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Analyzing EU-15 Immigrants’ Language Acquisition using Twitter Data
Sofia Gil-Clavel1,2, André Grow1, Maarten J. Bijlsma2,1
The increasingly complex and heterogeneous immigrant communities settling in Europe have led
European countries to adopt civic-integration measures. Among these, measures that aim to
facilitate language acquisition are often considered crucial for integration and cooperation between
immigrants and natives. Simultaneously, the rapid expansion of the use of online social networks
is believed to change the factors that affect immigrants’ language acquisition. However, so far,
few studies have analyzed whether this is the case. This article uses a novel longitudinal data
source derived from Twitter to: (1) analyze differences between destination-countries in the pace
of immigrants’ language acquisition depending on the citizenship and civic-integration policies of
those countries; and (2) study how the relative size of migrant groups in the destination-country,
and the linguistic and geographical distance between origin- and destination countries, are
associated with language acquisition. We focus on immigrants whose destination countries were
in the EU-15 between 2012 and 2016. We study time until a user mostly tweets in the language of
the destination-country for one month as a proxy of language acquisition using survival analysis.
Results show that immigrants who live in countries with strict requirements for immigrants’
language acquisition and low levels of liberal citizenship policies have the highest median times
of language acquisition. Furthermore, on social media such as Twitter, language acquisition is
associated with classic explanatory variables, such as size of the immigrant group in the destination
country, linguistic distance between origin- and destination-language, and geographical distance
between origin- and destination-country.

Note: Last version of the paper can be found here: https://doi.org/10.31235/osf.io/bs4hk.
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Introduction
Since the beginning of the 21st century, policy makers across Europe have aimed to enforce the
national language among immigrants through civic-integration policies (Wright & Viggiano,
2020). This was a reaction to the increasingly complex and heterogeneous immigrant communities
settling in Europe, a phenomenon coined as ‘superdiversity’ (Vertovec, 2007). Civic-integration
policies rest on the assumption that immigrants’ successful incorporation into the host-society goes
beyond economic and political incorporation, by relying “also on individual commitments to
characteristics typifying national citizenship, specifically country knowledge, language
proficiency and liberal and social values” (Goodman, 2010, pp. 754). Language acquisition is
often regarded as critical for integration and cooperation between immigrants and natives (Eckert,
2018; Forrest et al., 2018); therefore, many integration measures aim to facilitate language
acquisition (Duncan, 2020). However, so far little is known regarding how such civic-integration
measures affect language acquisition. One reason for this is a lack of multinational data that allows
a comparison of different civic-integration measures across different migrant groups (van
Tubergen & Kalmijn, 2005). To address this knowledge gap, we use data on language use obtained
from Twitter, from January 2012 to December 2016. We study the pace of migrants’ destinationlanguage acquisition, and assess whether and how this pace is associated with different civicintegration policies in the EU-15, as categorized by Goodman (2010).
Our use of Twitter data enables us to study changes in language use in a longitudinal and nonintrusive way, among immigrants from a large number of countries of origin in the EU-15.
Compared to traditional data used in migration research, Twitter data offers access to transnational
and comparable migration data in a continuous manner. Because of these properties, Twitter data
has been used to study different aspects of migration. For example, Mazzoli et al. (2019) show that
geo-located Twitter data can be used to monitor migration routes, settlement areas and mobility of
migrants, and that the data is correlated with official migration data from international agencies.
Similarly, Zagheni et al. (2014) use data from 500,000 geo-located tweets to estimate migration
flows from Twitter users in OECD countries, and Hawelka et al. (2014) use geo-located tweets to
uncover global patterns of human mobility. When it comes to integration, Twitter data has been
used less frequently so far, but Lamanna et al. (2018) show that language use patterns on Twitter
can be used to study the interplay between migrant integration, social polarization, and spatial
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segregation in different migrant communities in more than 50 cities. In our work, we follow
Lamanna et al. (2018) and study immigrants’ integration through the study of the language they
use in their tweets. Our central assumptions are (1) that a switch from tweeting in the language of
the country of origin to tweeting in the language of the country of destination is an indicator of
language acquisition among migrants, and (2) that the time frame over which this switch happens
provides insight into the pace of language acquisition.
To develop hypotheses as to how different civic-integration and citizenship policies affect
language acquisition, we draw on the work of Goodman (2010) and Howard (2010). Goodman
(2010) and Howard (2010) proposed to classify the EU-15 countries according to their
requirements for civic-integration and citizenship, respectively. Conceptually, we rely on the
governmentality framework that theorizes on the effects governmental interventions have on
individuals (Foucault, 1991). In a nutshell, the governmentality framework holds that the
government has the power to modify people’s behavior through policy interventions (Foucault,
1991). One complicating factor here is that the use of social media itself may affect the process of
language acquisition. Some scholars have argued that social media makes it easier for migrants to
stay in touch with communities in their countries of origin. Therefore, traditional factors that
typically affect language acquisition, such as the geographical distance between origin- and
destination-country, may lose their importance (Komito, 2011; Wright & Viggiano, 2020). To
assess this possibility, we also study the effect of factors that have traditionally been considered in
studies of language acquisition, conditional on civic-integration and citizenship policies.

Background
Language is considered an important factor in the integration process and it facilitates cooperation
between immigrants and natives (Eckert, 2018; Forrest et al., 2018). Indeed, mastering the
language of the country of destination improves access to education and important institutions,
and is associated with higher income, societal recognition, and social contacts (Duncan, 2020). As
such, it facilitates the acquisition of human capital in the country of destination (Esser, 2006).
Because of this central role, language acquisition has always been considered an important variable
in the study of immigrants’ integration (Algan et al., 2012a; Esser, 2006) and it has been the focus
of civic and integration policies (De Haas et al., 2020; Wright, 2020).
3

The role of civic-integration policies
Foucault (1991) was among the first to theorize on how governmental programs have the capacity
to change the behavior of the population. This notion is captured in the term governmentality,
which refers to the effects governmental interventions have on individuals, depending on
individuals’ positions in relation to governmental programs (Li, 2007). This includes interventions
related to poverty, health, and demographic events, such as migration and fertility (Castro-Gómez,
2010; Li, 2007). Civic-integration requirements are a special case of governmental interventions,
where the target population are immigrants. Civic-integration requirements usually have a twofold nature. First, they assist newcomers with acquiring the local language, accessing basic
services, and entering the labor market, i.e., they promote migrants’ individual autonomy (Duncan,
2020; Goodman, 2010). Second, civic-integration requirements are “intended to protect the host
society from the presence of others becoming socially disruptive” (Duncan, 2020, pp.604).
Immigrants’ gradual adoption of new behaviors because of governmental interventions is
documented by Menjívar and Lakhani (2016). They show that the existence of host-country
citizenship requirements motivates immigrants to adopt new behaviors and life styles in the shortand long-term. According to Menjívar and Lakhani (2016), one reason is a fear to be deported. A
second reason is the attempt to fit legal categories of admission to the United States.
Across countries, many types of civic-integration policies have been implemented. In the European
context, Goodman (2010) provides a comparative analysis that classifies EU-15 countries
according to the broad ‘citizenship strategies’ that they pursue. This is done by clustering the
countries based on their citizenship access and membership content policies. The notion of
citizenship access comes from the Citizenship Policy Index (CPI), which considers the 2008
citizenship policies of the EU-15 countries (Goodman, 2010; Howard, 2010). The notion of
membership content is based on the Civic-Integration Index (CIVIX) that considers requirements
for country knowledge, language, and values (Goodman, 2010). Citizenship requirements are the
rules extending legal status and rights depending on state membership (entrance, settlement, or
citizenship), while integration requirements are related with the performance and degree of
incorporation of newcomers to the host society (such as language acquisition and values
commitment) (Goodman, 2010; Howard, 2010). Based on these indexes, Goodman (2010) clusters
the EU-15 countries in four groups (see details below): (1) prohibitive, (2) conditional, (3)
enabling, and (4) insular.
4

The Prohibitive Group
The prohibitive group is formed by Austria, Denmark, and Germany. This group has high
citizenship requirements (e.g., no dual nationality and long time in the country before acquiring
citizenship) (Howard, 2010) and high integration requirements (e.g., mandatory language
requirements and country knowledge) (Goodman, 2010). According to Howard (2010), Germany
has more liberal citizenship policies than Austria and Denmark. This is because of the relatively
strong anti-immigrant attitudes held by the population of Austria and Denmark, together with a
lack of economic pressures to liberalize the citizenship requirements (Howard, 2010).
The language-integration policies of countries in the prohibitive group have been characterized by
a lack of tolerance towards different cultures, which are seen as a threat to the language and culture
of the host society (Beauzamy & Féron, 2012; Brochmann & Hagelund, 2011; Schierup et al.,
2006). It was not until 2002 that Austria adopted some measures to offer language training for
immigrants. Before 2002, immigrants were expected to learn the language on their own (Höhne,
2013). In the case of Germany, the government began to finance language courses in the mid1970s, which was before even establishing integration policies (Höhne, 2013). For Denmark, there
are several studies that highlight lack of flexibility of Danish policies directed towards migrants.
Migrants must show a perfect command of Danish to not suffer social and labor discrimination
(Beauzamy & Féron, 2012; Lønsmann, 2020). Austria, Germany, and Denmark are among the
European countries that before 2012 required a high level of language acquisition (B1) for
permanent residence and citizenship (Höhne, 2013).
The Conditional Group
The conditional group consists of France, the United Kingdom, and the Netherlands. This group
combines liberal criteria of citizenship with arduous integration requirements. Here citizenship is
seen as a reward for integration. Therefore, migrants must acquire the language and country
knowledge before obtaining citizenship, or even before moving to the country (Goodman, 2010).
These countries are ‘traditional’ immigration countries with a colonial past (Brett, 2002) that since
very early, by European standards, have tried to incorporate the immigrant population into the
host-society by promoting an atmosphere of tolerance and cultural diversity (Algan et al., 2012b;
Manning & Georgiadis, 2012). Furthermore, France and the United Kingdom are considered

5

historically liberal countries, while the Netherlands liberalized its citizenship policies between
1980 and 2008 (Howard, 2010).
France, the United Kingdom, and the Netherlands have been characterized by their legislations of
cultural diversity tolerance, where citizenship for newcomers has been essential for their national
identity (Castles et al., 2013). It was believed that this openness to diversity would led immigrants
to feel part of the wider community. In the long term, governments felt they failed to create
common core values, i.e. to integrate immigrants into the wider society (Beauzamy & Féron, 2012;
Manning & Georgiadis, 2012). Therefore, before 2012 migrants were already required to pass a
basic test on language (A1/A2), culture, and history, if they wanted to become citizens, or even if
they wanted to be admitted to the country (Höhne, 2013; Manning & Georgiadis, 2012).
The Enabling Group
The enabling group is formed by Portugal, Finland, Ireland, Belgium, and Sweden. In this group,
citizenship serves as a mechanism for establishing equal status and rights. Hence, citizenship
enables integration instead of rewarding it, which is the opposite of the conditional group
(Goodman, 2010). While Belgium and Ireland are considered historically liberal countries, in
Portugal, Finland, and Sweden citizenship requirements became more liberal between 1980 and
2008 (Howard, 2010). The liberalization of citizenship requirements is a consequence of the low
levels of far-right support from the population, and, among others, demographic change and the
rise of international norms (Howards, 2012).
In terms of language integration strategies adopted before 2012, Portugal and Finland only
required language certification for citizenship (Goodman, 2012). Ireland, Belgium, and Sweden
neither required national language nor country knowledge for citizenship or permanent residence
(Goodman, 2012; Höhne, 2013). Sweden is a particular case, as it was among the first countries
implementing language courses for immigrants, where the government already financed the
courses since 1965 (Höhne, 2013). However, it was not until 2009 that Swedish became the
national language of the country (Bolton & Meierkord, 2013).
The Insular Group
The insular group is formed by Greece, Spain, Luxembourg, and Italy. In general, these countries
have a restrictive approach to citizenship for immigrants (Castles et al., 2013), where citizenship
6

is mostly granted to descendants born abroad (Goodman, 2010). This is a consequence of the
electoral support to far-right parties and the anti-immigrant attitudes held by the population
(Howard, 2010).
The countries in this group have complex language landscapes, where linguistically-independent
languages are spoken in different regions of the countries or are used for different official
purposes3 (Bruzos et al., 2018; Love, 2015; Sharma, 2018; Skourmalla & Sounoglou, 2021). In
Italy and Luxembourg, policy mechanisms that aim to standardize and regulate official language
usage were introduced at the beginning of the 21 st century. However, these policies create conflict
with the communities speaking different languages in the countries (Love, 2015; Sharma, 2018),
and serve as a barrier to migrants’ linguistic integration (Angela et al., 2016). In the case of Greece,
language policies were introduced in the 70s to homogenize the language and cultural landscape
of the country (Skourmalla & Sounoglou, 2021). Before 2012, Greece already required migrants
to be proficient in Greek to acquire long-term residency (Tsoukalas et al., 2010). In Spain, there
was not any type of regulation for official language usage before 2015, nor for migrants’ language
acquisition (Bruzos et al., 2018).
Citizenship-policy and Civic-integration Indexes
As showed in the previous sections, the countries that formed each of the groups are quite
heterogenous. Therefore, we use the raw indexes CPI and CIVIX, as this gives us more variance
in the analyses and allows us to capture differences that are blurred by a merely categorical
variable. We employ both the CPI and CIVIX indexes to characterize the civic-integration policies
of the countries, as they capture two important macro-level factors associated with immigrants’
language acquisition (van Tubergen & Kalmijn, 2005): the political climate towards migrants and
language integration policies. Political climate and migrants’ language acquisition are related
through anti-immigrant attitudes and left-wing majority governments. When the members of the
receiving society hold strong anti-immigrant sentiments, immigrants have less exposure to the
host-language (van Tubergen & Kalmijn, 2005). When left-wing parties form the majority of a

This is the case of Luxembourg, where “Luxembourgish is the national language, French the
legislative language, and German is the language of instruction in public schools.” (Angela et al.,
2016, 4067).
3
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government, the political climate tends to be more tolerant toward immigrants and policies tend to
favor linguistic pluralism, i.e. there is more tolerance towards other languages (van Tubergen &
Kalmijn, 2005).
Challenges in the study of language acquisition, Twitter as an alternative
Analyzing the effects that different civic-integration policies across Europe have on language
acquisition among immigrants comes with several difficulties that are related to data availability
and data quality requirements. First, as highlighted by Beauchemin (2014), there is a lack of
comparable databases that cover different countries and that contain information on multiple
immigrant groups. Second, the study of language acquisition processes requires longitudinal
information that captures the changes experienced by the person once they start living in a new
country (Font & Méndez, 2013). Finally, language adoption and proficiency are normally
measured by self-assessment, but research shows that these self-estimates only to some extent
reflect actual skills as measured by standardized tests (Edele et al., 2015). To address these
difficulties, we draw on a sample of Twitter data that was retrieved between January 2012 and
December 2016.
Twitter data represents a novel and suitable source of information to study EU-15 immigrants’
language acquisition in a non-intrusive way (i.e. researchers have access to users’ digital traces,
which are generated from users digital lives) (Lazer & Radford, 2017). Twitter is a microblogging
social network on which users can release 140-character4 messages called “tweets”. Users can also
follow other users to see their tweets displayed in their feeds, without the requirement of being
followed back. Twitter does not provide visible limits on the number of either followees or
followers that users can have (see McFedries, 2007; Krishnamurthy et al., 2008). It allows
conversations in different languages to take place simultaneously on the platform worldwide.
Tweets can also be geolocated. As we explain in the data section, geolocation makes possible to
infer the users’ place of residence and, if the geo-location changes, possible migration events
(Armstrong et al., 2021). These features make it possible to study language usage at the country
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Twitter announced that the limit of characters was going to be increased to 280 in 2017.
https://blog.twitter.com/official/en_us/topics/product/2017/Giving-you-more-characters-toexpress-yourself.html. Accessed in October 21st, 2020.
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level and to analyze travel and mobility patterns (Mocanu et al., 2013). One further advantage is
that Twitter data is created in a passive manner, i.e., users create the data by interacting with others
via posting or re-tweeting. This allows researchers to study the dynamics and behaviors of Twitter
users in a non-intrusive manner (Lazer & Radford, 2017; Mejova et al., 2015).
According to Twitter financial releases, the number of Twitter monthly active users in 2014 was
271 million (Twitter Inc., 2014), while for 2021 the number of Twitter daily active users was 206
million worldwide (Twitter Inc., 2021a). The largest number of users is located in the US,
accounting for about 20% of the total user base (Twitter Inc, 2021b). Between 2010 and 2012, the
European countries with the highest Twitter penetration, in decreasing order, were the Netherlands,
the UK, Ireland, Sweden, Spain, Belgium, Italy, France, and Germany (Mocanu et al., 2013, Fig.2,
pp. 3). In terms of demographic characteristics, based on a US national survey, Hargittai (2020)
reports that around 37%, 23% and 11% of the participants in the age groups 18-50, 51-62, and 63+
use Twitter, respectively. Women and men are equally likely to be on Twitter; and highly-educated
and highly-internet-skilled individuals are more likely to use the platform compared to less
educated and less-internet-skilled individuals (Hargittai, 2020). Comparing Twitter users’ data
against UK representative samples, Leak et al. (2018) show that Twitter users in the age-group 1039 are over-represented, while those over 40 are under-represented. Female users are more
prevalent for the age-group 10-19, while male users become dominant for the 20+ age-group (Leak
et al., 2018). Finally, Asian, Black, and mixed-group groups are underrepresented, while white
users are the majority of the population (around 90%). The final percentage is similar to the usual
resident population of the UK (Leak et al., 2018).
Access to Twitters’ data was stable (i.e. researchers have had access to the same interface and its
outputs) from 2012 to 2020 via its Application Programing Interface5 (Zimmer & Proferes, 2014).
This access only concerned prospective Tweets, but not Tweets that were sent more than seven

5

Twitter launched the Twitter API V.2 in August 2020 (Cairns & Shetty, 2020). With that they
replaced the version V1.1 launched in September 2012 (Costa, 2012).
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days in the past6. However, different organizations have stored Twitter samples in a systematic
manner, which allows researchers to study the behaviors in a longitudinal way (Morstatter et al.,
2013; Sequiera & Lin, 2017). As we discuss in more detail below, we use data collected by the
Internet Archive7.
Language and Social Media Usage
While data from digital sources, such as Twitter, offer new opportunities to study language
acquisition, some scholars have argued that the advent of social media itself may have affected the
process of language use and maintenance (Komito, 2011; Wright, 2020). Before the dawn of social
network sites, at the macro level, migrants’ language adoption was inverse to (see Chiswick &
Miller, 2001; Esser, 2006): (1) number of immigrants from the same origin-country living in the
host-country; (2) linguistic distance between the mother tongue and the official languages of the
destination-country; and (3) geographic closeness between the origin- and destination-country.
Some scholars have argued that nowadays these variables might not be associated with language
adoption anymore. This is because information and communication technologies have enabled the
emergence of transnational identities as a new factor in the traditional patterns of migration and
integration, assimilation, or diversity in host societies (Wright & Viggiano, 2020). In this paper,
we consider the possibility that the use of social media may affect the language acquisition process.
We consider this by exploring whether factors that are traditionally associated with language
acquisition are also associated with language use on Twitter. Specifically, we explore whether the
number of Twitter users from origin- and destination-country, linguistic distance between originand destination-language, and geographical distance between origin- and destination-country are
associated with the time until an immigrant starts tweeting in the language of the destinationcountry. At the macro level, it is also important to consider that English is the most used second
language in Europe (Bolton & Meierkord, 2013; Cromdal, 2013); therefore, we also control for
the percentage of the host population that speak at least one foreign language.

6

https://developer.twitter.com/en/docs/twitter-api/v1/tweets/search/api-reference/get-searchtweets. Accessed on May 1, 2021.
7

https://archive.org/. Accessed October 28th, 2020.
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Hypotheses
Based on the foregoing, we formulate the following two sets of hypotheses. The first set of
hypotheses concerns the effect that civic-integration requirements and citizenship policies have on
language acquisition. Here the first hypothesis consists of two competing alternatives. On the one
hand, the less liberalized the citizenship policies the greater the time to acquire the language
(H1.1a). This is because low levels of liberalization are related with high levels of anti-immigrant
attitudes, which implies low chances for immigrants to use the host-language. On the other hand,
the more liberalized the citizenship policies the greater the time to acquire the language (H1.1b).
This is because high levels of liberalization imply policies that tend to favor linguistic pluralism,
which implies low incentives for immigrants to learn or use the host-language. The second
hypothesis holds that the more integration requirements, the quicker the immigrant would learn
the language, as there are more incentives to learn the language of the host-country (H1.2). Finally,
our third hypothesis of this set holds that there is an interaction between civic-integration
requirements and citizenship policies; the more liberalized the citizenship policies and the more
civic-integration requirements, the faster immigrants learn the host language (H1.3). This is
because more civic-integration requirements mean more incentives for migrants to learn the
language, while more liberalization means more tolerance towards migrants, which should make
the host population more open to interact with migrants.
Our second set of hypotheses are a direct consequence of the associations described in the
subsection Language and Social Media Usage. First, we expect that the more Twitter users from
the origin-country in the platform, the slower the pace of language acquisition (H2.1). This is
because, on the one hand, migrants’ language adoption was inverse to the number of immigrants
from the same origin-country living in the host-country before the dawn of social network sites.
On the other hand, Twitter does not have borders; therefore, a migrant can keep communicating
with people from their origin-country despite living in another. However, Twitter users may have
more incentives to tweet in a language when there is a bigger audience with whom they can interact
using that language, which is in line with what traditional research has shown (Chiswick & Miller,
2001; Esser, 2006). Second, the greater the linguistic distance between the origin-country and the
destination-country, the slower the pace of language acquisition (H2.2). This is because when a
language is more difficult to learn, relative to the mother tongue, then it takes longer to use it.
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Finally, the bigger the geographic distance between the origin-country and destination-country,
the faster the pace of language acquisition (H2.3).

Data
In this section, we first describe the general sample of tweets that researchers have access to and
that are stored in the Internet Archive, which we also describe. Second, we describe the sample of
tweets use in this study and their characteristics. Third, we explain the steps we follow to prepare
the data for analysis. To process the data, we used the programming language Python version 3.7
(Python, 2020).
Twitter and the Internet Archive
Twitter provides access to a free-current 1% sample of all the public tweets through the streaming
Application Programming Interface (API) (Kumar et al., 2015), which has the parameters tweetkeywords, user-IDs, and geographical boundary. The Twitter streaming API returns at most 1% of
all the tweets produced on Twitter and “[O]nce the number of tweets matching the given
parameters surpasses 1 percent of all the tweets on Twitter, Twitter begins to sample the data
returned to the user” (Kumar et al., 2015, pp. 40). Morstatter et al. (2013) compared the 1% sample
from the Streaming API against the full tweets retrieved using the Twitter Firehose (which is the
paid API version that returns the full tweets that matched the target characteristics). Morstatter et
al. (2013) retrieved data for 28 days and used as parameters specific keywords, user-IDs, and as
bounding-box the geo-location of Syria. They found that the representativeness of the sample at
Twitter tweets level is negatively associated with the number of parameters to match, where the
streaming API is not representative of the trending topics of Twitter at that moment. For
geolocation, when a bounding-box is used as parameter, the streaming API returns almost the
complete set of the geo-tagged8 tweets despite sampling. If the bounding box is not used, then the
sample coverage follows a similar distribution as the one from the full tweets.
The streaming API has two main limitations. First, it does not return demographic characteristics
of the users, such as age, gender, and level of education. For this, researchers have relied on pattern

8

Geo-tagged means that the user shares their geolocation.
12

recognition software to extract users’ demographic characteristics depending on their profile
picture, username, and tweets (Leak et al., 2018; Mejova et al., 2015; Yin et al., 2018). Second,
the streaming API does not allow users to retrieve tweets older than seven days. To retrieve older
tweets, researchers have relied on historical samples gathered by specific organizations, such as
the Internet Archive9.
The Internet Archive is a repository that contains a 1% real-time sample of Tweets10 collected
every hour from 2011 to 2018 through the Twitter streaming API. According to Sequiera and Lin,
(2017), the Twitter databases stored in the Internet Archive are a good replacement from those
retrieved using the Twitter streaming API. There are no significant differences among these
databases and only 5% of the tweets from the Internet Archive were missing in comparison with
those retrieved using the Twitter streaming API. Data from the Internet Archive has been used to
evaluate the consistency of Twitter data for migration estimates. The research concluded that the
data can be used to analyze long-term and seasonal migration, as long as a temporal window
(buffer) greater than 12 weeks is used to classify users as migrants (Fiorio et al., 2020).
Processing the Data
The Twitter streaming API returns three different variables from which the users’ geo-location can
be inferred11: geo, place, and location. The variable ‘geo’ consists of the coordinates from which
the tweet was sent. The variable ‘place’ contains the country, country-code, and bounding box of
coordinates– i.e., four coordinates– from which the tweet was sent. The variable ‘location’ contains
either a user-self-written description or the geo-location of where the user is currently living. In
our work, we only use the first two, ‘geo’ and ‘place’. If the tweet contains the information of
either ‘geo’ or ‘place’, then our algorithm extracts the country code. If the country code is missing
but the coordinates are given, then the algorithm uses the package reverse_geocoder (Thampi,
2016) to transform coordinates into country code. From the 2.64 terabytes of Tape Archive File

9

https://archive.org/. Accessed October 28th, 2020.

10

https://archive.org/details/twitterstream. Accessed October 28th, 2020.

11

https://developer.twitter.com/en/docs/twitter-api/v1/data-dictionary/overview/geo-objects.
Accessed October 28th, 2020.
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(TAR) tweets processed, 4% contained geo-location information, which is similar to what
Morstatter et al. (2013) have reported.
To classify users as migrants we follow the next four steps. First, we look for all the tweets in the
filtered data coming from the same user and keep only those users that have tweeted at least five
times in a year. We use this lower bound primarily because we need to capture the moments in
which a user moves and when they start tweeting in another language. Users who tweet often
produce more fine-grained data which in turn can be analyzed better. A secondary benefit of this
lower bound is that it is less computationally demanding, as we need to build a dictionary to store
all the paths to the tweets for each user. This lower bound has been used in similar studies
(Lamanna et al., 2018), and the computational magnitude of this secondary benefit should not be
underestimated. The outcome of this first step are new datasets containing the paths to the tweets
by user. Second, from the sample produced in the first step, we select all the users that tweeted
from more than one country.
Third, we categorize a user as a migrant if the user tweets for at least three months from one
country and for at least the last three months from a second country. As an example, imagine a
user who starts tweeting in Mexico and then moves to Germany and, therefore, changes the geolocation of their tweets from Mexico to Germany. This user would be classified as a migrant whose
origin-country is Mexico and destination-country is Germany. We chose a window of at least three
months following the argument by Fiorio et al. (2020) that the data can be used to analyze longterm migration, if a temporal window (buffer) greater than 12 weeks is used to classify users as
migrants. Finally, from the sample, we keep the migrants that moved to one of the EU-15 countries
and for whom the official language from their origin-country and destination-country are different.
This gives us a final database of around 1,210 unique users and around 35,448 tweets. In order to
classify the language used in their tweets, we use the package pycld2 (Al-Rfou, 2019) together
with our own algorithm (Appendix A). From this processed data, we aggregate the information by
month and frequency.
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Figure 1: Migration flows from the regions of origin to EU-15 civic-integration groups. Numbers
represent migration flows. The country codes of the receiving countries are in square brackets (AT:
Austria, BE: Belgium, DE: Germany, DK: Denmark, ES: Spain, FI: Finland, FR: France, GB:
Great Britain, GR: Greece, IE: Ireland, IT: Italy, LU: Luxembourg, NL: Netherlands, PT: Portugal,
SE: Sweden). AU and NZ correspond to Australia and New Zealand, respectively.
To the final database, we add for each user the time (in months) between arriving in the country
of destination and the time they started tweeting in the official language of destination for mostly
one month. In other words, once their tweets reflect the geolocation of the destination-country;
and once the number of times they tweeted in the host-country language was higher than 50% of
their monthly tweets. The median tweets per user was 20, and the median number of months per
user was 10. Users’ countries of origin are quite diverse; in total our sample contains 81 countries
of origin. Given this large diversity, we categorize their origins in five regions to visualize them:
Europe; Africa; Asia; South America and the Caribbean (S.Am. and Carib.); and North America,
Australia, and New Zealand (N.Am. and AU+NZ). The total number of individuals that migrate
from these regions are 564, 46, 205, 195, and 200, respectively. Figure 1 shows the migration
flows from these regions of origin to the civic-integration clusters described before: prohibitive,
enabling, insular, and conditional. From here there was not any user that could be classified as an
immigrant to Luxembourg, but we kept the code in the figure as is part of the Insular group. The
total number of immigrants they receive are 276, 152, 243, and 539, respectively. Table B of
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Appendix B shows the number of immigrants by country of destination and the percentage that
started to tweet in a destination-country official language.
We also check the distribution of the users by gender and account status depending on the group
(Table1). From here, we expect that the distributions are similar in each of the groups; otherwise,
this would mean that the sample of users that the Twitter API returns is biased to certain regions.
Table 1 shows that the percentage of Female, Male and Unknown users are equally distributed in
the groups; and this is also the case for the current users’ account status. The percentages of female
and male users are similar to what others have reported (Zagheni et al., 2014); this is also the case
for the percentages of deleted and suspended accounts (Armstrong et al., 2021).
Table 1: Percentage of users by gender and current account status.
Group
Conditional
Insular
Enabling
Prohibitive

Total
539
243
152
276

Female
32.84
37.04
29.60
34.42

Gender (%)
Male Unknown
58.25
8.90
53.49
9.46
60.52
9.86
59.42
6.15

Account-Status (%)
Active
Deleted Suspended
77.36
18.74
3.89
77.78
20.16
2.06
75
22.37
2.63
80.43
15.59
3.99

Notes: Users’ gender was inferred from their user-names using the databases Social Security
Administration (2020) and Demografix ApS (2021). Account-status corresponds to what the Twitter API
V2.2 returned in August 10, 2021.

Before the analysis, we validate these users are (were) migrants by performing a qualitative
analysis of a 10% sample of users. From which we analyze their tweets and their tweets metadata,
as suggested by Armstrong et al. (2021). The qualitative analysis shows that some of the users
tweeted as students in a foreign country, and others became residents in the new country. For the
students, this is deduced from their tweets, as they share their experiences as newcomers in the
country. For the residents, this is deduced from their tweets and, for some of them, from their
current Twitter status profile, where they share they are from country A currently living in country
B. For a small proportion of them, we could not infer users’ motivations to move, but we kept
them for the analysis.

Methodology
We model the variable T: time until a user mostly tweets in the language of destination for one
month using survival models (𝑆(𝑡)). Where mostly means: the number of times a user tweeted in
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the host-country language was higher than 50% of their monthly tweets. For this analysis, we use
the programming language R (R Core Team, 2020) and the survival package (Therneau &
Grambsch, 2000).
We first plot the Kaplan-Meier curve and then check which parametric model (such as
Exponential, Weibull, or Gamma) fits the Kaplan-Meier curve best. We test the linearity of the
Kaplan-Meier survival values by plotting ln(−ln(𝑆̂(𝑡))) vs ln(𝑡) (Kleinbaum & Klein, 2012, pp.
305). This visual test shows that the best model is Weibull, as the values show a linear behavior
and the slope of the line is different from one (Appendix C, Fig. C1).
The Weibull parametrization we follow is given by Kleinbaum and Klein (2012) (Eq. 1).
𝑆(𝑡) = 𝑒𝑥𝑝(−𝜆𝑡 𝑝 )

…

Equation 1

To study the factors that enhance language acquisition, we model the Accelerated Failure Time
(AFT) ratios of T. We decided to use this model because the results are interpreted as the median
survival time to acquire the language, which we consider to be more directly interpretable than
proportional hazards.
We model time until a user mostly tweets in the language of destination for one month as a function
of the following seven variables. First, CPI, where the higher the value the more liberal the
citizenship requirements of the destination country. Second, CIVIX, where the higher the value
the stronger the integration requirements of the country of destination. These two variables are
continuous and range from 0 to 6. Third, an interaction term between both CPI and CIVIX. This
variable is continuous and range from 0 to 36. We do not transform any of these variables in order
to facilitate interpretation, given the interaction term.
Fourth, the logarithm of the ratio of Twitter users in the country of origin to Twitter users in the
country of destination. Here a positive value means there are more Twitter users in the origincountry than in the destination-country, and vice-versa if the value is negative. The fifth and sixth
variables are linguistic distance and geographic distance. These variables come from the databases
“Language” and “Gravity”, respectively, from the Centre d’Études Prospectives et d’Informations
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Internationales12. Linguistic distance is the variable LP2, which according to Melitz and Toubal
(2014), the smaller the value the closer the languages are in terms of vocabulary and grammar.
Geographical distance is the distance in km between the capitals of origin- and destinationcountries13. Finally, the percentage of the destination population that self-reported to know at least
one foreign language (EUROSTAT, 2011). These variables are continuous and standardized
(meaning we subtract the mean and divide by the standard deviation).
The Weibull AFT function is

𝑡 = [− ln 𝑆 (𝑡)]1/𝑝 𝜆−1/𝑝 where 𝜆−1/𝑝 is parametrized with

regression coefficients (Eq. 2) (Kleinbaum & Klein, 2012, pp. 308). In general, the AFT is a ratio
of survival times corresponding to any quantile (q) of survival time (𝑆 (𝑡) = 𝑞). In this model, an
increase in a variable which coefficient is positive leads to an increase in the median (or other
quantile) survival time of acquiring the language. If the coefficient is negative, then an increase in
the variable would lead to a decrease in the median survival time of acquiring the language.
−

𝜆𝑖

1
𝑝

= exp(𝛼0𝑖 + 𝛼1𝑖 𝐶𝑃𝐼 + 𝛼2𝑖 𝐶𝐼𝑉𝐼𝑋 + 𝛼3𝑖 𝐶𝑃𝐼 × 𝐶𝐼𝑉𝐼𝑋 + 𝛼4𝑖 log(𝑟𝑎𝑡𝑖𝑜) +
𝛼5𝑖 𝐿𝑖𝑛𝑔. 𝐷𝑖𝑠𝑡. +𝛼6𝑖 𝐺𝑒𝑜. 𝐷𝑖𝑠𝑡. + 𝛼7𝑖 % ≥ 1 𝐹𝑜𝑟𝑒𝑖𝑔𝑛 𝐿𝑎𝑛𝑔. )… Equation 2

Where CPI is the Citizenship Policy Index; CIVIX is the Civic Integration Index; CPI×CIVIX is
the interaction term; log(ratio) is the logarithm of the ratio of the number of Twitter users from
origin country by the number of Twitter users from destination country; Lin. Dist. is linguistic
distance; Geo. Dist. is geographical distance; and %≥1 Foreign Lang. is the percentage of
destination country population that speaks more than one foreign language.
Translating our hypotheses to the results of the AFT model leads to the following expected
findings. For the first main hypotheses, on the one hand, a more liberalized citizenship policy
resulting in greater median survival time to acquire the language would corroborate hypothesis
H1.1a. On the other hand, a less liberalized citizenship policy resulting in a greater median survival

12

http://www.cepii.fr/CEPII/en/bdd_modele/presentation.asp?id=19. Accessed April 12th, 2021.

13

http://www.cepii.fr/DATA_DOWNLOAD/gravity/doc/Gravity_documentation.pdf. Accessed
May 5th, 2021.
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time would corroborate hypothesis H1.1b. The second main hypothesis (H1.2) is supported if the
stronger the integration requirements the smaller the median time to acquire the language. The last
main hypothesis (H1.3) holds, if the median survival time to acquire the language decreases when
the more liberalized the citizenship policies and the stronger the integration requirements.
In the case of our secondary hypotheses, if the more Twitter users from country of origin using the
platform results in a greater time to acquire the language, then hypothesis H2.1 is supported. If the
greater the linguistic distance between the origin-country and the destination-country the greater
the median survival time to acquire the language then hypothesis H2.2 is corroborated. Finally, if
a bigger geographic distance between the country of origin and country of destination results in a
smaller median survival time to acquire the language then hypothesis H2.3 is supported.

Results
Figure 2 shows the estimated AFT ratios of the Weibull model with 95% confidence intervals. In
the case of CIVIX, the stronger the civic-integration requirements the larger the median survival
time of acquiring the language; therefore, H1.2 is not supported. In the case of CPI, it does not
appear to play a role on the median survival time of acquiring the language conditional on the other
variables in the model. However, the interaction variable shows that the greater the CPI and CIVIX
the smaller the median survival time of acquiring the language. This indicates that CPI does play
a role, but only in conjunction with particular CIVIX levels.
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Figure 2 Exponential of AFT Ratio Coefficients with their corresponding 95% Confidence
Intervals.
To clarify the interaction effect, we show the predicted survival time of acquiring the language
using a contour map relative to the CIVIX and CPI indexes in Figure 3. These predicted values are
obtained by multiplying the model coefficients with the different combinations of CIVIX and CPI
values, while keeping the rest of the variables constant on their means (which are zero because of
the standardization). Figure 3 shows that when the CIVIX index is below 1.75, the CPI index is
not associated with the median survival time of immigrants’ language acquisition. This can be seen
on the median survival values of the insular and enabling groups (excluding Sweden), which range
between 55 and 148 months regardless of the CPI values. Once the CIVIX values are over one,
the CPI index becomes associated with the median survival time of immigrants’ language
acquisition; the more liberalized the country the smaller the median times of immigrants’ language
acquisition (conditional group); and the less liberalized the higher the median times of immigrants’
language acquisition (prohibitive group). In this analysis, Sweden seems to follow a different
pattern from the rest of the countries. This could be related with the high percentage of its
population that speaks at least one foreign language, in comparison with the low levels in the rest
of the countries in the insular and enabling groups.
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Figure 3 Contour map of the Accelerated Failure Time (AFT) Ratios relative to Civic
Integration Index (CIVIX) and Citizenship Policy Index (CPI).
Returning to Fig. 2, in line with our secondary hypotheses, the median survival time of adopting
the language increases if the number of Twitter users in the country of origin is bigger than in the
country of destination (H2.1). Linguistic distance also has a positive association, this means that
the bigger the distance between the origin- and destination-language the higher the time to acquire
the destination language (H2.2). For geographic distance, the smaller the distance the smaller the
median-survival time of acquiring the language (H2.3). Therefore, the classic variables used to
explain immigrants’ language acquisition have the same associations with language acquisition as
before the dawn of social network sites. Finally, for the control variable, an increase of a
percentage point of people speaking a foreign language doubles the mean number of months of
acquiring the language.

Discussion and Conclusions
In this work, we study immigrants’ language acquisition through a longitudinal analysis of their
tweets language. To do so, we draw on Goodman’s (2010) and Howard’s (2010) work to formulate
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how citizenship and civic-integration policies may affect immigrants’ language acquisition.
Conceptually, we rely on the governmentality framework that theorizes on the effects
governmental interventions have on individuals. We use survival models to analyze immigrants’
language-acquisition pace depending on: (1) citizenship and civic-integration policies; (2) relative
size of migrant groups in the destination country and the linguistic and geographical distance
between countries of origin and destination. Specifically, we analyze the time until a user mostly
tweets in the language of destination for one month. We use starting to tweet in the language of
the country of destination as a proxy of language acquisition.
Our findings point to an interaction effect between immigrants’ civic-integration requirements and
citizenship access liberalization, where immigrants in countries with low or not civic-integration
requirements share similar median times of language acquisition regardless of how liberalized
citizenship policies are. This is the case for countries with heterogeneous citizenship policies, but
that have few civic-integration requirements. However, among these countries, Sweden is a
particular case. Sweden seems to share immigrants’ median times of language acquisition as
countries with strict civic-integration and citizenship requirements. This could be explained by:
the high percentage of Swedish population that speaks at least one foreign language (Bolton &
Meierkord, 2013); or the high levels of multiculturalism, which could disincentivize immigrants
from learning Swedish (van Tubergen & Kalmijn, 2005).
In the case of countries with strict civic-integration and citizenship requirements (Denmark,
Austria, and Germany), immigrants take the highest times to acquire the language. While this may
be a consequence of the anti-immigrant attitudes from the majority population, it has also been
proposed that strict requirements imposed to immigrant groups may be also a consequence of rightwing parties that try to constrain immigrants’ access to equal rights as natives (M. B. Jørgensen,
2009; Beauzamy & Féron, 2012; Bolton & Meierkord, 2013; Lønsmann, 2020). Research shows
that these type of negative interactions between authority and migrants can lead to immigrants’
language balkanization and rejection towards learning the language of destination (Jørgensen,
2003).
For those countries with high civic-integration requirements, we found that the more liberalized
their citizenship access the faster the immigrants acquire the host-country language. This is the
case for France, the Netherlands and the United Kingdom, which have high civic-integration
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requirements, but are also considered historically liberal countries (Howard, 2010). Though, this
might also be explained by the early integration requirements that immigrants fulfill, such as
learning the language before moving to the country (Goodman, 2010).
Our results also show that immigrants’ language acquisition in Twitter is associated with the same
classic macro-level explicative variables employed before the dawn of social network sites. This
result is relevant in two ways. On the one hand, it supports the notion that the data from Twitter is
actually capturing migration. On the other hand, it helps to shed light on whether the transnational
property of social network sites has affected the association between immigrants’ language
acquisition and classic macro-explicative variables. For this sample of Twitter users the results
show that this has not been the case. However, this might change in the future, as the use of
information and communication technologies are becoming more and more pervasive in the world.

Limitations
This work has several limitations that we would like to acknowledge. First, Twitter data is not
representative of the general population. Twitter users tend to be young adult men that are highly
educated and that are highly internet skilled (Hargittai, 2020). Furthermore, because our work
depends on longitudinal Voluntarily Geographic Information (Haklay, 2016), the analysis is
constrained to highly active users that are considered as the content producers. Despite these clear
data limitations, we show that Twitter data can be used to study immigrants’ language acquisition
and that the data shows patterns that had been found in work done with representative samples
collected before the dawn of social network sites (Chiswick & Miller, 2001; Esser, 2006). While
the findings have to be interpreted with caution, it is important to continue the study of the use of
statistical techniques to model data from social network sites to study hard to reach populations,
such as migrants.

Research Ethics
This work obtained ethical approval from the data protection department of the Max Planck
Institute for Demographic Research and the Max Planck Society. For the analyses, we rely on
public data from the Internet Archive and we study only the language from the users’ tweets. For
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a 10% sample of the users, for research purposes only, we also read the public description of their
profiles.
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Appendix A: Language Classification
First, let’s establish some terminology, if a tweet’s language is classified by reverse_geocoder as
unknown then it is labeled as un, when it is not then it is labeled code_i, where i is an index that
indicates one of the possible languages used by the user. Then the next rules apply:
•

If the first user’ tweet language is un, but the next one is code_1, then un becomes code_1.

•

If the last user’ tweet language is un, but the previous one is code_1, then un becomes
code_1.

•

If for a given user, there is a tweet language sequence like: code_1-un-code_1, then un
becomes code_1.

The use of reverse_geocoder together with the aforementioned rules, result in the next language
distribution.
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Figure A: Proportion of tweets language by month and year. Color corresponds to language.
Langages are ordered by the total frequency of appearence.
Appendix B: Users classified as Immigrants by Destination-Country
Table B: Number of Twitter users classified as immigrants (n) and the percentage that started to
tweet in a destination-country official language (%) by destination-country.
Austria
n
%
25
8
Great
Britain
n
%
284
69

Belgium
n
%
23
9

Germany
n
%
226
8

Denmark
n
%
21
29

Greece

Ireland

Italy

n
12

%
0

n
45

%
44

n
102

%
20

Spain
n
129

%
29

Netherlands
n
67

%
12

Finland
n
%
21
0

France
n
%
165
32

Portugal

Sweden

n
18

%
28

n
41

%
22
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Appendix C: Weibull Model Goodness of Fit

Figure C1: Visual test for the use of Weibull model for Kaplan-Meier survival values.

Table C1: Result from the linear regression model testing Weibull suitability
𝑅2

Term

𝛽̂

Std. Error

p-value

Intercept

-1.70789

0.04644

<0.001

ln(t)

0.3975

0.01581

<0.001

0.9377
Note: 𝜆 = 𝑒𝑥𝑝(𝛽̂𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 ) and 𝑝 = 𝛽̂𝑙𝑛(𝑡) .

Figure C2: The red curve is the Weibull adjusted model for the Kaplan-Meier survival curve.
The 95% Confidence Intervals correspond to the Kaplan-Meier curve.
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Figure B2 shows the Weibull model fitted to the Kaplan-Meier survival curve. The results of the
nonlinear least-squares estimate of the parameters of the Weibull survival model are:
𝜆 = 0.1003 and p=0.3502.
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