
Tuykpivoupe kal Ta 600 povtéda pe Ta Bacikd cvotnuata (baselines) tov Staywviopov kat
Selyvoupe 0Tt to Att-BiLSTM+WL Eemepvd Ta AL LOVTEAQ, KL OTIG V0 UTIO-EPYATLES, PE OAQ

T pétpa afloAdynong, TAnv evog.
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1. Introduction

1.1 The Sentiment Analysis task

Sentiment Analysis (SA), a kind of Opinion Mining (OM), is a field of Natural Language Processing
(NLP) whose goal is to extract the emotion, sentiment or more generally opinion expressed in a
human written text. The text mostly derives from social media, product reviews and blogs. While
the term opinion or sentiment is quite generic, the field of study attains a number of tasks. Some
of these are, identifying the stance on a target or topic, for instance “Climate Change”, extracting
the opinion on a product from a review or detecting sentiment polarity in a message. Sentiment
Analysis is performed on various linguistic levels. The standard ones are document level,
sentence level and aspect or entity level (Appel et al. 2016). Sentiment Analysis has plenty of
applications in business, marketing and politics. Determining people’s opinion is key for future
planning in many fields. SA can be used to evaluate future business plans based on public opinion
on a new product. Trends in product sales can be pre-identified by measuring the sentiment of
the customers. Many marketing agencies propose to companies the right direction for
advertising a product based on public sentiment, which is extracted from messages in social
media or product reviews. In addition, political parties plan their campaigns on public sentiment

that can be extracted from text in social networks, blogs and forums.

Sentiment analysis is not an easy project. There are issues that can throw the analysis off and
need attention. For instance, tweets can be sarcastic or contain ambiguous words, which often

lead to misclassifying the polarity of the tweet. For example:
“Shut up. And take my money.”

which actually refers to a “must buy” product although the message could be classified as
negative because it contains negatively charged words. In addition, in a product review there
might be a case of a text such as the following, which expresses both a positive and a negative

opinion:
“The tuna was cooked perfectly but the miso dressing wasn'’t tasty at all”.
Also, in Twitter, as well as in product reviews, the polarity if often unclear, for example:

- “Saakashvili is pushing his own agenda here. The Ukrainian economy is growing, although

corruption is still a problem”



“Although some vaccines protect our children, they still have potential to be very toxic”.

A Sentiment Analysis system should also handle negation (i.e., "not good"); perform some kind
of word sense disambiguation; and in the case of multiple sentiments and sentiment targets, be
able to classify them accordingly. If a message has negative sentiment towards a topic, while
expressing positive sentiment towards another topic, then the system should classify the
message for each topic accordingly. Such a system should also be able to accurately detect irony

which is challenging and part of ongoing research.

1.2 Message Polarity Classification in Twitter

Twitter is a social medium, micro-blogging site where users can post text messages, commonly
referred as tweets!. The number of monthly active Twitter users in the fourth quarter of 2017
was 300 million? while approximately 90% of the tweets are public and can be collected for
research without violating user anonymity. Tweets are available in real-time, through Twitter's
streaming channel API3. Tweets can be filtered both by time and location that they were

published.

Messages in Twitter usually include emoticons, misspellings (e.g., “Comeee onnnnn fineee,
waaaay too”), slang language (e.g., “hooked on”, for being addicted to something, “sick”, for
something very good) in addition to normal text. Tweets normally include hashtags which many
times indicate the topics of the message (e.g., #Yemen, #thankyouobama, #BlackLivesMatter).
These deviations in text should be handled or used to gain information regarding sentiment. In
Table 1 you can see a few examples of messages in Twitter and their annotated label of

sentiment. All annotations were performed on CrowdFlower.4

For the 4th SemEval task of "Sentiment Analysis in Twitter" messages should get classified based
on the polarity of the opinion expressed in the tweet. The goal of this thesis is to study and
examine Topic-based Message Polarity Classification which is described in subtasks B and C of
Task 4 in SemEval 2017 (Rosenthal, Farra, and Nakov 2017). The goal of these two subtasks is

to classify the sentiment of a tweet, towards a predefined topic. Subtask B employs a two-point

L https://twitter.com

2 https://identitygroup.co.uk/digital-marketing-2016/statistic_id282087_twitter_-number-of-monthly-active-users-
2010-2015/

3 https://developer.twitter.com/en/docs/tutorials/consuming-streaming-data.html

4 https://www.figure-eight.com/platform



scale; positive or negative, assuming that there is no neutral class. By contrast, subtask C
employs a more elaborate five-point scale; i.e., highly negative, negative, neutral, positive and

highly positive.

The task can be addressed in many different ways, such as using sentiment lexicons, using
humans, using ontologies, etc. For the purpose of this thesis we used Machine Learning (ML)
techniques to address the problem. We employ a supervised learning model, which gets trained
to label messages based on their expressed sentiment polarity. The model is then tested and

evaluated for its performance on accuracy and other metrics.

#Greece #Israel #Islam #]erusalem
Greek pilot: We are your friends, and

we are always here for you.

POTUS You mean all the ones you
created through your illegal wars &

genocide across the Middle

East?#Libya #Syria #Yemen

Remember; Clinton WON the popular
vote by MILLIONS and probably won
electoral vote too (if not for Russian

intervention)#AuditTheVote

The US public essentially decided an
election based on amplified lies and
suppressed truths--and some people

want a direct popular vote!

Tesla Model S P100D so much more
than cutting edge technology #tesla

#models #model3 #elonmusk

Tesla’s autopilot model highlights the

dangers of self-driving cars and

potential flaws in engineering.

Table 1. Tweets, annotated for their sentiment polarity.

1.3 Approaches to Sentiment Classification

The existing methods for Sentiment Analysis can be grouped into two main categories.
1. Knowledge-Based
2. Machine Learning

In knowledge-based methods, also called Lexicon-based sentiment classification, the target is to
construct or use existing sentiment word lexicons with indicated sentiment labels for the words

or phrases in the text. The classification of the text is defined by rules; e.g., a function over the



words, such as the sum of word polarities (Taboada et al. 2011). This approach does not require
any training (other than forming a lexicon, if required). However, it requires powerful linguistic

resources® to extract knowledge from words, which are not always available.

Hu and Liu (2004a) built a lexicon, using only WordNet and a list of labeled seed adjectives. This
list contains only positive adjectives (e.g., great, amazing, nice, cool) and negative adjectives (e.g.,
bad, boring). Their method retrieves and automatically labels the synonyms (same polarity) and
antonyms (opposite polarity). This process allows the list to grow into a lexicon. A drawback of
this approach is that it is only applicable in languages where WordNet is available. In any case,
the knowledge-based method may be difficult due to noise in text data, while manually creating
rules to combine information about words obtained from the sentiment lexicons takes time and

effort.

On the other hand, Machine Learning requires training a model to predict the polarity of the text.
The model is trained with text messages, labeled for their sentiment and represented as feature
vectors. The latter conventionally requires text preprocessing using language processing tools
like NLTK®. Text preprocessing mainly involves tokenization, stemming, tagging, and possibly
parsing of the text. The selection of the appropriate features from data is crucial and has proven

to be a major issue and is always a key objective for researchers.

Previous work on sentiment analysis has exploited well-known supervised machine learning
methods, such as Naive Bayes (Martinez-Arroyo and Sucar 2006) , SVMs (Vinet and Zhedanov
2010), Random Forests (Ho 1995), (Wahid et al. 2017). More recent work uses deep learning
models (Goldberg and Hirst 2017), especially Recurrent Neural Networks (RNN) and

Convolutional Neural Network (CNN). This thesis also focuses on deep learning models.

1.4 The purpose of this work

The purpose of this thesis is to study, build and evaluate a Topic-based Sentiment Analysis (TSA)
model, re-implementing a state-of-the-art deep learning neural network capable of classifying
messages from Twitter in respect to the sentiment polarity of the message towards a given topic.
By using SemEval 2017 Task 4 datasets and evaluation metrics we created a TSA model based

on a top scoring paper (Baziotis, Pelekis, and Doulkeridis 2017). We named our model Att-

5 https://nlp.stanford.edu/links/linguistics.html
6 http://www.nltk.org/
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BiLSTM+WL (Bidirectional LSTM with Attention mechanism and weighted loss). Our
implementation of the system of Baziotis et al. outperforms a strong baseline based on a
Convolutional Neural Network (CNN) model (Kim 2014) and the baselines of the competition in
binary sentiment polarity and five-scale sentiment polarity classification. We compare the
results of these two different neural networks for this task, the bidirectional LSTM with an
attention mechanism (Bi-LSTM) and the CNN model. These types of neural networks have the
ability to understand and recognize patterns in text data and perform very well in text

classification (Kim 2014; Tang, Qin, and Liu 2015; Vu et al. 2016).

1.5 Thesis Outline

The structure of the remainder of this thesis is the following:

In Chapter 2 we present previous work in the field of SA in social media, blogs and webpages in
general. We show how important it is to understand and identify public opinion, which impacts
brand marketing, product sales as well as stock markets. We also present related work on SA for
polling political parties and how it can predict the sentiment and the opinion of voters accurately
by contrast to standard methods. In addition, we cite more work in sentiment analysis for
detecting major events, identifying public health issues and mapping people’s demography and
health characteristics and the “geography of happiness”, a term describing the correlation

between sentiment and place.

Our main goal in Chapter 3 is to present our work on message polarity classification in Twitter.
We provide a full description of the task and the dataset that we train the Att-BiLSTM+WL model
on. Furthermore, we describe our strong baselines; a bidirectional RNN with LSTM cells and
attention; and a CNN-based baseline. Next, we give an in depth analysis of all layers of the Att-
BiLSTM+WL deep learning model. Here we also present an analysis of the individual key
procedures and techniques that constitute the training process, including regularization, class
balancing and training. Finally, we present the CNN model that we built for comparing the final

results with the Att-BiLSTM+WL model.

In Chapter 4 we describe the evaluation measures for the SA task and how the experiments were
conducted. Also, we explain how we worked during the training process, what choices we took

regarding when to stop training and how to validate the model based on the experiments. In the

11



results we present the scores of the Att-BiLSTM+WL model by contrast to the CNN model and
the baselines of SemEval 2017 Task 4.

Finally, Chapter 5 summarizes the work of this thesis and proposes future work.

12



2. Related Work

Sentiment Analysis has been an attractive object of study for Al researchers, computational
linguists, cognitive scientists and neurobiologist. As mentioned in Section 1.3 one of the most
successful approaches for Sentiment Analysis is Nature Language Processing with Machine
Learning (ML) techniques. The fundamental requirement for using supervised ML to be able to
solve classification and regression problems, is data availability. Thus, while more and more text
data become available through blogs, websites and social media, where people can publish their
opinion on many subjects, including politics, products, events and business among others, more
researchers studied SA. The first papers on SA were focused on reviews for movies (Pang, Lee,
and Vaithyanathan 2002), (Turney 2001), (Pang et al. 2002), (Pang and Lee 2005) and (Popescu
and Etzioni 2005) or products (Hu and Liu 2004b), (Popescu and Etzioni 2005). Following those
studies, other focused on the analysis of sales of products such as books, movies and videogames
based on customers opinions (Chevalier and Mayzlin 2006), (Mishne and Glance 2006), (Liu et
al. 2007), (Zhu and Zhang 2010).

With the rapid growth of social media like Twitter, more attention was drawn towards social
media content as in (Jansen et al. 2009), (Asur and Huberman 2010), (Arias, Arratia, and
Xuriguera 2013). In addition to Sentiment Analysis and the impact of people’s opinion on sales,
extensive research has been done on separate fields of finance and economics. As demonstrated
by Lemmon and Portniaguina (2006) and Han (2008) there is a correlation between the
sentiment and confidence of the investors and the stock market. Moreover Gilbert and
Karahalios (2010) show that “estimating emotions from weblogs provides novel information
about future stock market prices.”, while Bollen, Mao, and Zeng (2011) explored the fact that
national events affect people’s emotions and the relationship of their emotions to the value of
Dow Jones Industrial Average (D]JIA). Due to these findings, more work has been done in the last
years on the subject (Oh and Sheng 2011; Zhang, Fuehres, and Gloor 2011; Makrehchi, Shah, and
Liao 2013; Si et al. 2013; Smailovi¢ et al. 2013; Sprenger et al. 2014; Sprenger et al. 2014).
Quoting Mitchell et al. (2013) "Companies should pay more attention to the analysis of sentiment
related to their brands and products in social media communication as well as in designing

advertising content that triggers emotions."

13



The ability to measure public opinion on social and political affairs is critical for political parties.
The usual methods such as polls are expensive, they may not be accurate and the results are not
representative of the public sentiment. Overall polls are unreliable. In addition, getting people’s
opinion by asking questions is not the best method of collecting useful data. Thus, Sentiment
Analysis in social media like Twitter may provide an alternative measure of public opinion and
extract useful data (Ceron, Curini, and Stefano 2012; O’Connor et al. 2010; Stieglitz and Dang-
Xuan 2012; Zhou et al. 2013). For example, Diakopoulos et al. (2010) present an analysis of

ephemeral changes of sentiment in reaction to the first U.S. presidential debate video in 2008.

Further work has been done in other areas of sentiment analysis in social media. Sakaki et al.
(2010) propose a method of detecting major events by analysing the stream text in Twitter and
at Culotta (2010) propose methods of identifying influenza-related messages. Data from Twitter
can be used to analyze public emotion, demography, health characteristics and the “geography
of happiness” (Mitchell et al. 2013), a term describing the correlation of sentiment to place.
Studying virality in Twitter and the correlation of viral messages with sentiment, Hansen et al.
(2011) showed that “news with negative sentiment is more likely to become viral, while in the

non-news segment this is not the case”.
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3. Topic-based Sentiment Analysis Models

We re-implemented a Topic-based Sentiment Analysis (TSA) deep neural network model based
on the work of Baziotis et al. (2017). For the purpose of comparing test results, we also re-
implemented a Convolutional Neural Network baseline model based on the model of Kim (2014).
We named our TSA model Att-BiLSTM+WL (Bidirectional LSTM with Attention mechanism and
weighted loss). Before describing the Att-BiLSTM+WL model in depth, we describe the official
baselines used in the competition and the strong CNN baseline. Also, we describe a simple

bidirectional RNN model, although we have not used it as a baseline, but as part of our model.

3.1 Datasets

Initially, a key prerequisite for creating a good statistical model is having a plethora of data which
should also be of good quality. Collecting data and cleaning them is a time consuming process. In
our research, training and testing data for the TSA model were provided by the organizers of the
SemEval 2017 Task 4 (Rosenthal et al. 2017). The dataset consists of human annotated tweets

with sentiment labels in multiple scales with respect to the topic referenced in the message.”
As shown in Table 2, the dataset for each subtask consists of:

Subtask B: Tweets, labeled with one out of two class labels, positive or negative sentiment

towards that topic.

Subtask C: Tweets, labeled with one out of five class labels, from highly negative, negative,

neutral, positive, to highly positive sentiment conveyed by a tweet towards a given topic.

The topics have been selected, based on the ongoing topics (events) trending in Twitter in the
period between December 2016 and January 2017 according to TRENDS248. The topics cover a
range of name entities (e.g., Fidel Castro, Melania, iPhone, Uber), geopolitical entities (e.g. Yemen,
Palestine), and other entities (e.g., Vaccines, 3D Printing, Dakota Access Pipeline, Thankyouobama,
Western media, gun control, and vegetarianism). The developers of the dataset automatically

filtered the tweets for duplicates. The construction of the dataset also included a stage that

7 All annotations for the competition were performed with CrowdFlower (https://www.figure-eight.com/platform)
8 https://trends24.in
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removed the tweets for which the cosine similarity between their Bag of Words representation
exceeded the threshold of 0.6 (It is unclear if one of the duplicate tweets was retained in these
cases, or if all the duplicates were removed.); also, topics which included less than 100 tweets
were discarded. In addition, user profile information was provided such as age and location, as
well as friend lists. In our research we didn’t study the advantages of including this information
(profile information, friend lists) in the data input of the TSA model and we consider it as part of

future work.

Sentiment Category Positive Neutral Negative
5-point label 2 1 0 -1 -2 Total
Train Subtask B 14897 3997 18894
Subtask C 1016 12852 12888 3380 296 30432
Test subtask B 2463 3722 6185
Subtask C 131 2332 6194 2545 177 12379

Table 2. Dataset statistics for Task 4 subtask B and C.

3.2 Preprocessing

Text preprocessing is a key step towards accurate sentiment classification. The preprocessing of
tweets consists of a series of tasks to normalize the text and prepare it for feature extraction. For
text preprocessing we will use ekphrasis®, a library for text processing that performs word
segmentation, word normalization, tokenization, and spelling correction. The first task is
tokenization. In tokenization the text is divided into punctuation, which is often discarded, white
space characters, and other tokens that are retained. It's important to keep not only words but
also sequences of characters and ciphers that are proven to be useful for sentiment analysis in
social media like Twitter (Gimpel et al. 2011). The next task is spelling correction where
misspelled words are replaced with the most probable correct word. In addition, word
normalization and word segmentation are included in the pipeline. Examples, retrieved from
ekphrasis documentation, can be found in Table 3. They show the original and the processed text
from tweets. During the word normalization most expressions including emoticons, emojis or
dates, time, currencies, censored words (e.g., f**k, s**t.) along with other special types of tokens
are recognized and replaced by labels (e.g., <date>, <phone>, <money>, <user> etc.). These

expressions do not usually include information regarding the opinion and don’t affect the

% https://github.com/cbaziotis/ekphrasis
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sentiment; thus, we exclude them from the vocabulary. Normalization also treats hashtags. For

instance, #FunFacts becomes <hashtag> fun facts </hashtag>.

Original Tweets

"CANT WAIT for the new season of #TwinPeaks \(*0"). /!l #davidlynch #tvseries
)"

"I saw the new #johndoe movie and it suuuuucks!!! WAISTED $10... #badmovies :/",

"@SentimentSymp: can't wait for the Nov 9 #Sentiment talks! YAAAAAAY !!! :-D

http://sentimentsymposium.com/."

Preprocessed Tweets

cant <allcaps> wait <allcaps> for the new season of <hashtag> twin peaks </hashtag>
N ("o").” ! <repeated> <hashtag> david lynch </hashtag> <hashtag> tv series

</hashtag> <happy>

i saw the new <hashtag> john doe </hashtag> movie and it sucks <elongated> !
<repeated> waisted <allcaps> <money> . <repeated> <hashtag> bad movies

</hashtag> <annoyed>

<user> : can not wait for the <date> <hashtag> sentiment </hashtag> talks ! yay

<allcaps> <elongated> ! <repeated> <laugh> <url>

Table 3. Preprocessing examples.

3.3 Baselines

In this section we describe the official baselines used by the organizers for the task of Topic-
based SA. In addition, we report the results by these baselines. We also describe a Convolutional
Neural Network (CNN), based on the model of Kim (2014), which we re-implemented to serve
as a strong baseline. Finally, we describe a simple bidirectional LSTM model, which is often used
as a baseline. Although we did not use this model as a baseline, its description will serve to
understand better our TSA ATT-BiLSTM+WL model which will be described in a following

section.

The baselines for the Topic-based SA task and for both subtasks are majority-class classifiers. A
majority classifier is a classifier that simply labels every instance with the majority class (in the
training data) for the corresponding target. As discussed by Rosenthal et al. (2017) “the accuracy
of the majority-class classifier is the relative frequency of the majority class, which can be much

higher than 0.5 if the test set is imbalanced”. For subtask B the two baselines scores are Baseline
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score 1 (B1) for the positive class and B2 for the negative class. Respectively, for subtask C;
Baseline score 1 (B1) for the highly negative class, B2 for the negative class, B3 for the neutral
class, B4 for the positive class and B5 for the highly positive class. This is how the scores of the

baselines as presented in (Rosenthal et al. 2017).

3.3.1Embedding Layer

A word embedding (Collobert and Weston 2008), (Tang et al. 2014) is a type of word
representation that is generated by a model trained on a text corpus, usually with a Language
Modeling objective function; additionally, a Text Classification objective may be added. Word
representations include semantic and syntactic information of the words. Words are projected
in a vector space RE, where R is a real number and E the dimensions of the embedding layer. The
position of a word within the vector space is calculated based on the words that surround it in
the text. By retraining word embeddings on a set of data that include sentiment polarity of the
words we can use them for sentiment analysis tasks (Maas et al. 2011), (Tang et al. 2014). In a
sentiment analysis task, the words are distributed in space according to their sentiment

orientation.

At the embedding layer every message is first turned into a vector representation of size equal
to the maximum size of all the messages in the dataset (padding to the maximum message length
if necessary), where every position x;, x,, ..., x7 is set to an id that points to a word embedding.
For instance, the word “hate” in the message is turned into “65536” which points to (is the
identifier of) a word embedding of size 1 x RE, where R is a real number and E the dimensions

of the embedding layer.

3.3.2 Convolutional neural network baseline

We built a Convolutional Neural Network (LeCun et al. 1989) model based on the work of Kim
on sentence classification (Kim 2014). Here we describe the CNN model we re-implemented as
a strong baseline. In the Convolutional Neural Network (CNN) model, first, we pass the words of
the message X™ = (x{¥,x{¥,..,x{¥ )and the words of the topic X' =
(%, x5°, ..., x{2 ) through an embedding layer, as in Section 3.3.1. On the embedding layer, we
added noise and we applied dropout (Gal and Ghahramani 2016) to prevent overfitting (in

Section 3.4.3 we provide more information on noise and dropout). Second, we concatenated the
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word vectors of the message with the word vectors of the topic to create a single sentence matrix
representation A € RE , where s the length of the concatenated sentences and E the dimensions
of the embedding layer, and we used A;; or A[i: /] to indicate the sub-matrix of A from row i to
row j. We applied a convolution operation using multiple filters w € R"E, where h is the size of
the window of the filter and E the dimensions of the embedding layer. The filters we use have
different window sizes h in effect considering n-grams of different lengths. The output ¢; €
RS~"*1 of the convolution is produced by repeatedly applying the filters on the sub-matrices of
A, where1 <i< s—h+1, fis an activation function, - is the dot product between the sub-
matrix and the filters and b € R is a bias term. Each filter is applied across the sentence matrix

A;;j successively and produces a feature map.
ci=fw-Ali: i+h—1]+Db)

¢ = [Clr C2, .- Cn—h+11]

Next, we applied max over time pooling (Collobert et al. 2011) over the different feature maps
to get the maximum value ¢ = max{cy, ¢, ... C,_p4+1} from each one. In each map the feature with
the highest value corresponds to the most important features. After applying dropout, the max
features obtained from all filters are passed through a fully connected softmax layer, as shown
in Figure 1, that produces a probability distribution over all possible target classes. For
optimization we used Adam optimizer (Kingma and Ba 2014). In Section 3.4.4 we provide more
information on the optimization method that we used in both models. For the number of kernels
(filters) and the kernel sizes, we used the corresponding hyperparameter values of Kim (2014).

For the dropout rate and noise parameters we used the following values.

CNN model hyperparameters for both subtasks:
e Embedding Layer size: 200.
e Kerner Dimensions: 100
e Kernel sizes: {3,4,5}
¢ Gaussian Noise for Embedding Layer: o = 0.5.

e Embedding Layer dropout factor: 0.5.
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e Optimizer learning rate: 0.001.
e (Gradient Norm clipping: 1.

e Mini-Batches of size: 128.

I i i —
Single sentence 2D Convolutional Layer Max-pooling layer Softrmax layer
matrix representation with 3 filters

Figure 1. CNN model with 3 filters.

3.3.3 Bidirectional LSTM baseline

A Long Sort Term Memory (LSTM) is a variation of recurrent neural networks, capable of
learning long-term dependencies, that was proposed by Hochreiter and Schmidhuder (1997) as
a solution to vanishing gradients. An LSTM allows the recurrent nets to continue to learn over
time, by preserving the error through time during backpropagation, and thus creating a memory
mechanism. A standard LSTM network is composed of many memory blocks known as cells. Each
cell can be trained to decide which information from the sequence should be saved, propagated

to the output or be discarded. The LSTM block consists of:

- The forget gate f;, responsible for discarding information from the cell state that is not

required or has no importance in understanding data.

20



- Aninput gate i, for adding information to the cell state.

- The output gate o, which is responsible for selecting the information that is useful to be

shown in the current cell state.

The LSTM block is described by the following set of equations, where o stands for a sigmoid

activation:
Gates:
fe =0 (Wexe + Ughe_q + by)
ip =0 Wixy +Uhi_1 + by)
o = 0 (Woxy + Ugh—1 + b)),
Input transform:

€t = frocCrq +ipotanh(W.xy + U hy_q + b.)
State update:
hy = o, " tanh(c;)
In order to get more information from the sequence of the text that we use as an input to the
LSTM, we make two passes over the sequence, one from the left to the right or from x; to x and

one from the right to the left or from x; to x;. We concatenate the forward LSTM f with the

backward LSTM f into a representation:
h;=h Il h,  h; €R"

where L is the dimension of the LSTM.

3.4 Att-BiLSTM+WL model

For topic-based sentiment analysis we re-implemented Baziotis et al. (2017) model, a deep
learning model using a bidirectional LSTM recurrent neural network with attention mechanism
and weighted loss (Att-BiLSTM+WL). In contrast with Baziotis et al. model, we did not used a
Maxout layer. Given a message and the corresponding topic for the message the Att-BiLSTM+WL
model can classify the tweet in a binary sentiment polarity (i.e., positive - negative) and in a five-

scale sentiment polarity towards the topic (i.e., highly positive, positive, neutral, negative, highly
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negative). The model architecture includes an embedding layer, a pair of two-level deep Bi-
LSTMs with shared weights and an attention layer. We used word embeddings of 200
dimensions from Glove (Pennington, Socher, and Manning 2014) pre-trained on Twitter. The
output of the embedding layer, which is of size (max size X 200), is used as an input for the

bidirectional LSTM.

Single Vector

Annotation
‘ l h* ° e hy hy, hy hy h
/"M © © © 0 © © © O O ©
© 6 6 6 6/_/1©0 0 06 00
Bi-LSTM @ @ @ © O @ @ @ @ @ @ @ @ @ @
Output © © © © © @ @ @ @ @ @ @ ® @ @ Attention
'} Y L A Y Y r Y Y Layer
M B h; h'4 h; h'L. h,;. I Tﬁ'}' B ! 2 3 4 T
y
Bi-LSTM [  Bi-LSTM 4
i } Y K Y i Y Y T K ‘. @ © @ .‘r
Embedding © O O O O - | Dense&j,Softmax ‘
Layer o O O O O @ @ @ @ @
N A A s A A A '
Output
cocool[eeess [oec]
XY x5 x5 Xy xp X ox oK Xy Class Probabilities
Topic Tweet

Figure 2. The Att-BiLSTM+WL model: A 2-layer bidirectional LSTM with attention.

Given that the task in hand provides us with the message and the topic regarding the message,
we use two inputs for the Bi-LSTM as shown in Figure 2. After passing the words of the message
XY = (xf",x3",...,x2" ) and the words of the topic X' = (x{°x3°,..,x% ) through the
embedding layer we use those as two inputs to the Bi-LSTM with shared weights. The Bi-LSTM,

then, produces the hidden representation of the message H™ = (h{", h}”, ..., h%" ) and of the

topic H*® = (hi°, hy’, ..., h%) ).
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In the next sections, we describe the layers of the Att-BiLSTM+WL model that follow on from the
output of the bidirectional LSTM and the important procedures of model regularization and

optimization. We also report the hyperparameters of the Att-BiLSTM+WL model.

3.4.1Mean Pooling and Annotation

At the Mean Pooling layer, in order to produce the vector of the topic h% we compute the mean

over time of all hidden states of H*® = (h{°, h}°, ..., h%) ).

1 Tto
R == %" hfe
Tro & '

We use this single vector annotation ht° and concatenate it with each one of the hidden states of

vector HY.
h; = h™ || ht°,  h; € R?

where L is the dimension of the LSTM. This way we create vectors that incorporate the

information of the topic and each word in the message.

3.4.2 Context Attention Layer

In any text there are some words that carry more emotional weight than others. These words
are the ones that shift the polarity of the message. In order to find the most important words we
use an attention mechanism as in Seo et al. (2016). This is the Attention Layer as shown in Figure
2. The mechanism calculates for each word a weight, which we use to weigh the participation of
the words in the final representation of the message. The word representation h; is passed
through a dense layer with tanh activation, and the resulting vector is multiplied with a context
vector u, (learned during backpropagation) to obtain the attention score a; of h;. A softmax is
applied to the attention scores to make them sum to 1. The final representation r of the message-
topic concatenation is the weighted (by the attention scores) sum of all the world annotations

h;. Specifically:

e; = tanh(Wy,h; + by), e; € [—-1,1]

exp(e; up) T
a; = a; = 1
=1

T exp(e;up)’ i—
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where W), , b, and u;, are learned through training.

3.4.3Regularization

Before we start training we apply regularization to the Att-BiLSTM+WL model. Regularization is
key to control and fine-tune the model’s complexity. If the model is very complex it will overfit
the training data which will lead to misclassifying the test data. On the other hand, if the model
is too simple then it will have low training accuracy. This is called underfitting. For this purpose,
we apply two regularization methods. We apply Gaussian noise (Rasmussen 2004) to the
embedding layer, as a dataset augmentation method. Also, we apply dropout to the embedding
layer to prevent overfitting (Geoffrey E Hinton et al. 2012), which is a technique that prevents
units from co-adapting excessively to the data, by dropping units from the neural network
randomly during training. By applying dropout both in the embedding layer and the RNN as in
(Gal and Ghahramani 2016) we expect to improve the performance of our Att-BiLSTM+WL

model that learns more robust features.

3.4.4 Optimization

We trained our neural network model on the 90% of the training dataset and we kept the 10%
for validation. All the models we compare we used the same training and validation data. We
used the Cross-Entropy Loss function (Golik, Doetsch, and Ney 2013). To optimize the model’s
performance we used the Adam optimizer (Kingma and Ba 2014), which is an extension of
Stochastic Gradient Descent. The Stochastic Gradient Descent (SGD) is an optimization algorithm
used to update the weights of the network in order to minimize the cost.

Cross-Entropy Loss:

K
E($) = ) ¥ 1ogy)
i=1

where y; is the predicted probability distribution of the class i and y, is the true label of the class,
whichis 0 or 1.

During training, the weights of the network are updated using the following equation:
W =W —aVJj(W,b)
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Stochastic Gradient Descent (with mini-batches of size m):

1 © o
JOW,b) = — 3 (W, b,x®,y®)
i=0

where W are the weights, a is the learning rate, V is the gradient of the cost function J(W, b)
with respect to changes in the weights and m is the number of training instances (x® and y®)
in a mini-batch. In our task we exploited Mini-batch Gradient Descent, where the gradient is
averaged over a small number of samples from the dataset which are called batches. We trained

the model using mini-batches of size 128.

In addition to the classic methods for updating the network’s weights, there are also more
sophisticated alternatives that have been proposed in the last years such as AdaGrad (Duchi,
Bartlett, and Wainwright 2012), AdaDelta (Zeiler 2012) and Adam (Kingma and Ba 2014), which
was employed in this work. These methods integrate the automated adjustment of the learning
rates during the training phase. Adam is an optimization algorithm introduced as a variation of
the SGD which, as described by the authors, can handle sparse gradients and noisy data. In detail,
Adam offers a combination of the AdaGrad and the RMSProp (Geoffrey E. Hinton, Srivastava,
and Swersky 2012) optimizer.

Also, during training we performed gradient clipping to minimize the phenomenon of exploding

gradients (Pascanu, Mikolov, and Bengio 2012).

3.4.5 Hyper-parameters

In the interest of training a model that can achieve the best scores, suitable hyper-parameter
tuning is required. For the Att-BiLSTM+WL model we manually tuned the hyperparameters
based on previous work (Baziotis et al. 2017), that uses a combination of Random Search (Strub
et al. 2017) and Bayesian Optimization (Snoek, Larochelle, and Adams 2016). For the dropout

rate and noise parameters, we adopted the defaults of the implementations we used.
Att-BiLSTM+WL model hyperparameters for both subtasks:

e Embedding Layer size: 200.

e RNN Hidden Layer size: 150.

¢ Gaussian Noise for Embedding Layer: ¢ = 0.5.
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e Embedding Layer Dropout factor: 0.5.
e RNN dropout factor: 0.5.

e Optimizer learning rate: 0.001.

e Gradient Norm clipping: 1.

e Mini-Batches of size: 128.

3.5 Class Balancing

A very common problem in machine learning classification tasks is the case where there are
distinct classes with higher number of instances compared to other classes in the dataset. This
phenomenon is called class imbalance. For instance, in subtask C the model is more likely to
classify a message as neutral due to the number of instances for the particular class. In order to
cope with this problem, we add weights in the loss function to punish the misclassification of the
classes with the fewer instances. This way the loss is higher for under-represented classes and
lower for the over-represented ones. To compute the weights of each class we use the following
equationl?;

n

wW; = —
l kni

where w; is the weight of class i, n is the number of all observations, n; is the number of

observations in class i and k is the total number of classes.

The weighted loss function is described by the following formula:

k
EG3) = ) widilog ()
i=1

where w; is the weight assigned to each class where y; is the predicted probability distribution
of the class i and y, is the true label of the class, which is 0 or 1. In Section 4.4 you can see the
results of the class balancing with the introduction of the weighted loss function.

10 http://scikit-learn.org/stable/modules/generated/sklearn.utils.class_weight.compute_class_weight.html
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4. Experiments

4.1 Evaluation Measures

Here we present the evaluation measures for Sentiment Analysis in Twitter as given in SemEval

2017 Task 4 (Rosenthal et al. 2017).

For Subtask B the evaluation measures are accuracy or Acc, macro-averaged Recall and macro-

averaged F1.
Predicted Class
P N
True False
w | P Positives Negatives
3 (TP) (FN)
&)
S
=
I3 False True
<IN Positives Negatives
(FN) (TN)

Table 4. Confusion Matrix

Accuracy is the ratio of correctly predicted instances, where an instance is a text message in
Twitter. In Table 4 we present the confusion matrix for the positive class for a binary classifier,

as the one used in subtask B; a confusion matrix for the negative class also applies.
In more detail:

True Positives (TP): Predicted as positive instances that were actually positive.
True Negatives (TN): Predicted as negative instances that were actually negatives.
False Positives (FP): Predicted as positive but were negative instances.

False Negatives (FN): Predicted as negative but were positive instances.

TP+TN

ACC = e TN T FP + FN
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Rmacro Score is the macro-averaged score of Recall in all classes (positive, negative).

TP

RP = ———
TP + FN

w_ TN
TN + FP

1
Rpacro = E (RP + RN)

F1,,4cr0 1S the macro-averaged score (over the positive and negative class) F1. To calculate
F1P for positives, we need to calculate the corresponding precision P¥, where P? is the ratio of

messages predicted positive that were actually positive.

PP — TP
TP +FP
p _ 2xPPxRP
F1" = PPxRP
likewise, we calculate F1V
N _ 2xPNxRrN
F17 = PNxRN

as follows:
1
Flpacro = 3 (F1P + F1V)

For Subtask C the predictions are on a five-point scale, C = {—2,—1,0,+1, +2}, where —2 is for
highly negative, —1 for negative, 0 for negative, +1 for positive and +2 for highly positive. For
example, classifying a message as positive (+1) produces bigger error if the actual class is highly
negative (—2) than if it is negative (—1) . Therefore, in Subtask C the evaluation measures are
macro-averaged mean absolute error (MAE™) and micro-averaged mean absolute error MAE#,

Lower values are better.

IC|

1 1
MAEM(h,T,) = il Z— Z | h(x) —yi |
j=1

€j

xiETe].
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1
MAE*(h,T,) = T z | h(x;) — yi |
e

XiE€Te

where y; is the actual class of x;, h(x;) is the predicted class of x; and | h(x;) — y; | is the absolute

error between predicted and actual class. T, e is the set of all observations in test set T, that are

of class G-

MAE" is the mean absolute error for all for all the observations in the test set, while MAE™ is
the mean error of all classes. MAEM is a better measure for subtask C than MAE* since it takes

into account the class imbalance of the observations.

4.2 Experimental Setup

To implement the models, we used PyTorch! with Theano (Al-Rfou et al. 2016) as backend. We
trained the neural networks on a GTX 1060 (6GB) GPU. We provide the source code of the Att-
BiLSTM+WL and CNN model through GitHub12

4.3 Evaluation at Validation

Before we present the scores that the Att-BiLSTM+WL model achieved in the task, we explain
how we worked during training and the decisions we made based on evaluations over the
validation data. In Subtask B we trained the model for 30 epochs, while evaluating its progress
by measuring the accuracy on the validation part of the dataset for the same number of epochs.
We decided to use accuracy as our main evaluation metric hence we stopped the training after
17 epochs (as shown in Figure 3, the point where the model achieved optimum accuracy). We
evaluated and compared the Att-BiLSTM+WL model with the CNN model for 30 epochs and we
observed (Figure 4) that the CNN achieves its best performance after the 25th epoch, but, still
achieves worse accuracy than the Att-BiLSTM+WL at its best epoch (17t%), though the difference
is small and the performance of the CNN is more stable. There is no need to train beyond 30
epochs because the validation metrics decline for both models from that point on. Likewise, for

Subtask C we trained the model for 18 epochs considering that this was the lowest point for

11 https://pytorch.org/
12 https://github.com/kkorovesis/Att-BiLSTM-WL
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MAEM during validation (Figure 5). We chose to fine-tune the Att-BiLSTM+WL model with

respect only to macro-averaged MAE, but in future work we would like to study the case of a

more balanced performance for both micro and macro averaged MAE. Here the Att-BiLSTM+WL

performs significantly better than the CNN model (Figure 6).

Model Accuracy
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Figure 3. Att-BiLSTM+WL Accuracy in 30 epochs, subtask B.
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Figure 4. Validation Accuracy of Att-BiLSTM+WL and CNN model, subtask B.
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Figure 5. Att-BiLSTM+WL macro-MAE in epochs, subtask C (lower is better).
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Figure 6. Validation macro-MAE of Att-BiLSTM+WL and CNN model, subtask C (lower is better).
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4.4 Evaluation at Test

For Subtask B, the Att-BiLSTM+WL model outperforms the CNN model in Accuracy and F1,,,.r0
on the test set (Table 5). We observed that both models score very high compared to the SemEval
2017 baselines (Rosenthal et al. 2017). In addition, for Subtask C the Att-BiLSTM+WL model
achieved very high scores on test (see Table 6). Based on MAEM (the main ordinal classification
measure, as described in Section 4.1), the Att-BiLSTM+WL outperforms the CNN model and all
the baselines. We employed weighted loss function (see Section 3.5) on the BiLSTM model to
study the effects for both subtasks. In Subtask B, we improved the accuracy score and F1,,4¢1
score but the score for R4, was significantly decreased (see Table 7, where Att-BiLSTM
represents the model without the weighted loss function). Here the model has misclassified
more true positives (TP) and thus the R,,,.-, is lower. The model is more accurate in the class
with the smaller coverage but fails in the class with the bigger coverage due to the weighted loss
function. In Subtask C, by employing WL in the model we improved the MAEM score and
Rinacro score. This was expected due to the considerable class imbalance of the dataset (see
Table 8). On the other hand, the Att-BiLSTM with WL scores lower in accuracy and MAE! because
these metrics don’t consider the class ratio. We observe that despite the weighted loss function
the F1,,4cr0 IS lower. Based on former observations, we expected all the macro averaged scores
to be higher when employing WL. We assume that in this subtask the model has lower precision
in specific classes, because of the weights w; of the classes, and that effects the F1,,, ;.- To prove
this assumption, more experiments and error analysis is required. We consider this part for our

future work.

System Acc Fliacro | Rmacro
Att-BiLSTM+WL | 0.861 | 0.854 | 0.808
CNN 0.771 | 0.769 | 0.862
B1-All POSITIVE | 0.398 | 0.285 | 0.500
B2-All

NEGATIVE 0.602 | 0.376 | 0.500

Table 5. Scores in Subtask B (higher is better), Bx indicates a baseline.
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System MAEM | MAE®
Att-BiLSTM+WL 0.585 | 0.898
CNN 0.829 | 1.167
B1-HIGHLY

NEGATIVE 2.000 | 1.895
B2-NEGATIVE 1.400 | 0.923
B3-NEUTRAL 1.200 | 0.525
B4-POSITIVE 1.400 | 1.127
B5-HIGLY POSITIVE | 2.000 | 2.105

Table 6. Scores in Subtask C (lower is better), Bx indicates a baseline.

System Acc | Flygero | Rmacro
Att- 0.861 | 0.854 | 0.808
BiLSTM+WL

Att-BiLSTM 0.843 | 0.841 | 0.892
CNN 0.771 | 0.769 | 0.862

Table 7. The effect of weighted loss (WL) in Subtask B (higher is better).

System MAEM | MAE® Acc Flouero | Rmacro
Att-

BIiLSTM+WL 0.585 | 0.898 | 0.423 | 0.319 | 0.555
Att-BiLSTM 0.608 | 0.813 | 0.494 | 0.373 | 0.508
CNN 0.829 | 1,167 | 0.236 | 0.201 | 0.457

Table 8. The effect of weighted loss (WL) in Subtask C (for MAE lower is better).

We note here that these results can improve even further by employing better fine tuning. 13

13

The fine-tuned model, described in (Baziotis et al. 2017) achieved slightly better results; i.e., 0.8971 Acc, 0.8901 F1,,,..,
and 0.8821 R,,,4cr0 in subtask B; 0.5552 MAEM and 0.5434 MAEV in subtask C.
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5. Conclusions and Future Work

5.1 Conclusions

In this thesis we built a neural network model (called Att-BiLSTM+WL) for topic-based
sentiment classification for messages in Twitter. We re-implemented in PyTorch a Bi-LSTM
model (Att-BiLSTM+WL) based on the work of Baziotis et al. (2017) for a sentiment analysis task
that consists of two subtasks and we released it for public use. We managed to outperform the
baselines provided by SemEval 2017, while scoring high results in both subtasks. We obtained a
testaccuracy score of 0.860 in subtask B and regarding subtask C we reduced the macro-average
mean absolute error in test data at 0.584. In addition, we built and trained a CNN model (Kim
2014) and compared results obtained from both models. The Att-BiLSTM+WL performs slightly
better than the CNN model in subtask B and much better in subtask C, see (Table 5 and Table 6).
We added a weighted loss to Att-BiLSTM, leading to the Att-BiLSTM+WL and studied the effect in
both subtasks. Although this is not a novel addition, we evaluated this component reporting the

margin with which it improves the model.

5.2 Future work

More research will help deliver even better results in similar tasks, while other types of neural
network, such as CNNs are also getting very good results alone or by working together with
LSTMs (Cliche 2017). We did not extensively tune the hyper-parameters of our models. In most
cases, we used defaults or hyper-parameter values from previous work. Hence, further
improvements may be possible with hyper-parameter tuning, for example using Bayesian
Optimization (Snoek et al. 2016). In the Att-BiLSTM+WL model we “froze” the embeddings, not
letting their weights to be updated during training. As a next step, we intend to study employing
trainable word embeddings, in order to examine whether better and domain adapted word

representations can improve the models. Therefore, future work consists of:

- Extensive fine tuning.

- Trainable embeddings.
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