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Abstract

Sentiment classification is generally used for many purposes such as

business related aims and opinion gathering. In overall, since most text

sources in the world wide web were written in English, available senti-

ments classifiers were trained on datasets written in English but rarely in

other languages. This raised a curiosity and interest in investigating Sen-

timent Classification methods to implement on Swedish data. Therefor,

this bachelor thesis examined to what extent the connotation of Swedish

sentiments would be maintained/retained when translated into English.

The research question was investigated by comparing the results given by

applying Sentiment Classifications techniques.

Further, an investigation of the outcomes of a combination of a lexicon

based approach and a machine learning based approach by using machine

translation on Swedish Tweets was made. The source data was in Swedish

and gathered from Twitter, a naive lexicon based approach was used to

score the polarity of the Tweets word by word and then a sum of polaritie

was calculated.The swedish source data was translated into English, it

was run through a supervised machine learning based classifier to where

it was scored.

In short, the outcomes of this investigation have shown promising re-

sults e.g. the translation did not a↵ect the sentiments in a text but

rather other circumstances did. These other circumstances was mostly

due to cross-lingual sentiment classification problems and supervised ma-

chine learning classifiers character.
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Abstract

Sentimentklassificering används vanligen för m̊anga ändamål s̊asom

a↵ärsrelaterade m̊al och åsiktsinsamling. Eftersom de flesta textkällor p̊a

internet var skrivna p̊a engelska ledde detta fram till att de tillgängliga

sentimentklassificerare blev upplärda p̊a datamängder skrivna p̊a engel-

ska men sällan i andra spr̊ak. Detta gav upphov till en nyfikenhet och

intresse för att utreda sentimentklassificeringsmetoder för att genomföra

de p̊a svensk data. Därför undersökte detta examensarbete i vilken ut-

sträckning de svenska känslor skulle bibeh̊allas/beh̊allas när de översattes

till engelska. Fr̊ageställningen undersöktes genom att jämföra resultaten

som var givna genom applicering av Sentimentkassificeringstekniker.

Sedan undersöktes resultaten av kombinering av ett lexikon baserat

strategi och en maskininlärning baserad tillvägag̊angssätt med hjälp av

maskinöversättning p̊a svenska Tweets. Datakällan var p̊a svenska och

samlade fr̊an Twitter, en naiv lexikon baserat tillvägag̊angssätt användes

för att poängsätta polaritet p̊a Tweetsen dvs. ord för ord och sedan

beräknades en summa av alla polaritet. Efter att de Svenska Tweet-

sen översattes till engelska kördes dessa genom en redan upplärd mask-

ininlärningsbaserad klassificerare där datan fick sin polaritet beräknad.

Kort sagt, har resultaten av denna undersökning visat lovande resultat

t.ex. att översättningen inte p̊averkade känslorna i en text. Det visade

sig dock att andra omständigheter p̊averkade resultatet. Dessa andra

omständigheter berodde främst p̊a tvärspr̊akigaproblem inom sentimen-

tklassificering.
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1 Introduction

“What do other people think? ”

What other people think has always been an important piece of information
when making decisions. In contrast with the past, people share their opinions
more than ever on social networks as Twitter and Facebook (Pang & Lee 2008)
and according to Khan, Atique & Thakare (2015) and (Gao, Wei, Li, Liu &
Zhou 2013) Twitter is considered to be a valuable online source for opinion
mining and Sentiment Analysis.

Sentiment Analysis has in recent years drawn much attention in the Natural
Language Processing (NLP). Sentiment Analysis aim is to analyze textual con-
tent from the perspective of the opinions and viewpoints it holds (Khan, Atique
& Thakare 2015). The gathered and sentiment analyzed data using sentiment
classifiers is used mainly in business marketing and customer services (Khan,
Atique & Thakare 2015).

As mentioned above, Sentiment Analysis classifies sentiments in texts as ex-
pressed in either positive or negative, based on its connotation by analyzing a
large number of information from documents or in this case: Tweets (Hiroshi,
Tetsuya & Hideo 2004). It is based on two popular and main approaches, the
traditional lexicon based and the modern machine learning based approach. Us-
ing the lexicon based approach a text is tokenized into individual words then
the polarity of each word is scored, for example by using a sentiment lexicon.
A Tweets’ polarity is then classified by the sum of the polarity values of all
the words in the Tweet. Considering the machine learning based approach, this
method base on training algorithms with a previously polarity-labelled set of
data and then it is expected to predict even the sentiments of unseen data (Pang
& Lee 2008).

1.1 Problematization

Available researches on sentiment classification have been frequently conducted
on English texts. This depended on the availability of data written in English
since it’s most used language web world wild (Saraee & Bagheri 2013).

Swedish is a language spoken natively by more than nine million people in Swe-
den and is a language used on social media to express opinions. The amount
of information in Swedish language on the internet has increased in di↵erent
forms and yet there exists no sentiment classifiers addressing Swedish docu-
ments. Due to this gap of instruments, it gets more di�cult to detect opinions
on topics written in this specific language in comparison with English (Saraee
& Bagheri 2013) (Khan et al. 2015).
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1.2 Research Aim and Contribution

In this bachelor thesis, the issue of sentiment classification applied on Swedish
Tweets are addressed. The aim of this bachelor’s thesis is to examine if Swedish
sentiments is maintained when translated into English. The problem was inves-
tigated by classifying Swedish Tweets using lexicon based approach and classi-
fying the same Tweets, when translated with a machine translation systems and
in some cases manually into English, using a machine learning based approach.
The research question is therefore formulated as follows:

To what extent will the connotation of Swedish sentiments be main-
tained/retained when translated into English?

1.3 Hypothesis

Translating the text from a language into another could a↵ect the sentiments in
a text since it depended on the translating system used. Further, there are many
other parameters to consider when translating a text that have an a↵ection on
the sentiments. Since the generated Swedish Tweets are scored with lexicon
based approach with the help of some volunteers, and the translated Tweets are
scored with a machine learning method with already labelled sentiments, the
results could vary and be di↵erent from expected results.

1.4 Limitations

The data was Swedish Tweets generated from Twitter. Then it was translated
into English by using Google translate (see more detailed information in the
Method section). Google translate is chosen to work with since it is a well used
machine translation system (Wan 2009) and Estelle (2013).

Since the data was generated from Twitter, therefore it included some char-
acteristics that was excluded from the data that was analyzed. Emoticons, user
ID’s, and hashtags was excluded. Further, Tweets have a limitation of num-
ber of characters (1-140 characters). Therefore, in order to get bigger data
set, this thesis considered Tweets containing at least four words and at most
seven words for making the data set larger after filtering. To mention, Tweets
could be misspelled and badly formulated, this made the data set even smaller
when running it through a spelling system such as Stava. It is of importance to
mention that data has been filtered through a STAVA program made by Viggo
Kann. The learning based program that was used to analyze the sentiments in
the translated Tweets was a Python library called NLTK (to be found at this
page http://text-processing.com/demo/).

Swedish is a language mainly spoken in Sweden why generating Tweets in
Swedish implied small datasets. Therefor after all work and filtering of the
data, the dataset shrunk even more. If this study was conducted by anyone
else, then the data size should not a↵ect the results. Further, for translucent
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purpose, sentiments di↵er in definition of emotions. For the purpose of this
research, sentiment was defined to be positive or negative otherwise neutral.
Emotions could involve other feelings as joy, sadness, happiness which did not
been analyzed.

1.5 Structure of the report

This thesis was divided into six main sections. The sections consists of back-
ground, related work, method, results and discussion as well as conclusion to
finish the thesis. The background covers essential points and theory to un-
derstand the subsequent sections of this thesis. The related works contains
previous work done in this area of research and what di↵erentiates this thesis
from theirs. The method contains a detailed process of how the research have
been conducted in this report along with descriptions to replicate this research.
The results acquired are presented in tables and charts along with descriptions
to better understand the result. Finally, the discussion will analyze and explain
the results followed by the conclusions of this thesis and suggestions for future
research.
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2 Background

2.1 Natural Language Processing

“Sentiment Analyzer: Extracting sentiments about a given topic us-
ing natural language processing techniques.” (Yi, Nasukawa, Bunescu
& Niblack 2003)

Natural language processing (NLP) is an area of research grounded in computer
science, artificial intelligence and computational linguistics (Chowdhury 2003).
NLP is used by computers to analyze, comprehend or produce a language that
humans can understand (Allen 2003).

The goal of NLP is to enable computers to understand and extract meaning
from natural language and text. The primary challenge in this area is to make
computers understand and derive a useful meaning from input in the form of
natural language.

There are two general approaches to NLP: Rule Based and Machine Learning
approach, they are both each other’s opposites and regard two di↵erent sides of
a spectrum. The Rule Based strategy uses a deep analysis and requires small
amounts of data while the Machine Learning approach uses a general analysis
and a large amount of data (Raghupathi, Yannou, Farel, Poirson et al. 2014).
NLP can be described in three major problems that must be solved:

1. Thought process 2. Representation and meaning 3. World knowledge

Further, Chowdhury (2003) gives an example of how a computer does this is as
follows. A computer may start at identifying meaning in each word of a sen-
tence, then studying the sentence as a whole and ending by an attempt to put
the meaning into context. Within a humanitarian perspective, it is important
to understand the extraction of information from natural language in order for
computer to be able to mimic humanitarian behaviour. Therefore, he points
out that a language can be split into seven following categorize or levels which
humans use to decipher:

1. Phonetics, which deals with punctuation.

2. Morphological, deals with su�x, prefix, etc.

3. Lexical, lexical meaning of words and part of speech

4. Syntactic, structure and grammar

5. Semantic, semantic meaning of words and sentences

6. Disclosure, di↵erent structure of texts

7. Pragmatic, outside world knowledge
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All of these have to be taken into consideration when building and implementing
a NLP system. The system may implement all seven of the above mentioned lev-
els or some subset of the levels to analyze a text document. Sentences can have
meaning in context of a text, which can cause NLP and computers di�culties
in making accurate Sentiment Analysis (Chowdhury 2003).

2.2 Sentiment classification and analysis

Ulf Gärdenfors (n.d.) defines classification as the process of grouping objects
or individuals based on common traits. Classification is an important tool for
data analysis more so when big data is becoming increasingly popular. Big
data is used to derive new useful information from a large set of data (Lindholm
n.d.). It is tedious work and infeasible for a human to manually classify a large
amount of data. The ability to automate the classification process is essential
when large amount of data is used.

Sentiment classification is closely related to classification but di↵ers slightly
from standard text classification. Sentimental classification attempts to classify
sentimental traits in text such as viewpoints, preferences and attitudes whereas
text classification focuses on themes (Ding, Liu & Yu 2008). Both of these
methods of classification relies heavily on machine learning methods used to
create classification models from statistical analysis (Ma, Zhang & Du 2015).

Sentimental classification is not something as simple as just labelling words
as positive or negative. In reality, it is subtler than that. For example, ”How
can anyone sit through this movie?”. The words on their own does not convey
any negative meaning at all but it is clear to everyone reading that sentence
that it is negative (Pang, Lee & Vaithyanathan 2002).

Pang & Lee (2008) argues that humans have since long before the Internet
became widespread, asked friends and family about their opinions on product
Y or service X. What other people think influence other humans’ decisions more
than willing to like to admit. Instead, Sentiment Analysis can be used by con-
sumers to research products or services, or by companies to analyze customer
satisfaction or to gather critical feedback about problems in newly released prod-
ucts (Pang & Lee 2008). Sentiment Analysis is, also known as opinion mining,
the result derived from the sentimental classification process where the useful
data is extracted and put into context. The purpose of Sentiment Analysis is to
identify emotions, opinions, and evaluations as well as distinguishing between
positive and negative sentiments (Wilson, Wiebe & Ho↵mann 2005).

The rapid growth of online media in recent years has produced a huge amount
of discussions and reviews. Labelling this data as positive or negative and
analysing their sentimental values to get a better understanding of how well it
is received can be crucial to the success of a company or a business. Particularly
today when reviews on social media can spread like wildfire.
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As mentioned in the previous section about sentimental classification, context
is important in order to perform an accurate Sentiment Analysis. Language is
much more complex and profound than examining a single word. The words
might have a positive or negative polarity while in the same time, the context
polarity can be completely di↵erent (Pang, Lee & Vaithyanathan 2002) and
(Wilson, Wiebe & Ho↵mann 2005). There are two main approaches used when
discussing Sentiment Analysis, a lexicon based method and a machine learning
based method. These are discussed in more detail in the following pages.

2.2.1 Sentiment Analysis using Lexicon based method

The lexicon based approach is the simplest form of sentimental analysis and
relies on word and phrase annotation. A dictionary of words and phrases is
used as a base to work with when annotating texts. The dictionaries are either
generated by computers from seeds or ranked by humans (Taboada, Brooke,
Tofiloski, Voll & Stede 2011). The simplest and naive method to determine the
sentiment of a text using a lexicon based method is to count the opinion words
in the text. If there are more positive than negative opinion words in a sentence,
then overall sentiment is positive. If the negative sentiments are more than the
positive, then the overall sentiment is negative.

This method despite being naive, receives reasonable results (Ding, Liu & Yu
2008). To obtain a better sentiment of a text, di↵erent rules are used to acquire
an accurate estimation of the sentiment. A simple rule is to use negation to
achieve more accurate results. The word “good” is valued as positive but “not
good” is not, since the word “not” negates the good and thus the phrase “not
good” is valued as negative.

Words may also change polarity depending on the part of speech of a word. For
example, ”novel is a positive adjective, but a neutral noun” (Taboada, Brooke,
Tofiloski, Voll & Stede 2011). Words can also be assigned a contribution value
and this value is then taken into account when determining the total sentiment
of a text (Taboada et al. 2011).

2.2.2 Sentiment Analysis using machine learning based method

Learning based e.g. machine learning based approach to analyze sentiments is
a popular method (Wang, Wei, Liu, Zhou & Zhang 2011). This technique re-
lies on learning from data and not explicit programming to find patterns in the
data. Machine learning can be classified primarily into three di↵erent categories:

a. Supervised learning b. Unsupervised learning c. Semi-supervised learn-
ing

a. Supervised learning method is the common used method for Sentiment
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Analysis and as the name suggests a supervisor overlooks and helps the machine
to categorize the data. The data set contains training data which is already la-
belled by a supervisor and the machine has to observe how the labelling is made.
When the machine has learned the labelling process it can categorize the data
on its own. Usually done by giving the machine already labelled test data and
then the machine has to make right predictions about the data.

The supervised learning method is good if access to previously labelled data
is provided. Minor changes can be made to the machine to receive better data.
If the machine encounters unseen data, it will remove it since it does not know
how to label it. This is considered as a huge drawback with the supervised
learning strategy (Cunningham, Cord & Delany 2008).

b. Unsupervised learning method is the opposite of supervised learning
method. The machine has to figure out and categorize the data automati-
cally. This is usually done by looking for similarities and dissimilarities between
objects. It groups similar objects together creating what is called clustering
(Ghahramani 2004).
Unsupervised learning is becoming more and more important when large amounts
of freely available data grows larger and it is no longer feasible to label enough
data to use a supervised approach. Unsupervised approach is more about finding
patterns in what appear like pure noise to a human. This also makes it di�cult
to judge whether the machine produced desirable output or not if patterns in
the raw data were not known or what the expected output used to indicate.
Often it is even di�cult to estimate how many di↵erent categories there should
be (Ghahramani 2004).

c. Semi-supervised learning method implements the best parts of the two
choices above. During training sessions, a smaller amount of data is labelled
by a supervisor and the rest of the training data is unlabelled. The machine
have to cluster the data in an appropriate way with the help of the already la-
belled data. Since this approach needs much less interaction from a supervisor
and yields much higher accuracy than the unsupervised approach it is highly
favourable in theory and practice (Zhu 2005).

A learning based approach need a large set of high quality training data in
order to preform well (Wang, Wei, Liu, Zhou & Zhang 2011). The input to a
learning algorithm consists of a n-dimensional feature vector, where each feature
is represented by a numerical value that influences the output of the algorithm.
The algorithms are trained on a set of feature vectors and their corresponding
classes where the result is used to create a classifier (Pang, Lee & Vaithyanathan
2002). Depending on which type of approach is used when labelling data, the
features could be labelled or not labelled for training purposes and testing ses-
sions.
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2.2.2.1 A Näıve Bayes a machine learning classifier

Näıve Bayes classifier is a simple and a powerful machine learning classifier that
also performs surprisingly well despite being naive (Pang, Lee & Vaithyanathan
2002). Näıve Bayes is conditional probability model derived from Bayes’ The-
orem in probability theorem. Given data to be classified represented by the
vector ~x = (x1, . . . , xn) and a label as input then for all the n features in ~x it
makes the naive assumption that all features are independent of each other and
all features influences the label by an equal amount (Murty & Devi 2011).

Since Näıve Bayes is not using a high demanding algorithm in terms of CPU
power, it is easily scalable to enormous quantities of data with ease and is very
useful despite being naive for very large quantities of data. The naive nature
of the algorithm also makes it easier to train on smaller data sets (Murty &
Devi 2011). According to Metsis, Androutsopoulos & Paliouras (2006) there
are three commonly used di↵erent varieties of Näıve Bayes:

a) Gaussian Näıve Bayes b) Multinomial Näıve Bayes c) Bernoulli Näıve
Bayes

All of them uses slightly di↵erent approaches and di↵erent assumptions regard-
ing the distribution of the features, i.e. Gaussian assumes the features follows
a normal distribution. They all share the naive part and have a good computa-
tional time compared to more sophisticated methods.

2.3 Cross-lingual sentiment classification

As mentioned earlier, most of the resources developed for Sentiment Analysis
are addressed in English written text documents since availability of texts in
that particular language are bigger than others in the world. Therefore, adapt-
ing such resources to a new language is related to domain adaptation, where
expressions in the new language can be aligned with expressions in the language
with existing resources by simply using machine translation as Sentiment Anal-
ysis pre-processing step (Pang & Lee 2008). However, this cross-domain can
influence the accuracy of sentiment classification.

Cross-domain sentiment classification is when having unlabelled data and la-
belled data coming from di↵erent sources which in this case could be considered
as cross-lingual domains (Sentiment Analysis on resource rich Source X and new
Target Y language). Further, Wang et al. (2011) points out that cross-domain
sentiment classification can be considered as a more general task than cross-
lingual Sentiment Analysis.

Cross-lingual Sentiment Analysis is a hard problem due to the di↵erent ex-
pression styles in di↵erent languages. According to Lin, Jin, Xu, Wang, Tan
& Cheng (2014), multilingual Sentiment Analysis su↵ers from two major prob-
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lems. The first problem mentioned is the dependence on machine translation
or bilingual dictionaries. These can be hard to obtain for minority languages
and therefore cause problems when attempting to sentiment analyze a text.
The second problem they point out is that the sentiment polarity can di↵er
in various domains e.g. movie reviews or product reviews. They observed that
usually some sentences play bigger role than others when determining sentences.
Therefore, Lin et al. (2014) seek to avoid the latter problem by di↵erentiating
key sentences from trivial ones in order to improve Sentiment Analysis.
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3 Related work

As mentioned earlier, much of existing work in Sentiment Analysis have been
applied to data in English. In general, the main reason could have been the
availability of the large amount resources and tools the English language. Due
to the high cost involved when creating data, lexical resources and more, Banea,
Mihalcea, Wiebe & Hassan (2008) argues that this could have been preventing
building Sentiment Analysis tools for other languages.

Mihalcea et al., (2008), work focused on a bilingual lexicon and a manually
translated parallel text to generate the resources required to build a subjectiv-
ity classifier in a new language. The result has shown that the projection of
annotations across parallel texts could be successfully used to build a corpus
annotated for subjectivity in a target language. In this bachelor thesis, subjec-
tivity is not investigated.

Banea et al. (2008) research proposed and evaluated methods that could be
employed to transfer subjectivity resources across languages. In their work,
they focused on to leverage on the resources available for English by employing
machine translation. By using resources already developed for one language
e.g. English to derive subjectivity analysis tools for a target language they have
shown that automatic translation was a feasible substitute for the construction
of resources and tools for subjectivity analysis in a new target language. Banea
et al. (2008) used English corpus for sentiment polarity identification of Chinese
reviews in a supervised framework. They took labelled English movie reviews
and unlabelled Chinese movie reviews. Then they trained a classifier on the
English movie reviews and translated Chinese reviews into English. Further,
they classified the sentiments in the translated English reviews. But they also
did examine the sentiments in a cross-lingual classification by firstly translating
the Chinese movie reviews into English and then learned a classifier based on
the translated Chinese reviews with labels and then used a classifier to classify
the sentiments. The experimental results were not promising according to them.
Their experiment has shown that methods that have been investigated did not
perform well for Chinese sentiment classification, because the underlying distri-
bution between the original language and the translated language were di↵erent.

The closest work to ours were made by Denecke (2008) were their research
relayed on a methodology for determining polarity of text within a multilingual
framework but yet the method used the opposite way when generating senti-
ments. Denecke (2008) method used leverages on lexical resources for Sentiment
Analysis available in English (SentiWordNet). By translating a document in a
di↵erent language X into English using standard translation software then, the
translated document was classified according to its sentiment into one of the
polarities: “positive” and “negative”. In this bachelor thesis, the Tweets in
original language e.g. Swedish were classified manually and not the translated
Tweets which di↵ers from their research. Further, Denecke (2008) method is
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tested for German movie reviews whereas this bachelor thesis focus on Tweets
written in Swedish. The results of Denecke (2008) investigation showed that
working with existing Sentiment Analysis approaches was a feasible approach
to Sentiment Analysis within a multilingual framework.

Similarly, to Banea et al. (2008) and Taboada et al. (2011) experimented with
translation from the source language English into the target language (Spanish)
and then used a lexicon-based approach and a machine learning based method
for the targeted language document sentiment classification. The lexicon based
method for extracting sentiment from texts where word-based within their re-
search. They used a combination of labelling data by using Mechanical Turk
and available Sentiment dictionaries. Considering this bachelor thesis, volun-
teers were given the task to classify sentiments in chosen Tweets. Mechanical
Turk works exactly in the same way, but it cost money and data where labelled
online by random people. The adapted results by their research hold promising
results.

However, there is investigations on Multilingual and Cross-domain sentiment
classification problems. Some of these domains were presented as entity for ex-
ample opinions on product reviews or movie reviews and more. Duh, Fujino &
Nagata (2011) considered language as a domain. Duh et al. (2011) investigated
if mismatch could arise from language disparity when translating from a lan-
guage to a new language. They claimed that domain mismatch was not caused
by machine translation (MT) errors. Duh et al. (2011) contended that even if
having a perfect Machine Translation accuracy then degradation in Sentiment
Analysis would have occurred due to other circumstances.

The work done by (Gao, Wei, Li, Liu & Zhou 2013) focused on bilingual sen-
timent lexicon learning, which aimed to automatically and simultaneously gen-
erate sentiment lexicons for two languages. The source language used in the
research was English and the target language was Chinese. The purpose of
their research was to show that sentiment information available in two di↵erent
languages could be used to enhance the learning process of both languages and
the results acquired were promising.
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4 Method

This section will present the methodology of the study. In the first part, the data
gathering approach is discussed, then more details about programming environ-
ments and how the data was arranged is presented. The section will also address
how the di↵erent methods were used and how they were combined.

4.1 Data Gathering from Twitter

A compact python program was used to gather the data from Twitter by using
the TwitterAPI as well as a python library called Tweepy. Tweepy provides an
easy way to use the TwitterAPI public streams to stream Tweets in real time
and only a few percent of the Tweets were picked up by the public stream.

The extracted data from the stream originates from Swedens geographical co-
ordinates (55.05 N, 11.31 E) and (69.22 N, 24.58 E) Latitude and Longitude of
two points enclosing Sweden and some parts of Denmark, Norway and Finland
in a rectangle. The first pair corresponding to the southwest corner and the
second pair corresponding to the northeast corner. The program also filters on
language used and in this case it filters on Swedish. Further, the data was col-
lected for 10 days between February 1st and February 10th. A total number of
50215 raw data was collected from the public stream before the filtering process
began.

4.2 Programming environments

The programming language used for this research is Python since it is widely
used in the scientific world. As a result, Python has many modules and libraries
that can be imported and used with ease. Python is also a language with min-
imal and simple syntax to allow for fast and compact coding. It’s also a high
level language and thus is user friendly and simple to use.

Therefore, in this bachelor thesis, some of Pythons many libraries are used.
The libraries used are: Tweepy as mentioned in the previous section, Natural
Language Toolkit (NTLK) as well as a library called Request to be able to per-
form “http-requests” to a web server. NLTK is a lightweight framework for NLP
and primarily the machine learning algorithm Näıve Bayes is used to determine
sentiment of a given Tweet.

4.3 Arranging the data

Tweets in general contain a lot more than just text. According to Thakare
(2015) Twitter has its own language conventions and users can tag each other,
starting with @ followed by some username, “@username” for example. Web
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links is commonly found in Tweets to refer to external web sites. Hash tag is
used to track a specific subject and categorize Tweets into groups for example
“#subject”. Smileys and emoji are also commonly used in Tweets and even
though they contain sentiment it is not the focus of this bachelor thesis and
therefore they will be discarded.

The first step of arranging the data was to remove all of the above mentioned
problems and run the Tweets through a misspelling program. This is done since
these words do not add useful information to the Sentiment Analysis. A sim-
ple python program using regular expression was used to remove all undesired
features of the Tweets. The regular expression caught most of the undesir-
able features and some had to be removed manually. Secondly, a limit of four to
seven words was added to reduce the amount of Tweets to a manageable amount.

Once this was done, the third step was then to use a program called Stava
made by Viggo Kann to correct any misspelling that could hinder the trans-
lation process when translating from Swedish to English. During this process,
every feature not caught by the regular expression was removed as well as some
obvious spam Tweets. The fourth step was scoring the filtered Tweets by using
a lexicon based approach, this was done using ternary sentiment classification
e.g. positive, negative and neutral sentiments. Then the fifth step was translat-
ing the Tweets from Swedish to English by a machine translation system called
Google translate. Lastly, which means the sixth step, was sentiment analysing
the translated data into English with a learning based method.

4.4 Lexicon based method

Within this investigation, a contribution to a lexicon was made by using lexicon-
based method. The lexicon based method uses a simple dictionary of the 1500
most common Swedish words. All the words in a Tweet were matched against
the dictionary and if a Tweet had four or more matches in the dictionary the
Tweet were picked for labelling. A total of 327 Tweets out of the 8700 were
chosen.

A simple form with 30 words was used and a few volunteers labelled the words.
They could choose between, ”pos”, ”neg” and ”neut” for every word. Once all
the words had been labelled, a simple python program was used to analyze the
Tweets and then Tweets were scored based on the word connotation from the
volunteers. The Tweets started out with a score of 0 and if a word in the Tweet
was positive the score increases by one and if a word was negative the score
decreases by one. A total score was determined by summation of the scores of
every word in the Tweet. This score was then used to compare the result of the
learning based method.

For example the sentence “hatar att behöva göra n̊agon besviken”
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hatar att behöva göra n̊agon besviken
-1 0 0 0 0 -1

-1+0+0+0+0+(-1) = -2, Hence this sentence has a negative sentiment

4.5 Learning based method

The learning based method uses NLTK framework which provides the algorithm
of choice is the report, Näıve Bayes. The algorithm is trained on the 2000
provided movie reviews in the NLTK database, 1000 positive and 1000 negative
all of which are in English. This dataset was created by Pang & Lee (2008) and
has been implemented as a standard corpus in NLTK. A fully trained Näıve
Bayes available on the Internet was used for this report. It is trained on the
same dataset but has been modified to handle neutral sentiment as well as
positive and negative. A simple python program was used to communicate with
their API using the Request library to send http request and to receive back Json
objects from the server. The Json objects contained the label of the sentiment
and a certainty percentage of the label, i.e. “positive, probability: 0.8745”

4.6 Translation method

Google translate was used to translate data from source language Swedish to
target language English. Google’s REST Translation API was used to automate
the translation processes using HTTP requests, similar to how the learning based
method used HTTP requests.

The translation is far from perfect and readers fluent in Swedish and English
will spot obvious errors in the translations from Swedish to English.

Translations were also done by hand using two di↵erent methods. A word
for word translation and an ordinary human translation. Where in the ordinary
translation the meaning of the original text is kept during translation process
but resulting in di↵erent words than the original text. This is done to test to
see if the translation has an impact towards the sentiment between the method
and if one is better than the other.
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4.7 Combining the three methods and collecting results

Figure 1: Figure that summarize the pipeline

The results were primarily placed into two categories, match or mismatch. A
Tweet was put in the match category if both the classification methods agreed
upon the sentiment or mismatch if they had polar opposite opinions about the
Tweet.

To get a sense of where the confidence was for the machine learning method
when analysing Tweets. The Tweets were grouped by confidence score returned
from the learning based method into three di↵erent categories. High, medium
and low. Where a Tweet was classified as high confidence if the score was higher
than or equal to 75% and a low confidence score if it was below 60% and medium
for scores between 60% and 75%. The confidence score gives an indication to
how certain the machine algorithm was in its classification of a given Tweet.

The results were also split into three subsets, each containing Tweets of the
same polarity as well as a set of contradicting Tweets or polar opposite Tweets.
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5 Results

This section will present the results of the study. Tables containing samples of
gathered Tweets that have been labeled are presented clearly and in an organized
manner.

5.1 Comparison of the Sentiment Analysis results when
translating word by word

The results from realizing the method were presented below, beginning with
comparing sentiments in words in Swedish analyzed by lexicon based method
and sentiment analyzed in same words that were translated into English by
machine learning based method. Then a subset of Tweets labelled with lexi-
con based method in Swedish and corresponding translated, machine learning
based labelled Tweets were presented respectively. The labelled Tweets sets
were classified in two categories: The sets with best matches and the sets with
worst outcomes.

Lexicon Based Labelling Machine Learning Labelling

Swedish Word Polarity English Word Polarity
saknar Negative lack Negative
duktig Positive good Positive
fint Positive fine Positive

potatis Neutral potato Neutral
gr̊ata Negative cry Negative
vita Neutral white Negative
dum Negative stupid Negative
snygg Positive handsome Positive
ring Neutral ring Neutral
tv̊a Neutral two Neutral

Table 1: Outcome of Polarity of words when translated into English

The table 1 shows a subset of the Swedish words and derived polarity from
the lexicon labelling process, and the translated words into English with polar-
ity collected by the machine learning labelling process.

The following two tables e.g. 2 and 3 containing a subset of all the Tweets
with matching sentiment between the lexicon based method and machine learn-
ing method. The Tweets were splitted into two tables, table 2 for matches of
positive polarity and table 3 for matches of negative polarity. In total were
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167 Tweets out of the total of 327 had matching polarity between the methods
resulting in a 51.1% hit rate.

5.2 Comparison of the Sentiment Analysis approaches when
translating Tweets

A closer inspection of a positive Tweet, Tweet nr 5 in table 2:

The word scored as positive was “bra” and received a score of 1 resulting in
the total score of the Tweet as 1. “Bra” was correctly translated to “good”
in English. This word was positive and thus the machine learning algorithm’s
conclusion was that this Tweet was positive with a high confidence score.

Nr Swedish Tweets Polarity English Tweets Polarity Confidence
1 tack snälla! vi trivs bra 3 Thank you! we thrive Positive 60.18%
2 är nog änd̊a sveriges 1 is probably still Sweden’s Positive 68.28 %

bästa spontanmatlagare best chefs spontaneous
3 ser sune sommar. enkelt, 2 see sune summer. easy, Positive 83.2 %

roligt och tryggt fun and safe
4 haft världens bästa dag! 1 had the best day! so Positive 75.92%

s̊a inspirerad nu inspired now
5 bra! snart ska du tala 1 Good! Once you speak Positive 84.19%

svenska med Swedish with

Table 2: Positive labelled Swedish Tweets

A closer inspection of a negative Tweet, Tweet nr 6 in table 3: The words
scored in this Tweets in Swedish were “hatar” and “besviken” both of these
words received a score of -1 each, contributing in total to a -2 for the overall
Tweet. The rest of the words in the Tweet were neutral or unknown and un-
known words were by default neutral.

The translation of “hatar” and “besviken” were translated to “hate” and “disap-
point” in English. Both of these words have negative polarity and the sentiment
were correctly preserved within the translation with a high confidence score from
the machine learning algorithm.

Nr Swedish Tweets Polarity English Tweets Polarity Confidence
6 “Hatar att behöva göra -2 “Hate to disappoint Negative 75.14%

n̊agon besviken” anyone”
7 jävla idiot! du snackar -3 fucking idiot! you are Negative 59.82%

bara skit! full of shit!
8 jag måste verkligen sova -1 I have to really sleep Negative 68.22%

godnatt bedtime
9 synd bara att boken -2 just a shame that the Negative 93.33%

är s̊a tr̊akig! book is so boring!
10 fan känner hur jag -2 hell know how Negative 83.46%

börjar bli sjuk I’m getting sick

Table 3: Neagtive labelled Swedish Tweets
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5.3 Contradicting results when Sentiment Analysing Tweets

Table 4 illustrates some of the Tweets with contradicting sentiment. These
Tweets had either a positive sentiment from the lexicon method and a negative
sentiment from the machine learning method or vice versa. E.g. the sentiment
of a Tweet was contradicted if and only if method one labelled the Tweet as
positive and method two labelled the Tweet as negative or method one labelled
the Tweet as negative and method two labelled the Tweet as positive.

Therefore, given a Tweet where method one labelled the Tweet as neutral and
method two labelled the Tweet as positive, it did not count as a contradiction.

Out of all the Tweets, these ones represented 5.2% of the Tweets. In total
17 Tweets had contradicting sentiment and below are 7 of them. Worth noting
was that these Tweets have had a seemingly lower confidence score compared
to the Tweets with matching sentiment in table 2 and table 3.

Nr Swedish Tweets Polarity English Tweets Polarity Confidence
11 du äger världen! -2 you own the world! Positive 74.32%

sluta aldrig. never stop.
12 blir alltid sjuk lagom 2 always gets sick just in Negative 64.4%

till min födelsedag... time for my birthday...
13 du f̊ar minst lika stor 2 you get at least as Negative 62.54%

kram tillbaka! big hug back!
14 ka↵e gör faktiskt 1 co↵ee actually makes Negative 51.28%

allting bättre everything better
15 b̊ada? fast helst kanske -1 both? the time might Positive 64.51%

choklad först. chocolates first.
16 svart eller gr̊a? 1 black or gray? Negative 60.42%

behöver seriös hjälp need serious help
17 fr̊aga mig nästa vecka 1 ask me next week, Negative 56.67%

alla rätt all right

Table 4: Labelled Tweets with contradicting sentiments after translation

Below are two tables e.g. table 5 containing a subset of the neutral labelled
Tweets and table 6 of mixed Tweets where the di↵erent methods did not agree
upon the sentiment but it did not cause a contradiction of the sentiment.

Nr Swedish Tweets Polarity English Tweets Polarity Confidence
18 finns det ka↵e 0 there are co↵ee at Neutral 84.77%

hemma att köpa? home to buy?
19 kom för tidigt till 0 came early to Neutral 81.09%

skolan, igen! school again!
20 kör hela sverige. 0 running throughout Neutral 51.32%

det behövs Sweden. it needs
21 kanske därför vi 0 perhaps because we Neutral 55.1%

fortfarande är vänner are still friends
22 20 minuter kvar tills 0 20 minutes left until this Neutral 53.45%

årets höjdpunkt börjar year’s highlight begins

Table 5: Neutral labelled Swedish Tweets
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Nr Swedish Tweets Polarity English Tweets Polarity Confidence
23 fettisdagen.. känner mig -1 Shrove Tuesday .. feel fat Neutral 52.02%

fet varje tisdag dock every Tuesday, however
24 tre ord av kärlek: 1 three words of love: Neutral 68.81%

”maten är klar” ”the food is ready”
26 ok. ska bara liksom. 0 ok. should just as well. Positive 69.2%

hämta is retrieve ice
26 blir s̊a trött p̊a vissa 0 get so tired of some Negative 78.61%

människor ibland people sometimes
27 s̊adär dricka sitt ka↵e 0 like that drink their co↵ee Negative 53.45%

och bara tänka and just thinking

Table 6: Tweets with mixed sentiment

5.4 Confidence Distribution across all Tweets

Figure 2 represents a diagram over the confidence returned for each and every
Tweet by the machine learning algorithm. The Tweets were put into three
di↵erent categories depending on their confidence score. A confidence score was
classified as “high” if the confidence was higher than or equal to 75% and the
score is classified as “low” if the confidence was lower than 60%, “medium” falls
in between these at 60% to 74%.

Figure 2: Diagram over the confidence scores across all Tweets

The table 7 shows the confidence distribution among the di↵erent subsets
of Tweets as well as the average and the median confidence in the sets. High,
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medium and low numbers are how many Tweets that fitted into each category
in the subsets.

Tweet category High Medium Low Average Median
All 88 113 126 66.72 64.63

Positive 20 41 49 64.41 61.86
Negative 9 36 37 61.75 62.56
Neutral 59 36 40 70.76 71.53

Polar Opposite 0 7 17 58.80 58.35

Table 7: Confidence scores between subsets of Tweets
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6 Discussion

In this section, collected Results will be interpreted and then compared to the
current state-of-the-art. Further, an evaluation of the methods used and the
assumptions made will be discussed. Finally, possible improvements to the work
are discussed.

“To what extent will the connotation of Swedish sentiments be main-
tained/retained when translated into English?”

6.1 Interpreting the results

6.1.1 Evaluation of the data sets

The results in Table 1 has shown that when translating data from a new language
to a resource rich language, the outcome of Sentiment Analysis by analysing
word by word was the same regardless Sentiment Analysis approach. The words
have been translated using Google translating system. These words have as well
been translated by using a naive dictionary to eliminate errors that could have
occurred within Google translation. According to the results given by Table
1, one could have drawn conclusions that the connotations of sentiments in
words within the source language Swedish were maintained when translated
into English. But were this results enough to argue that it was possible to only
translate data and run it through a supervised machine learning program? This
will be discussed by the following results.

6.1.2 Evaluation of Sentiments of Tweets labelled as positive and
negative

Table 2 and 3 contains Tweets that were splitted into matches of positive po-
larity and negative polarity. The following Tweet had positive polarity in both
languages:

“ser sune sommar. enkelt, roligt och tryggt.” = “see sune summer. easy, fun
and safe.”

Given polarity in the Swedish Tweet by volunteers was a score of 2 e.g. a
positive Tweet. As well as within the English polarity, the Tweet was labelled
as positive by Text Processing Demo website which uses Naive Bayes algorithm
from NLTK. The words in the Swedish Tweet were scored as follows: enkelt
= neutral, roligt = positive and tryggt = positive hence the score 2 was given
which means a sum of 2 positive words and the sum polarity achieved by this
Tweet was positive. Correspondingly, the words fun and safe, already labelled
within the supervised machine learning system, were scored as positive. Accord-
ing to the results claimed by Text Processing Demo, the Tweet was labelled as
positive with a high confidence of 83.2 %.
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In comparison with the following Tweet that holds a confidence of 60.18 %

“tack snälla! vi trivs bra” Polarity: Positive
Score: 3

“Thank you! we thrive” Polarity: Positive
Confidence: 60.18%

The Swedish Tweet hold three positive words, which was a higher number
than above. Anyhow, the translated Tweet only got 60.18 % in confidence
when labelled as positive by the machine learning algorithm. This was rather
odd since the increased number of positive words should probably yield a higher
confidence score. If considering the translation, as a human and having ability
to understand the both languages, observations could be done about that the
Swedish Tweet holds words that were eliminated when it was translated.

If the Tweet was translated word by word, then the results of sentiment po-
larity claimed by the machine learning algorithm were as follows:

“Thank kind! We thrive good.” Polarity: Positive
Confidence: 68.66 %

Translating the Tweet in a correct translation within opinion of a Swedish
speaking humanbeing, the outcomes given were as follows:

“Thank you, very kind! We enjoy it” Polarity: Positive
Confidence: 77.31 %.

A confidence of 77.31% was given by the algorithm. When using Google
Translate, even though the confidence given by the machine learning algorithm
was 60.18 %, which was considered as a slightly insecure polarity, the Tweet was
still correctly labelled as positive. The cause of the insecurity in confidence was
the polarity of the word thrive which was labelled as neutral. This decreased the
sentiment polarity of the Tweet. Showing that translating a text using google
translating system was reliable, even though it didn’t give the desirable trans-
lations.

Table 3 hold a subset of Tweets that was labelled as negative when sentiment
analysing them by the two approaches as above and as discussed in this bache-
lor thesis. Let us discuss the following two Tweets (nr 6 and 7 from table 3) in
detail:
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“synd bara att boken är s̊a tr̊akig!“ Polarity: Negative
Score: -2

“just a shame that the book is so boring!“ Polarity: Negative
Confidence: 93.33%

“jävla idiot! du snackar bara skit!” Polarity: Negative
Score: -3

“fucking idiot! you are full of shit!” Polarity: Negative
Confidence: 59.82 %

Excuse us for the awkward words, we blame Twitter for that. However,
analysing the first Tweet, the results as shown was as expected to be negative
since the words synd and tr̊akig were labelled as negative within the lexicon
based method. The score of minus two means that the Tweet holds two nega-
tive words. The other words were scored as neutral which gives -1 + 0 + 0 + 0 +
0 + 0 + -1 = -2. Hence the polarity of the Tweet was negative. The translated
Tweet has been labelled as negative as well by the Naive Bayes algorithm. The
surprisingly high confidence given for this Tweet was explainable. The words
that were scored as negative by the machine learning system were shame and
boring.

Comparing the latter Tweet with the following translated Tweet, the second
Tweet contains additional number of negative sentiment analyzed words. Ac-
cording to Python NLTK Sentiment Analyzer the following words have negative
polarity, fucking, idiot and shit. This made the high confidence given by the first
Tweet questionable. The explanation for the given high confidence by NLTK
was assumed to originate from the training set being similar to the Tweet. Since
a supervised machine learning method have been used and as mentioned in the
method section, NLTK training data set was based on movie reviews, which
could have led to that the Tweet received such a high confidence score and
because it matched the format of the training data. It is of importance to men-
tion that the translation did not a↵ect the sentiments but the cross-domain did
which is another area to be investigated and that have been chosen not to be
investigated in detail within this bachelor thesis.

6.1.3 Evaluation of Sentiments of Tweets with contradicting senti-
ment

From Table 4 over contradicting Tweets, given the following entry:
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“du äger världen! sluta aldrig.” Polarity: Negative
Score: -2

“ you own the world! never stop” Polarity: Positive
Confidence: 74.32%

The clear conflict between the two methods. The lexicon method did not
catch the double negative in “sluta aldrig” thus making this a positive statement
rather than a negative one. The machine learning algorithm correctly identified
this and labelled this Tweet as positive with a high confidence score.

This is the highest instance of confidence received amongst the contradicting
Tweets. Most of them are below 60% as shown in the overall statistics table
(table 7) with an average of 58.80 confidence score which means that the al-
gorithm was basically guessing the sentiment of some Tweets. Considering the
next Tweet:

“ka↵e gör faktiskt allting bättre” Polarity: Positive
Score: 1

“co↵ee actually makes everything better” Polarity: Negative
Confidence: 51.28%

There is nothing wrong with this translation. It is a perfect translation of
the original Tweet into English but for some reason the algorithm did not label
the Tweet as positive. From the Swedish text the word “bättre” is ranked as
a positive word. A word by word look-up for the English Tweet gives us the
following list:

co↵ee Polarity: Neutral
Confidence: 59.51%

actually Polarity: Neutral
Confidence: 53.79%

makes Polarity: Neutral
Confidence: 50.55%

everything Polarity: Neutral
Confidence: 66.7%

better Polarity: Positive
Confidence: 54.31%

There is not a single negative word in the list but when put together the
words gives a negative score. Worth noting is that the confidence across the
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board is really low and the algorithm might just as well be guessing. One
reason for the low scores might be that the algorithm is trained on larger sets
of text than in a single Tweet and especially on single words, and could be the
reason for skewed results.

6.1.4 Evaluation of Sentiments of Tweets with neutral sentiment

Tweets with neutral sentiment had the highest confidence score compared to the
rest of the subsets. Why this is the case is not clear but it may have something
to do with that neutral is the default sentiment for the lexicon based method as
well as the standard for the machine learning method. Taken from their website:
“neutrality is determined first, and sentiment polarity is determined second, but
only if the text is not neutral.” This means that the algorithm first determines
if the text is neutral or not and then assigns a positive or negative polarity to
the text. This might yield a biased result towards neutral sentiment compared
to the positive and negative sentiment. Therefore, it is a much better indicator
to [look at] each of the positive and negative subsets than all the Tweets.

6.1.5 Evaluation of the results using given Confidence

So far, the results gathered by this bachelor thesis claims that the sentiments
are not a↵ected by the translation from a language to another and regardless of
the translation method used. To prove this statement, a decision was made to
analyze the confidence given by the machine learning based method. In figure
2, the produced diagram showed confidence returned for each and every Tweet
by the machine learning algorithm. This figure was followed by table 7 showing
the confidence distribution among the di↵erent subsets of Tweets.

The main pattern found was that the main confidence achieved was about 66%
which is 16% percent above the minimum threshold. Further, the median gave a
confidence of 64% indicating that the data is roughly evenly distributed around
the average. This results are good enough but not as good as desired to be.
Therefore, further investigations were made to get a deeper understanding of
why this was the case. As mentioned earlier, the machine learning algorithm
was trained on datasets consisting of movie reviews. Consider the following
example from NLTK:

“From ace ventura to truman burbank , jim carrey has run the whole gamut
of comic , yet sympathetic , characters . 1996’s the cable guy was supposed to
be his big ” breakthrough ” role from zany humor into darker , more dramatic
acting as most everyone knows , the results were , well , less-than-stellar not
only did the film not do so hot at the box o�ce , but it was also panned by critics
as far as i know , gene siskel and i are the only ones willing to admit that we
dug it the first time i saw the cable guy , in theatres , i was in super critic-mode
, and didn’t really like it. However,. . . .”
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The movie review above was just a cut of, in reality it is about an A4 page. Since
there is a limit of number of words to write in this bachelor thesis, just a small
set was chosen to illustrate. This review is an example of the training data set
that is used to train the algorithm. Further, the movie reviews are much longer
than the Tweets. Generally, movie reviews contain more formal language and
since it is longer than Tweets it also hold more sentiment loaded words. Thus,
conclusions were made that there exists entity cross-domain problems and not
multilingual cross domain problems.

This in turn proves and answers this bachelor thesis research question, that
when translating Tweets from Swedish to English, the connotation of Swedish
sentiments are maintained when translated into English.

6.1.6 Comparison with results from related works

As mentioned in the background about sentimental classification, context is
important in order to perform an accurate Sentiment Analysis. Language is
much more complex and profound than examining a single word. The words
might have a positive or negative polarity while in the same time, the context
polarity can be completely di↵erent (Pang, Lee & Vaithyanathan 2002) and
(Wilson, Wiebe & Ho↵mann 2005).

The result achieved by this bachelor thesis was similar to what Denecke
(2008) had discovered. That it is feasible to have an origin language, then trans-
late into English and perform Sentiment Analysis on the translated text. This
on the other hand contradicts (Banea, Mihalcea, Wiebe & Hassan 2008). They
said that translating from Chinese into English did not show promising results
for the Sentiment Analysis. This suggest that there is something underlying
here and suspicions about that it is the fundamental di↵erence between Chinese
and English. In this bachelor thesis investigation, translation was made from
Swedish into English and Denecke (2008) used a German into English trans-
lation. One could make the case that since Swedish, German and English all
three of these languages stems from the Germanic language and thus are similar
enough in their base structure and it could make it easier to translate and pre-
serve sentiment between these languages. The sample size is too small to make
any in depth analysis and this could be an area of future research.

6.2 Criticism

There is no work without criticism and in this bachelor thesis is no di↵erent.
Below some of the points discovered during writing this thesis will be addressed
as well as a discussion about improvements to this bachelor thesis is presented
as if it were to be done again.
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6.2.1 Made assumptions and self-criticism

The most important point to make about the data used in this bachelor thesis,
is the size of data. Since it was Swedish Tweets that was gathered, the amount
of Swedish Tweets can not be compared to other languages such as English.
Further, to get a more consistent and high quality data, it was run through
several steps as described in the method section. Thus the data set got even
smaller. If it was of early knowledge that the size of the data was about to get
that small, the domain of this bachelor thesis had been changed. For example,
by analysing texts gathered from Blogs and News papers. There are multiple
improvements to be made to this bachelor thesis approach and it will be dis-
cussed in the next section.

The biggest limitation dealing with in this bachelor thesis was the dataset.
The reason for the biggest cut of the data was the limitation to Tweets between
4-7 words. At the time it seemed reasonable to do such a big cut of the data
but now, knowing the outcome it would have been better to remove the upper
bound of 7 words and just have all Tweets above 4 words.

As the results has shown, the supervised machine learning system was trained
on movie reviews and not data from Twitter hence, the confidence was lower
than expected. This of course had an impact on the Sentiment Analysis but
still it gave us good results when comparing it with the data analyzed by the
lexicon based approach.

As expected, when translating a text from a language to another, this does
not a↵ect the sentiments of the words nor the Tweets.

6.2.2 Possible improvements

Improvements to the methods used in this thesis is to primarily use a better
lexicon based method. The lexicon method is naive and only counts and com-
pares the word pool of positive and negative sentiment words. As observing in
table 4 and more precise Tweet number 11. In this Tweet the lexicon method
missed the double negative of the Tweet and thus labelled it wrongly. A more
sophisticated method that addresses this problem as well as one that weights
the words di↵erently on a scale from -5 to 5 instead of a -1 to 1 scale should be
used instead of the naive lexicon method that was used.

The lexicon method also used volunteers to label the Swedish words and thus the
result might have been di↵erent if expert linguist had labelled the words instead.

It would also be a better idea to have a machine learning algorithm trained
on texts the length of a Tweet. An important part of machine learning is to
train on data similar to the test data to obtain as accurate results as possible.
This was not the case in this thesis as the most available forms of Sentiment
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Analysis tools uses the database of movie reviews provided by Pang & Lee
(2008). Therefore, this database was the obvious choice in the limited amount
of time given for this thesis.

As touched upon in the previous section another improvement would be more
data. A larger data set possible spanning at least 2-3 months’ worth of gathering
Tweets would be needed to perform a better analysis than what was possible
after just above one week of gathering.

7 Conclusion and contribution

It is possible to rely on machine translation to mostly accurately preserve the
sentiments in the general case. Of course there will be edge cases in which
the machine struggles. The algorithms for machine translation are evolving and
becoming better at translating texts. In most cases the sentiment of Swedish into
English text translations, the sentiment is preserved. Some of the key findings
made by this bachelor thesis is that translating a Tweet from a new source
language to a resource rich language did not a↵ect the sentiments negatively,
it was perserved. As expected, context was found to be important in order to
not lose the sentiment of a text. Language is much more complex and profound
than examining a single word and the context polarity can di↵er completely.

No other research on this subject translation from Swedish into English could
be found why a contribution from this bachelor thesis was generating a lexicon.
More research is aspired to be done on this aspect. Perhaps expand to why some
language translation works while others do not and also investigate if language
distance has an a↵ect to how well sentiments is preserved when translating.
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