
Google, data voids, and the dynamics of
the politics of exclusion

Ov Cristian Norocel1 and Dirk Lewandowski2,3

Abstract
This study deploys a critical approach to big data analytics to gauge the tentative contours of data voids in Google

searches that reflect extreme-right dynamics of exclusion in the aftermath of the 2015 humanitarian crisis in Europe.

The study adds complexity to the analysis of data voids, expanding the framework of investigation outside the USA con-

text by concentrating on Germany and Sweden. Building on previous big data analytics addressing the politics of exclusion,

the study proposes a catalogue of queries concerning the issue of migration in both Germany and Sweden on a continuum

from mainstream to extreme-right vocabularies. This catalogue of queries enables specific and localized queries to identify

data voids. The results show that a search engine’s reliance on source popularity may lead to extreme-right sources

appearing in top positions. Furthermore, using platforms for user-generated content provides a way for localized queries

to gain top positions.
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Introduction
Among general-purpose web search engines, Google is
the most popular in the Western hemisphere, with a total
of approximately 90.8 billion visits in early 2022
(SimilarWeb, 2022). This ubiquity of Google search and
its seeming ease of use in people’s daily lives (Haider and
Sundin, 2019; Sundin et al., 2017) obfuscates the low
level of search engine knowledge among most ordinary
users, which opens the door for the manipulation of propa-
ganda and disinformation. One important vulnerability is
described in research as a ‘data void’ (Golebiewski and
Boyd, 2019). A data void becomes possible when, in
response to a specific query, search engines return skewed
and manipulatory content, which, from the point of view
of societal relevance (Haider and Sundin, 2019), is of low
quality because there is hardly any high-quality content cor-
responding to that search. Of interest here are two types of
data voids. First are problematic queries, which concern

search results for highly contested or fraught terms that
yield hits only from extreme-right outlets. Second are stra-
tegic new terms, which denote new terminologies specially
created at the centre of extreme-right information ecosys-
tems before being amplified to reach wider audiences
with the aim of introducing (unaware) ordinary users to
problematic content and polarizing frames. With this in
mind, the article addresses the following research question:
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What are the tentative contours of data voids reflecting the
extreme-right dynamics of exclusion?

To assess this issue, we locate our study outside the USA
context and concentrate on the topic of migration in
Germany and Sweden. In the European context, the two
countries were the most generous in the 2015 humanitarian
crisis in which hundreds of thousands of people sought
refuge from war-torn countries. In addition, extreme-right
environments experienced explosive growth in both
Germany1 and Sweden2 in the context of this crisis.
Given that data voids are difficult to identify and that,
once detected, they are filled rapidly with mainstream
sources, we quickly noticed that seeking data voids pertain-
ing to the topic at the national level in the two countries
would not yield significant results.

Consequently, we concentrated on examining queries at
the subnational level, namely, on municipalities in both
Germany and Sweden, in the following manner. The
article first discusses the theoretical scaffolding, which is
structured in three steps, allowing us to articulate the theor-
etical concepts that aid our analysis. Thereafter, we present
the methodological implications of our approach, discuss-
ing the importance of specific and localized queries for
the purpose of our study and connecting this to the cata-
logue of queries that we designed to enable us to collect
our data. This is followed by a detailed presentation of
our results. Finally, we focus on discussing the implications
of our research findings and reflect critically upon the
study’s inherent limitations, which we integrate into a con-
cluding reflection concerning the wider intellectual conver-
sation in the field.

Theoretical scaffolding
The theoretical infrastructure of this study is underpinned by a
critical approach to big data analytics. Notwithstanding this, it
is solidly anchored in the research field of critical examina-
tions of big data, also known as Critical Data Studies (hence-
forth, CDS) (Boyd and Crawford, 2012; Hargittai, 2015;
Iliadis and Russo, 2016; Kitchin, 2022; Metcalf and
Crawford, 2016). First, we explain the theoretical scaffolding
of the present study in three steps. In the first step, we suc-
cinctly explain some of the key conceptual underpinnings
of CDS, including the critical and reflexive approach to big
data, the emergence of data politics, and the issue of digital
inequality. We then connect these concepts to the opportun-
ities provided by big data analytics to identify the dynamics
of the extreme-right framing of such polarizing issues as eth-
nicity, nationalism, and religion in increasingly diverse
European societies, which are part of a wider push to normal-
ize the politics of exclusion. Second, we discuss the manner in
which search algorithms, among which Google is of particu-
lar interest here, open up for the existence of data voids. In the
third and final step in our theoretical scaffolding, we address

the issue of CDS research ethics, which we embed in feminist
data ethics.

Critical data studies, digital inequality, and the
dynamics of the politics of exclusion
The key endeavour of CDS is to move beyond the initial
allure of big data studies that have promised methodological
objectivity, whereby scientifically derived hypotheses are
tested dispassionately, the results push knowledge forwards,
and they offer opportunities to assess social spaces in a quan-
titative manner by means of searching, aggregating, and
cross-referencing large datasets (Boyd and Crawford, 2012:
663, 667). As such, CDS scholarship aims to ‘interrogate
all forms of potentially depoliticized data science and to
track the ways in which data are generated, curated, and
how they permeate and exert power on all manner of forms
of life’ (Iliadis and Russo, 2016: 2). At the same time,
researchers in this field acknowledge that ‘claims to objectiv-
ity are necessarily made by subjects and are based on subject-
ive observations and choices’ (Boyd and Crawford, 2012:
667) and consequently argue that ‘scholarship needs to be
reflexive, situated and nuanced, countering transcendent nar-
ratives about data by making clear data’s contingent, context-
ual nature’ (Kitchin, 2022: 40).

Critiquing the initial reluctance in the field to acknow-
ledge the political aspect of big data studies, some research-
ers have warned that big data generate ‘data politics’ (Bigo
et al., 2019; Ruppert et al., 2017), which pertains to both the
politics behind data collection, the way in which data are
interpreted, and the way the results are deployed for polit-
ical ends as well as the crystallization of new relations of
power and political articulations that are novel in both
manner and scale. Illustrating the negative consequences
of data politics, the opaque process of algorithm writing
that underpins data paves the way to insidious ‘weapons
of math destruction’ (O’Neil, 2016), also labelled ‘techno-
logical redlining’ (Noble, 2018), whereby bad software
design and poorly conceived models impact discriminatory
effects on already vulnerable and disadvantaged users. In
other words, big data are ‘not only shaping our social rela-
tions, preferences, and life chances but our very democra-
cies’ (Ruppert et al., 2017: 2).

In this context, there is a pressing need for users to be
able to discern the risks and benefits of the growing com-
plexity of contemporary datafied societies and to recognize
the systemic and structural changes brought about by big
data (D’Ignazio, 2017; Haider and Sundin, 2019). Indeed,
big data generates new power asymmetries and inequalities
that exacerbate existing ‘digital inequalities’ (Dimaggio
et al., 2004; Hargittai, 2021), as the ‘actors who collect,
store and process the data are very different from those
whose data are collected, stored and processed’
(D’Ignazio, 2017: 15). These digital inequalities become
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entrenched, as users whose data are harvested are gener-
ally neither encouraged to improve their technical knowl-
edge nor made aware of the datafied intricacies of
contemporary societies. Rather, simple answers are pro-
vided to them, in part crafted within the extreme-right envir-
onment that attempts to weaponize these answers for its
political ends (Norocel, 2022: 7). These answers are pack-
aged into emotional appeals and calls to ‘do your own
research’, which are part of a wider changing public dis-
course marked by ‘uncivility, dogmatic politicization and
ideologization as well as fact denial’ (Krzyżanowski,
2020: 432). The usual techniques involve ‘practices of
recontextualization and reframing’ that are performed
by means of ‘a few textual amendments: using certain
naming strategies, selective extraction, reformulation of
paragraphs or omission of explanatory factors in the
story’ (Ekman, 2019: 608).

Some contextualization is necessary here. The dynamics
of racism and xenophobia have gained visibility in the
public discourse around Europe in the context of the 2015
refugee (reception) crisis and in the aftermath of terrorist
attacks in several major European cities between 2015
and 2017 sponsored by various Islamist and Jihadist
terror organizations. These events have evidenced the com-
plicated intersections between the politics of preserving
national culture, the politics of safeguarding the European
welfare model, and the politics of regulating migration
flows and promoting integration (Hellström et al., 2020;
Norocel, 2017; Wodak, 2015). Researchers have nonethe-
less noted that in addition to the ‘genuine societal and pol-
itical debate Islamophobic, xenophobic, and nationalist
views have also gained ground, claiming that especially
the Muslim minorities constitute a danger to European soci-
eties and the Western lifestyle’ (Laaksonen et al., 2020: 3).
Deep lines of demarcation have been drawn between ‘the
native us’ sharing such ‘civic virtues’ as gender equality
and tolerance and those ‘migrant them’, which in its most
extreme manifestation coalesces into ‘an identitarian logic
of “ethnopluralist” difference which recasts the racist dis-
tinctions of racial biology into insurmountable cultural dis-
tinctiveness, which privileges “our culture” as both separate
and, importantly, discretely better than “their culture”’
(Hellström et al., 2020: 5). The tragic events of early
2022, when people who sought refuge from war-torn
Ukraine were welcomed across Europe on grounds of
being preponderantly defenseless women with children
from a culturally close (and white) European country,
seemed only to confirm these assertions. In this context,
studies have evidenced the process of ‘normalization of
the politics of exclusion [which] enables uncivil, racist,
and populist discourse to be recontextualized into – as
well as anchored within – the mediated and political
spaces of the mainstream that at least nominally were
once viewed as largely civil in nature’ (Krzyżanowski
et al., 2021: 4).

A growing body of scholarship has made use of big data
analytics to provide critical insights into the dynamics of
racism and xenophobia emerging across Europe in the
past decade (Åkerlund, 2020; Ekman, 2019; Farkas et al.,
2018; Laaksonen et al., 2020; Mahoney et al., 2022;
Monnier et al., 2021; Nikunen, 2021; Pöyhtäri et al.,
2021; Siapera et al., 2018). For example, research has
helped unveil how commercial social media platforms
‘provide spaces for xenophobic, racist and nationalistic dis-
course online, and they shape antagonistic […] attitudes
towards immigrants’ (Ekman, 2019: 607). More widely, it
has enabled the identification of ‘the dynamics and net-
works of racism’ across both legacy media and social
media platforms (Nikunen, 2021: 9). In addition, it has
helped researchers map out the manner in which ‘hate
speech targeting various ethnic, migrant, and religious
minorities flourishes especially in general social media dis-
cussions […], but it has also long taken the forms of orga-
nized propaganda, hate groups, and hate sites’ (Laaksonen
et al., 2020: 3). Generally, these studies have pointed out
that social media platforms contain hostile, negative, and
stereotypical framings of migrants (particularly those of
Islamic faith), with strong racist undertones, whereby accu-
sations of crimes (especially sexual assault) allegedly com-
mitted by both asylum seekers and other migrants are a
recurring frame (Åkerlund, 2020; Ekman, 2019; Monnier
et al., 2021; Nikunen, 2021; Norocel, 2022; Pöyhtäri
et al., 2021). We build and expand on the findings of
these studies, which have chosen various social media plat-
forms as their preponderant loci of analysis. In turn, we
examine the opportunities for the politics of exclusion
that are provided by search engines.

Google search algorithms and data voids
Search engines, particularly Google, have generally not
experienced the same level of scholarly scrutiny as social
media platforms for actively spreading or at least tacitly
enabling misinformation (such as fake news and political
and religious manipulations) aimed at normalizing the pol-
itics of exclusion (Noble, 2018; Torres and Rogers, 2020).
Notwithstanding this, there is a significant body of scholar-
ship that examines commercial search engines such as
Google. Critical research has scrutinized the ideological
underpinnings of search algorithms (Mager, 2014) and
how people attempt to make themselves ‘algorithmically
recognizable’ (Gillespie, 2017); unveiled the ‘bent testi-
mony’ of search algorithms (Narayanan and De Cremer,
2022), which is commonly disguised by the seamless ubi-
quity of search engines in users’ daily lives (Haider and
Sundin, 2019; Sundin et al., 2017); or provided a cultural
retrospective of the process of Googlization and its informa-
tion politics (Rogers, 2018; Vaidhyanathan, 2011).

Whenever we search for information, it seems that
‘Google dominates all aspects of the search engine
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market, largest share of searches on all devices, most visi-
tors to its site, most users of its browser, Chrome, which
in effect is a search engine, and so on’ (Haider and
Sundin, 2019: 11). Researchers have shown that whether
at leisure or ‘doing our own research’, whenever searching
on Google, we find ourselves in the situation of ‘asking
someone about whom to ask for an answer. And any act
of googling […] by its very nature is dependent upon the
beliefs and actions of other people. In that way, googling
is more like testimony’ (Gunn and Lynch, 2018: 43).
Those testifying to our queries are those producing online
content, be it news websites, personal blogs and videos,
or discussion forums. Consequently, they have an impact
on the beliefs we hold about the matter at hand by means
of the content they produce and make algorithmically rec-
ognizable (Gillespie, 2017: 65), in a sense generating a col-
laborative framework for ‘the validation of truth by public
opinion’ (Oleinik, 2022: 186). ‘As such, googling resem-
bles testimony because of our epistemic reliance on those
who produce the content that gets presented to us when
we perform a Google search’ (Narayanan and De Cremer,
2022: 3).

Notwithstanding this, the impact of the search results is
mediated by and through Google’s own mix of content-based
and collaborative algorithms (Oleinik, 2022: 186; Rogers,
2018: 7), which play a directive role in ranking, structuring,
and presenting the information to which we are exposed
(Pan et al., 2007; Schultheiß et al., 2018). This is important
for several reasons. First, search algorithms compile and
rank all results pertaining to a query. This ranking has a
great influence on what sort of information users access and
read, with most users focusing on links higher up in the
search results (Pan et al., 2007; Schultheiß et al., 2018).
Second, users are generally unaware of the commodification
of their searches, and a large portion are unable to distinguish
between organic results and paid advertisements on Google’s
search engine results page (SERP) (Lewandowski and
Schultheiß, 2022). Some laboratory studies have even
shown that users choose the top results even when they are
less relevant to the query (Pan et al., 2007; Schultheiß
et al., 2018) or less credible than results that are displayed
lower in a ranked list (Haas and Unkel, 2017; Unkel and
Haas, 2017).

This brings us to the issue of how the information provided
by Google at the end of the complex process described above
is received by users. It seems that users trust the information
they find in their searches (European Commission, 2016;
Purcell et al., 2012), although many are not familiar with
the practices of influencing search engine results by means
of search engine optimization (SEO) (Lewandowski and
Schultheiß, 2022). Furthermore, users with lower levels of
search engine knowledge are more likely to trust and use
Google than those with more knowledge (Schultheiß and
Lewandowski, 2021). Notably, in this context, Google has
recently become the centre of an intense debate about

misinformation and the search engine’s role in ‘the appear-
ance of misogynistic and extremist content that the
company previously defended as “reflective” of societal
concern rather than the product of algorithmic error or
“culture hacking”’ (Torres and Rogers, 2020: 100).

One of the explanations for the presence of such content
in search results is the existence of data voids, which ‘occur
when obscure search queries have few results associated
with them, making them ripe for exploitation by media
manipulators with ideological, economic, or political
agendas’ (Golebiewski and Boyd, 2019: 2). Indeed, when
the pool of results that are potentially relevant to a query
is limited, the search algorithm simply ranks what is avail-
able, even in circumstances in which the links in the pool
lead to information that, from the point of view of societal
relevance, is of low quality (Haider and Sundin, 2019: 9–
10; Sundin et al., 2022: 640). Here, we distinguish informa-
tion that may have societal relevance, such as, on our topic
of concern, the number of migrant families with small chil-
dren seeking refuge in a certain location, which may be rele-
vant from the point of view of organizing local reception
efforts. There is also skewed and manipulative information,
which is thus of low quality from the point of view of its
societal relevance writ large but may have relevance for
the extreme-right environment specifically. For example,
the arrival of migrant men in the aforementioned location
may be presented as an impending danger of sexual
assault for local women, which may serve as an impetus
for local extreme-right mobilization. This means that the
ranking of results is not an absolute measure of quality;
rather, the ranking reflects the relevance of query results
in relation to each other. Therefore, a major obstacle in
researching data voids is detecting them. More often than
not, data voids are filled quickly when they are detected.
For instance, in a search for the conspiracy-related term
‘chemtrails’, the query initially yielded results directing
the user to conspiracy theory sources (Ballatore, 2015).
As the mainstream news media started to report on the
matter, the initial results were demoted in rankings and
news sources, and links to Wikipedia and mainstream
news outlets eventually appeared at the top of the results.
This had a major impact on the design of our study,
which is detailed below in the ‘Methods and data’ section.

Research ethics and situated knowledge
Given that this study is anchored in the field of CDS, we are
acutely aware that ‘how data are ontologically defined and
delimited is cast not as a value-free, technical process, but a
normative, ideological and ethical one that has concrete
consequences for subsequent analysis, interpretation, and
action’ (Kitchin, 2022: 16). Having clarified the normative
and ideological underpinnings of this study, we now
approach the interrelated issues of research ethics and
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situated knowledge (Boyd and Crawford, 2012; Daniels,
2015; D’Ignazio and Klein, 2020; Nikunen, 2021).

Concerning research ethics, we are aware that big data
analytics are reliant on datasets that are historically and
socially contingent, generated and imbued with political
and ethical values (Daniels, 2015; Metcalf and Crawford,
2016). There are two issues to be discussed here. First, as
computational skills are highly prized in big data analytics,
this generates new digital hierarchies centred around
researchers (most often men) who possess these skills.
Nonetheless, we pursue this research project as a multidis-
ciplinary research team, ‘recognizing that computer scien-
tists and social scientists both have valuable perspectives
to offer’ (Boyd and Crawford, 2012: 674). Second, we con-
sider issues of accountability, carefully weighing the pos-
sible ramifications of big data analytics in this project and
the differentiated effects that our study may have in terms
of reproducing discrimination and enforcing inequalities
along such intersectional axes of social structuring as
gender and sexuality, race and/or ethnicity, and social
class (Hill Collins, 2019). Regarding this matter, we care-
fully assess how, in the process of generating the dataset
for our study, as described in the ‘Methods and data’
section below, our repeated queries may impact future
search results (Lewandowski and Sünkler, 2019) by poten-
tially allowing extreme-right sources to ascend in the
overall ranking. As we sent each query only once, we are
confident that the overall effect on future results and
query recommendations is low, if it exists at all.

With this in mind, we subscribe to the calls for thorough
ethical reflection, especially on how big data analytics may
cause both individual and networked harm (Metcalf and
Crawford, 2016: 3), and embrace the seven imperatives of
data feminism: ‘examine power, challenge power, elevate
emotion and e[..]mbodiment, rethink binaries and hierarch-
ies, embrace pluralism, consider context, and make labor
visible’ (D’Ignazio and Klein, 2020: 213). Armed with
this ethical awareness, we have striven, programmatically
and consistently, to avoid recirculating discriminatory
framing and stereotyping of vulnerable and disadvantaged
people (Nikunen, 2021: 3).

Methods and data
In this section, we detail the methods that contribute to our
approach to big data analytics. First, we explain the princi-
ples of search engine queries and the role of specific and
localized queries in identifying data voids. Second, we
design a catalogue of queries pertaining to the issue of
migration on a continuum from mainstream to extreme-
right vocabularies. Third, we describe how we construed
our specific and localized queries. Fourth, we explain the
data collection and detail the characteristics of the dataset.

First, given that the more general a search query, the
greater the pool of sources a search engine such as

Google may use for its ranking, we decided to generate a
dataset for our study in which the queries become both
more specific (by adding a longer string of keywords) and
localized (by adding the names of all German and
Swedish municipalities). When more keywords are added,
the query yields fewer results. This follows from Boolean
logic: The number of results to A ∧ B must be smaller or
equivalent to A. Generally, this means that the more key-
words are added to a search string, the fewer results it pro-
duces (assuming that a search engine sets the Boolean AND
as a standard). An exception may occur when a search
engine rewrites the query by adding synonyms or related
terms. This can be especially rewarding when the query
yields a low number of results, and the results set can be
enriched through this strategy. On a more general level,
one may even view this as a strategy for filling data
voids. When the name of a municipality is added, the
query yields results specific to the location in question.
As such, we assume not only that these queries yield
fewer results but also that there is greater potential for iden-
tifying data voids with these queries, especially for smaller
municipalities.

Second, based on previous big data analytics addressing
the politics of exclusion (Mahoney et al., 2022; Monnier
et al., 2021; Nikunen, 2021; Pöyhtäri et al., 2021; Siapera
et al., 2018), we designed a catalogue of queries concerning
the issue of migration in both Germany and Sweden on
a continuum from mainstream to extreme-right vocabular-
ies. We ranked them from innocuous queries containing
words/concepts that would commonly occur in a casual
conversation on the topic, informed by ongoing debates
in mainstream media, to queries containing extreme-right
‘red pills’ – words or combinations of words that have
been developed as part of a specific extreme-right vocabu-
lary used to describe this topic. To develop this catalogue,
we turned to previous analyses of the media debates in
the two countries (Ekman, 2019; Klawier et al., 2022) as
well as expert reports on the politics of exclusion by
Non-Governmental Organisations (NGOs) working to
strengthen civil society and fight against extremism,
racism, and other forms of bigotry: Amadeu Antonio
Foundation in Germany (2015; 2016) and Expo in
Sweden (2014; 2016a; 2016b). In total, we chose nine
queries per country (three from each category) for the
empirical part of our research. Our catalogue sorts queries
into three discretely distinct categories:

• Level A queries. This category contains keywords used in
the mainstream media to frame the events. An ordinary
(moderate) user in either Germany or Sweden with an
interest in the issue of migration may search for these
terms. In German, we chose ‘Flüchtlingskrise’ (refugee
crisis), ‘Masseneinwanderung’ (mass migration), and
‘Flüchtlingswell’ (refugee wave). In Swedish, we chose
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‘flyktingskris’ (refugee crisis), ‘flyktingsvåg’ (refugee
wave), and ‘asylvåg’ (asylum wave).

• Level B queries. This category contains keywords that
move beyond the mainstream political debate and that
an ordinary user may identify as specific to a radical-
right populist manner of describing the issue of migra-
tion and therefore use in their searches as a means to
become acquainted with the radical-right populist polit-
ical agenda. In German, we chose ‘Asylschmarotzer’
(asylum parasite), ‘Asylmissbrauch’ (asylum abuse),
and ‘Asylflut’ (asylum wave). In Swedish, we chose
‘asylparasit’ (asylum parasite), ‘massinvandring’ (mass
migration), and ‘rasförrädare’ (race traitor).

• Level C queries. This category contains keywords spe-
cifically developed within the extreme-right environ-
ment that aim to further polarize and radicalize
attitudes towards migration and that are rarely known
to an ordinary user. In German, we chose
‘Rapefugees’ (a combination of rape and refugees),
‘Krimigranten’ (a combination of crime and migrants),
and ‘Moslemterror’ (Muslim terror). In Swedish, we
chose ‘invandrarvåldtäkt’ (a combination of migrant
and rape), ‘kulturberikare’ (a juxtaposition of culture
and enricher, with derogatory meaning), and ‘skäggbarn’
(bearded child, an allegation of false documentation of
adults as children).

We are aware that the distinctions between these categories
are rather fluid. This fluidity is due to the continuous
process of mainstreaming radical-right populist points of
view on these matters (Hellström et al., 2020;
Krzyżanowski, 2020; Krzyżanowski et al., 2021; Norocel,
2017; 2022) and to the continuous efforts of extreme-right
entities to manipulate the mainstream debate towards polar-
ized and extremist views in general (Åkerlund 2020;
Ekman, 2019).

Third, to assess the existence of data voids, we designed a
series of Google searches that combine the selected keywords
from this catalogue of queries with the names of municipalities
in the two countries, such as ‘Asylschmarotzer Schwetzingen’
in German or ‘asylparasit Västerås’ in Swedish. To do so, we
used a list of all 2055 Germanmunicipalities that are independ-
ent towns/cities (comprising 61 million inhabitants) from the
German Federal Statistical Office (Destatis3). We cleaned the
data by removing identifiers from the official municipality
names to obtain a form that a ‘common person’ would use
(such as ‘Frankfurt’ instead of ‘Frankfurt an der Oder’ or
‘Bernau’ instead of ‘Bernau bei Berlin’). In Sweden, we col-
lected data on all 290 municipalities from Statistics Sweden
(SCB4). This process resulted in a total of 18,495 queries for
Germany and 2610 queries for Sweden.

Our choice was motivated by the fact that search engine
algorithms, particularly Google’s, seem to be trained to pri-
oritize mainstream news content, authoritative sources, and
Wikipedia entries (Lewandowski and Spree, 2011; Sundin

et al., 2022). At the same time, search engines continuously
fine-tune their algorithms to demote extreme-right content;
consequently, ordinary users may not be exposed to
extreme-right attempts to manipulate them (Torres and
Rogers, 2020). However, searches with a local focus,
such as those in which the name of a specific municipality
is added, are seemingly open to data voids, as these searches
typically result in fewer results – or, in the case of smaller
municipalities, in only a handful of results. When there is
not much competition on a query, it is much easier for exter-
nal actors to make their content visible in the search results.
Particularly, when there is little or no mainstream content in
response to a query, extreme-right radical content may fill
these data voids.

Fourth, to collect the data, we used Google. It is by far
the most popular search engine in the two countries; it
has a market share of 90% in Germany and 93% in
Sweden (StatCounter, 2022). To query Google using the
selected keyword and municipality combinations, we
employed software that automatically sends queries to
Google and scrapes the results pages (Lewandowski
et al., 2012). Scraping is a method whereby data from
web pages are collected by a machine using a list of
URLs as a starting point. This allows for easy and
large-scale collection of data from the web. When screen
scraping is applied to search engines, the process is more
complicated, as the input data are a list of queries; thus,
the scraper needs to query the search engine, grab the
SERP for each query, and then extract the resulting URLs
and their positions from the SERP. As search engine provi-
ders change the structure of these pages quite frequently and
often take measures to prevent automatic querying, sophis-
ticated software is needed that simulates real users and
schedules queries so as not to query a particular search
engine too frequently.

For scraping, we used the query of search engines based
on GET parameters to process our search queries and the
desired result positions. The typical search query URL from
Google with the search query and position appears as
follows: https://www.google.de/search?q=QUERY&start=
POS. In this URL, both the location (here Google
Germany, google.de) and the search query with the parameter
q and the start position are specified. If we now query Google,
we replace q with a search query from our database and set a
start value that begins at 0.We generate a total of three scraper
jobs per query, each collecting ten results (1–10; 11–20; and
21–30), leading to the top 30 results per query. Based on find-
ings regarding user focus on top results and the fact that espe-
cially for smaller municipalities, there are often not many
results, we deem 30 results to be a sufficiently large
number for our analysis. Furthermore, it is more efficient to
scrape a smaller number of results per query for the reasons
given above.

The technical implementation of scraping and saving the
source code of the search results is done using the Selenium
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web driver and the HTML library Beautiful Soup5. This
combination allows us to save web pages as they are dis-
played in a web browser, i.e., by capturing dynamically
generated content and executing JavaScript. Selenium is a
cross-browser test suite for websites and therefore provides
an interface with various web browsers. It practically simu-
lates users of web browsers and their interactions.
Additionally, it is able to call up web pages as they are dis-
played in a browser. The scraping process continues until
all results for the queries stored in the list are scraped.
The identified URLs and their positions are stored in a data-
base. Data were collected between 8 and 24 June 2021,
which yielded a dataset with the characteristics described
in Table 1. Notably, the German queries produced a
larger average number of results per query, pointing to
more content being available in response to those queries.
The German queries clearly showed that the average
number of results decreased by query level A > level B >
level C, whereas the average number of results was rela-
tively stable in the case of the Swedish queries.

To classify the top sources, we use ad hoc classification,
namely, categories developed from the data. This hands-on
approach allows us to gain initial insights into the types of
sources shown in the search results. We choose this
approach because we are confident that it is sufficient for
the rather low number of different sources that we consider
in the classification.

Results

Top sources
The top sources (domains) found in our dataset are shown
in Table 2 for Germany and Table 3 for Sweden. The
tables show the top 10 sources per query level, the
number of occurrences, the percentage of results accumu-
lated by the respective sources, the cumulative percentage
of occurrences of the top N sources, and the domain
source types. In the analysis of the top sources, we notice
that the source concentration differs between query levels.
The source concentration is higher for level C > level B >
level A. This holds true for both Germany and Sweden.

For level A queries, the top 10 sources account for
11.31% of the German results and 22.61% of the Swedish
results. For level B queries, the top 10 sources account
for 20.23% of the German results and 33.12% of the
Swedish results. For level C queries, the top 10 sources
account for 31.51% of the German results and 40.28% of
the Swedish results. We find a variety of source types in
the top results, ranging from mainstream (news and govern-
mental) websites to dedicated extreme-right websites. An
interesting case is social media platforms, document-
sharing platforms, and blog hosts, as these may provide
content from a whole range of political standpoints, both
mainstream and more extreme. For instance, within our
dataset, we find that WordPress hosts, on the one hand,
blogs with an extreme-right agenda (such as ‘Widerworte:
Spotlights aus Absurdistan’ [Answering back: Spotlights
from Absurdistan]6 in Germany or ‘Petterssons gör
Sverige lagom!’ [Pettersson’s (blog) makes Sweden fair]7

in Sweden) and, on the other hand, blogs that oppose the
extreme right (such as ‘Jugend gegen Rassismus
Hannover’ [Youth against Racism Hanover]8).

Top sources in Germany
The top sources for level A queries show a mix of open plat-
forms (such as Facebook, DocPlayer, and Wikipedia), news
sites, and governmental websites. While open platforms
may host content of any kind, the rest of the top sources
are traditional mainstream sites from either the government
or publishing houses. The top sources for level B queries
are a mixture of open platforms, governmental websites,
blog hosts, and an extreme-right news platform. We can
see that as the query level moves beyond the mainstream
political debate, the distribution of sources changes to a
mix of mainstream and extreme-right fringe sources. The
top source for level C queries is pi-news.net, an extreme-
right news website, which accounts for 10.03% of all
results. Another extreme-right website, rapefugees.net,
adds another 2.77% to the resulting total. The other top
sources in this category are mainly websites that host
content, such as social media platforms, blog hosts, and

Table 1. Characteristics of the dataset.

Germany Sweden

Number of municipalities 2055 290

Number of queries 18,495 2610

Number of results 341,315 37,266

Average number of results per query, level A Mean: 28.16 (STD 4.46)

Median: 29

Mean: 14.87 (STD 12.80)

Median: 8

Average number of results per query, level B Mean: 20.33 (STD 9.23)

Median: 23

Mean: 17.72 (STD 11.88)

Median: 21

Average number of results per query, level C Mean: 9.93 (STD 9.28)

Median: 6

Mean: 17.97 (STD 10.70)

Median: 10
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an RSS feed aggregator. What these websites have in
common is that they do not have an editorial focus. Only
two websites shown for level C queries are governmental
(nrw.de) and research sources (idz-jena.de), accounting
for 1.21% and 1.96% of occurrences, respectively. IDZ
Jena is a research centre for democracy and civil society
that provides information on extreme-right activity. In our
view, this shows that if mainstream sources produce
content relevant to extreme-right queries, they have a
good chance of appearing in search engine results.

Top sources in Sweden
The top sources for level A queries show a mix of open plat-
forms (such as DocPlayer, Facebook, and an RSS feed aggre-
gator), governmental websites (ranging from local government
organizations to local and regional administrative entities), and
state-owned news sites (radio and TV). As in the German case,
while open platformsmay host any kind of content, the remain-
der of the sources are traditional mainstream sites. The top
sources for level B queries, as in Germany, show a mixture
of blog hosts, open platforms (such as Facebook, DocPlayer,
Twitter), governmental websites (ranging from regional

libraries to the state agency for crime prevention), and a self-
styled anti-establishment internet forum (flashback.org) that
hosts discussion threads about controversial issues, such as
extreme-right mobilization in Sweden (Blomberg and Stier,
2019). Given that this query level moves beyond the main-
stream, we notice a change in the distribution of sources,
which are now a mix of mainstream and extreme-right
fringe sources, as in Germany. The level C queries show a
significant change in the top sources compared to the previ-
ous level. Blog hosts, open platforms, and the aforemen-
tioned internet forum (flashback.org) appear higher up
among the top sources. Notably, a self-titled ‘immigrant crit-
ical’ personal blog (petterssonsblogg.se) accounts for 2.89%
of the total results. In turn, specialist governmental and inter-
governmental websites (namely, the state agency for crime
prevention and the antidiscrimination information system)
and the partial archive of a university research project in lin-
guistics (svn.spraakdata.gu.se) appear lower in the ranking.
The remainder of the top sources in this category are an open-
source platform provider and an RSS feed aggregator. As in
the German case, we interpret the presence of governmental
and intergovernmental websites among the top sources at this
level as an indication that they produce content countering

Table 2. Top domains per query level (Germany).

Level Domain Count % % Cumulative Source type

A 1 facebook.com 3777 2.29 2.29 Social media platform

2 docplayer.org 3491 2.11 4.40 Document sharing platform

3 wikipedia.org 2248 1.36 5.76 Online encyclopedia

4 bayern.de 1635 0.99 6.75 Government website

5 sachsen.de 1594 0.97 7.72 Government website

6 faz.net 1483 0.90 8.62 National newspaper

7 genios.de 1412 0.86 9.47 News archive

8 bundestag.de 1028 0.62 10.09 Government website

9 springer.com 1010 0.61 10.71 Academic publisher

10 nrw.de 1003 0.61 11.31 Government website

B 1 facebook.com 5301 4.36 4.36 Social media platform

2 docplayer.org 3970 3.27 7.62 Document sharing platform

3 blogspot.com 3134 2,58 10.20 Blog host

4 bundestag.de 2517 2.07 12.27 Government website

5 pi-news.net 2247 1.85 14.12 Extreme-right news platform

6 wordpress.com 1777 1.46 15.58 Blog host

7 issuu.com 1573 1.29 16.88 Document sharing platform

8 unionpedia.org 1420 1.17 18.04 Concept map generated from Wikipedia

9 sachsen.de 1371 1.13 19.17 Government website

10 bayern.de 1284 1.06 20.23 Government website

C 1 pi-news.net 5477 10.03 10.03 Extreme-right website

2 wordpress.com 3442 6.30 16.34 Blog host

3 rapefugees.net 1511 2.77 19.10 Extreme-right website

4 docplayer.org 1419 2.60 21.70 Document sharing platform

5 twitter.com 1392 2.55 24.25 Social media platform

6 idz-jena.de 1071 1.96 26.22 Research centre

7 blogspot.com 780 1.43 27.64 Blog host

8 facebook.com 734 1.34 28.99 Social media platform

9 rssing.com 719 1.32 30.31 RSS feed aggregator

10 nrw.de 659 1.21 31.51 Government website
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that is produced by extreme-right sources and therefore are
relevant to these queries.

Source concentration
To measure source concentration, we have adapted the Gini
coefficient, which is a measure of statistical dispersion used
to measure income or wealth inequality (Gini, 1936). The
Gini coefficient is a single number ranging from 0 to 1,
where 0 represents perfect equality and 1 represents
maximum inequality. Adapting this measure to the distribu-
tion of sources in search result sets allows us to easily
compare the distributions between query levels as well as
between individual queries. In the case of source distribu-
tion in search results, the lower the Gini coefficient, the
more equally the results are distributed over all sources
that contribute results to a certain query. It should be
noted that the Gini coefficient considers only the distribu-
tion of sources, not the total number of sources that contrib-
ute to the results. Therefore, we add the total number of
sources per query and per level to our analysis.

Figures 1 and 2 show the source distributions for Germany
and Sweden, respectively. In the first column (a, e, i), the

aggregated data for the query levels are shown, while the
rest of the plots show results for individual queries. Each
diagram shows the Gini coefficient, the distribution of
sources, and the number of sources that contribute to the
respective result set. Within each diagram, the Lorenz curve
shows the proportion of sources (y-axis) and the proportion
they cumulatively contribute to the total results (x-axis).
The line at 45 degrees represents perfect equality of sources.

The Gini coefficient on level A is 0.78 for Germany and
0.76 for Sweden. For the German results, it increases to
0.85 at both level B and level C. In contrast, for the
Swedish results, it increases to 0.78 at level B and 0.83 at
level C. This shows that at least level A < level C for
both countries. The number of sources decreases from
level A to C in Germany, with the total number of
sources decreasing from more than 150,000 to less than
6000. For Sweden, the total number of sources is lower,
with approximately 12,000 sources on all query levels.

On the level of the individual queries, we find that for the
German results, there is a clear distinction between query
level A vs. levels B and C. All queries on level A have a
Gini coefficient < 0.8, whereas all queries on levels B and C
have a Gini coefficient ≥ 0.80. However, there is no difference

Table 3. Top domains per query level (Sweden).

Level Domain Count % % Cumulative Source type

A 1 docplayer.se 448 3.58 3.58 Document sharing platform

2 facebook.com 381 3.05 6.63 Social media platform

3 pressen.se 377 3.01 9.64 RSS feed aggregator (Swedish news)

4 skr.se 325 2.60 12.24 Local government organization

5 mala.se 274 2.19 14.43 Governmental website (municipality)

6 sverigesradio.se 241 1.93 16.36 Governmental website/radio (state-owned)

7 gotland.se 225 1.80 18.15 Governmental website (region)

8 diva-portal.org 198 1.58 19.74 Institutional repository (university)

9 riksdagen.se 193 1.54 21.28 Governmental website

10 svt.se 166 1.33 22.61 Governmental website/TV (state-owned)

B 1 wordpress.com 1021 8.55 8.55 Blog host

2 facebook.com 553 4.63 13.18 Social media platform

3 bra.se 510 4.27 17.45 Governmental website

4 docplayer.se 444 3.72 21.17 Document sharing platform

5 barnensbibliotek.se 292 2.44 23.61 Governmental website (library)

6 twitter.com 280 2.34 25.95 Social media platform

7 lagen.nu 249 2.08 28.04 Private website (legal lexicon)

8 flashback.org 211 1.77 29.81 Internet forum (in Swedish)

9 blogspot.com 202 1.69 31.50 Blog host

10 diva-portal.org 194 1.62 33.12 Institutional repository (university)

C 1 wordpress.com 1358 10.60 10.60 Blog host

2 flashback.org 704 5.49 16.09 Internet forum (in Swedish)

3 blogspot.com 516 4.03 20.12 Blog host

4 facebook.com 457 3.57 23.69 Social media platform

5 bra.se 416 3.25 26.93 Governmental website

6 tandis.odihr.pl 379 2.96 29.89 Intergovernmental information platform

7 petterssonsblogg.se 370 2.89 32.78 Self-titled ‘immigrant critical’ personal blog
8 huggingface.co 359 2.80 35.58 Open-source platform provider

9 rssing.com 323 2.52 38.10 RSS feed aggregator

10 svn.spraakdata.gu.se 279 2.18 40.28 Research project (university)
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between queries on level B and level C. The Swedish results
are more dispersed and do not allow for a clear distinction
between queries on different levels. For instance, the Gini coef-
ficient for the query ‘invandrarvåldtäkt’ (level C) is 0.54, which
is much lower than for query level C overall (0.83). It should be
noted, however, that the two queries with the lowest Gini coef-
ficient (‘asylparasit’ and ‘invandrarvåldtäkt’) also have the
lowest numbers of sources (157 and 243, respectively).

The analysis shows that the distribution of sources con-
tributing results differs between queries – and, at least in
part, between query levels. This notwithstanding, we
cannot make a clear distinction showing that the Gini coef-
ficient rises from query level to query level. The assumption
that when more mainstream sources are available, these
(few) sources contribute more results (A > B > C) does
not hold true. However, neither does the opposite (C > B
> A) hold true, meaning that the search engine algorithms
aggregate results to the few sources available or to the
few mainstream sources available for problematic queries.

Discussion and conclusion
In this study, we deploy a critical approach to big data ana-
lytics to assess the tentative contours of data voids reflecting

extreme-right dynamics of exclusion by concentrating on
the topic of migration in Germany and Sweden. We argue
that by concentrating on the role of search engines in nor-
malizing the politics of exclusion (Noble, 2018; Torres
and Rogers, 2020), our study adds further complexity to
big data analyses that have examined the dynamics of
racism and xenophobia in the European context
(Åkerlund, 2020; Ekman, 2019; Farkas et al., 2018;
Laaksonen et al., 2020; Mahoney et al., 2022; Monnier
et al., 2021; Nikunen, 2021; Pöyhtäri et al., 2021; Siapera
et al., 2018). Furthermore, our study expands the methodo-
logical framework to investigate data voids outside the
USA context (Golebiewski and Boyd, 2019) by proposing
a catalogue of queries that enables specific and localized
queries to identify data voids in the German and Swedish
contexts.

Our analysis shows the dominance of mainstream
sources for level A queries. This can be interpreted as
Google prioritizing such sources whenever available,
mainly by measuring source popularity in its ranking algo-
rithms (Lewandowski, 2012; Sundin et al., 2022).
However, it should be kept in mind that such correlations
do not mean causality: It may well be other reasons that
lead to such a distribution; for instance, mainly mainstream

Figure 1. Source distribution for Germany – aggregated data for level A queries in (a), presented per keyword in (b), (c), (d);

aggregated data for level B queries in (e), presented per keyword in (f), (g), (h); aggregated data for level C queries in (i), presented

per keyword in (j), (k), (l).
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sources may contain relevant content. We also found that
popular sites for user-generated content, such as
Facebook, WordPress, and DocPlayer, are highly ranked
on all query levels, thereby allowing such user-generated
content to rank highly, presumably not because of its
merit but because of the popularity of the source where it
is published. This allows extreme-right fringe entities to
easily make their content visible in search engines. Our ana-
lysis of source concentration shows an increase in the Gini
coefficient from level A to level C, indicating that sources
are distributed more unevenly when there is less diversity
in them. An example is the extreme-right news website
pi-news.net in Germany. However, one should remember,
first, that a search engine can rank only the documents it
finds on the web and second, that the resources for crawling
and storing content may limit a search engine’s coverage.
When there is not much content for a given query, it
simply ranks these documents in relation to each other,
regardless of the actual ranking score they receive. One
way to address this problem can already be seen in
Google, which in some cases shows a notice warning of
low-quality results if a query yields only a few results
that have low relevance according to Google’s ranking
function.

It is worth noting that in pursuing this study, we have
paid attention to ethical issues specific to big data analytics
(Daniels, 2015; D’Ignazio and Klein, 2020; Metcalf and
Crawford, 2016), especially striving to avoid discrimin-
atory framing of vulnerable and disadvantaged people
(Nikunen, 2021). We are nonetheless aware that we are
not able to assess how often users would actually search
for these queries, especially in combination with the name
of any given municipality. This is a general problem with
researching search results since there is no standard for
modeling query sets on actual user querying behaviour,
although some researchers have tried to develop more sys-
tematic query sets (see Lewandowski and Sünkler, 2019).
Concomitantly, we acknowledge the ethical ramifications
of deploying this catalogue of queries to generate the
dataset for our study. We were able to navigate these
ethical complexities because of our heterodox approach
and the multidisciplinary character of our research team –
combining extensive expertise in data science approaches
to information research and information retrieval (e.g.,
Lewandowski, 2012; Lewandowski et al., 2012;
Lewandowski and Sünkler, 2019; Schultheiß et al., 2018)
with knowledge in the political and media mechanisms of
exclusionary politics from a feminist perspective (e.g.,

Figure 2. Source distribution for Sweden – aggregated data for level A queries in (a), presented per keyword in (b), (c), (d); aggregated

data for level B queries in (e), presented per keyword in (f), (g), (h); aggregated data for level C queries in (i), presented per keyword in

(j), (k), (l).
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Hellström et al., 2020; Norocel, 2017; 2022) – which were
guided by the shared ethical imperative to avoid individual
and networked harm (Daniels, 2015; D’Ignazio and Klein,
2020; Metcalf and Crawford, 2016).

From a big data analytics perspective, then, our study
analyzes a somewhat small dataset containing only combi-
nations of nine preselected keywords and names of munici-
palities from Germany and Sweden, resulting in a grand
total of 21,105 queries. Considering the recent develop-
ments across Europe, with a growing number of people
seeking refuge from Ukraine, future research could endeav-
our to expand the number of countries and enlarge the set of
keywords. Another avenue for further research could be to
expand the scope of the analysis, which considered only the
sources in the results of our queries, and delve more deeply
into the content of the results that are not immediately
obvious, particularly of the social media platforms, docu-
ment sharing platforms, and blog hosts that we have identi-
fied as being among the top sources.
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Notes

1. https://www.dw.com/en/germany-right-wing-extremists/a-
54105110 (Accessed 21 November 2022).

2. https://www.buzzfeednews.com/article/lesterfeder/how-
sweden-became-the-most-alt-right-country-in-europe
(Accessed 21 November 2022).

3. https://www.destatis.de/DE/Home/_inhalt.html
4. https://scb.se/
5. For full details on the implementation, see https://osf.io/vzehn/

(Accessed 21 November 2022).
6. https://widerworte.wordpress.com/ (Accessed 21 November

2022).
7. https://petterssonsblogg.se/ (Accessed 21 November 2022).

8. https://jgrhannover.wordpress.com/ (Accessed 21 November
2022).
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