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Abstract Twitter is a popular social media platform for scholarly
research, because the user-generated content on the platform can also
include geographic and temporal information. We collect a corpus of
38 million Twitter messages with two million geographical coordinates
to map the languages used across Finland at the level of regions and
municipalities. To cope with the high volume of social media data, we
use automatic language identiﬁcation and place of residence detection.
We estimate the linguistic richness and diversity of users and locations
using measures developed within ecology and information sciences.
The analyses reveal a rich, multilingual environment that varies
geographically and temporally, particularly between coastal, rural and
urban areas. The results, which underline the mutual beneﬁts of
collaboration between linguists and geographers, provide a more ﬁnegrained, accurate and comprehensive view of the languages used on
Twitter in Finland than previously available.
1. Introduction

Producing and consuming content on social media platforms has become
an inseparable part of everyday life for many. The resulting user-generated
content on social media platforms bears the hallmarks of big data, which is
characterised by volume, velocity and variety, as massive amounts of data
about a wide range of topics are created in real time (Kitchin 2014). These
characteristics naturally apply to the linguistic content on these platforms
as well. For this reason, social media is often considered a rich source of
information on real-life language use, which is complemented by metadata
about the users, their demographics, social networks and geographical
locations (Herdağdelen 2013). In particular, geographical information
available on social media is increasingly used in research on dialectology,
linguistic landscapes and language choice, which has led to an increased
exchange between linguistics and geography (see e.g. Grieve et al. 2018; Coats,
2019a; Hiippala et al. 2019; Derungs et al. 2020).
Against this backdrop, this article reports on an exploratory, data-driven
study of the languages used on Twitter in Finland. Twitter is a popular social
media platform used for a wealth of different communicative purposes,
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which allows the users to optionally add geographical information to the
content posted on the platform (Hu & Wang 2020). By leveraging the linguistic
and geographical information available on Twitter, we seek to understand
the linguistic richness and diversity of both users and locations across
Finland. We collect a corpus of 38 million Twitter messages with two million
geographical coordinates for this purpose. To cope with the high volume of
data, we apply various computational methods and measures developed in
the ﬁelds of language technology, geoinformatics, ecology and information
sciences. We contrast our ﬁndings with previous research on multilingualism
in Finland, while also discussing the challenges and opportunities of working
with social media data at the intersection of linguistics and geography.

2. Social media data: challenges and opportunities

Access to large volumes of social media data has opened up new avenues for
linguistic research (see e.g. Zappavigna 2013; Seargeant & Tagg, 2014; Bouvier
& Machin, 2018). In a recent overview of the emerging ﬁeld of computational
sociolinguistics, Nguyen et al. (2016) observe that “the availability of social
media and other online language data in computer-mediated formats
is one of the primary driving factors for the emergence of computational
sociolinguistics.” New sources of data have rekindled an interest in the social
aspects of language use among computational linguists. Purschke and Hovy
(2019: 114), for instance, consider social media data particularly valuable,
because they “represent unsupervised everyday practice rather than
language use from carefully-designed experiments.” The crucial link between
everyday practice and language use is often established via metadata, that
is, information about what kind of content was uploaded on the platform, in
which language, when, where and by whom.
Many social media platforms allow users to associate their content with
geographical locations via a practice known as geotagging (Humphreys &
Liao 2011). This practice is enabled by the use of positioning technology in
mobile phones and other consumer electronics (Heikinheimo et al. 2020). The
widespread use of mobile devices equipped with positioning technology has
led various ﬁelds of research to consider how this combination shapes both
spaces and places, and affects human interactions at various spatial scales (see
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e.g. Dodge & Kitchin 2005; Zook & Graham 2007; Humphreys 2010; Auer et al.
2014). Geographers, in particular, have paid attention to connection between
physical and virtual experiences of space. Graham et al. (2013) argue that this
connection establishes a form of augmented reality, which is characterised
by a “material/virtual nexus mediated through technology, information and
code, and enacted in speciﬁc and individualised space/time conﬁgurations”
(Graham et al. 2013: 465). Aharon Kellerman has characterised this setting as a
‘double space’, which covers both physical places and their virtual extensions
on digital platforms (Kellerman 2010, 2014, 2016). The notion of a double
space is particularly interesting to linguists, because it connects language
use on social media platforms to concrete places and social situations in the
physical world (Hiippala et al. 2019).

2.1. Collecting geotagged social media content programmatically

Not surprisingly, the interest in geotagged social media content has grown
among linguists in recent years, as exempliﬁed by numerous data-driven
studies and data collection eﬀorts (Williams et al. 2013). One such example
is the Nordic Tweet Stream (NTS), a real-time monitor corpus of Twitter data
from Denmark, Finland, Iceland, Norway and Sweden (Laitinen et al. 2018).
NTS collects user-generated content (‘tweets’) and their associated metadata
(e.g. time, location and language) that have been geotagged to Nordic
countries via Twitter’s Application Programming Interface (API) (Laitinen
et al. 2018: 351). An API allows computer programs to make requests and
retrieve content from the platform without accessing the service via a user
interface on the web or in a mobile application.
Like many other research projects involving Twitter, NTS uses the socalled Twitter Streaming API, which is freely available and provides a
random sample of approximately 1% of tweets posted on the platform in real
time. Operated by Twitter, the Streaming API is a ‘black box’, which is now
increasingly scrutinised by researchers who wish to understand its operation
and the characteristics of the sample returned (Pfeﬀer et al. 2018). Laitinen
et al. (2018) report on several experiments from the Nordic countries:
comparing the geotagged tweets captured by NTS to another data collection
system that attempts to retrieve all tweets written in Swedish showed that
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approximately 2.8% of the tweets contain geotags. This ﬁnding is on par with
observations made elsewhere in the world using a premium Twitter API that
provides access to a 10% sample of tweets in real time (Leetaru et al. 2013).
Laitinen et al. (2018: 353) also found that the vast majority of geotagged tweets
are included in the 1% sample available through the Streaming API, but this
ﬁnding is based on a few users only. To summarise, Twitter can hardly be
characterised as a location-driven social media platform (Martí et al. 2019).

2.2. Characteristics of social media data

Despite providing access to high volumes of data, using social media data for
building linguistic corpora involves several challenges. Information about
the age, gender and occupation of language users, their social networks and
the context of language use allow structuring linguistic corpora and relating
this information back to observations concerning language use (Biber 1993).
For social media data, much of this information is unreliable, because it
must be derived through proxies (Sloan 2017). Coats (2019a), for instance,
matches Twitter users’ self-reported names and home locations to lists of ﬁrst
names and places in the Nordic countries, to derive the information needed
to study gender and language choice (see also Herdağdelen 2013). Laitinen
et al. (2017), in turn, use the number of ‘friends’ and ‘followers’ on Twitter
to approximate social network size and its impact on the preference for the
English language, while Hiippala et al. (2019) estimate Instagram users’ home
location by examining the geographical history of their posts.
Compared to users’ self-reported location information, GPS coordinates
may appear as a more accurate source of location information, which the
users often omit or use to convey information not related to location (Hecht
et al. 2011). However, assuming that geotags allow establishing a clear
link between everyday linguistic practices and speciﬁc physical locations
warrants caution, particularly when working with high-volume data that
cannot be veriﬁed manually. Based on a survey of 400 users, Tasse et al. (2017:
256) conclude that “geotags are postcards, not ticket stubs”. They emphasise
that geotagging is a conscious, performative act and the locations tagged are
more likely to be those visited rarely, not routinely. Tasse et al. (2017: 257–
258) also point out that the spatial accuracy of geotags is degrading, because
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social media platforms are switching from coordinate to point of interest (POI)
geotags (see also Hochmair et al. 2018; Hu & Wang 2020). Unlike coordinate
geotags, which provide accurate longitude and latitude, point-of-interest
locations are deﬁned by the social media platform and function as ‘magnets’ to
which the user-generated content may be attached, as exempliﬁed by countries
such as ‘Finland’ or cities such as ‘Helsinki’.
Shifting the attention from locations to users, Artamonova & Androutsopoulos
(2019) call for attention to ‘mediational repertoires’, which emphasises that
social media platforms may serve diﬀerent communicative purposes for users,
which also inﬂuence their language choice. In other words, a Finnish user
may draw on English to participate in public discussions on Twitter, while
communicating mainly in Finnish to closer friends on Instagram (see also Lee
2016). Mediational repertoires across platforms are further complicated by
spatial and temporal repertoires, that is, the inﬂuence of space and time on
language use (Pennycook & Otsuji 2014). From a linguistic perspective, these
inherently dynamic linguistic repertoires, which have been theorised under
the umbrella of metrolingualism (Pennycook & Otsuji 2015), represent the kind
of micro-level language use that is diﬃcult to study at scale using social media
data. Although computational techniques needed to process high volumes of
data, such as automatic language identiﬁcation, can now detect code-switching
(Rijhwani et al. 2017), these tools are rarely available oﬀ-the-shelf.
To summarise, the high volume of linguistic data available on social media
is oﬀset by unreliable information about the language users and the inherent
socio-demographic biases of social media platforms. The same applies to spatial
location information, which may be spatially inaccurate or fuzzy, depending
on whether location information is provided as coordinate or point-of-interest
geotags (Toivonen et al. 2019).

2.3. Combining linguistic and geographic insights
“There are good reasons for arguing that linguists can learn from
geographers, not only how to improve their descriptions ... but also how
to improve their explanations.” (Trudgill 1974: 232)
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Our daily lives and social interactions take place in and are constantly
shaped by geographical space (Giddens 1984), which also undoubtedly
aﬀects language use due to its central role in all things social (Halliday
1978). One subﬁeld of linguistics that has long acknowledged the value of
geographic information is dialectology (Trudgill 1974; Szmrecsanyi 2012),
and particularly its branch of dialectometry, which develops computational
and quantitative methods for dialectology (Nerbonne & Kretzschmar 2013;
Wieling & Nerbonne 2015; Grieve 2017). Whereas dialectology has argued
extensively for the need to account for factors such as geographic distance,
accessibility and socio-demographic features in modelling the emergence
and diﬀusion of linguistic phenomena, dialectometry has developed
computational and quantitative methods for this purpose. The introduction
of methods from modern geoinformatics to dialectometry, however, is a
relatively recent development (Grieve et al. 2011).
The application of geoinformatics has already yielded valuable insights
on language use, particularly in connection with social media data. In recent
years, geotagged social media data has been used to study how the diﬀusion of
lexical items between cities follows the hierarchy of urban settlement system
– larger cities transmit linguistic features to smaller cities, but social media
allows transmission to overcome large geographical distances (Eisenstein
et al. 2014). Grieve et al. (2018) add to this work by incorporating temporal
information into their spatial models of lexical innovation and use spatial
statistics to uncover their spread in the United States. Ljubešić et al. (2018),
in turn, reconstruct dialect regions by estimating the spatial distribution
of distinctive linguistic features in the Balkans. These studies reﬂect many
characteristics associated with the notion of moving ‘beyond the geotag’ in
geographic information science (Crampton et al. 2013). These characteristics
include acknowledging (1) the unreliability of location information, (2) the
temporal aspect of any event, (3) the rapid spread of phenomena across large
distances, (4) the content created by non-humans (e.g. automated ‘bots’) and
(5) the need to verify insights from social media data against other sources
of data.
Derungs et al. (2020: 278–279) argue that although dialectology has been
content to describe the spatial distribution of linguistic phenomena, the
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potential of spatial information and insights has not been fully embraced by
linguists. Besides spatial dependencies and diﬀusion between geographical
units, an alternative spatial perspective to linguistic phenomena involves
turning towards the individual. The diversity of individual’s linguistic
repertoire, one’s surrounding social environment, its spatiotemporal
characteristics, socio-economic features and accessibility are tightly linked to
common interests of linguists and geographers. In this complex, intersecting
web, language can serve as a key marker of cultural diﬀerence, ethnicity and
community membership (Alexander et al. 2007; Järv et al. 2015).
Several inﬂuential conceptual frameworks in human geography, such as
activity spaces (Golledge & Stimson 1997) and time geography (Hägerstrand
1970), place individuals at the centre of attention. Activity spaces refer to
physical locations where individuals engage in social activities (e.g. home,
work, restaurant, gym) and trajectories of movement between these locations
over time. These conceptual frameworks can help to uncover what kinds of
social and linguistic environments individuals are exposed to and to trace
their potential for social interaction (Järv et al. 2015). Tracing the activity
spaces of individuals and their spatiotemporal constellations can provide
additional perspectives to linguistic repertoires, urban multilingualism and
exposure to linguistic diversity, not only at the locations visited, but also
while moving between them. Although these perspectives are gradually
incorporated into linguistic research, there is considerable potential in
fully integrating geographical insights related to spatiotemporality and
accessibility (Longley & Adnan 2016; Järv et al. 2018; Toivonen et al. 2019).

3. Data and methods
3.1. Twitter as a source of spatial data

Twitter allows users to optionally add geographic information to their tweets
in three ways (Hu & Wang 2020). The ﬁrst option is to use coordinate geotags,
which indicate the exact location using coordinates for latitude and longitude
(API ﬁeld: coordinates). The second option is to select a location (e.g. Helsinki,
Finland) from Twitter’s point-of-interest database (API ﬁeld: place). The third

20

Neuphilologische Mitteilungen — I CXXI 2020

Tuomo Hiippala, Tuomas Väisänen, Tuuli Toivonen & Olle Järv • Mapping the languages of Twitter in Finland:
Richness and diversity in space and time

option makes Twitter an ambiguous source of spatial data: the user may add
a coordinate geotag to a tweet, while also choosing a point-of-interest location
that does not match the geographic location of the coordinate geotag. In other
words, the coordinate geotag may point to Rovaniemi, while the location
refers to Helsinki. As explained in the documentation for Twitter API, this
allows users to express that a tweet may be about a location rather than
implying that the tweet was created at the location.1 We focus on tweets with
coordinate geotags, as the point-of-interest database introduces additional
uncertainties (Hecht et al. 2011) and creates artiﬁcial hotspots, as large
volumes of tweets are attached to POI locations that correspond to large
geographical areas (e.g. ‘Helsinki’).

3.2. Data collection

We collected the data from Twitter via the platform’s Application
Programming Interface (API), focusing on tweets with coordinate geotags.
We combined our collection of tweets with an existing dataset that had access
to a full archive of geotagged tweets to increase our coverage (Poorthuis &
Zook 2017). Collecting the data involved the following steps:
1. We ﬁrst deﬁned a bounding box that covered the geographical area
of Finland to retrieve all tweets that had been geotagged within the
bounding box.
2. We then ﬁltered the tweets with a geographical mask following the land
and maritime borders of Finland to retrieve all tweets, which had been
geotagged in Finland to rule out tweets from the St. Petersburg area,
which falls within the original bounding box.
3. We then retrieved the tweet history for each user who had geotagged
a tweet within Finland, up to the limit determined by the API (3200
tweets).

1

Twitter API reference: https://developer.twitter.com/en/docs/tweets/data-dictionary/
overview/geo-objects
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4. After collecting tweet history for each user, we used a home detection
algorithm developed by Massinen (2019) to predict their probable
country of residence. The algorithm approximates home location by
counting the number of unique weeks spent in a country.
5. We included the users whose home location was predicted to be Finland
into our primary dataset.
Table 1. An overview of the collected data.
Tweets

38 487 766

Geotagged tweets

2 030 499

Unique users

40 442

Users with at least two geotags

40 342

Finnish users with at least two geotags

33 932

Finnish users without languages that occur only once

33 322

Average posts per user

941

Average geotags per user

50

3.3. Methods

We ﬁrst used the Punkt tokenizer (Kiss & Strunk 2006) via the Natural
Language Toolkit (Bird et al. 2009) to split tweets into orthographic sentences.
To identify the language of each sentence, we used a model trained using the
fastText algorithm, which is capable of identifying 176 languages (Bojanowski
et al. 2017). This model has been previously shown to perform well with
social media content (Hiippala et al. 2019). We discarded predictions made
with less than 70% conﬁdence and removed all languages that occurred only
once in the user’s tweet history to reduce the impact of misclassiﬁcations
by the automatic language identiﬁcation algorithm. Finally, we applied
various measures of richness and diversity developed within ecology and
information sciences to observations across each user’s tweet history and
the spatial units deﬁned (Peukert 2013). These measures are introduced in
greater detail in connection with the results in Section 4.1.
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We then aggregated our observations into two common administrative
spatial units in Finland: regions (Fi maakunta) and municipalities (Fi kunta).
This choice was motivated by the number of users and content, and the goal
of making the maps informative: a municipality-level analysis would have
left many rural areas with few Twitter users, whereas focusing on regions
would have hidden potentially meaningful spatial patterns at a ﬁner scale.
We used the home detection algorithm developed by Massinen (2019) to
estimate the users’ home municipality in Finland, based on the number of
weeks spent at each municipality. Massinen (2019, p. 41) reports that the
algorithm detects the user’s place of residence with an accuracy of 88.6%. In
case of a tie, we added 0.5 to the user count for both municipalities to reﬂect
multiple home locations. Finally, we chose 25 municipalities with highest
user counts to complement the 19 regions in Finland. In case the user was not
predicted to reside within these 25 municipalities, the user was assigned to
the region where the predicted home municipality is located. These methods
were implemented in the Python programming language and are openly
available at https://doi.org/10.5281/zenodo.4279401".

4. Results
4.1. The linguistic diversity and richness of individual users

We begin by focusing on individual users and quantify their linguistic diversity
and richness. Figure 1 shows several measures of diversity and richness
calculated over the tweet histories of individual users. For a comprehensive
introduction to these measures and their application in linguistics, the reader
is referred to Peukert (2013). In Figure 1, the y-axis provides the frequency,
whereas the x-axis provides the values for each measure.
The dominance index in Figure 1a reﬂects the balance of languages in a
user’s tweet history: 0 means that all languages are equally present, whereas
1 indicates the dominance of a single language. The dominance index reveals
that although there is a large group of users with a single dominant language,
the majority of users draw on more than one language, as indicated by users
with a dominance value below 1.0. The absence of low values suggests that
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Figure 1. Diversity measures for languages in the tweet histories of individual users.

the users’ linguistic repertoires are not equally balanced, but one language
is always more prominent than others.
Berger-Parker dominance in Figure 1b, which corresponds to the
proportion of dominant language, indicates that roughly 18% of Finnish
users post in a single language on the platform. In contrast, the observations
in the range between 0.3 and 0.99 suggests that the majority of users actively
draw on multiple languages. Menhinick’s richness index in Figure 1c, which
captures the relation between the languages observed and the number of
observations made, indicates that for most users, the linguistic repertoire
is not as rich as the number of unique languages in Figure 1d suggests. In
other words, for most users, the majority of observations fall within few
languages. Shannon entropy in Figure 1e gives the amount of information
needed to represent the distribution of languages observed in the user’s tweet
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history, which provides a measure of diversity (see also Coats 2019b). Overall,
the diversity measures in Figures 1a–e suggest that most Finnish Twitter
users draw on multiple languages to communicate on the platform, but these
languages are not used in a balanced manner.
To explore the relative proportions of languages used by individual users,
the violin plot in Figure 1f places the 33 322 users into high (n = 76), moderate
(n = 12 841) and low (n = 20 405) classes based on their linguistic diversity. This
method, which was originally developed for estimating the racial diversity of
geographical areas, measures diversity using scaled entropy, whose values
range from 0 to 1 (Holloway et al. 2012). Table 2 provides a closer look at
this measure by showing the dominant languages and their proportion for
each diversity class. To exemplify, 19.06% of users belonging to the moderate
diversity class post most frequently in Finnish, whereas the corresponding
number for the low diversity class is 33.65%.
Table 2 shows that most users in the low diversity class (33.65%) prefer to
communicate in Finnish, whereas 21.46% prefer English. Figure 1f reveals
that this class contains both monolingual users (scaled entropy = 0) and users
who occasionally draw on other than the dominant language. Interestingly,
users who prefer Spanish (1.38%) or Russian (1.29%) outnumber those that
prefer Swedish (0.98%), the second oﬃcial language of Finland. The moderate
diversity class, whose members prefer to communicate using multiple
languages, shows a smaller diﬀerence between Finnish (19.06%) and English
(15.60%). Just as in the low diversity class, users in the moderate class exhibit
a strong preference for Finnish and English, as the proportion of remaining
languages is negligible compared to these two languages. Finally, the small
size of the high diversity class is likely to result from the original purpose
of the method in urban studies. Users in the high diversity class must have
a scaled entropy value greater than or equal to 0.74 and no language can
make up more than 45% of the sentences in the user’s linguistic repertoire
(Holloway et al. 2012: 69). Unlike the racial diversity of a population, this kind
of ‘balanced’ linguistic diversity is extremely rare among Finnish Twitter
users.
Figure 2 shows the spatial distribution of low and moderate diversity
classes across Finland. Figure 2a reveals that low diversity users are more

25

Neuphilologische Mitteilungen — I CXXI 2020

Tuomo Hiippala, Tuomas Väisänen, Tuuli Toivonen & Olle Järv • Mapping the languages of Twitter in Finland:
Richness and diversity in space and time

Table 2. Proportion of users and number of sentences across the diversity classes and ten
most common languages.
Diversity class
Dominant
language
Finnish
English
Swedish
Spanish
Russian
Japanese
French
Portuguese

High
Users
Sentences Users

Moderate
Sentences

-

2 631
2 053
1 814
309
882
0
33
0

19.06 %
15.60 %
1.07 %
0.43 %
0.41 %
0.09 %
0.16 %
0.08 %

2 975 623
2 498 074
226 015
78 673
42 235
39 582
27 658
7 234

33.65 %
21.46 %
0.98 %
1.38 %
1.29 %
0.34 %
0.20 %
0.41 %

20 270 277
9 542 699
551 298
549 717
531 887
226 594
116 143
143 075

German
Estonian
Other
Total

0.29 %

81
0
586
8 389

0.07 %
0.13 %
1.44 %
38.54 %

11 542
19 782
154 166
6 080 584

0.07 %
0.13 %
1.34 %
61.24 %

35 489
37 569
367 666
32 372 414

Users

Low
Sentences

likely to be found in rural municipalities and regions. To some extent, these
areas correspond to those where the use of Finnish is above the country-wide
average (see Figure 5a). Contrasting the distribution of the low diversity class
with the moderate diversity class in Figure 2b reveals that the observations
mirror each other: users that belong to the moderate diversity class are less
likely to be found in areas where the proportion of low diversity users is
above the country-wide average. Although some rural areas appear balanced
in terms of diversity classes, that is, they do not diverge from the average for
low and moderate classes, there appears to be a contrast between coastal,
urban and rural areas.

4.2. The linguistic diversity and richness of regions and municipalities

Having described the richness and diversity of individual users, we now turn
towards regions (n = 19) and municipalities (n = 25), starting with the spatial
distribution of unique languages, or linguistic richness in Figure 3a.
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Figure 2a. Low diversity class

Figure 2b. Moderate diversity class

Figure 2. Predicted home locations for users in low and moderate diversity classes.

The cities of Helsinki and Espoo are the richest with 71 to 91 languages.
Most regions and municipalities in the fastest growing area in Finland,
roughly demarcated by a triangle formed by the cities of Helsinki,
Tampere and Turku, feature from 53 to 70 languages. Coastal regions and
municipalities are generally richer than northern and inland regions. Cities
that function as regional centres (and host higher education institutions), such
as Lappeenranta, Jyväskylä, Kuopio, Oulu, Rovaniemi and to lesser extent
Joensuu, are an exception to this pattern. To summarise, in terms of linguistic
richness, there is a contrast between coastal and inland regions, and cities
and countryside. It should be noted, however, that even the linguistically
‘poorest’ regions feature 19 languages.
The Berger-Parker dominance index in Figure 3b, which corresponds to
the proportion of dominant language out of all observations made, reveals
that dominance is lowest around Vaasa and the surrounding region of
Ostrobothnia, which are home to Finnish-Swedish communities that speak a
regional variety of Swedish (Østern 2001). Finland Swedish communities are
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Figure 3a. Unique languages

Figure 3b. Berger-Parker dominance

Figure 3. Unique languages and Berger-Parker dominance per spatial unit.

also located on the southern coast in the municipalities surrounding Helsinki
and Porvoo, which feature a low dominance index (see Figure 6a). In Vaasa
and Ostrobothnia, the low Berger-Parker dominance index is likely to reﬂect
the active use of three languages, Swedish, Finnish and English, as the Finland
Swedish communities also draw on English as a lingua franca (Sjöholm 2004).
The same applies to the Swedish-speaking municipalities along the southern
coast, although for the Helsinki Metropolitan Area, the low value for BergerParker dominance index is likely to be explained by urban multilingualism
(see e.g. Lehtonen, 2016) and linguistic richness (see Figure 3a).
In contrast to the coastal areas with Finland Swedish populations, the
regions around Seinäjoki, Pori and south of Jyväskylä show the highest values
for the Berger-Parker dominance index. A similar view is provided by the
dominance index and Shannon entropy in Figure 4. Taken together, these
indices suggest a preference for the Finnish language, as revealed by Figure
5a, which shows that these regions feature more tweets in Finnish and fewer
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in English compared to the country-wide average. This low-diversity belt,
which extends across Finland, stands in strong contrast to the linguistically
diverse coastal areas, as indicated by the high values for Shannon entropy.
Interestingly, Oulu, which is a main regional centre with strong international
connections due to higher education and technology industries, has a
surprisingly low linguistic diversity.

Figure 4a. Dominance

Figure 4b. Shannon entropy

Figure 4. Dominance and Shannon entropy per spatial unit.

4.3. The spatial distribution of individual languages

To explore how the languages used on Twitter diﬀer across regions and
municipalities in Finland, we ﬁrst calculated an average for each language
across the entire country and then determined how much each region or
municipality diverges from the country-wide average. The calculations were
based on tweets with coordinate geotags, which were split into orthographic
sentences before language identiﬁcation. Figure 5 shows that observations
for the most common languages, Finnish and English, are evenly distributed
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across Finland, apart from the areas where users tweet more in Finnish
or Swedish. The Finland Swedish regions of Åland Islands, Vaasa and
Ostrobothnia feature fewer tweets in Finnish compared to the rest of the
country, whereas Finnish is used slightly more in the low-diversity belt that
extends across Finland (see Figure 4b).

Figure 5a. Finnish

Figure 5b. English

Figure 5. The spatial distribution of tweets in Finnish and English among Twitter users
in Finland.

Much has been written about the status of English in Finland in recent
decades, particularly in relation to the tension between Finnish and English
(see e.g. Taavitsainen & Pahta 2003, 2008; Leppänen et al. 2011). Contrasting
the observations for Finnish (Figure 5a) and English (Figure 5b) shows that
in most areas, the use of both languages is within the country-wide average.
There are, however, regions and municipalities where Finnish is used
more and English is used less, which largely coincide with rural areas of
low linguistic diversity (see Figure 4b). Although postulating a division into
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‘have-nots’, ‘haves’ and ‘have-it-alls’ based on age, educational background
and location is tempting (Leppänen et al. 2011: 165), such a division cannot
be derived from spatial information alone, but would require a more detailed
estimation of the users’ geotemporal demographics (Longley & Adnan 2016).
Figure 6a shows the distribution of tweets in Swedish, which are closely
aligned with the locations of the Finland Swedish communities (Sjöholm
2004: 640). The contrast between these coastal regions and municipalities
and the rest of Finland is rather striking. The coastal communities have strong
social and historical ties with Sweden, which have been argued to form a
‘transnational social ﬁeld’ between Sweden and Finland Swedes (Hedberg
2007). The Swedish language naturally plays a major role in maintaining this
transnational space, which is likely to be reﬂected in language choices among
Finland Swedes on Twitter. What is also remarkable that the use of English is
within the national average in the Swedish-preferring areas (see Figure 5b).
Compared to the regions where Finnish is preferred over English, the users
in the Swedish-speaking areas do not seem to favour Swedish over English.

Figure 6a. Swedish

Figure 6b. Russian

Figure 6. The spatial distribution of tweets in Swedish and Russian among Twitter users in Finland.
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The use of Russian, shown in Figure 6b is likely to reﬂect both historical and
contemporary developments. Apart from Finns with Russian heritage, there
have been several waves of migration from Russia to Finland in recent history.
First, approximately 30 000 Ingrian Finns remigrated to Finland following
the dissolution of the Soviet Union (Kyntäjä 1997), which may explain the
use of Russian in the city of Espoo located west of Helsinki and the region of
Tavastia Proper between Helsinki and Tampere. Second, the use of Russian
in the regions and municipalities close to the Russian border, which spans
from the city of Lappeenranta to the region of Kainuu, is likely to be explained
by later migration of Russians to Finland, Russians who maintain a second
home in Finland and their cross-border social networks. Moreover, Finnish
businesses are likely to communicate with potential Russian customers in
their native language, which may explain why Rovaniemi, a gateway for
visitors to Lapland, stands out as well.

Figure 7a. Estonian

Figure 7b. Japanese

Figure 7. The spatial distribution of tweets in Estonian and Japanese among Twitter users in
Finland.
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Estonian, shown in Figure 7a, is used frequently in the Helsinki
Metropolitan Area, the surrounding regions and municipalities, and the
municipality of Kittilä in the Finnish Lapland. The prominence of the Estonian
language in the capital region is likely to reﬂect the migration pattern of
both permanent movers and transnational people, as some Estonians share
their life between Finland and Estonia, and the Helsinki harbour is the main
gateway between the two countries (see Silm et al. 2020). Apart from Kittilä,
the spatial pattern for Estonian illustrates how transnational spaces and
mobilities are intertwined: despite the proximity of the two countries, access
to the main mode of transportation between Estonia and Finland appears to
constrain the spatial distribution of Estonian. This becomes evident when
contrasted with the spatial distribution of Russian in Figure 6b, which beneﬁts
from proximity and better accessibility.
Finally, Figure 7b shows the distribution of Japanese tweets in Finland,
which illustrates the diﬃculty of interpreting spatial patterns for languages
without a geographic (Swedish, Russian and Estonian) or linguistic frame
of reference (Finnish, English). Although previous research can ﬁll in
some of these gaps, namely that the pattern for Japanese corresponds to
domestic tourism preferences of Japanese residing in Finland (Matilainen &
Saanalahti 2018), the small size of Japanese population raises the question
whether the spatial pattern for Japanese reﬂects places of residence or visits.
Alternatively, the data may be generated by businesses communicating with
Japanese tourists, or Finns who study Japanese. To address these issues, one
would have to conduct a detailed analysis of the linguistic content, in order
to evaluate whether the geotags represent ‘postcards’ or ‘ticket stubs’ (Tasse
et al. 2017).

4.4. Temporal changes across regions and municipalities

The previous analyses of richness, diversity and geographical distribution
of languages revealed distinctive spatial patterns across regions and
municipalities in Finland. This kind of spatial view, however, does not
capture the inherently temporal nature of society, which is manifested in
the daily, weekly and seasonal rhythms that govern much of our daily lives
(Järv et al. 2015; Silm et al. 2020). Research on human geography and urban
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multilingualism have often emphasised the temporal dimension of individual
(linguistic) behaviour and activity, which also shapes the surrounding
environment (Hägerstrand 1970; Golledge & Stimson 1997; Pennycook &
Otsuji 2015).
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To analyse temporal changes in linguistic diversity, we ﬁtted a ﬁfth-order
polynomial regression to the values for Shannon entropy over 52 weeks at
selected locations, which are visualised in Figure 8. The entropy values have
been normalised across locations into the range from 0 to 1. The shaded areas
represent 99.9% conﬁdence intervals that have been estimated using 1000
bootstrapped samples. Put differently, the mean value lies within the shaded
area with 99.9% probability.
Figure 8 reveals that linguistic diversity ﬂuctuates over time. Regions and
municipalities exhibit different temporal patterns, which are likely to emerge
from social and environmental differences, such as population size, diversity
and geographical location. Moreover, some areas may also be aﬀected by
seasonal holidays and domestic tourism, semesters in educational institutions
and annual events that increase the number of short-term visitors.
Beginning from top left, the city of Vaasa and the surrounding rural
region of Ostrobothnia are the most diverse in Finland (see also Figure 4b).
Whereas Vaasa shows a moderate seasonal rhythm, the surrounding region
of Ostrobothnia does not have a distinctive seasonal pattern. Although both
Vaasa and Ostrobothnia are predominantly Swedish-speaking areas (see
Figure 6a), the diﬀerence in temporal patterns are likely to be caused by
the contrast between urban and rural environments. Vaasa hosts a sizeable
student population, which is large enough to generate a strong seasonal
pattern.
The capital city of Helsinki remains moderately diverse throughout
the year. Helsinki’s status as the largest city in Finland is reﬂected in the
high number of observations compared to other sites (n = 15 602). The high
number of observations allows estimating the mean value with greater
accuracy, as reﬂected by the smaller conﬁdence intervals. The absence of a
clear temporal pattern is not surprising due to the number of observations,
the weekly temporal scale and the extent of the geographical area covered:
any temporal patterns are lost in the ‘noise’ from the surrounding activity in
the city. For this reason, identifying temporal patterns would require zooming
in at speciﬁc locations within the city (cf. e.g. Hiippala et al. 2019).
The remaining areas in Figure 8 feature various temporal patterns. The
municipality of Porvoo and region of Åland reﬂect high seasonality that are
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likely to result from tourism seasons in winter and summer, respectively.
Regional centres with higher education institutions, such as Joensuu, Seinäjoki
and Kuopio, and the region of Central Ostrobothnia feature seasonal peaks
towards the end of the year. Curiously, the city of Oulu, a major regional
centre and a host to several higher education institutions, and the region of
Pirkanmaa are an exception to this pattern. The city of Pori, in turn, hosts
political and musical festivals each summer, which may explain the increase
in diversity during summertime.

5. Discussion

In this study, we sought to combine perspectives from human geography with
methods from geoinformatics in order to better understand the richness and
diversity of languages used on Twitter in Finland and their spatiotemporal
characteristics. Our analysis revealed that what is often colloquially called
the ‘Finnish Twitter’ is a diverse linguistic community that varies from one
geographical location to another. These ﬁndings represent a signiﬁcant
advance over the level of detail provided by previous country-level analyses
(see e.g. Coats 2019a, 2019b). Many Finnish Twitter users draw on multiple
languages to communicate on the platform, but the combination of languages
and their proportions vary between users (see Table 2). In addition to
producing new knowledge about the linguistic repertoires of individual
users, our method enabled making observations about language use on
Twitter that correspond to the everyday linguistic realities in Finland, such as
the prominent role of English and the geographical distribution of Swedish,
Russian and Estonian, and their proximity to their respective transnational
‘zones of inﬂuence’ (Hedberg 2007; Silm et al. 2020).
Although detailed linguistic analyses fell outside the scope of this study,
future studies can build on our work to create stratiﬁed corpora tailored for
answering particular research questions. To exemplify, our results could be
used to build corpora for studying the use of English as a foreign language
among users with low linguistic diversity that reside in areas where the use of
Finnish is above the country-wide average. Geography- and diversity-based
stratiﬁcation allows imposing structure on large volumes of Twitter data,
which oﬀers ample opportunities for studying the features of English on
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Twitter in Finland (Coats 2016) or the extending the study of Finnish dialects
to Twitter (Hyvönen et al. 2007), to name just a few examples.
Given that our ﬁndings are based on the application of automatic language
identiﬁcation (Bojanowski et al. 2017) and place of residence detection
(Massinen 2019), which are prerequisites for working with high volumes of
social media data, they must be considered in light of the methods used. What
comes to the multilingual nature of Twitter in Finland, Pennycook and Otsuji
(2015: 47) have argued that the multilingual reality of everyday life resists
quantiﬁcation, because it does not respect deﬁnitions of abstract deﬁnitions
of languages such as ‘Finnish’ or ‘English’. Much of language technology,
such as automatic language identiﬁcation, relies on such abstractions, which
obviously limits its capability to provide insights on multilingualism at the
level of an individual. Furthermore, languages are not equally resourced in
terms of language technology: because the language identiﬁcation model we
used did not support Sámi, we could not analyse its use (Cocq 2015).
Going forward, there is considerable potential in recent techniques
developed within computational sociolinguistics, which move away from
treating languages as abstract, categorical entities by learning formal
distinctions between languages directly from the data (see e.g. Purschke &
Hovy 2019). This also warrants considering what should be used as a yardstick
for evaluating how well computational methods are able to account for
multilingualism. Embodied interactions taking place at physical locations in
a city, as described by Pennycook and Otsuji (2015: 47), should not be equated
with mediated interaction on social media platforms such as Twitter, as these
two communicative situations diﬀer considerably in their characteristics
(Bateman et al. 2017: 107–110). For this reason, Twitter should be considered
just one platform within the double space that encompasses both physical
and virtual environments (Crampton et al. 2013; Kellerman 2016; Hiippala
et al. 2019). Any conclusions drawn about language use must account for the
platform and the demographics of its users.
Regardless of how social interaction takes place, the spatiotemporal nature
of human activity and the dynamic that underlies our societies remains the
same. This study has clearly shown that space and time matter in relation
to language use on social media platforms and beyond, which is why we
advocate bringing conceptual frameworks, such as activity spaces and time
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geography, into closer dialogue with linguistics. We thus strongly agree with
Derungs et al. (2020) that methods for space-time analyses developed in the
ﬁeld of geoinformatics can ﬁnd productive applications in linguistic research.
These contributions are not limited to quantitative studies, as Larsson et
al. (2020) have recently shown by integrating geographical information
into qualitative analysis of social interaction. Geovisualization techniques,
in particular, can oﬀer interactive tools for exploring the spatiotemporal
dynamics of linguistic phenomena. To summarise, geographical insights can
provide linguists with new perspectives on language choice, multilingualism
and factors affecting linguistic richness and diversity. For geographers, who
often consider languages as markers of cultural identity and community
membership, linguistic perspectives can offer a deeper understanding of the
relationship between language use, individuals and societies (Alexander et
al. 2007; Järv et al. 2015).
It should also be acknowledged that the future of scholarly social media
research is uncertain. Bruns (2019) provides a succinct overview of the
developments following the Cambridge Analytica scandal, which caused most
social media platforms to shut down the APIs that allowed programmatic
access to user-generated content. Public APIs that allowed critical research
have been replaced by vague promises of data access and ‘corporate data
philantropy’, which allows the platforms to inﬂuence the kind of research
conducted using their content (Bruns, 2019: 1551–1552). This has led
researchers to consider alternatives that may violate the platforms’ terms
of service, such as ‘scraping’ the content via their web interfaces (Freelon
2018). In short, as one of the remaining platforms with a public API, Twitter
is currently an invaluable source of data.
Nevertheless, social media is not the only source of big data for conducting
research at the intersection of linguistics and geography. Largely untapped
sources of data include location information from mobile phones for mapping
user ﬂows and activity spaces, combined with application usage information
to understand the platforms that make up the virtual environment in the
double space. These observations can be then mapped to register data with
information about languages spoken in given geographical areas and a rich
array of demographic factors. Like social media, working with such sources
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of data requires researchers to adhere to highest ethical standards when
conducting research (Zook et al. 2017).

6. Conclusion

In this article, we reported on an empirical, data-driven study of the languages
used on Twitter by Finnish users and their richness, diversity and geographical
distribution. By combining automatic language identiﬁcation and place of
residence detection, we showed that language use on the platform may be
characterised as rich, diverse and inherently multilingual, and it exhibits
geographical and temporal variation at the level of municipalities and
regions. The observations based on social media data largely reﬂect everyday
multilingual realities in Finland. The coastal areas where Swedish is spoken
as a minority language are more diverse than the rural areas located inland.
Urban and rural areas also differ in terms of temporal patterns, which reﬂect
the rhythm of human activity over daily, weekly and seasonal timescales.
Given the spatiotemporal underpinnings of all human interaction, we
suggest that there is much potential in integrating perspectives from human
geography, geoinformatics and linguistics, in order to better understand the
relationships between language, people and places over time in Finland and
abroad.

Tuomo Hiippala
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Olle Järv
University of Helsinki
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