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1 Introduction

The classic word cloud! is a popular technique for providing a quick visual
overview of the most important content of a text or text collection. The

The terms “word cloud” and “tag cloud” are often used interchangeably, but we will here
consistently use the term “word cloud”, since the main application scenario targeted is the
visualisation of words automatically extracted from a running text, and not the visualisation
of tags (Torres Parejo et al. 2021).
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technique is built on the idea of extracting the most frequent words from
the text and displaying them in a graph with a font size that corresponds to
their frequency (Cao & Cui 2016: 57-59).

While the result is a visually more appealing—and more spatially dense—
alternative to a simple sorted word frequency list, it does not provide any
additional analytical power. Neither the frequency list, nor the word cloud,
assists you in the task of semantically sorting the most prominent words,
or in the task of comparing the most prominent words in two different
word clouds/word frequency lists. The layout of the word cloud makes it
possible to display a large number of words in a small area by giving the less
prominent ones a font size too small to read without zooming in. However,
the technique does not provide any guidance to where in the cloud to zoom
in to reach potentially interesting words, and therefore does not provide any
advantage compared to reading a long word-frequency list.

There are many different types of more analytically powerful develop-
ments of the classic word cloud that build on interaction and /or animation
(Collins et al. 2009, Koh et al. 2010, Lohmann et al. 2012, Liu et al. 2015, Wang
etal. 2018, Xie et al. 2024), and, of course, even more examples of analytically
powerful text visualisation techniques in general (Kucher & Kerren 2015),
many of them relying on a dynamic and interactive user interface. None
of them have, however, been close to achieving the same general level of
popularity as the static word cloud.

We believe that one of the key factors for the popularity of the word
cloud is the elegance that comes with simplicity. This hypothesis is, for
instance, supported by the classic word cloud being recommended (in an
information visualisation conference paper) as the first and most impor-
tant text visualisation technique to teach within digital humanities (Janicke
2022), as well as by the characterisation of the word cloud by Cao & Cui
(2016): “There are reasons for word clouds being user friendly in general.
Unlike other visualizations, word clouds need no additional visual artifacts
and are self-explanatory. Users read the words and compare their sizes to
know which one is more salient.” We, therefore, set out to develop a text
visualisation technique that—as far as possible—would retain this simplicity
of the static word cloud, while also providing functionality that would be
practically useful for analysing and comparing the content of text collections.
This work resulted in the Word Rain? text visualisation technique.

We have previously introduced, explained and evaluated the Word Rain
technique (Skeppstedt et al. 2024), and we have also exemplified how the
technique can be used practically. We have previously focused on three

2 https://github.com/CDHUppsala/word-rain (last accessed: February 14, 2025)
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different use cases: i) to compare texts from different text genres (Skepp-
stedt et al. 2024), ii) to study longitudinal corpora changes (Skeppstedt &
Aangenendt 2024), and iii) to study the content of a text in relation to a
dictionary/controlled vocabulary (Ahltorp et al. 2025). In this handbook
chapter, we will further explore the first two of these use cases, by also pro-
viding concrete instructions—together with links to programming code—for
how to generate and analyse the word rain visualisations. We will also pro-
vide a more advanced example, by adding a third use case, also for the task
of exploring longitudinal corpora change. Each use case has an increasing
level of complexity, both when it comes to generating the word rains and
to interpreting the results. For the first case, we will use the Word Rain
web service. This option provides less flexibility, but instead offers the large
advantage of not requiring any programming knowledge at all. Instead, the
texts are simply uploaded to the website in order to generate word rains. We
will, thereafter, describe a use case that requires a minimum amount of pro-
gramming code, and then the third one which requires more programming
skills.

The chapter is organised as follows: We start by briefly discussing limita-
tions associated with the classic word cloud, and we thereafter describe how
these limitations are addressed by the Word Rain technique. In the section
that then follows, we describe the concrete example use cases. We provide a
short description of the corpora used in the examples, and then—for each
example—we describe how the word rains are generated and how to read
the resulting word rain graphs. Thereafter, we contrast the Word Rain visu-
alisation technique with other similar techniques, by comparing it to a word
frequency list and to the classic word cloud, as well as to previous efforts for
improving the classic word cloud. The chapter is then concluded by a short
summary.

2 Limitations of the classic word cloud

There are many versions of the classic word cloud. For instance, the words
in the cloud could either be displayed in a random order or—with a small
development of the algorithm—be positioned in alphabetical order (Cao &
Cui 2016: 57-59). Instead of just displaying the most frequent words, it is
also possible to include frequent n-grams (i.e., short word sequences) in the
visualisation (Cao & Cui 2016: 43). Similarly, raw frequency is a standard
measure used for determining prominence/font size, but there are also other
options, such as TF-IDF, i.e., term frequency—inverse document frequency
(Xu et al. 2016).
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However, there are limitations associated with all these standard versions
of the word cloud which decrease the usefulness of the word clouds for many
analytical tasks. This is problematic, since the word cloud is a frequently
used text visualisation technique (Brath & Banissi 2016).> Word clouds are
not only used to provide a visually appealing illustration, but are also used
for analytical purposes. For instance, Hicke et al. (2022) studied the purpose
of including word clouds in 351 news articles and academic articles within
digital humanities, and found that in 37% of the articles studied, the purpose
of the word cloud was to enable an “analytic exploration”.

When empirically comparing the efficiency of different standard design
options for word cloud-like representations, it has been shown that the
optimal design choice can be different depending on which analytical task is
to be carried out (Felix et al. 2018). Design trade-offs can thereby be expected
when aiming to support too many tasks. We have therefore mainly focused
our attention on a few common analytical tasks. Hicke et al. (2022) provide
a taxonomy for describing such tasks where word clouds are used today:.
From this taxonomy, we focused on the tasks of finding the most prominent
words in a text, finding “topics” or semantic word clusters, and gist-forming (i.e.
getting the gist of a text). Hicke et al. also found that users of word clouds
were often expected to perform inter-cloud comparison tasks, i.e., tasks that
included a comparison of two, or several, word clouds.

For performing these four tasks, we have identified three important
limitations associated with the classic word cloud:

1. The first limitation regards the lack of a meaningful interpretation of
how the words are positioned in the word cloud (Barth et al. 2014). The
lack of a meaningful positioning might result in the reader incorrectly
inferring a meaning to where the words are positioned in the graph. In
addition, eye tracking studies have shown that a meaningful placement
of the words increases the efficiency in how the graphs are used. More
specifically, for finding prominent words, a position based on word
prominence is most effective.* A thematically clustered layout was,
instead, most effective for the aim of finding words belonging to a cer-
tain topic (Lohmann et al. 2009). Similarly, for an analytical task-based
evaluation, word clouds that grouped words into semantic categories—
either separated by different colours, or separated by space—made it
easier to solve the task (Hearst et al. 2020). This possibility to employ

Among 106 peer reviewed text visualisations investigated, 39 were versions of the word cloud
(Brath & Banissi 2016).

In the respective study, a circular layout with decreasing word prominence towards the edges
was used.
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word positioning to support analytical tasks is, however, not used in a
classic word cloud.

2. Another limitation related to the lack of a semantically meaningful
word positioning, is that the word cloud technique does not provide
any guidance regarding where in the cloud to zoom in. This makes it
very difficult to explore words rendered in a small font size. The use
of a small font size even affects readability negatively when the font
size is large enough to be possible to read without zooming in (Ren
et al. 2024). Thereby, in practice only the most prominent words in the
cloud can be used for forming a gist of the text content.

3. The third limitation regards the difficulty to compare word clouds, e.g.,
when tracking longitudinal changes in a series of word clouds or com-
paring two word clouds representing two text genres. As expressed
by Cao & Cui (2016: 74): “[...] tracking words between different word
clouds is the biggest pain for this type of methods”. The main reason is
the varying position of the same word between different word clouds
(Cao & Cui 2016: 69).

Critique has also been directed towards the use of font size as a prominence
indicator, since this might result in longer words incorrectly being perceived
as more important, as they occupy a larger area in the graph (Viégas &
Wattenberg 2008). However, a large font size is a self-explanatory signal for
prominence and the use of a small font size enables the creation of dense
graphs with many words. We will, therefore, address this limitation by
alleviating it, not completely removing font size as a prominence indicator.
In addition, results from Alexander et al. (2018)—where an accuracy of
over 90% was achieved for a font size comparison task—show that there are
situations in which users are able to compensate for length differences.

While there are previous extensions of the classic word cloud that aim
to solve one of the limitations listed above (see Section 5.2), we are not
aware of any text visualisation technique that—as the Word Rain technique—
addresses all the described limitations.

3 The Word Rain text visualisation technique

The aim of the Word Rain visualisation remains the same as that of the
classic word cloud, i.e., to create a static visualisation that quickly provides
an understanding of text content by displaying the most prominent words
in a text. However, by creating the Word Rain visualisation technique, we
address important limitations associated with classic word cloud, thereby
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4 Figure 1: The top 600 most frequent words in patient
periodicals from the British Diabetes Association.

making the visualisation more practically usable for analysing, exploring
and comparing texts.

3.1 The word positioning of the Word Rain technique

The main method for achieving the additional analytical capability of the
Word Rain visualisation is the way in which the words are positioned.

Particularly important is the feature of letting the horizontal position of
a word be determined by the meaning of the word. Before the algorithm for
positioning the words can be applied, each word to be visualised in a series of
word rain graphs is assigned a fixed value on the horizontal axis (i.e., a fixed
value on the x-axis), which represents its meaning. In the currently available
implementation, this is achieved by projecting word embeddings—more
specifically, multidimensional word-vectors from a word2vec-model—onto
one dimension. Thereby, a word is assigned the point on the x-axis that is
determined by projecting its word vector from a multi-dimensional space
onto the one-dimensional x-axis.

This horizontal word positioning has the consequence that words with a
similar meaning are positioned close to each other on the x-axis. Note that
the x-axis does not represent a scale of meaning—it would be impossible
to represent the general meaning of words on a scale. Instead, the word
positioning could rather be viewed as depicting loosely defined clusters
of meaning, and words with similar meaning—i.e., those belonging to the
same semantic cluster—are positioned close to each other on the x-axis. For
instance, in the upper graph in Figure 1, to the right (in violet), there are a
number of words related to measurements, e.g., oz, per, gramme, and a bit to
the left (in blue) there are many words related to carbohydrate and sugar.

When several word rains are generated as a series of graphs, as is the case
for the two graphs in Figure 1, a word receives the same horizontal position
in all word rains generated. That is, one and the same projection of word
embeddings on the x-axis is used for every graph in a series. The words
insulin, calorie and balance, which are prominent in both graphs, provide
evident examples of this consistent word positioning.

While the horizontal position for a word is the same for all graphs in-
cluded in a visualisation series, the vertical position (i.e., position on the
y-axis) is not. The vertical position indicates word prominence in the text vi-
sualised, and it also adapts to the position of the other words in the graph.
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The Word Rain algorithm positions the words at their pre-determined x-
coordinate in a decreasing order of prominence. The algorithm starts by
trying to position a word at the very top of the graph. If the extension of
the word overlaps with that of a more prominent one, the word has to yield,
and “rains down” in the graph until there is a free spot. In general, more
prominent words are therefore positioned above less prominent ones. “Word
prominence” can have different meanings (as will be exemplified by the
use cases), but in Figure 1, it is equivalent to word frequency in the text
visualised.

In the first graph in Figure 1, per is the most prominent word, and is there-
fore positioned first. The horizontal extension of the second most prominent
word carbohydrate overlaps with per, and carbohydrate is therefore moved
downwards until there is no longer an overlap. In contrast, the word protein
does not overlap with a more prominent one, and is therefore positioned at
the very top of the graph. A more compact graph can thereby be created by
allowing the vertical position to not strictly follow word prominence.

The word positioning algorithm often results in vertical clusters of se-
mantically similar words being created, where the more prominent ones
generally (but not always) are positioned above the less prominent ones. The
assigned x-coordinate of a word is the position where the word starts, i.e., in
the example here, the point just to the left of the word.® In the first graph in
Figure 1, a vertical cluster is, for instance, formed around the x-coordinate
where the word carbohydrate starts. At almost the same x-coordinate, other
words related to nutrition also start, i.e., the words calorie (below), and fat
(above). When looking at a slightly larger portion of the x-axis, other related
words can be found, such as protein, eat, and words related to the level of
sugar (in blood/urine).

3.2 The pinhead bars

Similar to a classic word cloud, the font size used for the words correspond
to the word’s prominence. Above the area of the graph containing the words,
there is a bar chart, consisting of a bar associated with each word in the
graph. Their height also corresponds to prominence values of the words.
These bars provide a prominence indication that is independent of the word
lengths (thereby partly addressing the above-mentioned criticism of using
font size as the sole prominence indicator). The pinhead at the top of each
bar makes it easier to see where the bar ends.

For right-to-left languages, e.g., Yiddish, Arabic, Hebrew, this can be changed to the upper-
right corner by a configuration option.
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The bars also provide the additional functionality of making word clus-
ters, as well as absences of words in certain semantic regions, more evident.
For instance, when looking at the words in the right-hand side of the second
graph in Figure 1, they might give the impression of populating the entire
area. However, when looking at the bars, it is evident that there is a gap
between the violet and the pink/reddish areas.

The graphs in Figure 1 show a colour configuration, where a gradient
along the horizontal axis is formed by a wide spectrum of colours. It is,
however, possible to configure the bars to be displayed using another colour
scheme, for instance, to use a monochrome bar chart or to use fewer colours,
as will be shown below. It is also possible to configure the word rain graphs
to emphasise certain words, either by providing a pre-defined set of words to
emphasise, or to configure the word rains to emphasise words occurring for
the first time in a visualisation series (see use cases below). This is reflected
in the bar chart by a grey colour. In the upper graph in Figure 1, there is for
instance a cluster of emphasised words (e.g., sunlight and exposure) among
the blue bars.

Each bar is connected to its corresponding word by a thin line. These thin
vertical lines are drawn from the bottom of the bar to the starting position of
the word with which the bar is connected. The length of these lines does not
carry any meaning.

3.3 Determining the horizontal word positions

So far, we have used expressions such as “similar meaning” and “semanti-
cally close” rather carelessly. What we formally mean is the concept which
is referred to as paradigmatically related words within distributional seman-
tics, i.e., words that typically can be exchanged for each other in a sentence
(Cuba Gyllensten 2023). Paradigmatically related words thus often appear
in the same semantic contexts in a text. The words fruit and bread in the
cluster of words to the very right (in red) in Figure 1 forms one example of
paradigmatically related words. Both of them would, e.g., fit in a sentence
such as “I eat a lot of (bread/fruit)”.

To use a word2vec model is one, among many, methods to encode which
words are paradigmatically related, and this is the method supported in the
current implementation of the Word Rain algorithm. There are also many
different methods available for reducing a multi-dimensional space to fewer
dimensions. The default dimensionality reduction method supported in
the current implementation of the Word Rain algorithm is t-SNE projection
(van der Maaten & Hinton 2008).
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When generating a word rain, it is either possible to use a pre-trained
word2vec model, or to train a model on the same corpus that is visualised.
The advantage of the latter option is that the word similarities in the word
rain graphs then reflect paradigmatic similarities in the actual texts that are to
be analysed. However, when the text corpus used for creating the word2vec
model is too small, the quality of the model might not be high enough to be
useful for the task of semantically sorting the words to visualise.

Also when the corpus used for training the word2vec model is relatively
large, there might be words receiving a horizontal position in the word
rain graphs that does not necessarily align with a human perception of
paradigmatic similarity. This could, for instance, be the case for words that
occur infrequently in the corpus used for training the model, or for words
that occur in unexpected contexts in this corpus. For instance, the red food
cluster in the first graph in Figure 1 contains the word wander, which does
not seem to belong in this context.

It should also be noted that the effect of projecting the multi-dimensional
information of a word2vec model onto just one dimension will result in
information loss compared to using the original model. For the purposes of
the Word Rain visualisation, it is enough to retain the information necessary
for positioning similar words in close proximity, in order to let the user ex-
plore semantic neighbours or to identify clusters of similar words. However,
in order to more closely study paradigmatic similarity distances—a task
that is normally out of scope of the Word Rain visualisation—a method
retaining more of the original multi-dimensional model is likely to be more
suitable. Useful observations about paradigmatic similarity can, however,
still be made based on the horizontal word positioning in a word rain, for
instance observations that could form hypotheses to use for exploring se-
mantic similarity in the original word2vec model. To summarise: the main
aim of the Word Rain visualisation is not to convey detailed information on
paradigmatic word similarity. Instead, the visualisation employs paradig-
matic similarities in order to efficiently convey the most prominent words in
a text.

4 Use cases

We present three use cases with an increasing level of implementation com-
plexity. In the first one, the Word Rain web service is used and, thereby, no
programming at all is needed. For the second use case, a minimum level
of programming is required. The code for this use case does not contain
any advanced programming logic, but is merely a way of setting different
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parameters for the word rain. The third example, in contrast, shows how
more complex configurations can be applied in order to tweak the word
rain functionality. Also here, only a minimum amount of programming
code is required, but the user needs to have some experience in applying
programming logic. By offering—and here describing—different methods
for generating word rains, we aim to target different kinds of users, both
users who prefer an easy method for generating standard word rains without
any need for coding, and users who want the flexibility to create word rains
that fit specialised visualisation goals.®

4.1 Corpora used for the experiments

As example texts for describing the Word Rain technique, and for the three
use cases, we used text corpora investigated in two projects connected to the
Centre for Digital Humanities and Social Sciences Uppsala, CDHU, namely,
the ActDisease and Swemper projects.

ActDisease’ is a research project that studies the emergence, structure,
and significance of diagnosis-specific patient organisations. The aim is to
determine how certain diseases became subject to organisational efforts by
people affected by them, and how this forming of organisations affected the
understanding and management of those diseases. Around ten patient organ-
isations from four European countries (Sweden, UK, France and Germany)
are part of the study. As part of the project, their periodical publications
(member newsletters and magazines) have been digitised, making up a
corpus of approximately 125 000 pages from about 1890 to 1990 (Aangenendt
et al. 2024). The project uses a combination of digital and traditional histori-
ographic methods, with the digital text analysis aiming to provide insight
into longitudinal changes in the texts, which helps guide the researchers in
selecting case studies for a closer study of the texts and additional, archival
sources. Furthermore, the project explores how to use digital text analysis
methods to reveal layers of the text that are not readily visible to the human
reader (Janicke et al. 2017).

We here use two of the corpora digitised within the ActDisease project.
For the use cases, periodicals issued by the patient organisation “The Swedish
Diabetes Association” (Soderfeldt 2025) are used. This corpus consists of
8 891 pages, written in Swedish and published from 1949 to 1990 (except in
1950 and 1951). For the examples above, when explaining the Word Rain
technique, we use periodicals from “The British Diabetes Association”.

The code for generating the word rains showcased here is available at https://github.com/
CDHUppsala/word-rain/tree/main/handbook (last accessed: February 14, 2025)
https://www.actdisease.org (last accessed: February 14, 2025)
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The Swemper project® is a digital infrastructure currently under develop-
ment at Uppsala University that aims to create a historical full-text database
of Swedish medical periodicals produced during 1781-2011. By the end of
the project around 550 000 pages (28 titles, ca. 1100 physical volumes) will
have been scanned, digitised and collected in a database. One of the goals of
the project is to make this database available through a web interface (The
Swedish Medical History Portal), which is also under development by the
project. Another project goal is to explore and disseminate how state-of-
the-art machine learning techniques can be used to improve the quality of
layout analysis and OCR, and thereby provide better metadata to facilitate
search and browsing of both images and text-data in the large database.
The machine learning techniques used are described in Chapter 8 of this
handbook (Ortiz Pablo et al. 2025).

Also from the corpora digitised in Swemper, we used one of the sub-
corpora: “Lakartidningen”. This is a Swedish medical journal published by
the Swedish Medical Association. We here focus on content from the 1960s
that had been digitalised and was available when this study was carried out.

For the first use case, the texts from the Diabetes periodical and from
Lakartidningen were used as as-is, i.e., as provided from the digitisation
process described by Aangenendt et al. (2024) and Ortiz Pablo et al. (2025),
respectively. For use case 2 and 3, we used texts from the Diabetes periodical
which had been lemmatised using Efselab (Ostling 2018).

4.2 Comparing two text genres using the Word Rain web service

The task for the first use case consists of creating an overview of—and com-
parison of—two corpora from two medical genres, both from the 1960s.
The first corpus consists of periodicals from the Swedish Diabetes Associa-
tion, and the second consists of texts from the journal Lakartidningen, as
described above.

We created one text file consisting of pages from periodicals from the
Swedish Diabetes Association published during the 1960s, and another text
file consisting of the pages from Léakartidningen from the 1960s that so
far have been digitised within the Swemper project. From the periodicals,
we used all texts from the 1960s (2239 pages), and from Likartidningen
we extracted pages containing either the substring diabet or the substring
sockersjuk (1739 pages).

8 Communicating Science: Swedish Medical Periodicals, 1781-2011 (SweMPer) is a collabo-
ration between Uppsala University Library, The Centre for Digital Humanities and Social
Sciences (CDHU) and The Department of History of Science and Ideas at Uppsala University.

9 https://github.com/skogsgren/pefselab (last accessed: February 14, 2025)
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The two text files were then uploaded to the Word Rain web service'

(Ahltorp & Skeppstedt 2025), with parameters as shown in Figure 2. Pa-
rameters available include a slider for determining the height of the bars
and how fast the font size should decrease for less prominent words. In the
dialogue box that appears when “Upload file” is pressed, it is possible to
select several files.

The web service produced the word rains shown in Figure 3, where the
first graph shows the content from the patient periodical Diabetes, and the
second graph shows the content from Léakartidningen.

When Swedish is chosen as the language of the corpora, words included
in the standard Swedish stop word list from NLTK (Bird 2002) are used to
filter which words are included in the visualisation. A pre-trained word2vec
model, trained on Swedish text, is used for positioning the words. We
configured the Word Rain web service to use TF-IDF as its prominence
measure, i.e., a prominence measure that slightly exaggerates the differences
between the corpora compared.

421 Reading the word rains

Despite using TF-IDF, it is still possible to observe many similarities between
the two graphs in Figure 3. To the left, both graphs display different kinds of
words and bigrams with numbers in orange/yellow, with more emphasis on
years for Lakartidningen. To the right, in red/cerise, there are words closely
related to diabetes for both texts, e.g., diabetes and insulin.

There are also differences between the two corpora; the most obvious
being the vertical cluster of English words shown in turquoise in the Lakar-
tidningen graph. While this cluster is very prominent in the Lakartidningen
graph, the corresponding horizontal position is almost empty in the visuali-
sation for the Diabetes periodical. That is, there are frequent English words
in the Lakartidningen corpus, but not in the Diabetes corpus. Conversely,
just to the left of the English words cluster, there is instead an empty segment
in the Lakartidningen graph. At the same horizontal position in the Diabetes
periodical graph, words related to the Swedish Diabetes Association, as well
as words related to organisational matters in general, are located.

Another difference between the Diabetes periodical (directed towards
patients) and the Lakartidningen journal (directed towards the medical
profession) is the representation of places and people among the most com-
mon words. In the left part of both graphs in Figure 3, there is a vertical
cluster of Swedish cities, more specifically at the horizontal position where
the yellow colour turns into green. In Likartidningen, only the three largest

10 https://wordrain.org (last accessed: October 7, 2025)
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Figure 3: Comparing periodicals from the Swedish Diabetes Association (a), with
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tion (b), for the first use case. Both corpora stem from texts on diabetes published
during the 1960s.
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cities in Sweden—as well as two university cities—have made it into the top
600 words on the pages discussing diabetes. In the Diabetes periodical, in
contrast, there is a wider spread with some smaller cities included, as well as
other types of places: two street names and a mention of the organisation’s
retreat Nordanede.

Names, and other words related to persons, are positioned directly to the
left, as well as directly to the right, of the place cluster. In Likartidningen,
there is no full name with a frequency ranking high enough to be included
among the top 600 most frequent words/bigrams. There is only one instance
of a family name, and there are five instances of given names, all male. In
Diabetes, in contrast, there are five different full names, mentioned frequently
enough in the 1960s to be included among the most frequent words. Both
female and male first names appear among the most prominent words.
Frequently used titles in Diabetes include Mrs., Mr., doctor and professor,
as well as titles in the form of functions within the patient organisation,
such as president. In Lakartidningen, the titles are connected to the medical
profession or academia, e.g., (associate) professor, licensed physician, chief
physician and doctor.

These contrasts between the two word rains reflect the differences in
content and audience of the corpora compared. However, they might not
represent general differences between the two publications, since we used
the entire content of the Diabetes periodical, while selecting a subset of
Lakartidningen containing words related to diabetes. Nevertheless, the
comparison of the two corpora form an illustrative example of how word
rains can be read to detect differences between text collections.

The pink word cluster in the right-hand side of the graph contains words
that could be described as “medical words”. Here, there are differences
related to vocabulary use. The word diabetes is frequent in both texts. The
word sockersjuka ‘sugar sickness’, on the other hand, is very frequently used
in the Diabetes periodical, but does not appear among the top 600 most
frequent words in Lakartidningen. Conversely, in Lakartidningen the full
medical term diabetes mellitus is used, but does not appear among the frequent
words in the Diabetes periodical. Another difference regards what persons
occur in the medical cluster. In both texts, the only medical profession
frequently referred to in the 1960s (apart from references through titles) is
likare “physician’. In the Diabetes periodical, the most important person in
the medical word cluster is diabetiker ‘diabetic’, whereas patienter “patients’ is
the most important person in Lakartidningen. Possibly, both words might
often refer to a person with diabetes, but the vocabulary differs depending
on the authors/target readers of the texts.
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4.2.2  Advantages/disadvantages of using the web service

As previously mentioned, the large advantage of the Word Rain web service
is that no programming is required to produce the word rains. The web
service is therefore suitable both for those who do not have any need for the
more detailed configuration options available when programming, as well
as for those who first want to quickly try the visualisation technique on their
corpus, to decide whether it would be useful to start using the Word Rain
Python module.

A disadvantage of the web service, in addition to it offering fewer config-
uration options, is that not all corpora are possible to upload to an external
organisation, e.g., corpora containing sensitive information. The code for
the web service is, however, released as open source code.!! It is therefore
possible to set up the web service at any organisation where it is going to
be used, either as a web service that can be accessed externally or as a local
service within an organisation/at one specific computer.

4.3 Visualising longitudinal trends

The second use case focuses on only one of the corpora, the periodicals from
the Swedish Diabetes Association. The task for this use case still includes
comparison, but the aim of the word rains created is to visualise longitudinal
trends. That is, instead of comparing two different text genres, as for the first
use case, the aim is to make it possible to compare the content of each year
to the content of the other years in the corpus. We therefore created a series
of visualisations, with one word rain graph per year for the years 1949 and
1952-1990.12

The Word Rain Python module provides a number of configuration op-
tions for deciding which words to include in the graphs, for instance different
types of word frequency cut-off configurations and different prominence
measures. We have previously investigated and described the effects of
varying the cut-off parameters with the aim of highlighting different as-
pects in the visualisation of longitudinal trends (Skeppstedt & Aangenendt
2024), and this will therefore not be the focus here. Instead, in use case two
and three, we showcase two different prominence measures for visualising
longitudinal trends.

As prominence measure in this second use case we employ raw word
frequency. We also apply two different word frequency cut-offs: the word
must occur at least ten times in the corpus and at least four times for the year

11 https://github.com/sprakradet/wordrain-service (last accessed: February 14, 2025)
12 There were no issues of the Diabetes periodical from the years 1950 and 1951.
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visualised. For each year in the visualisation series, a graph is generated,
which includes the top 600 most frequent words that fulfil the cut-off require-
ments. With these settings, we aim to showcase a longitudinal visualisation
series with a configuration that is straight-forward to interpret.

Instead of using a pre-trained word2vec model, as in the first use case,
a model was trained!® on the same corpus that was visualised. Thereby,
semantic similarity as expressed on closeness on the x-axis reflects seman-
tic similarity in the corpus visualised, in contrast with general semantic
similarity in the language, which was visualised in the first use case.

For the word rains in Figure 6, we have configured the graphs to include
dashed vertical lines (and numbers associated with the lines). These lines
have no other function than to offer a possibility to refer to different parts of
the graphs, without having to rely on colour coding. We also used another
colour gradient than in the previous example. The numbers in parentheses
show the word frequency per 1000 words in the corpus.

We also configured the visualisation series to mark new words, i.e. words
that have not appeared in the graphs for any of the previous years. These
words are marked with a #-character and, when using the default font con-
figuration, marked by an italic font. In addition, the bars corresponding to
these new words are displayed in a grey colour.

4.3.1 Stop words

There are different ways to avoid very frequent words taking up a lot of
space in the graphs, for instance, excluding words that occur all of the years
in the series, or including general-language background corpora and using
TF-IDF as the prominence measure. For this aim, it is also possible to use
word rain configuration options for font size and for “word size fall-off”, i.e.,
for how quickly the font size of less prominent words is to be decreased.

Another possibility, which is the method used here, is to employ a man-
ually created stop word list, i.e., a list of words to exclude from the visual-
isations. We first employed the standard Swedish stop word list included
in NLTK (Bird 2002), and then manually extended this list with words
that took up a lot of space in the graphs. Most of these words were either
semantically bleached in nature—e.g., kunna ‘can” and komma ‘come’—or
were semantically rich words with a frequency that did not vary much over
time—e.g., insulin and diabetes.!*

For training the model, a window size of three and a vector size of 50 were used.

The use of diabetes actually did vary over time, as sockersjuk ‘sugar-sick” was a more common
term during the first six years visualised. However, if we treat these two terms as alternative
ways to refer to the same concept, references to that concept were relatively stable over time.
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Figure 4: The stop words used in the second use case.

The stop words used are visualised in Figure 4, with the more semanti-
cally rich words underlined. Note that the visualisation of the stop words in
Figure 4 is created as a completely separate graph from the series of graphs
shown in Figures 5 and 6, with another projection of the words on the x-axis.

In addition to visualising the stop words, the graph in Figure 4 also
showcases a configuration possibility of the Word Rain code, where the user
can define a set of pre-defined words that are the only ones to be included
in the graph. That is, instead of specifying a set of words to exclude, as for
the stop words used for Figures 5 and 6, we here configure the word rain
to only include a set of pre-defined words. The possibility to specify sets
of words to exclude and include, thus, forms an option for easily tailoring
the content of the word rains to specific visualisation needs. We have, for
instance, previously experimented with compiling a list of named entities
found in a text set, and both produced word rains that exclude the named
entities (using the stop word functionality for excluding words), and word
rains that only include the named entities (using the inclusion list).

In addition to showcasing the possibility to specify a pre-defined set
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4 Figure 5: Comparing two adjacent years, 1965 and 1966,
for the second use case.

of words to include, Figure 4 also showcases i) the possibility to provide
a user-defined list of words to underline, and ii) the possibility to create a
monochrome word rain.

There is a trade-off between avoiding a very frequent, consistently occur-
ring, word to take up a lot of space in the graph, and removing potentially
interesting content from the visualisation. This is particularly the case when
also removing semantically rich words, as for the example case presented
here. Therefore, it might be relevant—as was done here—to also produce a
visualisation of the content that was excluded.

4.3.2  Reading the word rains

As examples from the visualisation series (which in total includes one graph
per year, for the years 1949, 1952-1990), we compared graphs from the two
adjacent years 1965 and 1966 (Figure 5), and graphs from two years far apart,
1965 and 1985 (Figure 6).

Table 1 contains a summary of the semantic word categories we were
able to detect in the graphs in Figures 5 and 6. The roman numbers indicate
an approximate position for the words in the graph. The categories within
parentheses are only marginally represented in the graphs for the years
1965, 1966 or 1985, typically with only one or two words. However, these
categories are prominent other years in the visualisation series—i.e., in the
series created for the years 1949-1990—and we therefore included these
categories in the table. The year in parentheses is the first year the semantic
category appeared in the visualisation series.

The differences between the two adjacent years, 1965 and 1966, in Figure 5
are less obvious than between the two different corpora compared above.
Instead, what stands out is rather the similarity between year 1965 and year
1966. There are, however, still examples of immediately evident differences.
For instance, words from 1965 related to traffic and driving, e.g., forare ‘driver’
and trafikolycka ‘traffic accident’, are no longer present among the top 600
most frequent words in 1966. Instead, some words related to food have
become more prominent in 1966, e.g., kost ‘food/diet” and fett ‘fat’, as well
as words related to organisation administration, e.g., medlem ‘member” and
styrelse ‘board” and economics, e.g., avdrag ‘deduction’.

With the grey colour marking, it is possible to spot semantic regions of
new words in the graph. For instance, close to line XI in the graph for 1965,
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« Figure 6: The most frequent words/bigrams (after stop

word removal) in periodicals from the Swedish Diabetes

Association, from 1965 and 1985.
Table 1: Semantic categories in Figures 5 and 6.
Semantic category Label Appears
Food/recipes n-v 1953
(Self tests for sugar) V-VII 1954
Nutrition VI 1953
Artificial sweeteners and types of sugar VI 1954
Insulin and other medication VIII-X 1949
Blood and urine XI 1953
(Processes, body parts/substances involved X=XI 1953

in the cause of diabetes)
Medical complications, risks and related XI-XIII 1953

body parts
Traffic and driving XII 1965
Diet/weight/exercise/treatment XII-XIV 1949
Words for discussions and feelings XVII-XVIII 1955
Children/youths, other people, professions XIX 1949
Work (employment) XX 1949
Research, advice, development, education XX-XXI 1949
Economical matters XXI 1949
Organisation words, e.g., member/board XXTT-XXIII 1949
Lottery, fundraising XXIII 1957
Research or research funding XXII 1953
Organisational activities XXIV-XXV 1954
Published /printed material XXIV 1949
Summer camp/Nordanede/trips XXV-XXVI 1949
Places where healthcare is taking place XXVI 1954
Places outside Sweden XXVI-XXVII 1954
Swedish cities and addresses XXVII-XXIV 1949
Organisation functions, titles and names XXX=XXXI 1949
Academic titles, names and university cities XXXI-XXXIII 1949

there are a number of words not previously included in the series of graphs.

In Figure 6, which instead compares two years far apart, 1965 and 1985,
the differences are larger. Many (but not all) semantic categories are present
in both years, but they often differ in content. For instance, the insulin/med-
ication category in 1985 reflects the spread of new technology around this
time (Bradwel 2023: pp. 80-82, 85-87), with new words, such as insulinpump
‘insulin pump” and insulinpenna ‘insulin pen’. There is also more focus on the
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Figure 7: Comparing two adjacent years, 1965 and 1966, »
with the frequency difference compared to previous
year as the prominence measure for the third use case.

body affected by diabetes, with fot ‘foot” as one of the most prominent words
in 1985, as well as dga ‘eye” and sidr “‘wound’ being prominent words. The
food category is also more prominent, and it includes more verbs frequently
used in recipes, such as koka ‘boil” and blanda ‘mix’.

The graphs also show a change in common organisational activities, with
many different kinds of activities in 1965—e.g., lectures, meetings, diabetes
day, singing—while only congresses, national meetings and courses remain
in 1985. Activities related to the diabetes retreat Nordanede, which was
acquired in 1963 and closed in 1983 (Swedish Labour Movement’s Archives
and Library, Personal archives of Nancy Eriksson n.d.), are also not any more
present in the graph for 1985. Organisation-related words in general receive
much less attention in 1985, e.g., with words such as styrelse ‘board” and
medlem ‘member’ being very prominent in 1965, but not at all in 1985.

4.4 Longitudinal trends, but with a focus on novelty

For the third use case, we also show visualisation examples from the two
adjacent years, 1965 and 1966. Here, we do, however, not apply raw word
frequency as the prominence measure for selecting which words to show.
Instead, we use the word frequency difference between the year that is visu-
alised and the previous year. That is, the graph for 1965 in Figure 7 shows
the words for which the frequency has increased the most compared to 1964.
Similarly, for the graph for 1966, the prominence measure applied is the
increase in frequency from 1965 to 1966. Practically, we use the differences
in relative frequency.

In contrast with the previous use case, there is no ready-made word
rain configuration setting for using differences in relative frequency as the
prominence measure. Instead, the Word Rain code offers a way for the user
to submit their own Python function for defining word prominence. This
functionality provides the user with a large degree of flexibility in defining
the prominence measure, but, as already mentioned, also requires more
programming skills.

The point of the prominence measure for the third use case is to make
it possible to detect words that show a large increase in usage for the year
visualised. This prominence measure is not only more difficult to technically
implement, but also slightly more difficult to interpret than the standard fre-
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quency measures. When analysing these results, it is important to remember
that novelty/frequency increase is the sole focus of the visualisation. When
frequency for a word instead has decreased compared to the previous year,
the word is therefore not included in the graph for that year, despite that this
word might be a frequently occurring one also that year. When analysing
visualisations using differences in relative frequency as the prominence mea-
sure, it is thereby useful to also look at word rain visualisations that use the
raw word frequency measure. For instance, in Figure 7, the prominence mea-
sure focusing on novelty makes it easier to detect the large frequency increase
for the two words diabetesgird ‘diabetes retreat’ and Nordanede ‘name of a re-
treat place’” (both shown in violet) in 1965, than to detect frequency changes
by comparing two graphs that visualise raw word frequency. However, to
study the general development of these two words, e.g., how much they then
decreased in 1966, standard word frequency is a better prominence measure.

Apart from using a different prominence measure, we altered a few
additional configuration settings compared to the previous use case, in order
to showcase other possible word rain settings. For instance, the top 400
most prominent words are shown (instead of the top 600), the minimum
word frequency in the text visualised is set to ten, the labelled lines are
not included, and the number shown in parentheses is the word’s absolute
frequency in the text visualised (and this is only shown for a frequency of
20 and less).

For this use case, we also showcase a configuration option that allows
the user to somewhat influence the result of the projection on the x-axis.
This configuration was also used for the visualisation of the British Diabetes
Association texts in Figure 1. With this configuration option, the user defines
a k number of clusters, to use for clustering the words, and more distinct
word clusters along the x-axis are thereby created. When comparing the
graphs in Figures 5 and 6 to the graphs in Figures 1 and 7, it is possible to see
that the words in the latter figures are positioned in more distinct clusters
along the x-axis. In Figure 7, we configured the projection to use 50 clusters,
and in Figure 1 to use 30 clusters.

The same wide colour scale as in Figure 1 was used for the colour gradient.
For both Figure 1 and Figure 7, the colours and clusters were emphasised
even further by using a configuration option which provides the words
with a coloured background box. With the purpose of reminding about
the possibility to vary the parameters for the word2vec model used, we
here trained a new word2vec model on the corpus, slightly altering!® the
parameters used.

More specifically, increasing to a window size of five words and a vector size of 100.
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441 Reading the word rains

In the graph for 1965, the previously mentioned prominent semantic cate-
gories are easier to detect when word frequency difference is used as promi-
nence indicator. In green, under the word férare ‘driver’, there are a number
of prominent words related to traffic and driving, mainly regarding traffic
accidents. Similarly, there are many words related to the diabetes retreat
Nordanede (between blue and violet), that have increased in 1965 compared
to 1964. This is also the case for words related to nutrition (to the left in
orange). There are also some individual words that stand out. For instance,
among organisational activities (between blue and violet), there is the new
word diabetesdag ‘diabetes day’, an annual campaign day with among other
things a nationwide fundraising effort through the radio introduced in 1965
(Pehrson 1965). Consequently, among the lottery/fundraising words (in
violet) radioinsamling ‘fundraising through the radio” stands out.

In 1966, words related to nutrition continue to increase in frequency (to
the left in orange), and organisational words also increase (in pink). Most
prominent here, is the economic category (in blue, under the word avdrag
‘deduction”). Also here, there are individual words that have increased, e.g.,
kost “food /diet” and motion ‘exercise’.

5 Word Rain in relation to other text visualisation techniques

We will end this chapter by positioning the Word Rain technique in the
context of other text visualisation techniques. The content of this section is
not required for understanding, generating or reading the word rains, but
might be useful for comparing the technique to other possible choices for
visualising or listing the most prominent words in a text or corpus (Felix
et al. 2018).

We will start by comparing the Word Rain technique to the techniques
it aims to replace, i.e., to word frequency lists and the classic word cloud.
Thereafter, we will provide some other examples of word cloud extensions.

5.1 Word Rain compared to a word frequency table and a word cloud

By creating a word frequency list (Table 2) and a classic word cloud (Figure 8)
for the same texts we illustrated above in Figure 6, we aim to emphasise the
advantages of the Word Rain technique compared to the other two methods.

Similar to the word clouds, the word rains in Figure 6 also immediately
show which are the most important words in the texts. However, when the
Word Rain technique is used for visualising the texts, much more information
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Table 2: A table showing the 30 most frequent words/bi-
grams (after stop word removal) in periodicals from
the Swedish Diabetes Association, from the year 1965
and the year 1985. Frequency is shown by the number
of occurrences per 1000 words (%.) in the periodicals
from that year.

Year 1965 Year 1985

Rank Word %0 Word %0
1 barn 42 patient 47
2 patient 3.4 barn 3.7
3 socker 2.8 spruta 3.0
4 forare 2.6 fot 3.0
5 likare 25 likare 2.8
6 undersékning 23 veta 2.7
7 timme 23 st 2.7
8 st 2.2 idta 2.6
9 grupp 2.2 litt 2.5
10 Eriksson 2.2 anvinda 25
11 land 21 kinna 2.3
12 tablett 21 Sverige 22
13 visa 2.0 skriva 22
14 pris 2.0 Ulla 22
15 IE 2.0 land 2.0
16 kost 1.8 vatten 2.0
17 Nancy Eriksson 1.8 vanlig 2.0
18 Nancy 1.8 typ 2.0
19 styrelse 1.8 sjukhus 2.0
20 person 1.8 visa 1.9
21 arbete 1.8 viktig 1.9
22 medlem 1.8 cell 1.8
23 krona 1.8 behandling 1.8
24 docent 1.7 socker 1.8
25 fru 1.7 virdbidrag 1.7
26 anvinda 1.7 forsta 1.7
27 anse 1.7 riitt 1.7
28 diabetesgird 1.6 mat 1.7
29 Nordanede 1.6 krona 1.6

30 dlder 1.5 problem 1.6




The Word Rain visualisation technique applied to digital history 175

giva verksamh fruk( !xdlgl o- “(k, mmala -so(ke,sjuke(wemg Ko mmmml Lamna - o Smma . I
forsta pwg.,o fo mmmmg san grun U
\ centrum ho g

hotell
f r- forsknlng senm- s 115 una C u.,.,sm: Nor K rorsknmgslon m.\. o gmo;llghe(

enskild
oo S, apotek
m N’Mlm i B2 radioinsanling

c
5
‘manniskas:
Mo

rekonmendera

gleson

tinme_avklinga

unggom
“Gunnar .,

.“AnderssoniysiL

Stad
antrade : material v

vetenskap.

L1E ‘d }g :
i | S S O.nsu[nmgsme;'el
etnegga rdtni docent Gunrar >

nforelse gl :ess;uu

otebo
di

Gunnar_En

pdress_postadress ®

+—'nel ta
T ikson

nordisk_insuli

udserf(ck ad_ "sak o™ snabbverkande

e chandis bidragiri
a0 Eagfde I o2l Kost l-1: g oromers
medelﬂ” d xgu 1att Wring cillfslle g g ] r l

forskare nli yesserad Orebro "
= Nanc yg | @Y G KEGh 3 S meg‘;‘gﬂ
=ordforande ‘ Hp FSON Of caveris he]

N nC vldare_\‘ franstalls

hudemsulmlabovallg‘uum Sterky gammal SOCkerfrl ©
X
a rsmé t e : regelbunden

hoppas IE_effekt
o ma

S medarbetare

passa ]

forskare Insulinspruta e« grupp ; 2 “sDah o Sukskaterska | kolhydrat ® personal _ »
forskning ity K Wgrﬂ‘rgt‘zo“fk“a”lderpro lem . 4 mqu"e«ball.ax, PSSV, k " 1
b ) dcgadtetm) o1k arskilt sitta oprade 85357 uevilaning resultat E N
eftersom = - il skada M 1an ol : . 2 S
i peratta irsikunskapl v Tingall s | @i ol plats I
2 t C hast e Y kd‘_v\ mbjlighet o
e ylan . behandla ullsattaprls cr$ha i . lara WQeskiva
bdegwh d ) o y 1 t l 1 5 G Mhala ool g $ spela .
aker W  ore ITess . g vec Qurace™  regel 311 eSIMLIdIZE T andra. <, iyige i
annat ‘
s]eukva‘\rd oz n s Fin ¥)ran rlng W‘:iffjﬂj SOC ke rkorr_v 1S a &6

o 5 kmr ihop iC

o2 Ve a _\41«'358 2,

P4 e X"

E "ml Lriq ?,_,l SO

5% d n e i

3 m ku(mlo just Stk

£€ = manniska a g, € samband
S,Cjportion 'clnformatfb'h fminut "°“éertl “isdietist fruktsocKer: lonS: BARder sson ™
5 [l aspartam pg.rish3rjg @ n - n Lyrgm
foha inéra < mtlmme brogkopa wrs i a & H Y sko&'E —

5 © uppgincid, P 1ntre§§g = : £ Skontakta
2 Ernstrom # H m rl e <
StJerlodsockerUl a_Ernstron grins 10t M o W: fanily Y Sl person

] Sven g ©

ﬁ salt 31der roveos WE R;

=, £ xsi@halv g 5 ukt ,

D B o W B hussad’ forsakringe

lange § seneriMAt, o2 normal mpretsk l::k;;--en kel ar etanv hog P mékkm 8.0 4432 VK ona

£ vitde : e

5Tod ]_]- h]grlpks Goran]_‘ g e drak anyl glkabetlsk a !ekmk krava
borjangvara kontroll 1nne aradizesen ) kosta h]alpmedel K] ottt effekt

Figure 8: Two word clouds showing the most frequent words/bigrams (after stop
word removal) in periodicals from the Swedish Diabetes Association, from the year
1965 and the year 1985.

mmn

can be derived from the graphs. As exemplified in the use cases, the word
rains make it possible to find semantic word categories, compare texts, and
zoom in into interesting areas. We argue that it would have been very
difficult to find prominent semantic word categories—i.e., to produce the
content of Table 1—from the classic word clouds or from the word frequency
lists (Table 2 and Figure 8). Similarly, the analyses of differences between
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the graphs would also have been very difficult to produce based on the
information provided by the classic word clouds or frequency lists.

5.2 Previous improvements of the classic word cloud

There are many other previously applied approaches, addressing some of
the limitations of the word cloud. To address the absence of a meaningful
word positioning, different types of semantically motivated word positioning
algorithms for static word clouds have been proposed (Wu et al. 2011, Barth
et al. 2014), including those based on word embeddings (Xu et al. 2016).
The methods typically keep a layout similar to the classic word clouds,
but position semantically related words close to each other, and emphasise
semantic clusters/relations by colour coding the words.

Also the problem associated with the difficulties of comparing word
clouds has been addressed through solutions visually very similar to a classic
word cloud. For instance, word clouds more suitable for comparison can be
achieved by assigning words a fixed position in a series of word cloud graphs,
and only allowing sets of words that never occur in the same word cloud to
occupy the same space (Herold et al. 2019). Another possible approach is to
apply restraints on the word positioning to keep the contexts of the words
similar in each graph produced in a series of word cloud graphs (Cui et al.
2010). A very different approach for addressing the difficulty of comparing
word clouds is to produce a single word cloud for all the texts that are to be
compared, and then use colours (Diakopoulos et al. 2015, Burch et al. 2014)
or trend lines (Lee et al. 2010) to indicate in which texts the word occurs or
how the word has varied over time.

There are also solutions to the problem of using font size as prominence
indicator. For instance, Alexander et al. (2018) provided the idea of supple-
menting font size with a padded bounding box around the words, which
has the effect of short words taking up as much space as longer ones.

The use of further typographic attributes—such as italic font or to under-
line text—has also been suggested, as a means beyond font size or colour to
indicate word properties in word clouds (Brath & Banissi 2016).

There are thus many different approaches for addressing the limitations
associated with the classic word cloud. As previously mentioned, however,
these approaches typically focus on addressing only one limitation. With the
Word Rain technique we, instead, aim to address several of the limitations
that make the word cloud unsuitable as a tool for analysing text.
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6 Conclusion

We have in this chapter described limitations of the classic word cloud, as
well as how the Word Rain technique addresses these limitations. We have
then provided three use case examples, with an increasing level of difficulty,
which show how the word rains can be used for exploring, analysing and
comparing the most prominent words in different texts. Finally, we have
compared the Word Rain technique to using a word frequency list and a
classic word cloud, as well as described previous approaches for improving
the word cloud.

With this description of the Word Rain technique—and of how it can
be practically applied—we hope to have convinced you to use a Word Rain
visualisation, where you previously would have used a word frequency list or
aword cloud. We also hope that our practical examples have shown you how
a series of semantically structured word graphs very quickly can provide you
with an overview understanding of the content of a text collection, as well as
with an understanding of how this content varies over time. We would argue
that after spending a short time analysing the visualisations generated here,
even a person with no prior knowledge of the Swedish Diabetes Association
would be able to possess an overview understanding of the content of its
member publication, for the years discussed.

In many usage scenarios for the Word Rain technique, the word rains
could be employed as a first step when approaching a new text collection
to study. The technique provides a content overview of the texts, as well as
lets the user explore and structure more specific, and potentially interesting,
content. This overview understanding might be enough, but it might also
be relevant to take the word rains as a point of departure, and dig deeper
into the content elsewhere. For instance, to produce frequency trend lines
for interesting words/word clusters found in the visualisations, or to use
the word rain as a basis for selecting a subset of texts to read more closely.
These further analyses are, however, out of scope for this handbook chapter.
This is also the case for different types of text pre-processing techniques—
e.g., named entity recognition or topic modelling—for further tailoring the
visualisation to different user requirements. Also a discussion of how to best
generate word rains to use as graphic design elements on printed material is
left to future publications.

Through the three use cases with an increasing level of complexity, we
have shown how the Word Rain technique can support both the user who
wants to upload texts on a web page and create a standard word rain, as well
as the user who wants to adapt the word rains to their specific visualisation
requirements. The three use cases presented here are, however, just the



178 Skeppstedt, Ahltorp, Kucher, Aangenendt, Lindstrom & Soderfeldt

beginning. There are still many unexplored possibilities to further tweak the
word rains, for instance, by using different text pre-processing techniques
before generating the word rains, or by applying different word filtering
options, different colour schemes and/or different prominence measures.
Even larger are the possibilities in the form of different text collections on
which it would be relevant to apply the Word Rain visualisation. We therefore
look forward to following how the Word Rain web service—as well as the
Word Rain Python module—will be applied by future users to generate novel
types of visualisations for different kinds of text collections.
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