16 Exploratory Swedish text analysis using
notebooks — a smorgisbord of basic corpus
linguistic insights

Dimitrios Kokkinakis The computational notebook has established itself as a
University of Gothenburg significant tool for conducting exploratory data anal-

ysis, which aims at investigating characteristics of a
Gerlof Bouma dataset without preformulated expectations. Compu-
Universi ty o f Gothenbur g tational notebooks are a type of interactive document,

that supports mixing prose, executable code and its
output, such as a calculated result, a table, or a graphic.
Data, process, and narrative are effectively integrated
into one environment, which makes notebooks ideal
for documenting exploratory research. Notebooks also
facilitate sharing research in a reproducible way for
teaching, collaboration or dissemination.

This chapter demonstrates basic exploratory tech-
niques for Swedish text analysis implemented as
Jupyter notebooks, a popular computational notebook
implementation. Using a selection of documents from
a Swedish corpus of COVID-19-related materials, we
show some of the kinds of text analysis that can easily
be performed using readily available software libraries.
The examples in this chapter rely only on automatic
annotation, requiring minimal manual processing.

1 Notebooks for exploratory data analysis in the humanities

As the field of Digital Humanities continues to evolve, researchers are increas-
ingly exploring new ways to integrate computational tools into traditional
humanistic study. The significant expansion in the volume of accessible
materials has fuelled the development of methodologies that leverage data-
driven analysis, visualization techniques, and machine learning to uncover
new insights into historical, literary, and cultural phenomena. A critical
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area of growth is also the use of open-source platforms and collaborative
tools, which allow scholars to perform complex data analysis while sharing
methodologies transparently.

Large-scale analysis of textual sources is one of the core methodologies of
Digital Humanities. Computational linguistics and corpus linguistics have
contributed greatly to this methodology and will continue to do so. This
chapter showcases some basic techniques from these linguistic fields and
their use in exploratory data analysis in the context of text-based Digital Hu-
manities (York 2017). Exploratory data analysis is “a collection of techniques
for identifying the main characteristics of a novel dataset, about which one
may initially know nothing” (York 2017: 462) and involves looking at the
materials that form a study’s empirical basis from many different angles
and at different levels of abstraction, qualitatively and especially, quantita-
tively. Documenting this iterative process is very important. It supports
the researchers themselves, but it also provides a means to communicate to
others how the researchers came to draw conclusions from the dataset or
formulate hypotheses based on it. Computational notebooks have proven to be
an effective way of creating this documentation as part the analysis process.

1.1 Introduction to notebooks

A computational notebook is an interactive document that lets the notebook
author combine formatted text, source code and program output into one
flow. The researcher can thus perform exploratory data analysis inside the
notebook environment, and add explanatory narrative, be it private or public,
along the way.

Because it places code and explanatory narrative on equal footing, the
computational notebook concept aligns within the paradigm of literate pro-
gramming (Knuth 1984). In this paradigm documented computer programs
are written in the form of coherent texts focussed on the human reader,
which include the executable source code of the program that is being doc-
umented. Notebooks add to this paradigm the ability to directly execute
code and display its results as part of such documents. A computational
notebook thus consists of three types of content, or “cells” in notebook ter-
minology: formatted text, program code and program output. The latter
may be in the form of text, tables, visualizations, etc. During creation of a
notebook, the text and code cells are directly editable. Notebooks can be
converted to formats suitable for publishing, for instance PDFs or webpages.
These are typically not dynamic in the same way, although some notebook
implementations may allow for interactive content in published notebooks.
Also, when the underlying notebook files themselves are made accessible
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— an increasingly common dissemination strategy — other researchers may
directly use them as dynamic documents to edit and build upon.!

Notebooks are actively deployed in a wide range of scientific contexts,
including education, economics, engineering, data science, (corpus) linguis-
tics and digital humanities (Alderson 2021, Barba et al. 2019, Granger &
Pérez 2021, Hardebolle 2023, Dombrowski et al. 2019, Bednarek et al. 2024).
Interestingly, although notebooks can be and are used for dissemination,
their primary use is, as their name suggests, as personal documentation and
support in data exploration (Rule et al. 2018). Notebooks are also valued
as pedagogical tools (Blanke et al. 2023), amongst other things because
they allow instructive text to be interspersed with editable and executable
code. The adoption of notebooks in Digital Humanities research repre-
sents a clear method advancement in the field. By combining the power
of computer-supported data analysis with the flexibility of narrative and
collaboration, these tools reshape how scholars may engage with large and
complex datasets. Computational notebooks provide a versatile platform
that enhances both the analytical process and the communication of re-
search findings. Through their support for iterative analysis and dynamic
visualization, these tools lower the threshold for addressing complex re-
search questions in the humanities using data-intensive methods. They are
increasingly central to interdisciplinary research, bridging computational
and humanistic approaches (Ahnert et al. 2023). In the quickly evolving
practices of digital humanists, notebooks can supplement “fixed” graphical
user interfaces to give more technical users flexible access to archives and
datasets (Melgar-Estrada et al. 2019).

1.2 Implementations and deployment of notebooks

There are many modern implementations of the notebook idea; open-source
ones such as Jupyter Notebook? (Granger & Pérez 2021), currently the de-
facto standard, and Spyral (Land et al. 2021) as well as proprietary ones
such as MATLAB Live Editor® and the seminal notebooks of Wolfram Math-
ematica.* Depending on the implementation, notebooks can be created and
viewed locally or online. For the widely used Jupyter Notebook, commercial
online services include Google Colaboratory® (Colab), Kaggle®, and Mi-

As just a tiny example of this, https://github.com/quinnanya/dh-jupyter list 100 notebooks
/ notebook-based resources with Digital Humanities relevance.

https://jupyter.org

https://www.mathworks.com/products/matlab/live-editor.html
https://www.wolfram.com/notebooks/

https://colab.research.google.com/

https://www.kaggle.com
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crosoft’s GitHub Codespaces and Azure Machine Learning.” One advantage
of using an online service is that there is no need to install any software: the
functionality to run the notebooks is supplied by the service and typically
there is a rich, pre-installed ecosystem of auxiliary packages that add ready-
made capabilities to the notebook. Moreover, online services may provide
access to powerful computing servers that allow the researcher to work on
a scale that is not easily achievable on their local hardware. Some services
also offer tools to facilitate collaboration, for instance through joint notebook
editing and publication. On the other hand, the advantage of running note-
books locally is that the researcher keeps full control over code and data,
imperative when working with sensitive or otherwise restricted materials,
and does not need a user account, crucial when researcher anonymity is
important. Also, no internet connectivity is needed for local execution, even
when Jupyter Notebook uses the browser as their user interface.

In this chapter, we hope to demonstrate notebooks in exploratory analysis
of (large-scale) text corpora in a way that is both efficient for the researcher
and capable of supporting insightful interpretations. We will use Jupyter
Notebook as our notebook platform and Python as our programming lan-
guage. Figure 1 contains an overview of the Jupyter Notebook interface. This
chapter will not include detailed instructions on how to install or use Jupyter
Notebook, neither will it introduce the Python language. For this we refer
the reader to the many online tutorials on these topics, to Dombrowski et al.
(2019) for an article length instructive introduction to Jupyter Notebook
for researchers in the humanities, and to Karsdorp et al. (2021) for a book
length introduction to humanities data analysis using Python. The note-
books will be available from spraakbanken.gu.se/en/projects/huminfra/
exploratory-text-analysis.

2 Research scenario

The following sections present an outline of the various text analysis com-
ponents that are implemented in our notebooks. These components not
only serve as a guide to the implemented methodologies but also offer a
dynamic showcase of the diverse analyses conducted using the platform.
Furthermore, they stimulate hands-on exploration and experimentation by
individuals with minimal programming skills, thereby democratizing ac-
cess to advanced data analysis tools and enabling broader participation in
computational research. This transparency ensures the reproducibility of
the research, allowing others to access and verify the data sources used. All

7 https://visualstudio.microsoft.com/vs/features/notebooks-at-microsoft/
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: Jupyter Example Last Checkpoint: 54 seconds ago « 1 A
File Edit View Run Kernel Settings Help Trusted
B+ XTO@O » m C » Code v JupyterLab [7 % Python 3 (ipykernel) O =
Welcome! 1 2
This small example uses the matplotlib library to make a graph.
[7]: import matplotlib.pyplot as plt BArAYVESEFE

print(“Let's plot some numbers!")

# Data for the plot

some_years = [1998, 2007, 2008, 1998, 1998

some_frequencies = [40, 20 ,13, 3, 33 3
some_more_years = [2010, 2016, 2018, 2015, 2021

some_more_frequencies = [37, 1, 33, 17, 3

# Draw the plot

plt.figure(figsize=(6,3))

plt.plot(some_years, some_frequencies, marker='o")
plt.plot(some_more_years, some more_frequencies, marker='o")

# Label the axes and set the title
plt.xlabel('Years')
plt.ylabel('Counts"')
plt.title('Counts per year')

# Show it

plt.show()
print('Done!")
Let's plot some numbers! /

Counts per year

40
L
304 /S
£
2 201
o a
10 1
& L J
0 T T T T T
2000 2005 2010 2015 2020
Years
Done!

Figure 1: The user interface in Jupyter Notebook: (1) The name of the notebook and
information about the last manual save. (2) A markdown cell containing formatted
prose text. (3) Controls to move the active cell or add new cells around it. (4) A
code cell containing Python code. The coloured code formatting is provided by the
notebook software. (5) The output of the code cell above it, containing both textual
and graphical elements.

resources used in the demonstrations, the notebooks as well as the used text
corpus and lexical resources, are available online and are linked from the
notebooks.

Although interactive notebooks are available for many different program-
ming languages, we use Python as our language becuase of its accessability
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and the rich ecosystem of libraries for data analysis, NLP and graphing. In
our notebooks, we use for instance NLTK®, spaCy” and BERTopic!? for NLP,
Pandas!! or Polars'? for data handling, NumPy'? and SciPy'* for numerical
computing, and Matplotlib® for graphing.

After a brief introduction of the dataset used in all of our notebooks in
Section 2.1, Sections 2.2-2.6 discuss the different case studies on this data.

2.1 Dataset overview

The text corpus used in the experiments below consist of approximately
2700 documents published online in 2021, during the COVID-19 pandemic.
This dataset is part of the sv-COVID-19 corpus (Kokkinakis 2021), which
contains articles published in Swedish on the internet and covers a range
of topics related to the COVID-19 pandemic from different sources. The
corpus has been systematically classified by the first author into eight dis-
tinct stylistic genres, determined by the original publication medium and
contextual factors surrounding each text.!® The figure between parenthesis
is the number of documents for each genre:

o Authorities (64): e.g., https://skr.se/

e Blog (189): http://www.islandsbloggen.com/

e Medical (460): e.g., https://www.1if .se/

e News (850): e.g., https://www.gp.se/

e Public media (759): e.g., https://sverigesradio.se/
e Periodicals (338): e.g., https://borsvarlden.com/

e Research (44): e.g., https://www.forskning.se/

e Social media (8): e.g., https://www.familjeliv.se/

These genres provide different perspectives on the pandemic, highlighting
the varied approaches to the topic across different platforms. The ability to
perform genre-specific searches facilitates the exploration of how different

https://www.nltk.org/

https://spacy.io/

https://maartengr.github.io/BERTopic/

https://pandas.pydata.org/

https://pola.rs/

https://numpy.org/

https://scipy.org/

https://matplotlib.org/

This categorization enables targeted analysis and querying within SprakBanken Text’s word
research platform Korp: https://spraakbanken.gu.se/korp/#?corpus=sv-covid-19
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types of media and publication contexts influence the portrayal and discus-
sion of COVID-19. Researchers can also use the data to examine shifts in
language use, thematic focus, and, to some extent, public sentiment over time.
Analysis of data like these may offer insights into pandemic-related commu-
nication and its broader impact, and hopefully deepen our understanding
of how the crisis was discussed and perceived.

2.2 Word distributions and word frequencies: Zipf and beyond

In linguistics, the study of word distributions and word frequencies, particu-
larly in large corpora, has been significantly shaped by what has become to
be known as Zipf’s Law (Zipf 1949). This model posits that the frequency
of a word is inversely proportional to its rank: A small number of high-
frequency words dominate, while the vast majority of words occur only very
infrequently. Easy access to text materials at scale for many languages has
allowed for precise word frequency analysis, revealing both adherence to
and deviations from Zipf’s model (Piantadosi 2014).

Figure 2a shows a classical plot of the Zipfian distribution of word frequen-
cies (rank-frequency plot) in the comparatively small, examined dataset.
The distribution is plotted on logarithmic scales for both axes; the Zipfian
model says that the graph should follow a straight line in this case. The
model’s predicted relation between rank and frequency of is included in the
graph in orange. A few function words and closed class words, such as att
‘to/that” (infinitive marker/subordinator), i “in’, och “and’, det ‘it’, and som
‘that/as’ (subordinator), are used extremely often, while an abundance of
words are rarely used and thus appear in the right tail of the diagram.

Piantadosi (2014) argues that estimating both rank and frequency from
exactly the same data is a mistake, and proposes to create two random splits
of a dataset: one for the estimation of a word’s frequency and one for the
estimation of its rank. The resulting graph is in Figure 2b. The overall shape
is very similar, with a strong linear trend on the log-log scale. But the right
tail now fans out, because at the low frequency end, small differences in
frequency may lead to relatively large differences in rank. This uncertainty
in the relation between rank and frequency is not shown at all in the classic
way of constructing the Zipf plot, but it shows (correctly) in this alternative
method.

The next two graphs connect the previous Zipfian discussion with an al-
ternative visualisation of word frequencies. Figure 3a shows the frequencies
of the top 40 most frequent words as a bar chart. What is a linear trend in
the Zipf plots, can be seen here as exponential decay. The sharp drop after
for “for’ (at 11th place) in the bar chart can be recognized as a bend in the
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Figure 2: The Zipfian distribution of the words in the dataset, in (a) the classic
style and (b) the style of Piantadosi (2014) with rank and frequency estimated from
different random subsets of the corpus.
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Figure 3: The 40 most frequent unigrams in the dataset, (a) unfiltered, (b) without
stopwords.



Exploratory Swedish text analysis using notebooks 549
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Figure 4: Smoothed word frequency trends for a small number of se-
lected words.

Zipf plot. Figure 3b shows the same, but after so-called “stop words” have
been filtered out. Stop words typically provide minimal semantic value in
isolation, making them less relevant for tasks like text classification, senti-
ment analysis, and information retrieval, and are often filtered out during
preprocessing stages, as their high frequency across texts can overshadow
more meaningful content. We see that the overall shape of the distribution
is similar (quickly dropping in frequency initially, more slowly towards the
right-hand side), but from a completely different starting point in terms
of the frequency of the most common words. Looking at the words them-
selves, they are not just general domain content words, but many of them
are highly specific to the corpus” common denominator of the COVID-19
pandemic, such as vaccin ‘vaccine’, covid-19, and folkhilsomyndigheten “Public
health agency of Sweden’.

The corpus contains materials collected over a whole year, and it is there-
fore possible to study the changes in word frequencies over this period.
Figure 4 shows the word frequency distributions over the examined year for
a small number of selected words, namely omikronvariant ‘omicron variant’,
deltavariant ‘delta variant’, vaccin ‘vaccine’, restriktion ‘restriction’, smittsprid-
ning ‘spread of infection’, antikroppar ‘antibodies’, and mutation, including
inflected forms of these words. In this diagram one can clearly see fluctu-



17

18

19

550 Kokkinakis & Bouma

ations and areas where word frequencies spike, like the brief heightened
frequency of mention of the delta variant in the middle of the year and the rise
of the omicron variant at the end of 2021. These observations can be linked to
real-world events, such as the dominance of these variants in Sweden during
this year.

2.3 Significant word associations and collocations

Collocations are words that tend to occur in each other’s company. At a
macro-level, the study of collocations can tell us things about the nature of
the text material we are studying and at a micro-level, we can learn about
the meaning of a word by studying its collocates.”” Looking at collocations
may also provide the empirical foundation for lexical studies of multiword
expressions such as idioms, phrasal verbs, proper names, etc.

The notion of collocation can be operationalized in many different ways,
for instance by the choice of association measure, that is, a score to summarize
how often words co-occur and how surprising this level of co-occurrence
is. These measures typically rely not just on the observed frequency of co-
occurence, but also on an expected frequency, based for instance on what
we would expect to see if the distribution of two words were not related to
eachother.

Table 1 shows the 20 bigrams, directly adjacent words, from the COVID-
19 corpus that score highest on the association measure of log-likelihood ratio
(LLR),'8 after some preprocessing like removing case distinctions and fil-
tering out combinations containing stop words.!” This LLR top 20 contains
personal (Sara Byfors) or geographic (Vistra Gétaland) proper names, but we
can furthermore see a recurrent pattern descriptive noun—proper name (stat-
sepidemiolog Anders Tegnell ‘chief epidemiologist Ander Tegnell’, socialminister
Lena Hallengren ‘minister of social affairs Lena Hallengren’, likemedelsmyn-
digheten EMA ‘medicinal product authority EMA’, amongst others).

The table also gives scores for four other association measures: frequency,
point-wise mutual information (PMI), t-score, and chi-squared (x?). To
show that these measures may disagree wildly about which bigrams form
strong collocations, we have included the rank of each bigram for the re-

Or, as the famous and ubiquitously cited adage from Firth (1957: 11) has it: “You shall know
a word by the company it keeps!”

We refer the reader to Evert (2009) for definitions of LLR and the other association measures
mentioned here, and for a good general discussion of the collocation concept.

The used corpus contains some preprocessing that combines first name-last name combi-
nations. For simplicity, we have treated these underscore-separated combinations as one
“word”. This means that the list of bigrams may contain combinations of more than two
words, such as in astra_zenecas vaccin ‘Astra Zeneca’s vaccine’.
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Table 1: The 20 strongest bigram collocations in the dataset according to the log-
likelihood ratio (LLR), for pairs that do not contain stopwords and occur at least 5
times. Scores (and ranks) for four other association measures are also given.

Bigram LLR Freq PMI t-score X2
astra_zenecas vaccin 3043.7 315 (1) 74 (965) 176 (1) 52513.6 (366)
statsepidemiolog 2068.1 140 (2) 10.7 (558) 11.8 (2) 230143.3 (166)
anders_tegnell
tegmark wisell 1829.0 95 (6) 125 (355) 9.8 (6) 557066.6 (1)
socialminister 1698.6 99 (5) 119 (413) 10.0 (5) 374281.3 (108)
lena_hallengren
europeiska 15445 102 (4) 11.1 (509) 10.1 (4) 2172604 (176)
lakemedelsmyndigheten
sara byfors 14445 78 (10) 125 (352) 8.8 (10) 468851.2 (49)
karin tegmark 1386.6 83 (8) 11.8 (418) 9.1 (8) 305002.5 (137)
véstra gotalandsregionen  1203.8 73 (12) 11.6 (452) 8.6 (12) 220265.8 (172)
véstra gotaland 1203.8 73 (12) 11.6 (452) 8.6 (12) 220265.8 (172)
johan carlson 10979 74 (11) 10.8 (539) 8.6 (11) 136540.0 (223)
region stockholm 1092.7 108 (3) 8.3 (888) 104 (3)  34492.6 (439)
emma spak 1027.0 56 (20) 12.7 (338) 7.5 (20) 370954.6 (109)
sveriges kommuner 1018.7 83 (8) 9.7 (687) 9.1 (9) 67857.1 (333)
matti sillberg 9913 50 (22) 13.3 (279) 7.1 (22) 492057.8 (44)
kristine rygge 9547 47 (24) 134 (264) 6.9 (24) 5266534 (20)
lakemedelsmyndigheten 947.6 68 (14) 10.6 (572) 8.3 (14) 102524.6 (273)
ema
laga nivaer 936.8 65 (16) 109 (526) 8.1 (16) 127783.3 (235)
karolinska 9144 57 (18) 118 (422) 7.6 (18) 207728.8 (179)
universitetssjukhuset
brittiska varianten 9022 84 (7) 88 (836) 9.2 (7) 362239 (424)
johan bratt 8750 57 (18) 11.0 (519) 7.6 (19) 115870.4 (252)

maining association measures. We see for instance that LLR, frequency and
t-score agree to a high extent, since the latter two also give prominent ranks
to the cases that LLR brings up. PMI and x? on the other hand would place
the shown combinations much further down on the list. An important part
of studying collocations is choosing the association measure that gives the
relevant insights into the data.

Collocations need not just concern directly adjacent words. Figure 5 is a
network visualisation of the most common words to occur within a window
of four words before or after the focus terms of positiv, positivt, positiva "posi-
tive(ly)” and negativ, negativt, negativa ‘negative(ly)’. The placement of nodes
and the thickness of connecting edges reflect how common a collocation
is. The lack of a connection between nodes indicates that the frequency
of co-occurrence falls below a pre-set threshold (and may be zero). Only
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Figure 5: Terms strongly collocating with “positive” and “negative” as a network
graph.

a small set of words are collocations of both positive and negative. A clear
real-world effect on the collocation pattern can be seen in the collocates of
negative that have to do with restrictions on free movement and the demands
on having proof of recent negative test results, such as: intyg ‘certificate’, krav
‘demand’, krivs ‘is demanded’, inresa ‘entry’, uppvisa ‘show’.

Association measures can also be used to study the association between
words and a category. The heatmap in Figure 6 visualises the association
between singular personal pronouns and genre. The map uses a normalized
variant of pointwise mutual information, NPMI, which falls between -1
(never cooccur) and 1 (always cooccur). The map shows for instance that
the first and second person pronouns (jag ‘I’, mig ‘me’, du “you.sub.sg’, dig
‘you.obj.sg’) are associated with the Social media and Blog genres, and that
the gender neutral hen ‘(singular) they’ is associated with the Medical genre.
The second person pronouns are also associated with the Research and
Authorities data. This high-level overview can be the starting point for
a fine-grained, qualitative investigation for the mechanisms behind these
associations.

2.4 Grammatical analysis and Universal Dependencies

SpaCy is an open-source, industrial-strength NLP pipeline with models for
many languages. It offers for instance facilities for part-of-speech tagging,
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Figure 6: Association between singular person pronouns and genre in
the dataset. Cells without observations (by definition NPMI = —1) are
left uncoloured to avoid clutter.

dependency parsing, named-entity recognition and text classification. Here
we have used SpaCy’s Swedish model to part-of-speech tag and parse the
COVID-19 data.?’ Table 2 shows the distribution of part-of-speech tags in the
data. Nouns are most common part of speech with just over 22%, whereas
verbs make up about 16% (main and auxiliary verbs) of the data.

The syntactic structures assigned by SpaCy are dependency structures
following the Universal Dependencies framework (de Marneffe et al. 2021).
An example parse can be seen in Figure 7. The automatic parser manages
to correctly recognize many grammatical relations in this sentence, such as
the PP postmodifying structures in exemplaren av nytrycket av boken ‘copies
of the reprint of the book’, but it also makes mistakes (in red in the figure),
for instance when it treats Corona-PLANdemin ‘Corona PLANdemic” as an
adverbial, rather than part of the NP boken Corona-PLANdemin ‘the Corona
PLANdemic book’, or when it treats har ‘has’ as the root instead of as a
temporal auxiliary to the main verb kommit ‘come’.

An example use of parses is to construct a measure of syntactic complexity
of the material. One such measure is the average number of finite subordinate
structures per sentence: having more such subordinate clauses is associated

The Swedish pipeline in SpaCy can be found here: https://spacy.io/models/sv (version:
3.7.0). The Swedish model applied is called sv_core_news_sm.
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Table 2: Distribution of part-of-speech labels in the cor-
pus according to the spaCy analysis.

Part of speech Count %
NOUN Noun 157512 22.3
ADP Preposition 83873 11.8
VERB Main verb 81221 11.5
PUNCT Punctuation 71037 10.0
ADJ Adjective 57588 8.1
PRON Pronoun 48894 6.9
ADV Adverb 46357 6.5
AUX Auxiliary verb 34772 49
DET Determiner 30295 4.2
PROPN Proper noun 27915 3.9
CCONJ Coordinator 22755 3.2
SCON]J Subordinator 19233 2.7
PART Particle 15646 2.2
NUM Numeral 7269 1.0
SYM Other symbol 521 0.0
INT]J Interjection 211 0.0

parataxis

nmod nmod
@se @se @

Nu har de forsta exemplaren av nytrycket av boken Corona-PLANdemin kommit.

ADV VERB DET AD) NOUN ADP NOUN ADP NOUN PROPN VERB

Figure 7: An example of a dependency tree from the dataset using the Swedish
SpaCy model.

with increased complexity of the text. Subordinate clauses can be recognized
by looking at the grammatical functions assigned by the parser. Figure 8
plots the relation between the number of subordinate clauses and sentence
length for the Blog data and the News data. Perhaps somewhat surprisingly,
the Blog data is more complex on several accounts: the average number
of subordinate clauses is higher and, additionally, the subordinate clauses
themselves are on average longer.

2.5 Sentiment analysis

Sentiment analysis is a computational technique for evaluating the polarity
of opinions expressed in textual data. It enables scholars to track shifts in
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Finite subclauses vs sentence length in Blog and News text

News
Blog

40

301

201

Average sentence length (words)

0 1 2 3 4
Average nr of finite subclauses per sentence

Figure 8: Texts from the Blogs genre are more complex than
those from the News genre, both in terms of average sentence
length and average number of finite subordinate clauses (the
white points). Moreover, each additional finite subordinate
clause is longer in Blog text than in News texts by on av-
erage 2.3 words (difference in regression line slopes, 95%
confidence interval: 1.6-2.9 words/clause).

public opinion over time, assess attitudes toward significant historical events,
and analyze the portrayal of individual characters in literature and other
narratives, on a large scale. This quantitative approach offers a complemen-
tary lens through which to view qualitative sources, enabling researchers to
uncover patterns and trends that may not be immediately apparent through
traditional analysis alone.

A common method of sentiment analysis looks for the use of emotion-
ally charged words from a so-called sentiment lexicon. However, scholars
must carefully apply these computational tools to avoid overlooking the
inherent subtleties and complexities in the texts under analysis. Literary
works may contain complex meanings that require a deep understanding
of their contexts. Texts from various historical periods or genres may use
language and rhetorical strategies that complicate such direct sentiment anal-
ysis. Nevertheless, the “distribution of emotion-laden words” (Ohman 2021)
can still provide valuable insights into the emotional tone of a text, serving
as a foundation for more nuanced analysis. More advanced approaches to
sentiment analysis involve machine learning, NLP and hybrid lexical-based
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techniques, which enhance the ability to interpret sentiment by considering
context, tone, and even the cultural background of the text. These advanced
methods do come at the price of added complexity and development cost.
We apply a lexicon-driven approach to our material, using a list of about
2000 words marked up with polarity and strength (Nusko et al. 2016, Sprak-
banken Text 2017). We distinguish four categories of emotion-laden words,
ranging from very negative to very positives. Results are visualised in Fig-
ure 9. The most striking thing about both pictures is how even the dis-
tribution is, throughout genres as well as over time. The (very) negative
words have a fairly constant slight overhand (between 50-60%). The Blog
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and Social media genres have the highest share of (very) negative words
amongst emotion-laden words, followed by the Medical genre. If we were
to pursue the topic further, we would probably look into what makes the
Medical genre so negative. In addition, the Blog data contains the highest
proportion of very negative terms.

2.6 Topic modeling

Topic modeling aims to uncover themes or topics in a collection of texts and
is a hugely popular method in Digital Humanities.?! Texts in a collection are
stochastically assigned to a number of undefined topics on the basis of their
linguistic content. These topics can then be interpreted by the researcher, by
looking at the words associated with them, and their distribution throughout
the material can be studied. Topic modelling can be contrasted with the way
we have used genres in our dataset: whereas our “genres” are a classification
imposed by us (by design) on the data, the categories from topic modelling
come from the distributional properties of the data itself.

There are many implementations of the topic modeling idea, the most
established technique being Latent Dirichlet Allocation (LDA, see Jelodar et
al. 2019 for an overview). We, however, use the topic modelling library
BERTopic, Grootendorst (2022), which presuposes a BERT-style language
model that can create numerical meaning representations of the documents
in the collection. For our Swedish data, we have access to the BERT models
developed at KBLab at the National Library of Sweden (Rekathati 2021).22
BERTopic requires minimal data preprocessing and its availability as a
Python library means it is easy to integrate in our setup.?3

The topics found using BERTopic in our data are summarized in Figure 10.
We can interpret these topics by looking at the words associated with them.
For instance, Topic 1, the most commonly present topic, appears to deal
with pressure on the hospital care system (patienter ‘patients’, krisligesav-
talet ‘emergency labour agreement [in hospitals]’, IVA ‘ICU’), Topic 4 with
speculations about the origin of the virus (Kina ‘China’, Wuhan, ursprung
‘origin”), and Topic 7 with tracking the spread of the virus in the population
(avlopsvattnet ‘sewage’, PCR, smittspdrning ‘contact tracing”)

Looking at the distribution of these topics in the dataset now gives us
new perspectives on the data. For instance, Figure 11 shows the frequency of

Already more then 10 years ago, Schmidt (2012: 49) wrote: “So many scholars in humanities
departments are turning to the tool [of topic modeling] in their research that it is sometimes
described as part of the digital humanities in itself.”

Available from https://huggingface.co/KBLab/sentence-bert-swedish-cased.

See Haffenden & Sikora (2025; Chapter 2 in this handbook) for more information about the
use of KBLab’s BERT models.
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Figure 10: Topic word scores for the generated topics.




Exploratory Swedish text analysis using notebooks 559

Topics over time

Global topic representation
404 1_patienter_postcovid_k...
2_lakemedlet_bamlanivi...
——— 3_demonstranter_demo...
4_wuhan_kina_ursprung...

30 ——— 5_fetma_psykisk_angest...

Frequency

20

2 4 6 8 10 12

Figure 11: The distribution of the top 5 most common topics over time.

the five most common topics throughout the year. All of these “big topics”
decrease in frequency, suggesting that the discourse becomes less dominated
by them towards the end of the year, and more diverse.

3  Final remarks

In this chapter, we have given several basic examples of using interactive
notebooks to perform text exploration tasks. Notebooks can be a powerful
tool for researchers in Digital Humanities as pedagogical, analytical, and
scholarly tools (De Keulenaar et al. in press; Talboom & Bell 2022, Chun &
Elkins 2023), offering a flexible and efficient environment with rich textual
documentation alongside the code, ease of collaboration and code interactiv-
ity and data visualization capabilities to help convey findings and insights.
The ease with which interactive notebooks can be shared and published can
also improve reproducibility, allowing other researchers to reproduce re-
sults, build upon existing work, and contribute to a collective understanding.
This transparency is important in ensuring the robustness and credibility of
humanities research.

Many tasks covered in this chapter, such as trend analysis of selected
words or part-of-speech tagging, can be performed using dedicated tools like
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AntConc?*, LancsBox?, or the Korp and Mink tools from Sprakbanken Text?®.
The notebooks presented in this chapter belong instead to a more general
coding approach, suitable for those who wish to customize and automate
their analysis. These tools are valuable for quick, hands-on exploration, but
coding provides more flexibility for complex or large-scale analyses.
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