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Abstract. The amount of data available on the Internet these days makes it possible to perform
intriguing analyses to conclude such things as expressed opinions from looking at text in social networks,
such as forums or blogs. We implement the word-space model built upon distributional semantics to
be able to perform analyses regarding paradigmatic/syntagmatic relationships between words to reveal
semantic relationships in expressed opinions. We also introduce a new form of sentiment analysis that
builds upon these relationships. We evaluate the output from our system to determine how well it
correlates with the events and trends of the Swedish people and current events. We also explore the
future possible capabilities of the system.
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1 Introduction

In recent years a new term called “big data” has be-
come more common. Big data refers to large amounts
of data, usually found online, that are so large that
they cannot be processed by traditional data process-
ing applications due to their size. An example of the
applications of big data is that of analysing social net-
works. Sobokowicz et al.[18] talk about analyses of so-
cial networks (such as weblogs and multi-user virtual
environments) and how such analyses can shed light
on the underlying social structures and dynamic in-
teractions among social actors. Sahlgren[14] propose
that something called a “word-space model” is an at-
tractive general framework compared to frameworks
such as latent semantic analysis (LSA). The word-
space model performs a more complex analysis, rather
than just reporting on how many times for example
a word representing a brand has occurred. It is also
able to report semantic relations to that word.

A big part of this type of analysis is distributional
semantics, a branch of linguistics focusing on look-
ing at distributions of words in a data set. Looking
at distributions can offer certain types of knowledge.
This is something that was discussed as early as in the
1950s. Harris[3] concludes that “If we consider words
or morphemes A and B to be or different in mean-
ing than A and C, then we will often find that the
distributions of A and B are more different than the
distributions of A and C”. This means that looking
at distributions can lead to some derivation of mean-
ing of textual expressions. Distributional semantics
together with the word-space model, which can be

used as a framework for distributional semantics and
allow analyses to be made in a vector-space, coupled
with sentiment analysis (SA), lays the groundwork for
what we will attempt to achieve.

1.1 Purpose and Hypothesis

This paper will focus on exploring the possibilities
of using the word-space model to analyse the opin-
ions of the Swedish population. The data will consist
of Swedish texts from various kinds of Swedish news
and social web sites. The question(s) we aim to be
able to answer is the following:

Will we be able to monitor the opinions and sen-
timents of the Swedish population by analysing data
crawled from Swedish social web sites using the lin-
guistic theories and see social patterns? This hypoth-
esis can be broken down into several smaller ones.

(1.) Will we be able to say which kinds of words the
Swedes use to describe certain words, such as the
names of the Swedish political parties, and are these
words accurate?
(2.) Which words do the Swedes use in the same way,
i.e. which words are they using as if they were syn-
onyms/antonyms and can this be verified?
(3.) Can the output from our system be seen to be
correlating with events that are discussed on a na-
tional scale?
(4.) How much data is needed for the system to be
able to generate accurate and reliable results?



2 Theory

To implement our system a number of background
theories have been used within the interdisciplinary
field of human languages. Areas being used in this
project is natural language processing and computa-
tional linguistics. The goal with the different facets
of the field is to have computers process natural
language pertinently. Most tasks within the field
faces problems with language ambiguity. To handle
the classification problem of disambiguation[4], dif-
ferent classifiers which derive from artificial intelli-
gence (AI) have been implemented. Computational
models such as artificial neural networks, support vec-
tor machines and latent semantic analysis have been
used with varying results in earlier studies within
the field[15][9][6][19][10][1][16]. We have built our sys-
tem’s main understanding upon the word space model
which builds upon the distributional hypothesis. The
word space model is a spatial representation of a word
in its context window of 2+2 that captures its se-
mantic meaning in a vector-space[17]. By looking at
the position of a word’s vector in a multidimensional
space instead of looking at its linguistics properties.
Every word has a specific point in the space with a
vector allied to it, this vector is a representation of the
word and is being used to define its meaning. Within
the model a cosine similarity function is used to com-
pare vectors. For opinion mining buzz monitoring can
be used to uncover subjects that are especially talked
about at a specific time. With the extracted opinions,
from social networking sites, sentiment analysis can
be applied to unveil user’s expressions of sentiment
about a subject. Sentiment analysis has many differ-
ent approaches such as N-gram modelling, machine
learning and subjective lexicons[7]. New methods of
natural languages need to consider aspects of volume,
velocity, and variety of information in order to avoid
higher costs and reduced performance.

3 Implementation

Armed with the distributional hypothesis and the
know-how of how to utilise a word-space to bring
the distributional hypothesis to life we are able to
create a system that automatically gathers text and
feeds it into a word-space which can handle inquiries.
We have some different methods to present. Firstly
the crawler, a crawler is in simple terms a software
that analyses web pages and extracts certain text
from it. After the data was collected it was tokenised,
i.e. the texts words are separated from all separators.
This text is then used to create the word-spaces, also
called memories. The word-space is the foundation of

this project. Two different types of word-spaces were
created, represented as matrices. One for paradig-
matic relations and another for syntagmatic relations.
We also have four different memories because that
is based on texts with different time stamps. The
big memory includes data from 2014 while the small
memories are from 1-21 May. This so that we can see
both trending and stable words for both syntagmatic
and paradigmatic relations. Another method used in
this system is frequency counting. It keeps track of
every unique words appearance at a document level.
It can also be used to keep track of subjects, like a po-
litical party, rather than words. We also have a senti-
ment analysis model implemented in the system. Here
two vectors are created, one which represent positive
words and one which represent negative words[12].
To find a polarity, a words syntagmatic related words
and their paradigmatic vectors are compared to an
average positive and a negative vector respectively.
Finally, the design and possibility for a webpage was
explored. The webpage was made with HTML5, CSS3
and JavaScript for visualizing the system. Essentially
what it does, is run the Python code analysing the
system’s matrices and then return desired values on
to our predefined HTML.

List of Swedish domains that have been crawled:

– http://www.aftonbladet.se
– http://www.expressen.se
– https://www.flashback.org
– http://www.familjeliv.se
– http://www.bloggportalen.se/BlogPortal

/view/Home

4 Testing

The first test concerns the paradigmatic relations
that the system generates. Due to the fact that words
that have a strong paradigmatic relationship occur in
the same contexts and share the same neighbours or
co-occurring words they ought to have the same part
of speech. To test this the words generated from
the system have been manually tagged with their re-
spective part of speech. In table 1 the words tested
can be found in the second row, with their part of
speech tag above them in the first row. The rest of the
column, from the second row and downward, consist
of the words generated by the system. The table’s
rows represent how close the generated relationship
is. The closer the word is to the tested word the closer
the relationship is. Words that are in bold, are words
that have the same part of speech as the word tested.
On average the system managed to generate words of



which 96% share the same part of speech as the word
tested.

Table 1 – Paradigmatically related words and their
part of speech

External correlation concerns the question of whether
the system can generate output that correlate with
external events. To answer this the system has been
tested with the Eurovision Song Contest (ESC),
which has millions of viewers in Sweden. The chosen
event has been of such magnitude that it ought to
have generated a lot of discussion online. The output
from the system that has been tested is firstly the
“trending” syntagmatic relations, meaning syntag-
matic relations that exist only during the particular
time frame. Trending words, also known as semantic
wobble[5], is a measure of a word’s cosine before and
after an observation. By looking at this it is possible
to examine if something has made a semantic impact
on a word’s meaning. The idea is that if people are
debating, discussing or commenting an event or intro-
ducing a new term the word will change its semantic
meaning over time.

For ESC the first word in each column of in the
table was tested. Conchita Wurst was the winner of
the contest, her first name and surname have been
tested. Also the words “Eurovision”, the name most
often used to refer to the contest, and “Nielsen” –
the surname of the artist representing Sweden in the
contest. ESC took place the 10th of May 2014, the
data used was from May 7 to May 13. As in the table
before, the rows in Table 2 represent how close the
generated relationships are.

Table 2 – Syntagmatic relations to words related to
the ESC.

The result are that “Conchita” is strongly related
with her surnames, also with “sterrikes”, meaning
“Austria’s”, as Wurst comes from Austria. Moreover
the name “Neuwirth” also occurs which is Wurst’s
real first name, as “Conchita” is a stage name. Also
“Sanna” and “Nielsens” (which is the first and last
name of the Swedish contestant) comes up as rela-
tions, meaning that people talk about the Swedish
contestant when they talk about “Conchita”. The
Swedish adjective “skäggiga” also comes up, meaning
“the bearded”, this due to Conchita being recognized
for her beard (as Conchita Wurst is a drag-queen
artist). “Vladimir” is probably referring to Russia’s
president Vladimir Putin. Before the ESC there were
political debates in the country about broadcasting a
show on national TV with a drag-queen artist, some-
thing of relevance due to the fact that Wurst is an
openly homosexual man[8]. The second output
that has been used is frequency counts of the oc-
currence, or conversational volume, of words related
to the events. If something happens that concerns
a topic that usually is not one that is much talked
about, the occurrences of words related to that topic
can be expected to increase if the topic is something
that is discussed. Hence we are able to look at the fre-
quencies of words related to events of interest in the
Swedish media and see if the frequencies are stable
and then spike up around the same time these events
occur. If they spike at the same time as the events
take place we can conclude that this is a reflection of
people discussing these events. Below Figure 1 shows
the collected frequencies of the word “Conchita” and
“Wurst” combined.



Figure 1 – The combined frequencies of “Conchita”
and “Wurst” during the period around ESC (the
contest’s final took place on 10th of May).

4.1 Datasize

In this section we look at tests that have been per-
formed to determine the amount of that is needed to
make the system perform in the manner described in
the above tests. The strongest relations exist due to
them being the most frequently used ones. Other used
less frequently can be skewed due to the small sample
lacking enough data to generate how words are used
in the majority of cases. It is therefore expected that
the larger the amount of data fed into the system is
the better the output will be, and the more stable it
will be. Six different data sets were used, their sizes
were the following:

#1 - 1 day, 7 May, 366,102 words.
#2 - 3 days, 7 May, 1,110,468 words.
#3 - 6 days, 7-12 May, 2,288,856 words.
#4 - 9 days, 7-15 May, 3,287,856 words.
#5 - 21 days, 1-21 May, 8,622,416 words.
#6 - 5 months, 1 Jan-21 May, 59,449,284 words.

4.2 Paradigmatic Tests

The data amount test evaluates the paradigmatic re-
lations. It is expected that the most data that is fed
into the system the most commonly used paradig-
matic relations should emerge. Since paradigmatic
relations state that words that have a strong paradig-
matic relationship have similar meaning and are used
in a similar manner they also should have the same
part of speech, as discussed and tested above. The
test therefore consists of checking how many words
share the same part of speech as the word tested. It
is expected that the more data the better the perfor-
mance will be, and at a certain point the performance
will start leveling out.

The first word tested was “Norge” (“Norway”)
which is a proper noun. Words generated that are

also proper nouns are in bold in Table 4 below. The
higher up the word is in the list the closer the rela-
tionship is to “Norge”.

Table 3 – Paradigmatically related to the words
to the word Norge with differently sized data.

Figure 2 – How many paradigmatically generated
words to the word Norge that had the same part of
speech in different sized data sets.

5 Analysis

One of the fundamental problems of computational
linguistics and the meaning of words, could be ex-
pressed by its lack of being able to explain the actual
meaning of words[2]. Other studies within the area
of SA has focused on the author’s intended meaning
and emotions in texts[11]. We have chosen to over-
look intended meaning as a problem by focusing on
the words that the authors actually express.

5.1 Syntagmatic and Paradigmatic
Relationships

One of the most interesting things one could use syn-
tagmatic relations for is to understand what people



talk about when they talk about a specific subject.
This differs somewhat from the paradigmatic rela-
tions that instead look at semantic similarity between
words. The syntagmatic relations could thus be an
attractive ability for e.g. political parties and busi-
nesses. The paradigmatic relations can be used for
finding explanations for words by looking at other
words that are distributed similarly in text, or what
people actually mean when they talk about a specific
word.

5.2 Sentiment Analysis

The implementation of SA in our system was com-
pletely experimental and does not stem from any pre-
vious research which has used the same method. The
idea for the system we implemented was quite promis-
ing, however, since the data we gathered is limited,
along with limited background on objectively pos-
itive/negative words, the system did not work op-
timally. The system looks at a word’s syntagmatic
neighbours to decide the words polarisation and one
can tell what people think about the things that are
most closely connected to a specific word. However,
this system has some flaws. It is pretty good at polar-
ising a word correctly, but the system cannot decide
if a word is more positive respectively negative than
another word.

5.3 External Correlation

The already existing functionality of the system lets
us use the output from the system to check how this
correlates with external events. The tests performed
in the previous chapter generated very interesting re-
sults, however they rely on certain assumptions. For
example when testing related words to the ECS, the
assumption was that when “Conchita” shows up as a
related word this is due to the fact that the winning
contestant of the contest first name is Conchita. How-
ever, there still exists a possibility that the relation
exists due to random factors or even that the Con-
chita that is talked about is not the Conchita that
took part in the ESC. We have made the assumption
that the probability of “Conchita” showing up as a re-
lated word to “Eurovision” and this relation existing
due to other factors than that “conchita” was a con-
testant is negligible. From these assumptions it can
be concluded that the system performs very well.

5.4 Datasize Analysis

The last couple of tests that were performed in sec-
tion 4 aimed to conclude if there is a certain amount

of data needed to make the system perform as it did
in the previous tests. This was done by creating data
sets of six different data sizes which were tested with
different methods. The first test looked at paradig-
matic relations and at how much data was needed to
generate words that had the same part of speech. It
can clearly be seen in Figure 2 that the amount of
generated paradigmatic relations that have the same
part of speech as the word tested increases the larger
the data set. This can also be seen for the syntagmatic
tests. There does exist a bit of turbulence with the
smaller data sets so that in some cases the results are
high with the smallest data set and then lowers for
the larger data sets and then goes up again. This can
have several causes, such as something being normally
only discussed during the weekend causes the data to
be skewed towards a temporal factor. The trend lines
in the graphs of the section does point toward a per-
formance increased with larger data sets. There exists
a question of whether or not there is a limit at which
when the data set becomes stagnant and does not get
any better, as have been found in the experiments of
Sahlgren[13]. This is not something that can be seen
in our system, which causes us to believe that more
data is needed to get up to this point.

6 Conclusion

It can be concluded that the system needs a lot of data
to present reasonable results. However, with room for
improvement, the results were overall positive and the
system shows promising results for our hypotheses.
We were indeed able to generate words that Swedes
use in context of other terms, such as ESC. Also, with
the functions for paradigmatic relations and nearest
neighbours the system partly generated synonyms or
terms that can be used similarly to the analysed word.

Correlation with external events, which are dis-
cussed nationally or internationally, was discovered.
Although the data was limited, it was enough to rep-
resent peaks and valleys of the trends in discussions.
The sentiment analysis model we introduce shows
promising results, albeit with definite need for im-
provement.

Concerning the question whether or not there is a
limit of how much data is needed to generate accurate
results, we conclude that it gets better with more and
more data, but we could not find a concrete line that
separated bad results from good results.

The system and its different functions could have
several interesting applications and uses in the future,
given that a few of the issues of its implementation
are solved. The system could show great potential in
the field of language research, as it shows very clearly



how words and languages are used today. The system
could also have an entirely different kind of function if
developed enough to make language filters that would
detect for example online bullying or to detect if a
person is deemed to be in the risk zone of commit-
ting suicide. Or even scanning social network feeds
in real-time to be able to detect accidents or emer-
gencies. However, such a sophisticated system would
need a lot more work and development.

We can conclude that the system shows promis-
ing results for our hypotheses. We were indeed able
to generate words that Swedes use in context of other
terms, such as political parties. This was tested and
analysed and while the result had its flaws, the words
were accurate and got better and better with more
data. With the functions for paradigmatic relations
and nearest neighbours the system partly generated
synonyms or terms that can be used similarly to the
analysed word, this positively answers one of our hy-
potheses.

Correlation with external events which are dis-
cussed nationally or internationally was discovered.
The examples used were related to specific events that
took place during the month of May. Although the
data was limited, it was enough to represent peaks
and valleys of the trends in discussions. The sentiment
analysis model we introduce shows promising results,
albeit with definite need for improvement, we can see
from the results of human opinions that the model
is pretty good at deciding a polarity for a particular
word. However, if asked which of the two words that
are more positive than another, the system does not
perform well. SA is also, as many other parts of the
system, dependent on more data.

Concerning the hypothesis whether or not there
is a limit of how much data is needed to generate ac-
curate results, we conclude that there is not a simple
answer. However, it gets better with more and more
data, but we could not find a concrete line that sep-
arated bad results from good results.
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