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Abstract

Sentiment classification of Swedish Twitter data

Niklas Palm

Sentiment analysis is a field within the area of natural language processing that 
studies the sentiment of human written text. Within sentiment analysis, sentiment 
classification is a research area that has been of growing interest since the advent 
of digital social-media platforms, concerned with the classification of the
subjective information in text data. Many studies have been conducted on 
sentiment classification, producing numerous of openly available tools and 
resources that further advance research, though almost exclusively for the English 
language. There are very few openly available Swedish resources that aid
research, and sentiment classification research in non-English languages most
often use English resources one way or another. The lack of non-English resources 
impedes research in other languages and there is very little research on sentiment 
classification using Swedish resources. This thesis addresses the lack of
knowledge in this area by designing and implementing a sentiment classifier using 
Swedish resources, in order to evaluate how methods and best practices 
commonly used in English research transfer to Swedish. The results in this thesis 
indicate that Swedish resources can be used in the construction of internationally 
competitive sentiment classifiers and that methods commonly used in English 
research for pre- processing text data may not be optimal for the Swedish 
language.
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Populärvetenskaplig sammanfattning

I takt med att digitala sociala medier breder ut sig växer intresset för att

kunna utnyttja all den data som genereras, b̊ade inom industrin men ocks̊a inom

akademin. Sentimentanalys är ett forskningsomr̊ade inom naturlig spr̊akbehandling

som syftar analysera den subjektivitet och de åsikter som finns i skriven text.

Idag finns det m̊anga företag som erbjuder analys av textdata som tjänst, där

tillämpningarna används i varierande syften. Det finns tjänster som identifierar

negativa blogginlägg i relation till olika varumärken, s̊a att företag s̊a snabbt som

möjligt kan sätta in marknadsinsatser i förebyggande syfte. Det finns tjänster

som aggregerar åsiktsdata fr̊an sociala platformar som Twitter för att p̊a tids-

basis kunna följa hur det allmäna sentimentet i relation till ett varumärke eller

produkt förändras. Tillämpningarna är m̊anga och efterfr̊agan p̊a träffsäkra

och robusta verktyg är stor, men tillg̊angen till verktyg och resurser inom andra

spr̊ak än engelska är begränsad.

Det finns idag inte ett enda öppet tillgängligt verktyg för sentimentanalys

av svensk textdata som inte p̊a n̊agot sätt använt engelska resurser eller verktyg

i konstruktionen. Den vida engelska forskningen har producerat flertalet öppet

tillgängliga resurser och verktyg för sentimentanalys för det engelska spr̊aket,

och de flesta framsteg inom omr̊adet har gjorts inom just engelskan. Det finns

däremot väldigt begränsad forskning p̊a hur de existerande verktygen lämpar

sig för det svenska spr̊aket. Det finns m̊anga skillnader mellan det svenska och

engelska spr̊aket men majoriteten av den forskning som görs inom svensk sen-

timentanalys använder metoder och praxis med dokumenterat goda resultat p̊a

det engelska spr̊aket. Hur dessa metoder lämpar sig för svenska är däremot ett

relativt outforskat omr̊ade, likas̊a hur bra sentimentklassificerare konstruerade

med enbart svenska resurser fungerar.

I det här examensarbetet undersöks hur engelska metoder för sentimen-

tanalys kan appliceras p̊a svenska resurser, i synnerhet p̊a svensk Twitterdata.

12085 s̊a kallade ’tweets’ annoterades manuellt, och fyra maskininlärningsmodeller

poppulära i engelsk forskning, tillsammans med ett kommerciellt verktyg, tränades



och evaluerades p̊a insamlad data. Resultaten i det här examensarbetet demon-

strerar att det är möjligt att konstruera modeller för sentimentklassificering

med enbart svenska resurser med prestanda som jämför sig med toppmodern

internationell forskning p̊a omr̊adet. Vidare indikerar resultaten att n̊agra av

de metoder som i engelsk forskning används med goda resultat inte lämpar

sig för det svenska spr̊aket, men att vidare forskning behövs för mer bestämda

slutsatser.
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1 Introduction

As the use of social media rapidly increases, the participative internet grows

and transforms the communication landscape. More and more people commu-

nicate and share experiences online, creating massive banks of information with

people’s opinions and feelings towards everything from sports teams and art to

various products and brands. At the same time, sentiment analysis has grown to

be one of the most popular areas of research within natural language processing,

NLP [37]. Sentiment analysis, also commonly referred to as opinion mining and

sentiment mining, is the study of subjectivity and emotion in written human

natural language [37]. The task of sentiment classification consists of the prob-

lem of categorizing text into distinct classes based on the expressed sentiment.

The most common sentiment classes used in literature are positive and negative

and depending on application, occasionally neutral [31, 37, 42, 73].

The extraction of sentiment information can, among other things, help

create insight into consumer attitudes regarding certain products or market

trends and help guide advertisements, market strategies and even individual

recommendations. Learning the sentiment of a population in relation to certain

topics can have many industrial and practical implications. For instance, sen-

timent analysis has been used to predict U.S and Italian Twitter users’ voting

intentions in elections [11]. In another study, sentiment analysis was used to

investigate hotel service quality using hotel reviews [17].

In contrast to factual information, opinions and sentiments have the im-

portant characteristic of being subjective. While analyzing the sentiment of one

single person usually is neither practically interesting nor sufficient for applica-

tion, analyzing that of a larger collection of people can have major implications

[37]. As Abraham Lincoln, according to Zarefsky, put it in 1858, ”In this age,

in this nation, public sentiment is everything. With it, nothing can fail; against

it, nothing can succeed.” [71, p. 24]. The availability of resources and tools for

sentiment analysis, however, is, as we shall see, very scarce in other languages

than English.

1



1.1 Related work

Sentiment analysis has seen comprehensive research since early 2000 and the

rapid growth of social media [37, 61]. Almost all modern approaches to senti-

ment analysis have their foundation in the distributional hypothesis, famously

worded by Firth [19] as ”You shall know a word by the company it keeps”. In

layman’s terms the distributional hypothesis states that words that appear in

similar context tend to have similar meaning; that there exists some correlation

between distributional similarity and meaning similarity, which ”lets us use the

former in order to estimate the latter” [51]. This concept is frequently used

when applying machine learning to the problem of extracting sentiment from

text.

1.1.1 Supervised learning

The most common machine learning approach in relation to sentiment analysis

supervised learning. Supervised learning, as opposed to unsupervised learning,

requires annotated corpora on which models can be trained in order to learn

the patterns required for classification [7].

Many supervised classification models have been attempted on sentiment

classification tasks [73]. A common difficulty when dealing with text is identi-

fying an appropriate method for transforming the text into something suitable

for machine learning, something which has been found to be both application

and domain dependant [31, 67]. As with almost all machine learning models,

hyper parameter tuning is an essential part of finding the optimal parameter

set. Within sentiment analysis, finding the optimal text representation can be

seen as part of the parameter tuning due to its importance and correlation with

model design, domain and application.

Naive Bayes and logistic regression are two popular models due to their

statistical simplicity and efficiency with dealing with high-dimensional input

data, that is data with many features, and they are frequently used as baselines

when evaluating classifiers [67]. Attempts have been made with both random
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forests and k-nearest-neighbour models, but Support Vector Machines, SVMs,

appear to be the most prominent and successful at the task [39, 61, 73].

While the choice of classification model is crucial, there is, as we shall

see, a discrepancy between the research conducted and the underlying language

researched. While much English research focus on designing and tuning classi-

fication models, much non-English focus on transforming the input data.

1.1.2 Non-English sentiment analysis

A majority of the conducted research has been on the English language, produc-

ing extensive publicly available resources such as benchmark data sets, corpora

and lexica for the English language [41, 44, 50, 68]. While the many English re-

sources available have spurred research, there is a demand for resources in other

languages and currently a shortage of non-English benchmarks and openly avail-

able resources, including for Swedish [39, 42].

Much of the non-English research to date still use existing English re-

sources one way or another. Many studies use translated English sentiment

lexica in order to build non-English sentiment classification models, with vary-

ing results [4, 39, 62]. Other studies translate non-English corpora to En-

glish and use existing English sentiment classifiers to annotate the corpora

[31, 33, 37, 38, 42, 56]. Though translation methods are frequently used in

literature, it has been demonstrated that translation may induce errors due to

linguistic and language specific differences [24, 55]. Phrasal verbs and other id-

iomatic features that differentiate languages are usually lost in translation and

sentiment classifiers for one language may be trained to recognize features which

may be too frequent or absent in other languages [24, 31, 37]. For instance, it

was demonstrated that in Swedish, negative sentiment is more often found writ-

ten in definite form while positive sentiment is more frequent in indefinite form

- a phenomena not shown to be present in English [40].

Attempts have been made to combine methods in order to produce anno-

tated data sets in other languages, increasing the robustness and validity of the
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method. In [39] the authors create a Swedish sentiment annotated (positive and

negative) news articles data set by using two separate classification methods and

extracting the sentences where both models agree on the classification. Firstly,

the authors translate sentences to English and use an existing English state-

of-the-art classification model to produce labels for the data set. Secondly, A

Swedish lexicon-based 1 classification model produces additional labels and after

filtering out all neutral classifications, the sentences on which the two models’

classifications agree are extracted and the classification assumed correct. While

this a convenient and cheap method of creating non-English resources, the sen-

tences extracted are mainly high-polar sentences, sentences with particularly

strong sentiment, why better performance than average is to be expected [41].

Using this data set, the authors produce Swedish state-of-the-art results using

an SVM with a precision of 90%, recall of 82% and an F-score 2 of 86%, the

definitions of which are described in section 2.4 [39]. The same study reports,

using a three-class data set, a precision of 71%, recall of 50% and an F-score of

58% with a total of 60% accuracy.

Another popular method for creating annotated data sets consist of

scraping websites for product reviews and using the ratings as labels [40, 56].

However, it has been shown that the information gathered with this method is

very domain-dependant and have few out-of-domain applications, as described

in the following section [56].

1.1.3 Domain-transfer problem

As research progressed, more and more studies show that sentiment classifiers

are highly sensitive to the domain from which the training data is gathered

[37, 48, 70, 72]. It has been demonstrated that classification models trained

on general, multi-domain, data perform worse on domain-specific data than

those trained on target-domain data [3, 39, 40, 73]. The language used varies

1Lexicon-based models identify high-polar words, regardless of context, to determine sen-
timent

2The F-score is a weighted average of the precision and recall

4



greatly with different domains and words and even language constructs can have

opposite meaning depending on domain [37]. For instance, the word ’surprising’

can be considered positive when the topic is books or movies, but negative if

the topic is electronics. It has been shown that even similar domains, such as

product reviews for books and movies, can contain large semantic and phrasal

differences and that in-domain information and word-patterns have more in

common than cross-domain information [40, 48]. This phenomenon is referred

to as the domain-transfer problem which, intuitively, strengthens Firth’s notion

that words can only be known by the company they keep, since the choice of

words are highly context dependant [19, 70].

Despite domain-transfer issues, there are some studies that report com-

petitive results where classification models have been pre-trained on general,

out-of-domain, data and then fine-tuned with in-domain data, achieving above

80% classification accuracy on two-class data sets in both English and other

languages [3, 40, 48, 66, 72].

1.1.4 Twitter research

Liu [37] concludes that since Twitter posts are highly opinionated and limited to

250 characters they are usually more to the point and, hence, easier to achieve

a higher sentiment analysis score on. In 2013, state-of-the-art classification

models for two classes rarely surpassed 80% accuracy on benchmark data sets

and the more difficult problems with three-class Twitter data rarely saw models

perform better than 60% [53, 63].

Since 2013, deep learning has grown in popularity and current state-

of-the-art models use very deep neural network architectures with accuracies

ranging from 80% to 94%, where the ones above 86% exclusively use two-class

data sets [16, 29, 30, 27]. Deep learning methods tend to require greater amounts

of annotated data, data which is difficult to produce with other than semi-

automatic approaches, why many studies still use less data hungry statistical

and probabilistic methods [72, 73].
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In a Twitter benchmark evaluation in 2018, Zimbra et. al [73] conclude

that very few models, both academic and commercial, achieve better than 70%

accuracy on average across five popular English twitter benchmarks with three

classes. Despite in-domain training the best performance recorded was 77%

accuracy, with a positive, negative and neutral recall of 0.67, 0.51 and 0.86

respectively [73]. The precision of the model was not reported and the results

were achieved on a data set with 24% positive, 11.1% negative and 64.9% neutral

tweets. The five data sets used in their studies ranged from 3500 to 5000 tweets

with a skewed class distribution of 48% to 73% neutral tweets and as few as 9%

to 17% negative [73]. The best performing model on average, across all data sets,

achieved 71.4% accuracy and was one of two that passed the 70% mark. It can

therefore be argued that the relatively high neutral class recall in part explains

the overall high accuracy. The best performing model, called Webis, consisted

of an ensemble of four separate models, one SVM; one maximum-entropy model

and two lexicon-based models, where the final classification was determined by

averaging the probability score, per class, for each of the models [23].

As mentioned, sentiment analysis in Swedish has seen very little research,

and sentiment analysis on Swedish Twitter data is no exception [39, 35]. At-

tempts have been made by using non-Swedish models for annotating data, but

to our knowledge, no study to date uses purely Swedish resources or models

trained on purely Swedish corpora to create a sentiment classification model for

Twitter data.

1.2 Research definition

As described above, there is a shortage on publicly available non-English senti-

ment classification resources. In order to produce sentiment classification models

for non-English languages, English resources are most often used, either when

creating an annotated data set or when conducting the classification itself. Us-

ing semi-automatic annotation methods is a crude but cheap and convenient

method that is often employed, but one that may introduce a high-polarity bias
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in the data. All Swedish research on sentiment analysis to date use English

resources on way or the other. This thesis addresses the lack of knowledge in

this area by implementing a sentiment classification model based on manually

annotated Swedish Twitter data, using popular English best practices. The

performance of the model is studied using different methods for pre-processing,

data sampling and text representation in research in order to provide thorough

comparisons between English and Swedish resources. For further context, the

produced model is compared with a popular domain-independent commercial

sentiment classifier.

1.3 Disposition

The remainder of this thesis starts with defining relevant theoretical concepts in

section 2, where machine learning and relevant classification models are intro-

duced, as well as how to work with text data and which metrics are appropriate

for the task at hand. In section 3 the data set, tools and how the data was pro-

cessed are presented along with some limitations of the study, followed by the

results in section 4. Section 5 discusses the results and relates them to relevant

research, followed by section 6 which details how future research can build on

the work in this thesis. Finally, section 7 summarizes the study and presents all

relevant conclusions.
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2 Theory

2.1 Machine learning & classification

Machine learning can be described as the scientific study of the algorithms and

statistical models used by computers to perform tasks they were not explicitly

programmed for, relying instead on inference and patterns. Machine learning

algorithms learn patterns and build statistical models based on training data

and applies the model to previously unseen data in order to make a prediction

or classification. Overall there are two main disciplines in machine learning,

namely supervised and unsupervised learning. Supervised machine learning

problems are problems where each training input is associated with a known

corresponding target output, whereas unsupervised machine learning has no

known target output. Tasks where a model is trained to assign a given input a

discrete predefined category are called classification problems. [7]

2.2 Classification models

2.2.1 Multinomial logistic regression

Multinomial logistic regression is a classification method that generalizes the

binary classifier logistic regression to multi-class problems. Multinomial logistic

regression attempts to calculate the posterior probabilities of the K classes via

linear functions of the input features, x, as seen in equation 1. The weights, βi,

are usually estimated using maximum likelihood. [59]

P (K|x) =
1

1 +
∑K−1
`=1 exp(β`0+βT

` x)
(1)

2.2.2 Decision tree

A decision tree is a tree-based approach where, at each node, the feature space

is split using different methods that maximize the information gained at that

split. A simple example can be seen in figure 1 with two input features, height

and weight and two classes, male and female. A decision tree can be used to

8



either predict a continuous variable, in which case it is called a regression tree,

or to predict a class, in which case it is called a classification tree [10].

Figure 1: An example classification tree with two input features and two classes

When deciding on which feature to split, the two most common approaches use

either the GINI-impurity or Entropy. Given a set with J distinct classes, where

i ∈ {1, ..., J} and pi is the fraction of data points labeled with class i, equation

2 is used to calculate the GINI-impurity and equation 3 is used to calculate the

entropy, often referred to as the information gain.

GINI-impurity =

K∑
i=1

pi(1− pi) (2)

Entropy = −
K∑
i=1

pi log2 pi (3)

However, the larger the tree, the more complex the model and the more prone

to overfitting it becomes. Overfitting entails that the model fits too well to the

training data, becoming biased towards that particular data set while loosing

generalizability. A too small tree, however, can miss important structures in

the data. In practice, a classification tree is usually grown very deep initially,
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and then pruned with respect to misclassification rate in order to reduce model

complexity. [59]

2.2.3 Random forest

A random forest consists of an ensemble of decision tress, using a majority

vote over all its classification trees to perform the final classification [8]. What

separates random forest from simply being multiple classification trees are some

inner workings of the algorithm itself. Firstly, random forest uses bagging, short

for bootstrap aggregating, which is a meta-algorithm that improves stability

while lowering variance in ensemble machine learning algorithms [8, 36]. Given

an input data set S of size n, bagging generates m new bootstrap samples Si

of size n′ by randomly sampling data points from S with replacement, that is

without removing selected samples from S. Note that duplicates occur in Si.

Then, m classification trees are grown.

Secondly, random forest uses random selection of features, often referred

to as feature bagging. By randomly sampling features with replacement an

ensemble of de-correlated trees can be grown, where each tree does not over-

focus on features that are particularly predictive in the training set in order to

increase generalizability [9, 25]. In addition, random forests are known for their

ability to perform well in cases where the feature space is much larger than the

number of observable samples [5].

2.2.4 Support-vector machine

Given a set of n data points {( ~x1, y1), ..., ( ~xn, yn)} consisting of an input vector

~x with p number of features, and an output target y ∈ {1, ...,m}, where m is the

number of possible classes a support vector is a (p−1)-dimensional hyperplane,

or a set of hyperplanes, that separate the input data points with respect to its

classes, y, while maximizing the distance, known as the margin, between the

datapoints, ~x, and the hyperplane [59]. Once the support vector is created, new

data is classified based on which side of the dividing hyperplane the sample’s
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vector is fit.

A hyperplane, however, is a linear subspace of ~x and can therefore only

separate the data into a linearly separable feature space. In order to use a

support vector to separate nonlinear data, the kernel trick is applied [59]; the

kernel trick introduces such a feature space by implicitly mapping the training

data into a higher dimensional space where the data is linearly separable, using

nonlinear kernel-functions [26]. There are multiple nonlinear kernel functions

mentioned in the literature and [28] states that the best approach in deciding

which to use is by trial and error. In general, using a linear kernel is much

faster whereas a nonlinear kernel usually has better accuracy. Keerthi et al.

[32] call the linear kernel a ”degenerate” version of the popular Radial Basis

Function, RBF, kernel, which, when properly tuned, always outperforms the

linear version. However, the RBF kernel is much more complex in relation to

the number of features and inference may be much slower than with a linear

kernel. In addition, [28] concludes that if the feature space is large, mapping

the data to a higher dimensional space, like the RBF kernel, may not be needed

and that a linear, faster, kernel function may be ”good enough”.

2.3 Working with text

Working with text and machine learning while ensuring that the text is repre-

sented in way that does not loose any information is a difficult problem [31].

Machine learning models cannot deal with raw, written text and require some

sort of suitable representation as input. While there are many different repre-

sentation schemes, the following are the most common ones.

2.3.1 Bag of Words

One common approach is using the Bag of Words, BoW, method. BoW is based

on the naive Bayes assumption, that is that the occurrence of certain words are

conditionally independent of the previous or following words [31]. BoW only

includes information weather a word is present or not in a sentence, for instance
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giving the word ”love” as much importance irregardless of its position in the

sentence. For the two example sentences ”The dog jumps over the pond” and

”The cat jumps over the fence”, a vocabulary containing each unique word is

constructed:

[the, dog, jumps, over, pond, cat, fence]

.

The sentences can then be represented as a vector with the count of each word

in the vocabulary in its corresponding position:

[2,1,1,1,1,0,0]

[2,0,1,1,0,1,1]

2.3.2 N-grams

An n-gram is a representation that ’remembers’ the n−1 previous words, where

unigrams, bigrams and trigram are all common. The representation itself is not

different from that of the BoW approach - it is still represented as a vector with

frequencies - but the vocabulary is created by looking at n − 1 words. A bi-

gram approach of the two example sentences above would create the vocabulary

[the dog, dog jumps, jumps over, over the, the pond, the cat, cat jumps, the fence]

with the corresponding input vectors:

[1,1,1,1,1,0,0,0]

[0,0,1,1,0,1,1,1]
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However, as the vocabulary size increases, the input vector becomes increasingly

sparse and more computationally complex.

2.3.3 Word embedding

As the underlying training data and the high-dimensional input grows, the

model complexity increases making very large models computationally unfeasi-

ble. By using unsupervised learning Mikolov et. al [43] introduced a technique

for learning ”high-quality word vectors from huge data sets with billions of

words, and with millions of words in the vocabulary”.

In essence the technique assigns each gram, be it unigram or any n-gram,

a vector of d random numerical values. When training it parses a huge corpus

and directly employs the distributional hypothesis and maximizes the cosine

similarity3 between grams that appear in similar context. It has been shown

that Mikolov’s ’Word2Vec’, as it is called, for instance, can capture semantic

similarities between words such that

w2v(king)− w2v(man) + w2v(woman) ≈ w2v(queen)

where w2v(gram) is the embedding of the word ’gram’ after training [43]. Trans-

forming high-dimensional n-gram input vectors into continuous vectors have

multiple advantages. Besides producing a more computationally efficient word

representation, the possibility to cluster similar words together can make clas-

sifying previously unseen words easier.

2.3.4 Annotating data

When annotating data manually the subjectivity of annotators unavoidably

influence their perception of what is negative or positive. Sentences that are

perceived as negative by one person might be interpreted as positive or neutral

by another due to different views and opinions regarding certain topics [50].

3Cosine similarity is a meassure of the cosine angle of the inner product space between two
vectors
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A popular measure of the inter-agreement of annotators is the Fleiss’ Kappa

[39, 56]. Fleiss’ Kappa is a measurement between 0 and 1 that denotes the

reliability of agreement between a fixed number of annotators. Fleiss’ Kappa,

κ, in short, is the fraction of the degree of agreement and degree of possible

agreement [20]. κ = 1 denotes complete agreement and κ ≤ 0 no agreement. In

table 1 Fleiss’ Kappa and its interpretation can be observed.

κ Degree of agreement

≤ 0 Poor

0.01 - 0.20 Slight

0.21 - 0.40 Fair

0.41 - 0.60 Moderate

0.61 - 0.80 Substantial

0.81 - 1.00 Almost perfect

Table 1: Fleiss’ Kappa and its interpretation

2.4 Evaluation metrics

Defining metrics to use when evaluating a model for classification is necessary

for comparisons with other methods and determining what configurations are

suitable. In sentiment analysis, the error rate and accuracy measures are the

two most frequently used in the literature, that is the percentage of missclas-

sifications and correct classifications respectively [27, 29, 30, 57, 73]. The two

describe the classification performance of the model and are interchangeable as

error rate% = 100 - accuracy%. Though error rate and accuracy are widely

used for evaluating and comparing models, they are not very descriptive as they

do not make any distinction between different types of errors [18, 61, 39].

2.4.1 Confusion matrix

A confusion matrix provides more in-depth characteristics of the model and what

type of errors it makes. In table 2 there is a confusion matrix for a hypothetical
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sentiment classification problem, where there are three classes; positive, neutral

and negative with 17 samples in each class. The correct classifications, marked

in green, can be found along the diagonal. In this example, 12 of the 17 positive

class samples were accurately classified as positive, whereas four were classified

as neutral and one as negative.

Predicted class

Class Positive Neutral Negative

Observed

class

Positive 12 4 1

Neutral 3 9 5

Negative 2 5 10

Table 2: A confusion matrix with three classes showing the relationship between
prediction and observed classes.

A confusion matrix for a binary classification problem, that is deciding whether

a sample belongs to a class or not, can be seen in table 3, where the problem

is determining whether or not a sample belonged to the positive class or not.

Again, the correct classifications can be found in green along the diagonal.

Predicted class

Class Positive Non-positive

Observed

class

Positive True positive (TP) False negative (FN)

Non-positive False positive (FP) True negative (TN)

Table 3: A binary confusion matrix for the positive class.

There is a lot of information about model performance that can be found in the

confusion matrices but they also give rise to other even more in-depth metrics:

Precision:

Precision can be described as the ratio between the number of correctly classified

samples belonging to class X and the number of predictions that a sample

belongs to class X, as seen in equation 4. In the multi-class problem in table

15



2, precision for the positive class is the amount of correctly classified positives,

over the sum of all positive-class predictions, which is 12
12+3+2 .

Precision =
TP

TP + FP
(4)

Recall:

Recall, or sensitivity, is the metric describing the ability to identify and classify

all samples belonging to a certain class correctly. If the precision metric de-

scribes how often we are correct when classifying a sample as belonging to class

X, recall describes how much of class X we manage to identify as belonging to

class X, as seen in equation 5. In the multi-class problem in table 2, the recall

is 12
12+4+1

Recall = Sensitivity =
TP

TP + FN
(5)

F-score:

F-score is the harmonic average of both precision and recall, weighted using a

scalar, β, to favour whichever metric is more appropriate for the model, seen

in equation 6 [54]. The F-score is evenly balanced when β = 1 and favours

precision when β > 1. Due to the relevance and importance of both precision

and recall in sentiment classification tasks, the F-score metric has seen wide

adoption because of its ability to combine the two measures [69, 52].

F-score =
(β2 + 1) ∗ precision ∗ recall
β2 ∗ precision+ recall

(6)
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3 Method

In this section the choice of classification models, the data set and how it was

annotated as well as the tools used and the general workflow are presented. Ini-

tially the classification models and all software and hardware used are detailed,

followed by a description of the data set and the annotation process. Secondly,

the general workflow applied when building the classifiers and each of the steps

taken are presented in detail. Lastly the process of evaluating and comparing

the classifiers is presented, as well as some sources of error and limitations of

the thesis.

3.1 Classification models

Four machine learning sentiment classifiers are studied in this thesis. Two dif-

ferent support vector machines are used due to their prominence in research

and documented performance; one with a linear and one with a nonlinear RBF

kernel, with documented good results on Swedish sentiment classification tasks

[39]. The reason for employing both a linear and nonlinear kernel is due to

the fact that the nonlinear always outperform the linear one, but given a large

enough feature space an RBF kernel might be too complex and mapping the

data to a higher dimension unnecessary. Another popular model in research,

random forest, is also implemented due to its ability to adapt to large feature

spaces in relation to the number samples [5, 61]. Lastly, a baseline model com-

monly used in sentiment analysis, multinomial logistic regression, is used [67].

The above classification models are studied in relation to Microsoft’s Cognitive

API for general-domain sentiment analysis.

3.2 Tools

Creating the software described in this thesis, all code was written in the Python

programming language. Python is a high-level general-purpose programming

language extensively used in machine learning applications in both research
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Figure 2: Labelled tweets class distribution

and industry due its mature ecosystem and many scientific libraries [47]. Several

Python third-party libraries were used during this thesis. For pre-processing and

data handling Numpy [13] and Pandas [14] were used together with the Python

module Natural Language Toolkit, NLTK [6]. NLTK contains many common

methods for dealing with text data that speeds up the development process. Sci-

kit learn, a third-party machine learning library, was used for modelling along

with TensorFlow, an open-source data flow library [1, 47]. All computations

were done on an Intel i7-3687U 2.1GHz CPU with 8GB of RAM running Ubuntu

18.04.

3.3 The data set

The data set consists of 4 million Swedish tweets and was gathered using Twit-

ter’s API. Three separate human annotators annotated randomly selected tweets

individually as either negative, neutral or positive. In total 12085 tweets were

labelled in the annotation process, the distribution of which can be seen in figure

2.

In order to establish the order of agreement between the annotators, 500

tweets were randomly chosen from the data set which each of the annotators

18



Class Sample tweets

Positive

En av världens vackraste kyrkor

Lysekils stolthet! Och en av mina favorit

utsikter #kyrka http://link.com

Johan Kihlblom FÖRLÄNGER m ytterligare

tv̊a säsonger. Perfekt&ladda upp m inför

semifinal 1 om bara 3 timmar! http://link.com

@person Utmärkt serie.

Neutral

@person Min polare gjorde om ditt intro,

vad tycker du? http://link.com

@person Varför är han en pajas?

Du f̊ar gärna utveckla detta.

@person Det är andra tider nu när SD

mest best̊ar av gamla socialdemokrater.

Negative

Gabriel misshandlades pga st̊ar upp för

homosexuella http://link.com

Allts̊a helt plötsligt är det okej att sitta

och spela musik p̊a mobilhögtalare i

kommunaltrafiken? Kl 05:30?

Hatar alla utom er s̊ååa mkt.

Table 4: Three sample tweets per sentiment class

annotated independently. Fleiss’ Kappa was found to be 0.35, denoting ”Fair

agreement” [20].

3.3.1 Inspecting the data

Getting acquainted with the data is important when working with machine

learning, as domain knowledge may be crucial to tuning the model appropriately

[7]. To get an understanding of what tweets belonging to different classes looked

like the data was inspected manually. In table 4 three sample tweets, with

twitter ID handles and links anonymized, from each class are presented in order

to provide more context for discussions in the following sections.

Twitter data is highly informal with respect to both grammar and word-
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ing, but in particular to spelling. Hence, variations in spelling that could be

easily handled in the cleaning phase were identified and documented. For in-

stance, the use of slashes and dashes varied greatly between different authors,

the handling of which is further explained in section 3.5.2.

3.4 Workflow

As earlier mentioned, multiple classifiers and their performance depending on

the level of pre-processing, data sampling and text representation are studied.

Guaranteeing comparability between the various model settings, a general work

flow was established. For each of the classifiers studied, the following overall

approach was taken, where each of the individual components are described in

depth in the following sections.

1. Pre-processing of tweets.

2. Classifier evaluation.

3. Classifier comparison.

3.5 Pre-processing tweets

In this phase the data is processed with respect to three separate parameters.

Firstly, the imbalance of the data is dealt with using different sampling methods.

Secondly, the data is cleaned in accordance with relevant research and best

practices, primarily using the work of [31], further detailed in section 3.5.2.

Lastly, how the data is presented to the classifier is addressed. In essence, pre-

processing the gathered data consists of the following steps, each of which is

presented in the following sections.

1. Data sampling.

2. Data cleaning.

3. Text representation.

20



3.5.1 Data Sampling

In this step, the distribution of the data is further studied. Skewed class distri-

butions can cause algorithmic bias when building machine learning models, in a

sense overfitting to one of the classes. For instance, a typical algorithmic bias ex-

ample is the so-called dummy classifier [34]. One version of the dummy classifier

identifies the majority class in a skewed data set and simply constructs a model

that classifies everything as belonging to that class. Using the data presented

in figure 2, the dummy classifier would achieve greater than 50% classification

accuracy as the data set consists of more than 50% neutral tweets. Usually

algorithmic biases are not as easily identified as with the dummy classifier but

the intuition is similar.

To lower the risk for algorithmic bias, the classes were balanced using

two variations of the synthetic minority over-sampling technique, SMOTE [12].

SMOTE is a popular method for balancing data sets with respect to class dis-

tribution. The first method used random under-sampling, that is randomly

extracting tweets from each non-minority class to match the amount of tweets

from the minority class. The second method used both random under-sampling

and random over-sampling, a version of SMOTE popular when dealing with text

data [12, 58]. By under-sampling majority classes and over-sampling minority

classes, the second method creates a balanced data set but with the occurrence

of random duplicates in the minority classes. Using the two methods, the two

data sets described in figure 3 are created, which are used throughout this thesis.

3.5.2 Data cleaning

Cleaning the tweets consisted of multiple steps, each of which either removing

or transforming the data. The cleaning process is illustrated in figure 4 and

further detailed in this section.

Tokenization
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(a) Under-sampled data set (b) Under- and over-sampled
data set

Figure 3: Class distributions of one under-sampled and one under- and over-
sampled data set, illustrating how each class contributes to the generated data
set.

The first step of cleaning and preparing the data for the machine learning models

consisted of tokenizing the text data. Tokenization is the process of separating

words from each other, splitting the text on each white space creating a list

where each element consists of some sequence of characters, considered as words

even if some are not part of any language [31]. This is done to be able to process

each word individually.

Text normalization

The second step in pre-processing was normalizing the data. This was accom-

plished by turning all characters into lowercase characters, stripping away white

space padding and replacing URL links, hashtags and Twitter ID handles with

the meta words < URL >, < HASHTAG > and < ID >, as in [15, 60].

Though the replacement might affect performance, as information is removed

from the tweet, it is not thoroughly studied in the literature as a bias towards

certain Twitter ID handles or frequently used hashtags is considered more dam-

aging. The meta words, however, are useful as language may vary depending on

whether a person or web domain is mentioned so it is important to keep some

parts of the initial information.
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Tokenization

Text normalization

Reduce word length

Pad common tokens

Remove non-
alphanumerical characters

Stemming?
Stop-word
removal?

Figure 4: Flowchart showing the data cleaning process

Additionally, it is not uncommon for tweets to contain multiple hashtags

or Twitter ID handles in sequence, in which case the sequence was replaced with

only one meta word.

Reduce word length

Due to the informality of the language used on Twitter, it is not unusual that

tweets contain words where one or more characters are repeated for emphasis,

such as ”s̊åååa bra” instead of ”s̊a bra”. In Swedish there are no words contain-

ing characters appearing more than two times in a row, why all those sequences

are reduced to only contain two characters. In the example above, ”s̊åååa bra” is

reduced to ”s̊åa bra”, which still is not accurate. However, it limits the possible

variations of the word ”s̊a” to two, which reduces model complexity.
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Pad common tokens

As earlier mentioned, variations on how both dashes and slashes are used was

found which prompted the use of a small dictionary, containing similar char-

acters that does not affect sentence context but word sequence. Since Twitter

only allows 240 characters per tweet, many tweet authors have reduce their

tweet lengths by removing white spaces around ampersands and similar char-

acters, for instance. Hence, comparable tokens or characters are padded with

white space to ensure that separate words are not mistaken for one word when

creating the vocabulary, further explained in 3.5.3.

Remove non-alphanumerical characters

In this step, all non-alphanumerical characters are removed in order to reduce

model complexity, as is common in literature [31, 39, 56]. Initial tests were

run to test whether keeping numbers affected performance. It was found that

removing numbers affected performance negatively, why they were left in the

data.

Stemming and stop-word removal

Stemming is the process of reducing the number of word inflections present in the

data [31]. For instance, ”jägaren”, ”jägarens” and ”jägarna” are all inflections

of the same word, ”jägare”. For stemming, the NLTK library and its built-in

stemmer for the Swedish language is used. Using the stemmer on the above

example, the three variations are all stemmed to ”jägar”.

Stop-words are words that have no lexical meaning but provide gram-

matical relationships between words within a sentence [31]. For instance, ”ju”,

”dess” and ”s̊adan” are typical Swedish stop-words that satisfies the above. The

NLTK library includes a list of common stop-words for a variety of languages,

including Swedish, which is used to identify and remove stop-words from the

data.
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Many studies conclude that both stemming and removing stop-words

can increase model performance but there are studies that achieve competitive

performance with neither [15, 31, 39, 56]. After initial tests on a fast linear SVM,

the best results were observed with neither, why the level of pre-processing in

terms of stemming and stop-word removal was considered as model settings,

further discussed in section 3.6.

3.5.3 Text representation

While pre-processing text data is paramount for sentiment classifiers, how to

represent and present the text data to the classification model is equally impor-

tant. Several different types of numerical representations were investigated in

this thesis, including the bag-of-words approach with both uni- and bi-grams

as well as word embeddings using the word2vec method, as described in section

3.5.4.

In order to feed the data to the classifiers a vocabulary was created for

the pre-processed text data. All unique grams were identified and stored in a

dictionary together with an index. Each tweet is converted to a vector of the

same size as the vocabulary, where each element represents the occurrence or

absence of a corresponding gram in the vocabulary. Each gram in the vocabulary

is therefore considered a feature, the amount of which depending on both data

sampling and level of pre-processing. In table 5 the amount of unique words in

the data sets are presented to give an overview of the features, which in part

determines classification model complexity; larger the vocabulary, greater the

model feature space.

3.5.4 Word embeddings

Learning word embeddings is done in an unsupervised fashion, why labelled

data is not required [43]. All of the four million tweets are therefore used

in the training with unigrams as base words, using a larger vocabulary with

50000 words and an embedding dimension of 128 without stemming or stop-
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Data sampling
Level of

pre-processing
Unique words

Under-sampled

None 18764

Stemming 14123

Stop-word rem 18639

Both 14013

Under- &

over-sampled

None 19953

Stemming 14959

Stop-word rem 19828

Both 14713

Table 5: Number of unique words in each sampled data set, depending on level
of pre-processing and sampling method

word removal. As earlier mentioned, word2vec creates a random embedding for

each word and then modifies it in training, minimizing the distance to words

that appear in similar context. Using a larger vocabulary, the intuition is that

the model will be able to correctly classify previously unseen data, given that

similar words were present during training of the classifier. For instance, if the

words ”best” and ”better” are grouped together in the embedding space but

only best is present in the labelled training data, better will be treated similarly

by the classifier as the two words have similar embeddings. In table 6 there is

a sample of four words and their five closest neighbours (descending order) in

the embedding space.

3.6 Classifier evaluation

Due to time constraints, all parameter settings could not be extensively tested

on each of the various levels of pre-processing and text representation methods.

Optimal hyper parameters and other model settings were determined iteratively

and propagated to the next stage of parameter alteration. Initial tests were con-

ducted to determine the optimal hyper parameters for each of the classification

models using one setting with respect to data sampling, level of pre-processing

and text representation. The acquired hyper parameters were then used to de-
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Word Five nearest neighbours

mycket

mkt

m̊anga

jättemycket

ofta

massa

Sverige

Norge

Tyskland

Kina

USA

Europa

1

2

3

4

5

0

sämst

d̊aligt

uselt

jätted̊aligt

d̊alig

kass

Table 6: A sample of four words and their five closest neighbours in the embed-
ding vector space.

termine the optimal method for data sampling and level of pre-processing, using

unigrams as text representation. Once the optimal level och pre-processing and

method for data sampling were acquired, the different approaches to text rep-

resentation were studied. In the following list the different parameters and in

what order they were determined are listed.

1. Classification model hyper parameters.

2. Data sampling techniques and level of pre-processing.

3. Text representation methods.

27



When building and training the classification models, the data was split into a

test and training set consisting of roughly 10% and 90% of the data, respectively.

The test set was separated from the remaining data to be used for evaluation,

establishing a ground truth for all classifiers to be evaluated on equally. The

test set consisted of 1008 tweets with 336 tweets belonging to each class.

In training, ten-fold cross-validation was used, meaning that ten clas-

sifiers were built on 90% of the training data at a time and validated on the

remaining 10%. The validation results were averaged across all ten models and

a final model, using all training data, was built and tested on the test data.

To evaluate the models, classification accuracy, precision, recall and F-

score, with β = 1 to give equal importance to precision and recall, were used

throughout the thesis. Additionally, to understand the nature of what types

of tweets the classifiers struggled with as well as to try identify any algorith-

mic biases, confusion matrices were used together with manual inspection of

misclassified samples. In table 7, a scorecard containing all setting variations

apart from text representation can be found. When studying performance with

different levels of pre-processing and data sampling methods, one scorecard per

classifier was computed.
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Class

Metric Pos Neu Neg Avg Acc

No stemming,

No stop-word

removal

Under-

sampling

Precision

Recall

F-score

Under- &

over-sampling

Precision

Recall

F-score

Stemming,

No stop-word

removal

Under-

sampling

Precision

Recall

F-score

Under- &

over-sampling

Precision

Recall

F-score

No stemming,

stop-word

removal

Under-

sampling

Precision

Recall

F-score

Under- &

over-sampling

Precision

Recall

F-score

Stemming,

stop-word

removal

Under-

sampling

Precision

Recall

F-score

Under- &

over-sampling

Precision

Recall

F-score

Table 7: Example scorecard for one classifier and method of text representation.

3.7 Classifier comparison

Apart from comparing the various classification models with each other, the

models were compared with a commercial tool, Microsoft’s cognitive API for

sentiment analysis. When comparing classifiers all evaluation metrics mentioned

above were used. In addition, the non-functional metric inference time was con-
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sidered to provide a more general comparison from an application perspective.

3.8 Limitations

As with many supervised machine learning approaches the amount of labelled

data is crucial. The labelled data set consisted of 12085 manually labelled

tweets, a data set that would have been greater if not due to time constraints

as annotating data manually is time consuming.

Due to computational limitations, hyper parameter tuning was only con-

ducted once for each model, using all available data as described above. That

optimal parameter set was then used when with other setting variations, as

described section 3.6, removing the possibility of identifying other optimal pa-

rameter sets for different setting variations, which probably are present. Addi-

tionally, weighting was excluded from the scope of this thesis. Although previous

research has found that weighting schemes such as TF-IDF weighting can in-

crease performance, the documented performance boost is marginal and both

time and computational constraints made including another set of model pa-

rameters unfeasible [38].

Annotator subjectivity is a big limitation of this study and of great im-

portance for the validity and robustness of the model. Despite reaching ”fair

agreement” with a Fleiss’ Kappa of 0,35, the measurement is fairly low compared

to similar studies and disagreement between the annotators was not uncommon

[38, 40]. The classification models cannot perform better than the underlying

data and while some noise might benefit the model, much noise can create an

algorithmic bias towards the subjectivity of the annotators. Additionally, the

test data set was randomly selected from all labelled data. Optimally, the test

set would have been annotated by all annotators and labelled via majority vote

in order to establish a more robust and stable ground truth.
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4 Results

This section consists of five parts. In the first part the results from tuning

the classification models’ hyper parameters are presented, with the addition of

how the Microsoft classifier was constructed using the scores from their cogni-

tive API. The second part presents the results when varying the level of pre-

processing and method of data sampling, aggregating the different scores in

a more descriptive format. In the third part, the acquired hyper parameters

and model settings are evaluated on the different types of text representation

schemes. The results are summarized in the fourth part and the different classi-

fiers are compared using the relevant metrics. In the last part randomly selected

misclassifications of the best model produced are presented for context in future

discussion.

4.1 Hyperparameter tuning

Initial tests were run with each classifier in order to acquire the optimal hy-

per parameters for each classification model. During the initial tests, the set-

tings, with respect to level of pre-processing, text representation and data sam-

pling, were fixed, using neither stemming nor stop-word removal with the under-

sampled data set with unigrams as text representation.

4.1.1 SVM

Linear kernel

Using a linear kernel, there is only hyper parameter to tune; C, the regularization

parameter, determines how big the margin separating the hyperplane from the

training data should have. In general, higher the C, less the training error but

higher the risk for overfitting. In figure 5, a variety of C parameters are tested

using 10-fold cross-validation. Both highest training and test accuracy were

achieved using C = 1.
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Figure 5: Linear SVM hyperparameter tuning with cross-validation.

RBF kernel

Using an RBF kernel, there are two hyper parameters to tune, C and gamma.

The C parameter serves the same purpose as with the linear SVM, whereas the

gamma parameter determines how far a single sample influences the separating

hyperplane. The smaller the gamma, the less the distance to the hyperplane

determines a samples influence. In figure 6 the results of varying the C and

gamma parameters with an RBF kernel, using ten-fold cross-validation, are

presented. The parameters C = 15 and gamma = 0.01 achieved both best

training and test results.
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Figure 6: SVM with an RBF kernel hyperparameter tuning with cross-
validation.

4.1.2 Random forest

In a random forest classification model, the two main hyper parameters to tune

is the number of estimators - the number of decision trees to use in the ensemble

- and how deep a tree is allowed to grow. In figure 7 the training accuracy using

10-fold cross-validation is presented using the GINI-impurity. Using more than

1000 estimators and trees deeper than 50 was found to overfit to the training

data. The optimal hyper parameters was found to be 1000 estimators and a

maximum tree depth of 50.
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Figure 7: Random forest hyperparameter tuning with cross-validation.

4.1.3 Multinomial logistic regression

Multinomial logistic regression has only one parameter, the cost parameter C,

to tune. As with many of the classifiers above, C serves as a regularization

parameter where larger values fit better to the training data but risk overfitting.

In figure 8 the training accuracy, using ten-fold cross-validation, is presented

when varying the cost parameter. Optimal parameter value was found to be

C = 2.
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Figure 8: Multinomial logistic regression hyperparameter tuning with cross-
validation.

4.1.4 Microsoft’s cognitive API

Microsoft’s cognitive API accepts text and returns a score between 0 and 1,

denoting how positive the text is. In order to turn the score into a classification,

all labeled training data was scored using the API. Using the scores, a simple

algorithm was formulated to find the optimal subset of [0, 1] that maximizes

the classification accuracy on the labelled data. The optimal subset, S = [t, r],

was found to be S = [0.484, 0.636], creating the classification algorithm seen in

equation 7.

classification(score) =


Positive if score > r

Neutral if score ∈ S

Negative if score ≤ t

(7)
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4.2 Data sampling and level of pre-processing

After establishing the optimal classification model hyperparameters, the levels

of pre-processing and the two data sampling methods were studied. Using the

bag-of-word approach with unigrams, each classifier was evaluated with the

different parameters, the results of which are presented in tables 8, 9, 10 and 11

with the best observed results in bold.
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Class

Metric Pos Neu Neg Avg Acc

No stemming,

No stop-word

removal

Under-

sampling

Precision 0.65 0.54 0.58 0.59

Recall 0.67 0.54 0.56 0.59 58.9%

F-score 0.66 0.54 0.57 0.59

Under- &

over-sampling

Precision 0.78 0.60 0.66 0.68

Recall 0.74 0.62 0.68 0.68 68.2%

F-score 0.76 0.61 0.67 0.68

Stemming,

No stop-word

removal

Under-

sampling

Precision 0.68 0.46 0.63 0.59

Recall 0.67 0.55 0.53 0.58 58.4%

F-score 0.67 0.50 0.58 0.59

Under- &

over-sampling

Precision 0.72 0.57 0.70 0.66

Recall 0.72 0.59 0.67 0.66 66.1%

F-score 0.72 0.58 0.68 0.66

No stemming,

stop-word

removal

Under-

sampling

Precision 0.57 0.50 0.71 0.59

Recall 0.63 0.56 0.56 0.58 59.4%

F-score 0.67 0.53 0.57 0.59

Under- &

over-sampling

Precision 0.69 0.56 0.69 0.65

Recall 0.73 0.57 0.64 0.65 64.8%

F-score 0.71 0.57 0.66 0.65

Stemming,

stop-word

removal

Under-

sampling

Precision 0.66 0.53 0.59 0.59

Recall 0.69 0.53 0.57 0.59 59.4%

F-score 0.68 0.53 0.58 0.59

Under- &

over-sampling

Precision 0.72 0.58 0.71 0.68

Recall 0.75 0.55 0.70 0.67 66.8%

F-score 0.73 0.56 0.71 0.67

Table 8: Performance using a linear kernel, varying method of data sampling
and level of pre-processing
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Class

Metric Pos Neu Neg Avg Acc

No stemming,

No stop-word

removal

Under-

sampling

Precision 0.72 0.49 0.60 0.60

Recall 0.65 0.58 0.55 0.60 60.1%

F-score 0.70 0.53 0.56 0.61

Under- &

over-sampling

Precision 0.83 0.52 0.70 0.70

Recall 0.71 0.65 0.69 0.69 70.9%

F-score 0.79 0.57 0.69 0.70

Stemming,

No stop-word

removal

Under-

sampling

Precision 0.70 0.52 0.69 0.64

Recall 0.69 0.63 0.57 0.63 62.8%

F-score 0.70 0.57 0.62 0.63

Under- &

over-sampling

Precision 0.79 0.54 0.71 0.68

Recall 0.72 0.63 0.67 0.67 67.2%

F-score 0.75 0.58 0.69 0.68

No stemming,

stop-word

removal

Under-

sampling

Precision 0.67 0.53 0.59 0.60

Recall 0.63 0.60 0.56 0.59 59.8 %

F-score 0.65 0.56 0.58 0.59

Under- &

over-sampling

Precision 0.78 0.55 0.70 0.68

Recall 0.70 0.65 0.66 0.67 67.0%

F-score 0.74 0.60 0.68 0.67

Stemming,

stop-word

removal

Under-

sampling

Precision 0.75 0.52 0.66 0.64

Recall 0.67 0.66 0.56 0.63 62.8%

F-score 0.70 0.58 0.61 0.63

Under- &

over-sampling

Precision 0.76 0.57 0.71 0.68

Recall 0.72 0.63 0.68 0.67 67.4%

F-score 0.74 0.60 0.69 0.68

Table 9: Performance using an RBF kernel, varying method of data sampling
and level of pre-processing
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Class

Metric Pos Neu Neg Avg Acc

No stemming,

No stop-word

removal

Under-

sampling

Precision 0.63 0.48 0.54 0.55

Recall 0.59 0.51 0.54 0.54 54.2%

F-score 0.61 0.49 0.54 0.54

Under- &

over-sampling

Precision 0.69 0.57 0.61 0.63

Recall 0.68 0.61 0.60 0.64 63.3%

F-score 0.68 0.61 0.61 0.64

Stemming,

No stop-word

removal

Under-

sampling

Precision 0.71 0.49 0.60 0.60

Recall 0.58 0.60 0.58 0.59 58.5%

F-score 0.64 0.54 0.59 0.59

Under- &

over-sampling

Precision 0.79 0.50 0.72 0.68

Recall 0.62 0.67 0.65 0.65 64.9%

F-score 0.70 0.58 0.68 0.66

No stemming,

stop-word

removal

Under-

sampling

Precision 0.77 0.46 0.56 0.60

Recall 0.51 0.67 0.48 0.56 55.7%

F-score 0.61 0.54 0.52 0.56

Under- &

over-sampling

Precision 0.83 0.57 0.66 0.64

Recall 0.60 0.73 0.55 0.62 62.0%

F-score 0.69 0.58 0.60 0.63

Stemming,

stop-word

removal

Under-

sampling

Precision 0.79 0.47 0.65 0.64

Recall 0.56 0.71 0.52 0.60 59.8%

F-score 0.66 0.57 0.58 0.60

Under- &

over-sampling

Precision 0.81 0.52 0.70 0.67

Recall 0.66 0.65 0.62 0.64 64.0%

F-score 0.72 0.57 0.64 0.64

Table 10: Performance using random forest, varying method of data sampling
and level of pre-processing
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Class

Metric Pos Neu Neg Avg Acc

No stemming,

No stop-word

removal

Under-

sampling

Precision 0.70 0.49 0.56 0.58

Recall 0.66 0.54 0.55 0.57 57.5%

F-score 0.67 0.52 0.55 0.58

Under- &

over-sampling

Precision 0.70 0.61 0.68 0.65

Recall 0.74 0.60 0.66 0.65 65.1

F-score 0.71 0.61 0.67 0.65

Stemming,

No stop-word

removal

Under-

sampling

Precision 0.67 0.54 0.66 0.62

Recall 0.73 0.57 0.57 0.62 62.1%

F-score 0.70 0.55 0.61 0.62

Under- &

over-sampling

Precision 0.74 0.53 0.69 0.66

Recall 0.72 0.54 0.66 0.63 63.9%

F-score 0.71 0.52 0.66 0.64

No stemming,

stop-word

removal

Under-

sampling

Precision 0.66 0.55 0.60 0.60

Recall 0.68 0.57 0.55 0.60 60.1%

F-score 0.67 0.56 0.57 0.60

Under- &

over-sampling

Precision 0.75 0.56 0.69 0.67

Recall 0.73 0.60 0.67 0.66 66.0%

F-score 0.74 0.57 0.66 0.66

Stemming,

stop-word

removal

Under-

sampling

Precision 0.68 0.48 0.60 0.59

Recall 0.67 0.55 0.53 0.58 58.3%

F-score 0.67 0.51 0.57 0.58

Under- &

over-sampling

Precision 0.72 0.57 0.69 0.66

Recall 0.75 0.58 0.66 0.66 65.8%

F-score 0.74 0.57 0.67 0.66

Table 11: Performance using multinomial logistic regression, varying method of
data sampling and level of pre-processing

All classifiers achieved best result when using the under- and over-sampling

method, including as much data in training as possible. Figure 9 provides a

more concise illustration of the best performing classifiers using the F-score

while varying the level of pre-processing.
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Figure 9: Best performing classifiers with respect to F-score while varying level
of pre-processesing

4.3 Text representation

Testing three separate methods for representing the text data, the optimal clas-

sifier settings acquired in the previous sections were used. In table 12, the results

using unigrams are presented. Using bigrams instead of unigrams, the number of

unique grams grows significantly. For instance, with under- and over-sampling

and neither stemming nor stop-word removal, which achieved best results with

the SVMs in the previous section, the number of unique bigrams in the data set

was 79589. Due to computational limitations, all bigrams could not be included

in the vocabulary, why two tests were conducted using different feature sizes.

The first one, presented in table 13, used the most frequent 20000 unique bi-

grams as features, whereas the second, presented in table 14, used 30000. More
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than 30000 could not be tested as the data set would not fit in memory.

With the word2vec representation method a vocabulary of 50000 unique

unigrams was used. The word2vec model was too computationally complex

to learn different embeddings, varying both vocabulary and embedding size,

why the embeddings were only learned once, using all available data without

stemming or stop-word removal. In total there were 1882404 unique words or

sequences of characters, treated as words. In table 15, the results using the

word2vec text representation method are presented. Lastly, in figure 10, the

F-scores of each classifier are presented in a comparative figure.

Class

Metric Pos Neu Neg Avg Acc

SVM linear

Precision 0.78 0.60 0.66 0.68

Recall 0.74 0.62 0.68 0.68 68.2%

F-score 0.76 0.61 0.67 0.68

SVM RBF

Precision 0.83 0.52 0.70 0.70

Recall 0.71 0.65 0.69 0.69 70.9%

F-score 0.79 0.57 0.69 0.70

Random forest

Precision 0.79 0.50 0.72 0.68

Recall 0.62 0.67 0.65 0.65 64.9%

F-score 0.70 0.58 0.68 0.66

Multinomial

logistic regression

Precision 0.72 0.57 0.69 0.66

Recall 0.75 0.58 0.66 0.66 66.0%

F-score 0.74 0.57 0.67 0.66

Table 12: Best model performance recorded using unigrams.
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Class

Metric Pos Neu Neg Avg Acc

SVM linear

Precision 0.69 0.53 0.66 0.63

Recall 0.64 0.64 0.57 0.62 61.8%

F-score 0.66 0.58 0.61 0.62

SVM RBF

Precision 0.78 0.50 0.71 0.66

Recall 0.49 0.82 0.48 0.60 60.4%

F-score 0.60 0.62 0.58 0.60

Random forest

Precision 0.85 0.47 0.62 0.65

Recall 0.31 0.91 0.42 0.55 54.9 %

F-score 0.45 0.62 0.50 0.52

Multinomial

logistic regression

Precision 0.69 0.53 0.69 0.64

Recall 0.63 0.64 0.61 0.63 62.6%

F-score 0.66 0.58 0.65 0.63

Table 13: Best performance recorded using bigrams with a vocabulary size of
20000

Class

Metric Pos Neu Neg Avg Acc

SVM linear

Precision 0.69 0.48 0.61 0.60

Recall 0.63 0.58 0.53 0.58 58.4%

F-score 0.66 0.53 0.57 0.59

SVM RBF

Precision 0.80 0.48 0.68 0.66

Recall 0.55 0.77 0.50 0.61 60.6%

F-score 0.65 0.59 0.58 0.61

Random forest

Precision 0.83 0.45 0.55 0.62

Recall 0.28 0.89 0.42 0.52 52.0 %

F-score 0.41 0.60 0.47 0.49

Multinomial

logistic regression

Precision 0.72 0.49 0.63 0.60

Recall 0.62 0.63 0.55 0.60 60.1%

F-score 0.67 0.55 0.58 0.60

Table 14: Best performance recorded using bigrams with a vocabulary size of
30000
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Class

Metric Pos Neu Neg Avg Acc

SVM linear

Precision 0.64 0.48 0.55 0.56

Recall 0.63 0.50 0.55 0.56 56%

F-score 0.64 0.49 0.55 0.56

SVM RBF

Precision 0.71 0.54 0.62 0.62

Recall 0.71 0.50 0.66 0.63 62.6%

F-score 0.71 0.52 0.64 0.62

Random forest

Precision 0.60 0.46 0.54 0.53

Recall 0.56 0.43 0.61 0.54 53.5 %

F-score 0.58 0.44 0.57 0.53

Multinomial

logistic regression

Precision 0.64 0.48 0.52 0.55

Recall 0.61 0.50 0.53 0.55 54.8%

F-score 0.63 0.49 0.53 0.55

Table 15: Best performance recorded using word2vec with a vocabulary of 50000

Figure 10: Summary of classifier performance for the different text representa-
tion methods. 44



4.4 Classifier comparisons

In table 16, the performance of the best observed classifiers regardless of sam-

pling method, level of pre-processing and text representation are summarized

with the addition of the sentiment classifier based on Microsoft’s cognitive API.

Class

Metric Pos Neu Neg Avg Acc

SVM linear

Precision 0.78 0.60 0.66 0.68

Recall 0.74 0.62 0.68 0.68 68.2%

F-score 0.76 0.61 0.67 0.68

SVM RBF

Precision 0.83 0.52 0.70 0.70

Recall 0.71 0.65 0.69 0.69 70.9%

F-score 0.79 0.57 0.69 0.70

Random forest

Precision 0.79 0.50 0.72 0.68

Recall 0.62 0.67 0.65 0.65 64.9%

F-score 0.70 0.58 0.68 0.66

Multinomial

logistic regression

Precision 0.75 0.56 0.69 0.67

Recall 0.73 0.60 0.67 0.66 66.0%

F-score 0.74 0.57 0.66 0.66

Microsoft

Precision 0.57 0.41 0.57 0.52

Recall 0.59 0.48 0.46 0.51 51.0%

F-score 0.58 0.44 0.51 0.51

Table 16: Best performance recorded with each classifier.

Looking at the performance of the different classifiers, it is evident that

each model struggles with the neutral class. Across the board the neutral class

has much lower precision and recall, indicating that neutral tweets are more

ambiguous and more difficult to classify than positive or negative. In tables 17,

18, 19, 20 and 21, the confusion matrices for the best classifiers are presented.

The confusion matrices more clearly illustrate the story that the recall and

precision in table 16 tell. Although there are differences between the classifiers,

all models struggle with the neutral class one way or another.

While the RBF kernel achieves best results, it does so by being able
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to classify positive and negative tweets better than the other models. Despite

having highest average recall and precision, as seen in table 21, the results

within the neutral class is on par with, and sometimes even worse than, the

other classifiers. The linear kernel is second best overall but achieves superior

results in the neutral class, indicating that the main difference between the two

SVMs is that the RBF kernel creates a narrower nonlinear hyperplane around

the neutral class, whereas the linear, at the cost of performance in the positive

and neutral class, creates a larger subspace in which samples are classified as

neutral.

The random forest classifier has the lowest performance overall, apart

from the Microsoft classifier, in part explained by the low precision and high

recall in the neutral class. The confusion matrix in table 18 and classification re-

sults in table 16 confirm that the classifier is better at identifying neutral tweets

than any other classifier; mainly, however, because it classifies most tweets as

neutral. The baseline classifier performed unexpectedly well, especially with

bigrams as text representation scheme, outperforming all other classifiers. How-

ever, the results using bigrams are very inconsistent, most probably due to the

fact that the bigram vocabularies only used the 25-38% most frequent unique

grams, excluding many frequent word-patterns.

The sentiment classifier based on Microsoft’s cognitive API performed

surprisingly poorly, under-performing each classifier significantly. Although the

results were more consistent, struggling with each class and not only the neutral

one, the SVM with an RBF kernel classifier had more than 40% higher F-score.

This is most probably due to the fact that Microsoft’s cognitive API is a general-

domain sentiment analyzer, being able to analyze text of any kind whereas the

classifiers produced in this thesis are trained on Twitter data only.

Each of the different classifiers performed best with unigrams as method

of text representation. While bigrams can capture more complex variations in

word-patterns, the inability to include even half of the observed bigrams due to

memory limitations can be a possible explanation to the low results. Using the

word2vec text representation lowered model complexity significantly, but only
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the RBF kernel achieved results comparable with the other text representation

schemes. The reason the RBF kernel significantly outperforms the other models

when using word2vec may be due to the properties which [28] describe; the

feature space using unigrams is so large, the benefits of a nonlinear kernel may

be minimal, whereas with word2vec, the dimensionality is greatly reduced and

so the benefits of the RBF kernel become more apparent.

There are more to the classifiers than classification performance, though.

In table 22 the inference time for each classifier when classifying 1008 tweets

is listed. Though the RBF kernel had superior performance it is by far the

most complex model, inference taking more than 100 times that of the others.

This is a major draw-back of the RBF kernel from an application perspective.

The linear kernel was by far the fastest model, only rivaled by the baseline

model at just over twice the inference time. Although the classifier constructed

using Microsoft’s cognitive API may have been faster than recorded, using the

API includes sending HTTP requests to Microsoft’s servers which undoubtedly

incurs some overhead.

Predicted class

Class Pos Neu Neg

Observed

class

Pos 153 134 49

Neu 77 160 99

Neg 38 100 198

Table 17: Microsoft cognitive API classifier confusion matrix

Predicted class

Class Pos Neu Neg

Observed

class

Pos 207 107 22

Neu 58 228 50

Neg 19 115 202

Table 18: Random forest confu-
sion matrix

Predicted class

Class Pos Neu Neg

Observed

class

Pos 223 84 29

Neu 73 206 57

Neg 27 71 238

Table 19: Multinomial logistic
regression confusion matrix
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Predicted class

Class Pos Neu Neg

Observed

class

Pos 255 58 23

Neu 66 208 62

Neg 22 83 231

Table 20: SVM with a linear
kernel confusion matrix

Predicted class

Class Pos Neu Neg

Observed

class

Pos 237 90 9

Neu 41 219 76

Neg 8 96 232

Table 21: SVM with an RBF
kernel confusion matrix

Comparing time

Classifier
Inference time

(seconds)

SVM linear 0.04

SVM RBF 121

Random Forest 0.7

Microsoft 0.9

Multinomial

logistic regression
0.1

Table 22: Inference time for 1008 tweets.

4.5 Misclassifications

The RBF kernel achieved best results but, as earlier mentioned, struggled with

the neutral class. In table 23, five randomly selected tweets that the model

misclassified are listed in order to provide more context to discussions below in

5. As evident in the table, the informality and ambiguity of the Twitter data

makes both annotating and classifying difficult.
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Label Prediction Tweet

-1 0 < id > åh fan < haschtag >

-1 1

< id > lr man kan säga det är himla

lätt å l̊atsas va s̊a himla fin i kanten

å human s̊a länge d inte kostar en

själv ett enda dugg < haschtag >

0 -1

< id > det beror förmodligen p̊a att

kvinnor och män tävlar mot varandra

i ridning sen heter det ju fotboll

och hockey

1 0

analytiker sandvik bättre utan smt

< url > intervju med peder frölin om

spekulationerna runt < url >

0 -1
< id > f̊ar konstatera att vi har

olika grund för värdering av insats

Table 23: Five tweets the SVM with an RBF kernel misclassified, randomly
chosen from all misclassifications
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5 Discussion

5.1 Neutral class struggles

Studying the results in the previous section, it is clear that both under- and

over-sampling, creating a larger data set, boosted performance in each classifier.

Despite the performance increase in each of the classes, the most prominent

performance boosts were in the positive and negative classes. When both under-

and over-sampling, each class got as many more samples as the other but the

up-sampled minority classes included some duplicates. Intuitively, duplicates

can create a bias towards those particular tweets or word-patterns, which may

be the case. However, inspecting the tweets, the text found in the neutral

class is much more ambiguous than the others. While including more neutral

samples may have increased the size of the neutral class feature space, including

duplicates from the minority classes have strengthened the classifiers’ notion of

what is positive and what is negative.

There are many more ways to speak about something neutrally, whereas

strong negative and positive sentiment are much more restricted both contex-

tually and semantically. Negative and positive tweets usually contain more

easily identifiable word-patterns than the neutral samples, which in part may

explain the skewed performance increase [56]. Additionally, it has been found

that positive and negative word-patterns are more frequent in neutral sentences

than they are in opposite sentiment sentences, which partially explains the dif-

ficulty of classifying neutral tweets and the low performance in the same class

[65]. This notion is supported even further anecdotally by the annotators, who

claimed ”sometimes it was almost impossible to differentiate between positive

and neutral or negative and neutral sentiment”.

5.2 Level of pre-processing

In [31], the authors postulate that while stemming is indeed domain-dependant,

it is necessary for most NLP applications. For instance, Moscow, in Russian,
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has different endings depending on whether it is phrased as from Moscow, of

Moscow or to Moscow. For a search engine, returning results related to Moscow

in general is desired, and not only related to the specific phrasing whereas other

application might make use of the different endings. Stemming is popular in

most English research, though its use is usually only motivated by intuition

[22, 23, 42]. In fact there are studies that achieve competitive results without

it, both in English and Swedish [30, 39]. The results in this thesis, however,

suggest that stemming might not be necessary when pre-processing Swedish

Twitter data, as the two best performing models achieve superior results without

any stemming. In [31], the authors conclude that stemming is necessary for

English, but that the rather crude stemming algorithms used tend to commit

errors of both under- and under-generalizing. That is, there are different words

with different meanings that are reduced to the same stem, as well as words

with similar meaning that are not. This requires further studying in relation

to Swedish, but one possibility is that the stemming algorithm used commits

errors like those describes in [31], why no performance increase was observed.

Another possible explanation is the fact that when training the models using

unigrams, all unique words in the data are included in the feature space. Any

errors committed by the stemming algorithm would then lower the exactness of

the BoW representations, making the training data less accurate.

Similarly, the results indicate that removing stop-words did not improve

performance. In fact, removing stop-words reduced F-score for all classifiers

except for the multinomial regression model indicating that stop-words do con-

tain usefull information. Jurafsky et al. [31] recommends removing stop-words

as part of reducing the model dimensionality, but concludes that using a list

of stop-words rarely improves sentiment analysis application performance. As

an alternative, which was not studied in this thesis, the authors recommend

removing the most frequent 1-100 words with the motivation that the sheer

frequency of those words make them stop-word candidates. However, among

the most frequent words in the data set studied in this thesis was the meta

words for Twitter IDs, URLs and hashtags, which are used in other studies
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with competitive results [15, 21].

Looking at the amount of unique words in the data sets illustrated in

table 5, it is evident that removing stop-words appearing in the stop-word list

included in the NLTK library did not significantly reduce the number of unique

words. In contrast to many studies, the results of this thesis indicate that

keeping them has a positive effect on performance.

5.3 Text representation

The results in this thesis concludes that using unigrams as text representation,

at least when memory is limited, achieves best performance. Early sentiment

classification research studying performance when using unigrams and bigrams

conclude that unigrams have better performance on English movie reviews [46].

In that study, all unique unigrams were included in the vocabulary whereas

only around 70% bigram coverage were studied. However, more recent studies

have shown that bigrams in fact improve performance when all unique grams

are included in the vocabulary. Wang et al [64] use a smaller movie reviews

data set and conclude that bigrams always increase performance. The authors

state that the reason behind the performance boost probably lies within the

possibility to more accurately capture negation and noun modifications. In [45]

a small Twitter data set was used and the results are similar to that of [64];

bigrams, if including all grams in the vocabulary, boosts performance, though

only marginally.

In this thesis, only 38% of all unique bigrams fit into memory, which

most probably explains the low performance using that representation scheme.

However, including all unique bigrams would greatly increase the feature space,

probably rendering the best performing classifier in this thesis too inefficient for

application. In addition, looking at the two results presented in table 13 and

14, though an overall increase in performance when using a larger vocabulary is

apparent, the variations within each classifier is not in line with the hypothesis

that using a larger vocabulary would boost performance. More tests using larger
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vocabularies are required for further discussion.

The intuition behind using word2vec was two-fold. Firstly, learning em-

beddings using all available tweets, annotated as well as not annotated, a greater

vocabulary would make the models more robust to unseen data. Words not oc-

curring in the classifier training data, but present when learning the embeddings,

would be clustered together and have similar embeddings, thus increasing the

robustness of the models from an application perspective. Secondly, significantly

reducing the input vector feature space would speed up both inference and clas-

sifier training time. As seen in figure 10, using the word2vec did not produce

results comparable with using unigrams as text representation. Although, as

earlier mentioned, the reduced feature space may benefit the RBF kernel, as the

results indicate, it is difficult to conclude what caused the lower performance.

Research indicates that a larger vocabulary of bigrams would boost performance

with that representation scheme, but whether or not the low performance with

word2vec is due to words in the classification training data missing from the

learned embeddings or on some other not studied property remains unclear

[45, 64]. Due to the complex learning of the embeddings, time constraints made

testing other vocabulary sizes unfeasible and so the relation between embedding

vocabulary size and performance cannot be furthered discussed. Similarly, an

embedding size of 128 is most prominent in research, but how other dimensions

might have affected performance was left outside the scope of this thesis.

5.4 Comparing with related research

The best performing sentiment classifier observed, the SVM with an RBF ker-

nel, is similar to the RBF kernel used in [39], which achieves Swedish state-of-

the-art results on a semi-automatically annotated news articles data set. The

author claims performance on a three-class data set was a precision of 0.71,

recall of 0.50 and an F-score of 0.58 with a total of 60% accuracy. Although

the crude annotation method used in [39] may produce high-polar data, the

best performing classification model observed in this thesis outperforms that of
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[39] significantly, with a 20% increase in F-score and a total increase in accu-

racy of 18%. Liu [37] states, however, that the length of tweets and the fact

that Twitter is a social platform leads to stronger and more easily identifiable

sentiments. In addition, news articles may be more ambiguous regarding both

language and topic, whereas the nature of Twitter according to [37] may induce

a more limited language usage. Granted that Twitter is a more limited domain

than news articles, despite semi-automatic annotation process, the difference in

performance should be considered in light of the above. However, while [39] re-

ports an inter-annotator score of 0.69, the acquired Fleiss’ Kappa in this thesis

was 0.35, implying lesser polarity in the data, which intuitively should be more

difficult to classify.

In a 2018 Twitter benchmark evaluation, the authors conclude that few

models achieve better than 70% classification accuracy with three-class data

sets [73]. The best performing model in their studies achieved 77% accuracy,

with a positive, negative and neutral recall of 0.67, 0.51 and 0.86 respectively.

However, the skewed class distribution in the training data partially explains the

high recall in the neutral class, as the data set used contained as much as 64.9%

neutral tweets. Hence, an algorithmic bias towards the neutral class in those

studies are likely. Despite the skewed class distribution, the best model studied

in [73] had an average recall of 0.68, surpassed by the RBF kernel produced in

this thesis at 0.69. In fact, the best classifier produced in this thesis outperforms

26 of the 28 studied classifiers in [73], disregarding the skewed class distributions.

Similarly, the produced classifier outperforms every studied model in an older

English Twitter benchmark evaluation from 2014, using the same data sets as

in [73], with an increase of 5% in accuracy compared to the best model [2].

In another English benchmark evaluation in 2016, with a three-class Twitter

data set manually annotated by three annotators, the best performing model

achieved an F-score of 0.67, surpassed by the RBF kernel in this thesis at 0.70

[49]. Despite the fact that the data set used in this thesis is greater than that

used by the best performing models in [73] and in [49], the results produced in

this thesis must be considered competitive at the very least.
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In [73], it is evident that the academic models outperform almost every

commercial sentiment classification model on Twitter sentiment classification.

The results in this thesis, in relation to the classifier constructed using Mi-

crosoft’s cognitive API, strengthens that notion. The commercial classifiers are

more often general-domain classifiers than the academic models, which in part

explains why the academic achieve superior results. Microsoft does not openly

state the inner workings of their sentiment analyzer, but the domain-transfer

problem is most probably the reason behind the poor results observed in this

thesis. Another possibility is that there is some sort of text translation that

lowers overall performance, as their sentiment service is offered in a wide range

of languages. Without further knowledge of what algorithms they use, further

discussion is difficult.

5.5 Validity of results

Although the resulting classifier in this thesis achieves competitive results, it

cannot be neglected that the annotation process may have influenced the results

greatly. Both training and testing data are labelled by the same annotators

and an algorithmic bias towards the subjectivity of the annotators is not only

plausible, but probable, which the low inter-annotator score at 0.35 indicates.

The annotators were in no regard linguistic experts and the validity of the

annotations is deserving of scrutiny. Looking at the missclassified tweets in

table 23, there are tweets where, at least according to the author of this thesis,

the predicted label as easily could have been the true label of the tweet as

the assigned annotation. The lack of a ground truth established by more than

one annotator lowers the validity of the results in general. However the lack

of other Swedish openly available resources to test the classifiers on makes any

deliberations regarding the validity of the annotated data set difficult to test.

Further more, as opposed to the test data used in [73], the test data

used in this thesis consists of an equal amount of tweets from each class. This

may not be realistic, which the distribution of the annotated data in figure 2
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indicate, and the produced results must be considered in light of the fact.
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6 Future work

6.1 Tune classifiers

Due to time and computational constraints, all hyperparameter variations could

not be fully tested in this thesis. Using more computational resources, tuning

the model hyperparameters to each model setting in relation to the data sam-

pling method, level of pre-processing and text representation scheme would most

probably produce a more accurate classifier with performance surpassing that

acquired in this thesis. Additionally, instead of using a list of known stop-

words, future work could remove the most frequent 100 words and study how

that affects performance.

6.2 Text representation

Studying the relationship between bigram or word2vec embedding vocabulary

size and performance would further knowledge within the Swedish sentiment

analysis domain and more substantially describe how word-patterns affect per-

formance. In particular, the intuition that a larger word2vec embedding vocab-

ulary would be more robust could be studied.

6.3 Weighting

As weighting was excluded from the scope of this thesis, studies that explore

how weighting affects performance in Twitter sentiment analysis would serve as

great complement to this study. Despite achieving competitive results, earlier

research has shown that weighting can boost performance and exploring whether

that is the case when using Swedish Twitter data is of interest.

6.4 Refining the ground truth

As the ground truth in this thesis was randomly extracted from all labelled

tweets, more thoroughly creating a ground truth to evaluate the classifiers on
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would increase the validity of this research and provide more realistic perfor-

mance measures.

6.5 Ensemble

The model in current English Twitter research that achieves state-of-the-art

performance is an ensemble method, combining four different classifiers using

majority vote to classify tweets. Using the research in this thesis as ground

work, future work can construct an ensemble of classifiers in order to create a

more robust model and see how performance is affected.

6.6 Neutrality separation

As the research in this thesis concludes, identifying and classifying neutral tweets

is more difficult than positive and negative. In future work, a classification

pipeline consisting of two nodes could be tested, where a separate initial model

determines whether a tweet is neutral or not, only passing the tweet to a positive

versus negative classifier given that the tweet is not sentiment neutral.
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7 Conclusion and summary

The goal of this thesis was to increase knowledge within the Swedish Twitter

sentiment analysis domain by implementing a sentiment classification model

for Swedish Twitter data, using only Swedish resources. 12085 tweets, labelled

manually by three annotators with an inter-annotator agreement of ’fair agree-

ment’, were used with four different classification models prominent in research

and one commercial tool for sentiment analysis. The best results produced were

those of an SVM with a nonlinear RBF kernel, achieving 70.9% classification ac-

curacy with an average F-score of 0.70. The results of the best performing model

are competitive in relation to international research on the subject, surpassing

those of the commercial tool studied significantly.

Contrary to many English studies, the best results acquired in this the-

sis used neither stemming nor stop-word removal. Though research on English

sentiment analysis concludes that stop-words have little affect on model per-

formance, the results of this thesis indicate that Swedish stop-words in fact

contain information useful for sentiment classification. In addition it was found

that stemming Swedish tweets, though frequently used in English research, may

introduce errors which negatively affect performance. There appears to be a

consensus in current English sentiment analysis literature that using n-grams

as text representation methods with n > 1 achieves better performance than

when n = 1. The results in this thesis, on the other hand, indicate that using

unigrams achieves better classification performance on Swedish Twitter data, at

least when memory is limited and all unique grams does not fit in memory. Due

to computational constraints grams with n > 1 could not be studied while keep-

ing all grams in memory, why the results should not be interpreted as conclusive

on the matter of which text representation method is optimal in general.

In conclusion, this thesis demonstrates that using purely Swedish re-

sources when constructing a model for sentiment classification can achieve sim-

ilar results to those in popular English research. It also indicates that methods

for pre-processing tweets in English research may not be optimal for Swedish
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Twitter data, and that further studies are required for any conclusive results.
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