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Abstract
“Lifestyle politics” suggests that political and ideological opinions are strongly
connected to our consumption choices, music and food taste, cultural preferences,
and other aspects of our daily lives. With the growing political polarization this idea
has become all the more relevant to a wide range of social scientists. Empirical
research in this domain, however, is confronted with an impractical challenge; this
type of detailed information on people’s lifestyle is very difficult to operationalize, and
extremely time consuming and costly to query in a survey. A potential valuable
alternative data source to capture these values and lifestyle choices is social media
data. In this study, we explore the value of Facebook “like” data to complement
traditional survey data to study lifestyle politics. We collect a unique dataset of
Facebook likes and survey data of more than 6500 participants in Belgium, a
fragmented multi-party system. Based on both types of data, we infer the political
and ideological preference of our respondents. The results indicate that non-political
Facebook likes are indicative of political preference and are useful to describe voters
in terms of common interests, cultural preferences, and lifestyle features. This shows
that social media data can be a valuable complement to traditional survey data to
study lifestyle politics.
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1 Introduction
Voting is central to the democratic process and the well-functioning of our political sys-
tem. Therefore, voting behavior and party preference are well-studied by a broad range of
social scientists who try to explain how and why decisions are made by the electorate. Tra-
ditionally, to understand individuals’ votes, scholars relied on socio-structural factors such
as group identification, religious affiliation, and socio-economic status. Electoral pioneers
from the Michigan and Columbia school both stressed the importance of these long-term
factors in explaining voting behavior [1, 2]. In the US context party identity was key, while
in many European countries, more religious and class-based cleavages were driving voters
[3]. As these stable factors started losing importance, scholars gradually started devoting
more attention to short-term factors such as concrete issues and popular candidates [4, 5].
Studies showed that a better educated electorate became more volatile and more affected
by issue priorities [6] and candidate evaluations [7].
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“Lifestyle politics” represents an alternative way to understand political preference and
voting behavior. Authors such as Bennett [8] and Giddens [9] argue that in our post-
modern society, personal identity is replacing collective identity and that individuals in-
creasingly let their personal politics depend on lifestyle choices. Politics focuses more and
more on broad issues like identity, values, and moral and social orientation [9]. According
to DellaPosta et al. [10] (p. 1474) we “are increasingly likely to find our local communities
and social networks populated by individuals with similar aesthetic tastes, leisure activ-
ities, consumer preferences, moral practices, and ways of life.” Our attitudes on climate
change, religion, migration, sexual minorities or workers’ welfare are strongly connected
to our consumption choices and daily lifestyle [11]; in turn, lifestyle is becoming more im-
portant in understanding individuals’ political opinions and voting behaviors. In recent
studies, political preference has been associated with leisure activities and personal tastes
[10], brand choice in supermarkets [12], sustainable behaviors [13], food and music taste
[11, 14] and movie preferences [15]. These lifestyle choices reflect deep-seated person-
ality traits that not only drive the culture wars over issues like race, or sexuality but also
influence how citizens think about classic economic issues [16]

Although the linkage between politics and many aspects of our personal life were doc-
umented, what is driving this alignment between ideological preferences and seemingly
unrelated lifestyle dimensions is less clear. While some suggest that these lifestyle choices
are a way to express one’s (political) identity [15], others rather stress the deeper role of
social and cultural homogeneity [10]. Yet others point out the political relevance of seem-
ingly apolitical domains like entertainment news, novels, films, television sitcoms, and
popular culture more broadly to distribute news and stimulate political debate [17]. Al-
though a clear connection between lifestyle and political preference is not carved in stone,
politicians seem well aware of their lifestyle choices when acting in the public sphere. For
instance, studies show that politicians prefer certain types of food on the campaign trail, in
particular to relate to the common man or to show cultural sensitivity. In this way politi-
cians, subtly present or frame themselves in line with the cultural preferences of their
potential voters [18]. Finally, “branded communication” refers to the idea to attach polit-
ical messages to so-called lifestyle brands to capture the attention of individuals, and by
which the alignment between ideological preferences and lifestyle is further strengthened
[19].

The growing political polarization renewed the issue of “lifestyle enclaves” as a prime
interest for a wide range of social scientists [20, 21]. Furthermore, we know relatively little
on whether these “cultural fault lines” that are clearly visible in the two party system in
the US [14] are as present and determining in a multi-party system with a much broader
variety of ideological players. Yet, detailed information on individuals’ lifestyles is very
difficult to collect, which complicates empirical and comparative studies in this domain.
The options of leisure activities, movies, music, cultural activities, etc. that could be in-
cluded in survey questions on lifestyle politics are endless, therefore, including these type
of questions will not only occupy a lot of survey space and time but will also result in non-
exhaustive option lists. Moreover, it implies that researchers are able to deductively make
a selection of the lifestyle indicators (i.e. cultural places, movies, products) that should be
included to best explain or predict vote choice.

A potential valuable alternative data source to capture these cultural and lifestyle prac-
tices is social media data. Today, thanks to the Internet and social media, an unseen
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amount and granularity of data are available. People visiting webpages or liking Facebook
content leave little “bread crumbs” behind in the digital world that are indicative of their
interests and personality. From this fine-grained behavioral data, inferring unknown in-
formation about a user is possible by applying predictive modeling techniques [22]. We
explore the potential of Facebook “like” data for capturing lifestyle and predicting politi-
cal and ideological preference. With Facebook “likes” we refer to the mechanism used by
Facebook users to express their positive association with public Facebook pages of prod-
ucts, sport clubs, musicians, books, restaurants, etc.

Digital trace data (such as Facebook likes) seem to offer valuable insights in political
attitudes and behavior [23], and several scholars have combined survey data with digital
traces to study and understand political behavior. For example, Bond and Messing [24]
estimate the ideology of politicians and their supporters using individual citizens’ Face-
book likes of political figures to study the relationship between ideology and age, social
relationships and ideology, and the degree of polarization among the electorate. Eady et
al. [25] apply a method developed by Barberá [26], to quantify the ideological distributions
of users’ online political and media environments on Twitter and study the extent to which
liberals and conservatives live in so-called “echo-chambers”. Some other examples include
comparing individual exposure to news and politics content [27] and understanding news
sharing behavior [28, 29].

Our study adds to this existing work by using non-political Facebook pages to study
lifestyle politics. As most previous literature mainly focused on the inference of ideology
based on the accounts or pages from political actors or news media, the inclusion of non-
political Facebook pages is innovative.

To explore the value of digital trace data to complement classical survey research, we
gathered Facebook likes and survey data of more than 6500 participants in Flanders, the
Dutch-speaking part of Belgium. The data gathering was of course done with user consent
and a clear privacy statement. Based on these Facebook likes, we build models to predict
political and ideological preference, and compare this to predictive models based on tra-
ditional survey data. The interpretation of these models can be used to gain insights into
voter profiles. The main contributions of this study are twofold. First, we explore the use
of Facebook like data to complement and improve traditional survey data to study lifestyle
politics, with an explicit focus on the contribution of non-political likes. Second, we col-
lect a unique dataset of Facebook likes and survey data to gain insights into voter profiles
in Belgium, a fragmented multi-party system.

2 Predictive modeling with Facebook likes
Facebook likes1 express a certain positive attitude or interest in a public Facebook page,
similar to visiting a webpage, purchase behavior, payment or location data. For example,
observing a users’ Facebook likes related to books provides similar information to watch-
ing someone’s book closet or a list of purchased books online. Liking a Facebook page
signals a user’s desire to see more posts from the page’s publisher. Moreover users can
actively interact with the page creator as well as other people that have liked the page, by
commenting, liking, and sharing content [30].

1We refer to Public Page Likes, i.e. the public Facebook pages that a user likes and that show up as being liked in the About
section of that person’s profile (see https://www.facebook.com/help/171378103323792?helpref=uf_permalink). We do not
include likes or emotional reactions (Love, Haha, Wow, Sad, and Angry) to Facebook posts.

https://www.facebook.com/help/171378103323792?helpref=uf_permalink
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Additionally, a Facebook like has been conceptualized as a form of social endorsement,
since these likes are publicly observable by friends in one’s network [24]. Since like be-
havior is observable, it is used as a form of self-expression, and in line with the theory of
Goffman [31] it is believed that users are building an idealized version of themselves on so-
cial platforms. At the same time, this “ideal” self should remain congruent with how one is
perceived in the offline world, as Facebook networks are often grounded in offline relation-
ships [32]. Indeed, in a study on consumer identity, Hollenbeck [33] finds that users like
Facebook pages (of brands) to present—an ideal version of—themselves on the platform.
Given these characteristics, Facebook likes have been proven powerful to infer interests
and psychological traits, and became invaluable for user profiling and personalized ad-
vertising applications [34]. More concretely, Piazza et al. [35] investigated the relationship
between Facebook likes and individual lifestyle, and they found a correlation between the
activity, interests, and opinions of an individual and their like information. Given these
characteristics, we believe Facebook likes can be used to operationalize lifestyle prefer-
ences.

We argue that Facebook likes could be a valuable addition to survey data for electoral
research because of at least four different reasons: (1) through the direct measurement of
actual behavior we avoid social desirability—though this might, to some extent, also be
present in like behavior, see below—, recall error, and subjectivity2 that are specific to an-
swering survey questions [37], (2) it requires less effort from the respondents, and thus it
is less time-consuming and costly than collecting survey data, (3) they can provide an un-
filtered look and unique information on interests and lifestyle that we cannot grasp (fully)
with survey-based data and (4) they can inductively help to identify the most important
indicators of a phenomenon (such as lifestyle politics in the case of our study), which can
then later be included in a survey.3 Social media data allow to measure real behavior rather
than self-indicated behavior or attitudes.

Of course, we must keep in mind that online data is a proxy for the real behavior under
study, and thus, drawing causal inference and generalizing results from this type of data
must be performed with caution [38, 39]. For example, what you like on Facebook is not
necessarily what you like in real-life and thus true behavior can only be studied indirectly
[39]. More specifically, two potential hidden biases need to be considered. First, Facebook
like behavior may be affected by user induced biases such as social desirability and in-
tentional misrepresentation. Second, Facebook profile data are affected by the mechanics
of the platform, such as the personalization by Facebook algorithms [40]. The pages that
you like are at least partially influenced by what is recommended to you. These recom-
mendations are based on your previous behavior on the platform, your profile attributes,
and who you are connected to [40]. Therefore, connections between lifestyle and political
preference are possibly reinforced owing to algorithmic curation and recommendation
systems. Furthermore, behavioral data can suffer from exhibiting a low signal-to-noise
ratio, since the behavior we capture can be unrelated to the target question. Surveys, if

2For example, [36] linked original survey data with respondents’ observed social media data to validate self-reports of
political activity; and discovered a substantial discrepancy between objective and self-reported posting behavior, which
could be due to a subjective interpretation of what is considered to be “political”.
3Although this was not the focus of this research, the last three arguments could also be applied to the context of
experimental—instead of survey—data, and show how Facebook likes could be a valuable addition to experimental data
for electoral research. Additionally, behavior observed in designed experiments is difficult to generalize to the real world
due to the artificial conditions the subjects are put in, while social media data emerge from user behavior in a more natural
setting.
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properly designed and implemented, provide better quality controls and allow for more
targeted questions and responses [41]. A last issue with behavioral data is privacy. Since
these data are often very personal and sensitive, the data must be collected and stored with
respect for users’ privacy, addressing challenges on user consent, data anonymization, se-
cure storage, etc. [42].4 Yet, because of the enormous amount of information available in
behavioral data, there is much to learn from it when following a rigorous research ap-
proach [38, 39].

We will use a predictive modeling approach to study Facebook likes and political prefer-
ence. Although most empirical political science research relies on explanatory modeling
to test causal explanations [43], predictive modeling is more suitable to uncover complex
patterns from data that might lead to the generation of new hypotheses [44]. The distinc-
tion between explanatory and predictive modeling exhibits some practical implications to
each step of the modeling process [45].

At the very essence, the scientific goals that they are aimed at are different: explaining
or predicting. Explanatory modeling is theory-driven: given a causal theoretical model,
statistical models are applied to observational data to test hypotheses. In contrast, in pre-
dictive modeling statistical models are used for generating good predictions of new values,
irrespective of the true underlying causal relationship [45]. Since the goal of prediction and
explanation is different, they lead to different modeling approaches. Explanatory modeling
requires interpretable statistical models; however, this is not a strict requirement for good
prediction, although interpretability of the model is desired in our case. Moreover, some
methods exist that are very useful for prediction, but not for explanation. When build-
ing prediction models, we will make use of regularization: an extra constraint introduced
to the optimization function that penalizes the weights of coefficients. This is especially
useful when modeling Facebook likes: because they are sparse data, simply optimizing the
standard objective function would lead to estimates that are not unique and can overfit
the data.

Finally, validating a causal model involves goodness-of-fit tests (e.g., normality tests) and
model diagnostics such as residual analysis. Prediction performance is evaluated on a part
of the data that was not used for training the model (a holdout- or test set). The evaluation
metric we will use is Area Under the ROC Curve (AUC). AUC is a frequently used metric
in data science to measure the performance of a classification model, independent of the
frequency of the classes. It can be interpreted as the probability that the model ranks a
random positive example higher than a random negative example [46]. A perfect model
would achieve an AUC of 100%, while an AUC of 50% indicates a random model.

3 Data collection
This study is part of a broader research project that focuses on (social) media and elec-
toral preferences, and was approved by the Ethics Committee for the Social Sciences
and Humanities (EA SHW), at the University of Antwerp. The data collection started in
March 2018 and focused on Flanders, the Dutch-speaking part of Belgium, represent-
ing around 60% of the population. Belgium is a federal country with a fragmented multi-
party system and large coalition governments. A detailed survey with questions on socio-
demographics, media consumption, political preference and attitudes was sent to 4500 re-
spondents online. Surveying was done by Dynata/SSI, who distributed the survey among

4We elaborate on our research design with regard to these issues in Appendix A.1.5.
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their own online panel, which consists of a diverse collection of citizens in terms of age,
gender, and educational level.5 Targets were set on these socio-demographic characteris-
tics to increase the representativeness of the sample.6 Of these respondents, 524 agreed
to provide us access to their Facebook like data via Facebook Login (See Appendix A.1.4).
In May–June 2018, a second round of data collection was conducted, where we dissemi-
nated a shorter survey and Facebook Login through the online webpages of popular Flem-
ish newspapers. We asked people to use our tool, which would predict their ideological
position based on their personal Facebook likes. An additional 6209 respondents agreed
to provide access to their Facebook data, and they completed 12 survey questions about
their media consumption and political preference. The Facebook likes and survey ques-
tions were collected with user consent and stored anonymously and securely on a local
server. The data are used for scientific purposes only and will under no circumstances be
shared with other institutions or companies. Results will be shown on an aggregate level
only and participants have the right to stop their collaboration at any time and ask for
their data to be removed. More details about the data collection and a full discussion of
the privacy and ethical concerns can be found in Appendix A.1.

Per user, we stored the name and timestamp of all public Facebook pages they liked.
This resulted in a total of 595,994 unique Facebook pages. For privacy reasons (see Ap-
pendix A.1.5), only pages that are liked by a minimum of 50 respondents in our dataset will
be reported later in the analysis, which results in 5357 pages. For these pages we searched
for the category that was assigned to them on Facebook. In total, Facebook shows over
1300 different page categories.7 We started from the categorization that Facebook uses to
classify public pages, but we refined and adjusted it into 20 categories (see Table 1). Note
that our categories are not mutually exclusive; for example, an art festival can be included
in the category Arts & Culture as well as in the category Event & Festival.

The survey data (see Appendix A.1.2) include some of the basic variables that are gener-
ally included in models of voting behavior in Belgium, see for instance [47, 48]. Specifically,
we added several of the most important structural determinants of ideology and voting
behavior (gender, age and education), as well as the use of different media sources (TV,
newspaper, social media, etc.), interest in the news (sports, culture, home affairs, foreign
affairs, etc.), and general interest in politics.

Two survey questions will be used as target variables: (a) Ideological leaning. The partic-
ipants positioned themselves on a scale of 0 (most left) to 10 (most right). In the analysis
we consider the numbers 0 to 3 as “left”, 4,5 and 6 as “center”, and numbers 7 and higher as
“right”, and (b) Party preference. The participants indicated how likely they are to ever vote
for each of the seven main Flemish political parties on a scale of 1 (never vote for party)
to 10 (definitely vote for party): the worker’s party (PVDA), the green party (Groen), the
social democratic party (Sp.a), the Christian democratic party (CD&V), the liberal party
(Open VLD), the Flemish nationalist party (N-VA), and the extreme right party (Vlaams
Belang, VB). The preferred party per participant is the one with the highest score. In case
of a tie between two or more parties, all tie-parties are considered equally important. The
number of participants per target variable can be found in Table 4 in the Appendix.

5For more information on Dynata and their panel see https://www.dynata.com/.
6With regard to age our sample of 4500 respondents is slightly older than the population.
7An overview of all possible Facebook categories can be found on https://www.facebook.com/pages/category/.

https://www.dynata.com/
https://www.facebook.com/pages/category/
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Table 1 Description and number of pages for the 20 Facebook categories

Category Description # pages

Music Music, bands, producers, record labels, albums etc. 835
Companies & Business Companies, entrepreneurs, stores, shops etc. 833
Communities Communities, interests and places 824
Apps, Websites & Blogs Apps, websites and blogs 511
Products & Services Products, brands, financial services, marketing etc. 487
Artists & Public Figures Artists and public figures 414
News & Media News, media, radio, magazines etc. 396
Tv Shows TV shows and episodes 349
Games, Humor & Entertainment Games, humor, amusement, comedy etc. 316
Sports & Health Sports, athletes, gym, health 250
Civil Society Nonprofit organizations, labor unions and religious oranizations 249
Politics Politicians, political parties and government organizations 229
Food, Drinks & Restaurants Food, cooking, restaurants, breweries etc. 228
Movies Movies, films, actors and cinema 212
Arts & Culture Arts, culture, photography, museums etc. 193
Events & Festivals Events, festivals and concerts 166
Books & Authors Books, libraries, publishers, writers 109
Bars, Cafes & Night clubs Bars, cafes, pubs, clubs etc. 108
School, University & Education Schools, universities, student organizations and education 99
Travel Travel, tour agencies and tourism 92

Our sample of Facebook users consists of a diverse mix of users in terms of gender, age
and education levels. Yet, our sample contains less females, less participants older than 55
and less lower educated participants compared to the general population. Weights were
applied to our survey samples (see Appendix A.1.3) but this did not influence the results,8

therefore we will only report the unweighted results hereafter. Moreover, through the self-
selection of participants, Facebook users with a higher political interest are overrepre-
sented. Likewise, some parties are over- or underrepresented in our sample. However,
since the goal of our study is not to predict aggregated election results but rather to gain
insights into voter groups, this is not a particular stumbling block in this study. Never-
theless, it is likely that we will achieve more accurate results for political parties that are
well-represented in our sample.

4 Methods
As discussed in Sect. 2, our methodology consists of predictive modeling to study lifestyle
politics. We apply predictive models to infer the political and ideological preference of
our respondents, based on their Facebook likes.9 The goal of these models is to optimize
prediction accuracy at the individual level. Yet, the coefficients of these models reveal
which likes are predictive for a certain political preference, providing insight in the inter-
connection between lifestyle and politics. To show Facebook likes are not just capturing
socio-demographics in an indirect way, we compare the models built on Facebook likes to
models built on survey data and demonstrate the potential added value of combining the
predicted Facebook likes models with traditional survey data.

More specifically, we compare the predictive performance of Facebook like data to the
survey data in five different set-ups: models based on all Facebook likes (M1), models
based solely on non-political Facebook likes (M2), models based on the survey data (M3),

8The spearman rank correlation between the coefficients of the models with and without survey weights applied was 0.94
9Facebook pages are encoded as dummy variables where the value 1 indicates the user has liked the page and 0 indicates
the user has not liked the page.
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Table 2 Overview of the modeling set-ups with a description of the different datasets and the
number of variables. In the description we refer to the survey questions in Appendix A.1.2

Data Description # Variables

Facebook likes (M1) Public Facebook page likes 595,994
Facebook likes* (M2) Non-political public Facebook page likes, liked more

than 50 times
5128

Survey (M3) Use of media sources (Q1), interest in news topics (Q2),
interest in politics (Q5) Gender (Q6), age (Q7), education
level (Q8)

27

Target variables Political leaning (Q3) and party preference (Q4) 10

models based on a combination of all Facebook data and survey data (M4), and models
based on a combination of non-political Facebook likes and survey data (M5) (see Table 2).
As explained in Sect. 2, prediction models are evaluated based on out-of-sample predictive
accuracy. We report the average AUC over ten folds.10

Political leaning is divided into three classes (left, center, and right, see Sect. 3). For each
of the three classes, we transfer the variable into a binary classification problem (one-vs-
all) and train three binary Logistic Regression (LR) models.11,12 Next, we calculate the
weighted average AUC for the three classes. Similarly, we built seven binary classifiers for
the seven political parties and calculate weighted average AUC. Though multinomial LR
(one-vs-one) could also be used in this case (and is in fact more common in electoral re-
search), we prefer binary classification to be able to create general distinct profiles for each
party electorate in comparison to all other citizens, rather than compare the voter profiles
to only one single reference group. However, both methods (binary and multinominal LR)
show similar predictive performance in our analysis.

Additionally, we want to know how predictive each category of pages is for political
leaning. In other words, how accurate can political leaning be predicted when using only
the Facebook likes of the concerning category. This tells us which aspects of our social
lives are most related to politics. To report the predictive performance of each category
independent of the amount of pages per category, we randomly sample (with replacement)
100 pages per category and use only those pages as features.13 This procedure (of random
sampling) is repeated 10 times, and the average AUC is reported.

Finally, we compare the insights in ideological position and party preference based on
Facebook likes versus survey data. Analyzing the coefficients of a logistic regression and
their “p-values” is common practice in traditional explanatory and predictive modeling
with dense data [50]. However, when using a regularization term, assumptions about the
asymptotic distribution of parameters do not apply, and therefore, different methods for
significance testing are needed and suggested in literature [51, 52]. We will follow the boot-
strap procedure as described in [52]. From the original dataset we take a random sample
with replacement and built a model from this dataset to estimate the betas. This step is
repeated 1000 times to obtain 1000 values for each beta. For each beta we estimate the

10This means that we train the model on 90% of the data and evaluate on an unseen 10% of the data, this procedure is
repeated ten times with different parts of the data.
11We used the scikit-learn implementation for logistic regression [49].
12The classifiers were trained using 5-fold cross validation to optimize the regularization penalty (L1 or L2) and the opti-
mal regularization value C in [0.001, 0.01, 0.1, 1, 10]. The data is split into five folds, for the different parameters a logistic
regression is trained on four folds and the parameters that resulted in the highest predictive performance on the test fold
are selected.
13Because we do not have all categories of the less frequent pages available, we will only include pages with 50 likes or more.
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Table 3 AUC and the standard deviation (std) for models build on (non-political) Facebook pages,
survey data or a combination thereof.

Facebook
(M1)

Facebook*
(M2)

Survey (M3) Combined
(M4)

Combined*
(M5)

AUC Std AUC Std AUC Std AUC Std AUC Std

Leaning Left 83% 2% 75% 3% 71% 3% 84% 2% 81% 1%
Center 64% 2% 62% 3% 62% 2% 66% 2% 64% 2%
Right 81% 3% 75% 3% 70% 4% 81% 3% 80% 2%
Weighted
avergage

73% 2% 68% 2% 65% 2% 74% 2% 72% 1%

Party
preference

PVDA 79% 3% 73% 3% 66% 3% 79% 2% 77% 2%
Sp.a 70% 4% 70% 2% 61% 2% 69% 3% 65% 4%
Groen 79% 1% 71% 1% 69% 1% 79% 1% 76% 1%
CD&V 73% 3% 68% 3% 58% 3% 72% 2% 66% 3%
Open VLD 77% 4% 73% 3% 67% 3% 77% 4% 74% 4%
N-VA 84% 3% 80% 2% 70% 2% 84% 3% 80% 2%
Vlaams Belang 86% 5% 76% 7% 76% 7% 85% 7% 83% 8%
Weighted
average

78% 1% 73% 1% 67% 1% 78% 1% 74% 1%

Figure 1 Boxplot of predictive performance for the five models (M1)–(M5) for ideological leaning (left) and
party preference (right)

probability density function using a Gaussian kernel14 to calculate the probability (p-value)
that the parameter is less than or equal to zero. Facebook pages will be ranked based on
the mean coefficients over 1.000 bootstraps while the p-value indicates significance on a
α = 0.05 level.

5 Results
Table 3 compares the predictive performance for models based on Facebook likes and
survey data for all users that participated in our study (M1)–(M5). Figure 1 shows the
boxplots for the predictive performance of these models. In Appendix A.2 we perform
a corrected paired differences t-test [55] and a non-parametric Wilcoxon signed-ranks
test [56] (based on 10-fold cross-validation results) to compare the AUC of the different
models and apply the Bonferonni correction for multiple pairwise comparison [57, 58].

Both for ideological leaning and party preference, nearly all pairwise differences between
the models are significant at the α = 0.05 level,15 see Appendix A.2. The Facebook likes
(M1) exhibit a higher predictive power than the survey data (M3). Still, the survey ques-

14We used gaussian_kde from scipy.stats [53] with the default Scott’s Rule [54] for bandwidth selection.
15with the Bonferonni correction this is reduced to α/10.



Praet et al. EPJ Data Science           (2021) 10:50 Page 10 of 25

Figure 2 Average AUC (+/- 1 std) for the Facebook categories with target “left”

tions do seem to capture some information that Facebook likes do not, since the combined
model (M4) achieves the highest predictive power. One might argue that the high predic-
tive performance of Facebook likes is due to the presence of political Facebook pages.
Naturally, if someone likes the Facebook page of a certain party or politician this is very
indicative of their political preference. Therefore, to assess the predictive value present in
non-political Facebook pages, we built the same prediction models on the Facebook data
without political pages (M2). As expected, the predictive performance decreases when
excluding explicit political content. However, the AUC is still higher than the survey data
(M3). Moreover, when combining non-political likes and survey data (M5), the perfor-
mance is higher than for the survey data alone, which indicates that purely non-political
lifestyle choices can augment surveys in predicting political preferences.

The high predictive performance of non-political Facebook likes is an indication that
non-political interests are interrelated with political preferences. The fact that this per-
formance is higher than for the available survey data indicates that indeed additional in-
formation is captured with Facebook data that was not covered in the survey questions. To
further explore which lifestyle categories are connected to political preference, we calcu-
late the predictive performance per Facebook category. Figure 2 shows which categories of
Facebook pages are most predictive for ideological preference. A prediction model built
on only political Facebook pages achieves, not surprisingly, the highest AUC, followed
closely by Civil Society and News & Media, which could be considered as semi-political
categories. However, also the non-political categories of Arts & Culture and Communi-
ties are very telling for ideological preference. Conversely, the categories Movies, Sports &
Health and Travel are the least predictive for ideological preference. This indicates that
some aspects of our social lives are more tied to our ideological views than others.

Finally, we note the non-political likes perform better at discriminating between left
versus non-left people and between right versus non-right than between center versus
non-center (see Table 6 in Appendix for the t-test results). This might indicate that a less
clear pattern is present in the characteristics and behavior of people with a center polit-
ical leaning and that they exhibit a less distinguishable profile. Similarly, voters for some
parties can be classified more accurately than others (e.g. the party N-VA, see Table 7 in
the Appendix).
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Figure 3 Some examples to illustrate the insights we can gain into voter profiles based on Facebook data
and based on survey data

From the survey data (see Table 11 in the Appendix), we learn that traditional variables,
such as gender, age, education, and interest in certain topics help to predict people’s vote.
For instance, left voters are often highly educated women, between the age of 25 and 55,
and interested in news about culture, arts, and international politics. Conversely, right
voters are more often male than female and generally demonstrate a strong interest for
financial and economic news. What additional insights do Facebook likes provide? To an-
swer this question, we examine the most related pages when excluding political pages (see
Table 10 in the Appendix and Fig. 3 for a summary).

With Facebook likes, analyzing cultural taste and differences in lifestyle between left and
right voters is possible at a very detailed level. The pages most related to a left political
leaning are (alternative) media outlets that are considered to be leaning more toward the
left, and nonprofit organizations for climate and human rights, which can be considered
as outspoken left-wing topics. For example, all else equal, the odds of demonstrating a
left political ideology are almost 40% higher for someone who liked the website of the
left-leaning newspaper De Morgen than for who did not, and they are almost 20% higher
for someone who liked the nonprofit organization Amnesty International. Right pages are
dominated by Flemish nationalistic content and memes. The odds of demonstrating a right
political leaning are almost 20% higher for someone who liked the alternative right-wing
news website SCEPTR or the popular mainstream paper HLN.be than for someone who
did not. Similarly to the left pages, most of these pages carry a subtle, or sometimes an
outspoken, reference to political ideology. In contrast, center voters like less explicit or
implicit political pages on Facebook.

Similarly, to predict political parties, politically loaded pages are ranked high, such as
newspapers or organizations with a certain ideology. Bluntly summarized, voters for the
workers’—and social democratic party like solidarity content such as refugee or third-
world organizations, green voters mainly like environmental pages (e.g. Greenpeace)
Christian democratic voters are interested in religious organizations and the royal fam-
ily, liberal voters in financial news and businesses, and finally the Flemish nationalists and
extreme rightists tend to like Flemish nationalistic and identity content on Facebook. At
first sight, most of these likes seem to be in line with the broader ideological or issue profile
of the party family.
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When delving deeper into aspects of lifestyle and cultural preferences our methodology
allows us to focus on the most related pages per specific Facebook category. For example,
when considering only the pages in the category Movies, left voters more often like adven-
ture, romance and drama movies, such as The Hunger Games (Odds Ratio (OR) = 1.06) or
500 Days of Summer (OR = 1.06), and visit arthouse cinemas in larger cities. In contrast,
action movies such as Scarface (OR = 1.04) and Fast & Furious (OR = 1.04) are mainly
liked by voters on the right. In the category Music, the genres of alternative rock, blues,
and experimental music are most related to a left political leaning (e.g. Bob Dylan (OR =
1.08) or Tom Waits (OR = 1.07)) whereas popular (hard) rock music (e.g. AC/DC (OR =
1.05)) is often liked by right voters, next to the genres of techno and electronic dance mu-
sic (e.g. Justice (OR =1.04)). The same analysis can be done for other categories such as
books, food, brands, sports, etc. Clearly, the lower odds ratios of a single movie or rock
band compared to those of a civil-society organization or alternative news outlet indicate
that their connection with ideological preference is present, but much more modest.

6 Conclusion and future research
The starting point of this study is that lifestyle and politics are closely related. Next to
classical variables such as socio-demographics and issue preferences, our personal values
and lifestyle choices correlate with our political preferences. The fact that (non-political)
Facebook likes achieve high predictive accuracy (in addition to survey data) shows that
they are indeed capturing additional information, which we argue are related to values
and lifestyle.

Consequently, we looked into which aspects of our social life are most predictive for our
political preference by analyzing the predictive performance of Facebook categories (e.g.
movies, music, food, etc.) separately. Non-surprisingly, politicians, media and civil society
are most predictive for political leaning, but also arts, culture, entertainment and books
help to predict where people stand politically, whereas, in particular sports and travel are
less predictive. This raises the question why some aspects of our social lives are more
connected to political preference than others. For instance, our study seems to suggest that
Belgian citizens are more likely to meet people with different political convictions when
cheering for their favorite sports team than when going to a music festival. However, the
extent to which these results can be generalized to other contexts or countries is uncertain.
For instance, the study of [14] found that for Twitter users in the US musical preference
was less connected to political preference than following sports teams. To reach insights
that travel across countries and time periods, future research needs to be comparative or
at least more similar in terms of data and methods.

In contrast with most previous research on lifestyle politics in the (polarized) two-party
system in US, we examined lifestyle politics in a multi-party system, with much more sub-
tle ideological differences between parties. Our study indicates that Facebook likes are
less predictive for center voters and for traditional political parties. A less clear pattern
is present in the characteristics and behavior of those voters compared to voters with a
more outspoken ideological position. We find, for instance, that our social media data are
much better in predicting who votes for an extreme-right party compared to the social
democrats. Is this simply due to the more radical or straightforward ideological position
of these parties, or do certain politicians link their ideology or party platform more to
lifestyle choices?
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The same goes for placement on the left-right scale. Our model is better at predicting
positions to the left or right on this scale than predicting the center position. Again, this
might simply be because center voters have less distinguishable profiles, but it may also be
driven by the fact that respondents who in surveys position themselves at the center tend
to be less politicized. Studies have demonstrated that at least part of these respondents
have no clear political attitudes and tend to have lower political interest and less political
knowledge [59–61]. In this sense, these scales cannot fully disentangle respondents who
are politically neutral from those who are non-political. Nevertheless, the fact that it is
also more difficult to predict actual votes for center parties—although to a lesser extent
than the center ideological position—suggests that at least part of the difference can likely
be attributed to the fact that the ideological position at the center is less connected to dis-
tinct lifestyle profiles. How to explain these differences and why certain ideological and
political opinions are more connected to lifestyle than others, are interesting follow-up
questions for social scientists, and electoral scholars in multi-party systems in particu-
lar. At this stage it remains unclear whether an ideological position leads to a specific
lifestyle, or rather whether certain lifestyle choices facilitate the adoption of certain polit-
ical attitudes. Future research should try to dig deeper into the causal mechanism of this
intriguing finding.

Our analyses showed that with Facebook data, different interest categories can easily be
analyzed and compared to improve our understanding of public opinion and voter behav-
ior. As such, digital trace data can complement survey data. Although we believe that it
is theoretically possible to achieve the same predictive power with targeted survey ques-
tions, we think it is not practically feasible in the context of exploratory research for two
reasons. First, capturing this amount of detailed information using traditional surveys is
very difficult, as it would require very long question batteries on different categories re-
lated to lifestyle and consumer choices. The survey of DellaPosta et al. [10] is a rare exam-
ple of such an extensive survey, but requires a great effort from respondents. In addition, it
would request scholars to define a priori the most important political lifestyle indicators.
Therefore, we believe digital trace data are invaluable for exploratory research, as they can
capture many different lifestyle options with relatively little effort. The patterns extracted
from behavioral data can then help scientist to refine research questions and formulate
targeted survey questions.

An important aspect of future research is then how to summarize the insights gained
from Facebook likes in such a way that they can support theory building. Our classifi-
cation using Facebook categories is one way. Other possibilities include dimensionality
reduction or clustering Facebook likes to learn a certain structure from the data. For in-
stance, movies or music of the same genre could be grouped together, or food of the same
cuisine. These dimensions or clusters can help us to identify overarching cultural taste or
lifestyle patterns which can thereafter be transformed into a series of survey questions and
used for explanatory analysis.

At the same time, we do not argue that social media data can replace survey research.
Probably both advanced survey research and social media data are needed to understand
how lifestyle and political preferences influence each other. For instance, DellaPosta and
colleagues (2015) explain the puzzling association between lifestyle preferences and politi-
cal affiliation by the self-reinforcing effect of homophily and social influence. In short, they
argue that people make lifestyle choices and opt for places where they meet likeminded
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people (homophily), in those (online) places people’s attitudes are affected by exposure
to each other (social influence). However, to better understand how this self-reinforcing
effect takes place, further research is needed. By using a survey panel design [62] or by
simultaneously analyzing friend networks on Facebook [63], the relationships between
homophily and social influence could be further explored. Interviews or surveys could
seek for explanations for this association and its direction by asking questions such as “Do
you like to go to events where people have the same opinions as you?” or “Do you talk
about politics or societal issues at music concerts?”.

We argue that combing social media and survey data is not only useful to understand
where “the cultural fault lines” are most persistent, but it can simultaneously provide in-
sights in which (type of ) organizations, brands or events “unite” people with different po-
litical views. For example, our data indicate that people from all sides of the ideological
spectrum “like” a political comedy show from the public broadcaster (De Ideale Wereld).
From the perspective of the recently growing polarization of the audience for late night
comedy in the US [64], this is not a trivial finding. Therefore, this type of knowledge may
be increasingly relevant and useful, as ever more countries are facing increasing levels of
(affective) polarization [20, 21]. Furthermore, the growing affective polarization in society
might make people more eager to express their political identity online by liking pages or
following actors that are seen in line with their political views and cultural tastes. This
would imply that similar factors drive both online and offline lifestyle choices. Further re-
search could tackle this, among others by studying the linkage between social media data
and political preferences over time.

In conclusion, we argue that fine-grained behavioral data are useful to discover unknown
patterns or better understand existing relationships and are therefore equally valuable for
political and social science research. However, the mining of behavioral and online data
has raised new and unexpected ethical and regulatory questions related to online collec-
tion, storage, and use of human subjects’ data [65]. We therefore underline the impor-
tance of an ethical discussion of the research design in journal manuscripts, which we
included in Appendix A.1.5. Unfortunately, Facebook restricted data collection through
the APIs of Facebook, Instagram, and other platforms it owns. While this intervention
certainly is positive for the privacy protection of their users, it is also locking out third
parties and diminishing transparency of the platform. Social scientists depend on the data
collected through the API to investigate the impact of such platforms on our media and
society. A potential promising avenue of Facebook is to work in a coordinated way with
researchers.16 However, some scholars question whether this initiative will provide suffi-
cient support for free and independent scientific research [66]. Nonetheless, the potential
of other social media data (e.g. Twitter) or other types of behavioral data (e.g. location
data, payment data or browsing data) needs to be further explored as they complement
the insights of survey research into different aspects of citizens’ social and political life.

Appendix: additional files
A.1 Data collection
The data collection took place in two waves in March and June 2018. In the first wave
(March 2018), a detailed survey with questions on socio-demographics, media consump-

16see https://socialscience.one/.

https://socialscience.one/
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Figure 4 Overview of the front- and back end of the webpage that was created to collect Facebook like data
for our study

tion, political preference and attitudes was sent to a representative panel of around 4500
respondents. From these respondents, 524 agreed to give us access to their Facebook like
data, via Facebook Login (for more details about Facebook Login see Appendix A.1.4).
Based on the data of this small set of respondents, models were built to predict gender,
age, political leaning and party preference based on Facebook likes. These initial predic-
tion models were used to develop a tool that shows participants which characteristics can
be inferred about them based on their Facebook likes. The goal of this tool was two-fold:
(1) to convince people to participate in our study and (2) to create awareness about the
personal information that you might disclose about yourself on Facebook. In the second
wave (May–June 2018), this tool was disseminated through the online webpages of pop-
ular Flemish newspapers to reach a broad audience. Via an online webpage, users could
give consent to collect their Facebook likes and they were also asked to complete 12 survey
questions about their media consumption and political preference. In return for complet-
ing the survey, people could see a prediction of their gender, age, ideology and party prefer-
ence based on the Facebook likes they provided. The Facebook likes and survey questions
were anonymously and securely stored on a PostgreSQL database server. An overview of
the front- and back end of our webpage can be found in Fig. 4.

A.1.1 Survey invitation
In wave 1, this survey invitation was sent to a representative panel (translated from Dutch
to English):

“People increasingly keep themselves up to date on the news via social media such as
Twitter and Facebook. Therefore, as researchers, we are very interested in the public pages
you follow (like) on Facebook and the posts you share or post on your timeline. In addition,
we want to examine what companies (such as Cambridge Analytica) can deduct from the
like behavior of Facebook users and provide users insight into this.

For this we need your help. By participating in our study, you allow us access to your
Facebook data and will need to answer ten questions. We will use those questions to de-
termine what we can predict of people on the basis of their page likes on Facebook.
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Of course, all data will be processed and stored fully anonymously. This research pur-
sues scientific aims only, and data will not be shared with others. Your privacy is of high
importance to is. Read our privacy policy here.

If you have any further questions about this research you can read our frequently
asked questions section. If you still have any questions left you can contact us via nws-
data@uantwerpen.be.”

In wave 2, this text was added to the previous invitation:17

“Based on your Facebook likes we use data mining models to predict your gender, age,
ideological leaning and party preference. We will also show you which specific likes (i.e.
the Facebook pages that you have liked yourself ) are the most important contributors to
this prediction. Do you want to find out what your Facebook likes reveal about you? You
can test it here!”

A.1.2 Survey questions
1. How often did you use the following channels in the past month to follow news about

current events? Never, less than once a week, once or twice a week, 3 or 4 times a week,
daily, several times a day (a) Radio (b) TV (c) Online (d) Newspapers (e) Facebook (f )
Twitter

2. To what extend are you interested in the following news subjects on a scale of 1 (not
interested at all) to 5 (very strongly interested)? (a) International (b) Politics (c) Local
(d) Finance and economics (e) Entertainment (f ) Lifestyle (cooking, fashion, travel)
(g) Arts and culture (h) Sports (i) Science and technology (j) Justice and safety (k)
Bizarre/funny

3. In politics we often use the terms “left” and “right”. Where would you situate your own
opinion on a scale from 0 to 10, where 0 means “left”, 5 “center”, and 10 “right”?

4. Please indicate on a scale from 1 to 10 how likely it is that you will ever vote for each of
the parties listed below. 1 means that you will never vote for this party and 10 means
that you will definitely vote for this party. (a) CD&V (b) Groen (c) N-VA (d) Open
VLD (e) PVDA (f ) Sp.a (g) Vlaams Belang

5. To what extend are you interested in politics in general on a scale of 0 (not interested
at all) to 10 (very much interested)?

6. What is your gender? Male, female
7. What is your age? Younger than 25, between 25 and 55, older than 55
8. What is your highest level of education? No education, lower education, general

education, technical education, vocational education, higher education
(non-university), University education

A.1.3 Survey weights
We used Iterative proportional fitting (IPF)18 to adjust survey weights to reflect the overall
population distribution in terms of gender, age and education levels (see Table 5). How-
ever, the weighting process did not influence the outcomes all that much (e.g. the spearman
rank correlation between the coefficients of the models with and without survey weights

17The original webpage can be found here (only in Dutch): https://www.uantwerpen.be/nl/projecten/nws-data/
facebookstudie/dataverzameling/.
18We used the Python package ipfn https://pypi.org/project/ipfn/.

https://www.uantwerpen.be/nl/projecten/nws-data/facebookstudie/dataverzameling/
https://www.uantwerpen.be/nl/projecten/nws-data/facebookstudie/dataverzameling/
https://pypi.org/project/ipfn/
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Table 4 The number of participants in our dataset per target variable

All participants (6.733)

Leaning Left 2196 (33%)
Center 2322 (34%)
Right 1958 (29%)
No answer 257 (4%)

Party preference PVDA 750 (11%)
Sp.a 781 (12%)
Groen 1988 (30%)
CD&V 620 (9%)
Open VLD 1150 (17%)
N-VA 1270 (19%)
VLaams Belang 150 (2%)
No answer 24 (0%)

Table 5 Gender, age and education of the Belgian population [67]

Variable Survey total Population percentage Weighted survey total

Gender male 3747 50% 2868
female 2078 50% 2957

Age younger than 25 1598 28% 1645
between 25 and 55 3558 40% 2311
older than 55 669 32% 1868

Education no education 75 3% 147
lower education 41 5% 307
vocational education 190 9% 550
technical education 578 12% 679
general education 937 16% 932
higher education 1661 18% 1022
university education 2343 38% 2188

applied was 0.94) and therefore the unweighted results will be reported in the manuscript.

A.1.4 Facebook login
Facebook Login19 is a developers’ tool that allows users to authenticate using their Face-
book credentials and log into an app. Facebook Login also enables to ask for permissions
to access items of user data. These permissions, if granted by the user, provide access to
a subset of that person’s data stored on Facebook. To be able to ask users for such per-
missions, passing a review process (called App Review20) is necessary, so that Facebook
can make sure that the data are not misused.21 Researchers that wish to access a user’s
personal Facebook data thus need to obtain permission from Facebook as well as from the
user himself.

After we passed the review process, we integrated the Facebook Login button on our
webpage. Respondents could click on this button, authenticate with their Facebook cre-
dentials, and grant us permission to their Facebook likes (see a mockup example in Fig. 5).

19https://developers.facebook.com/docs/facebook-login/.
20https://developers.facebook.com/docs/facebook-login/review.
21It should be noted that after the Cambridge Analytica scandal, the Facebook Platform has further restricted data access in
March 2018, so that it is no longer allowed to access Facebook profile data for academic research—unless in collaboration
with Facebook, e.g. through the Social Science One project (https://socialscience.one/).

https://developers.facebook.com/docs/facebook-login/
https://developers.facebook.com/docs/facebook-login/review
https://socialscience.one/
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Figure 5 Mockup example of the Facebook Login button and the edit permissions window

Figure 6 Framework to highlight the ethical concerns of our research, based on [65]

A.1.5 Privacy and ethical concerns
Facebook and other online environments provided tremendous opportunities for social
science research to study human behavior. At the same time, the rapid increase in avail-
able online data and technological progress raised new and unexpected ethical questions
related to online collection, storage, and use of human subjects’ data [68]. These ques-
tions become urgent as the data and research possibilities move well beyond those typ-
ical in the social sciences, to more directly address sensitive aspects of human behavior
and our daily lives. Yet, the variety in data sources, research topics, and methodological
approaches complicates the draft of universally applicable ethical guidelines. Rather, all
researchers engaging with (data from) human subjects, have the ethical responsibility to
minimize potential harm. Even seemingly benign data can contain sensitive or private in-
formation and has the potential to impact people’s lives [68]. From a legal standpoint, the
introduction of the European Union’s General Data Protection Regulation (GDPR) in May
2018, offers a regulatory framework for researchers collecting (online) personal data. Next
to that, various instances are updating ethical guidelines for Internet research and human
subjects [69, 70]

We base an ethical discussion of our research and data collection on the work of [65] that
unites GDPR regulation and moral concerns into one concise data science framework. We
present a version of this framework, tailored to our study in Fig. 6 and will briefly discuss
its elements below.

The data needed for this study consist of survey questions and Facebook like data. All
data were collected with informed consent. We clearly stated what data would be gath-
ered and for what purpose. Respondents were required to agree with our privacy policy
to participate in our study, and have the right to stop their collaboration at any time and
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ask for their data to be removed. Furthermore, no other data than the data needed for our
study were collected. The data are anonymized immediately, meaning that all personal
identifiers (i.e. name and Facebook id) are permanently removed. Yet, we are aware of the
risk of reidentification [71], especially since like behavior is quite unique per individual. It
is increasingly hard to transform the data in such a way that it protects sensitive informa-
tion [72]. Therefore the -anonymized- data will under no circumstances be made public or
shared with other instances and are stored locally and encrypted for optimal security. The
data are stored and used for scientific purposes only and will be removed permanently
after ten years. Results will be shown on an aggregate level only and will never contain
individual examples, nor will we explicitly mention pages that were liked by less than 50
participants. Albeit absolutely necessary to protect privacy of our respondents, our pri-
vacy policy demonstrates two important implications for scientific generalizability. First,
informed consent automatically induces self-selection or consent bias, and generalizing
our results to the total population is difficult. Secondly, since we can only share aggregated
results, this complicates the reproducibility of our study. However, the complete computer
code and aggregated data can be made publicly available to assess scientific quality. Finally,
a last important aspect of ethical research conduct is clear communication with data sub-
jects (participants) before and after the study. Before the start of our data collection we
compiled a clear privacy statement, in collaboration with the university’s data protection
officer and with approval by the Ethics Committee for the Social Sciences and Human-
ities (EA SHW).22 The full privacy statement was communicated with participants and
can be found on our website,23 where we have also communicated a concise summary
of our results. To conclude, we believe that clear communication about ethical research
design in scientific journals benefits the ethical debate and framework for online human
subject research. We therefore encourage all researchers and journals to include such dis-
cussion.

A.2 Statistical comparison of models
We use a corrected paired differences t-test (based on 10-fold cross-validation results) to
compare the AUC of the different models [55] and apply the Bonferonni correction for
multiple pairwise comparison [57, 58]. The results can be found in Table 6 (ideological
leaning) and Table 7 (party choice). For leaning, the number of models that is being com-
pared is 3 (the number of ideologies) times 10 (the number of folds per binary model), for
party choice this is 7 (number of parties) times 10 (number of folds per binary model). Also
the predictive performance of non-political Facebook likes for the ideologies and parties
are compared, here the number of models is 10 (number of folds). Secondly, in Table 8
and 9 we show the results for a Wilcoxon signed-rank test, a non-parametric alternative
to the paired t-test [56]. The results for this non-parametric test largely correspond to the
parametric t-test.

22https://www.uantwerpen.be/en/research/management/quality-assurance/ethics-screening/eashw/.
23https://www.uantwerpen.be/nl/projecten/nws-data/privacybeleid/. (Dutch only)

https://www.uantwerpen.be/en/research/management/quality-assurance/ethics-screening/eashw/
https://www.uantwerpen.be/nl/projecten/nws-data/privacybeleid/
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Table 6 Results for the corrected paired t-tests for ideological leaning

T-score P-value

M5 M1 –0.816 1.586
M5 M2 4.745 0.000∗
M5 M3 9.358 0.000∗
M4 M5 2.251 0.024
M4 M1 5.54 0.000∗
M4 M2 13.64 0.000∗
M4 M3 31.64 0.000∗
M1 M2 9.02 0.000∗
M1 M3 21.42 0.000∗
M2 M3 8.27 0.000∗

Left Right 0.446 0.656
Left Center 16.990 0.000∗∗
Right Center 18.392 0.000∗∗

∗ Significant with α/10 = 0.005.
∗∗ Significant with α/3 = 0.017.

Table 7 Results for the corrected paired t-tests for party preference

T-score P-value

M5 M1 –10.134 2.000
M5 M2 4.375 0.000∗
M5 M3 29.620 0.000∗
M4 M5 30.168 0.000∗
M4 M1 –0.103 1.082
M4 M2 16.338 0.000∗
M4 M3 40.747 0.000∗
M1 M2 17.018 0.000∗
M1 M3 22.860 0.000∗
M2 M3 13.889 0.000∗

N-VA Vlaams Belang 1.754 0.079
N-VA Open VLD 7.101 0.000∗∗
N-VA PVDA 8.488 0.000∗∗
N-VA Groen 11.771 0.000∗∗
N-VA Sp.a 8.401 0.000∗∗
N-VA CD&V 13.311 0.000∗∗
Vlaams Belang Open VLD 1.193 0.233
Vlaams Belang PVDA 1.104 0.270
Vlaams Belang Groen 1.890 0.059
Vlaams Belang Sp.a 3.099 0.002
Vlaams Belang CD&V 2.946 0.003
Open VLD PVDA 0.051 0.960
Open VLD Groen 1.953 0.051
Open VLD Sp.a 2.639 0.008
Open VLD CD&V 3.816 0.000∗∗
PVDA Groen 1.784 0.075
PVDA Sp.a 2.481 0.013
PVDA CD&V 3.156 0.002
Groen Sp.a 1.969 0.049
Groen CD&V 2.861 0.004
Sp.a CD&V 0.778 0.437

∗ Significant with α/10 = 0.005.
∗∗ Significant with α/21 = 0.002.
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Table 8 Results for the corrected paired t-tests for ideological leaning

T-score P-value

M4 M5 9.000 0.064
M4 M1 0.000 0.002∗
M4 M2 0.000 0.002∗
M4 M3 0.000 0.002∗
M5 M1 23.000 0.695
M5 M2 0.000 0.002∗
M5 M3 0.000 0.002∗
M1 M2 0.000 0.002∗
M1 M3 0.000 0.002∗
M2 M3 0.000 0.002∗

Left Right 16.000 0.275
Left Center 0.000 0.002∗∗
Right Center 0.000 0.002∗∗

∗ Significant with α/10 = 0.005.
∗∗ Significant with α/3 = 0.017.

Table 9 Results for the Wilcoxon signed-rank test for party preference

W-score P-value

M5 M1 0.000 0.002∗
M5 M2 3.000 0.010
M5 M3 0.000 0.002∗
M4 M5 0.000 0.002∗
M4 M1 26.000 0.922
M4 M2 0.000 0.002∗
M4 M3 0.000 0.002∗
M1 M2 0.000 0.002∗
M1 M3 0.000 0.002∗
M2 M3 0.000 0.002∗

NVA Vlaams Belang 15.000 0.232
NVA Open VLD 0.000 0.002∗∗
NVA PVDA 0.000 0.002∗∗
NVA Groen 0.000 0.002∗∗
NVA Sp.a 0.000 0.002∗∗
NVA CD&V 0.000 0.002∗∗
Vlaams Belang Open VLD 16.000 0.275
Vlaams Belang PVDA 19.000 0.432
Vlaams Belang Groen 12.000 0.131
Vlaams Belang Sp.a 5.000 0.020
Vlaams Belang CD&V 6.000 0.027
Open VLD PVDA 27.000 1.000
Open VLD Groen 11.000 0.105
Open VLD Sp.a 7.000 0.037
Open VLD CD&V 5.000 0.020
PVDA Groen 11.000 0.105
PVDA Sp.a 8.000 0.049
PVDA CD&V 6.000 0.027
Groen Sp.a 9.000 0.064
Groen CD&V 5.000 0.020
Sp.a CD&V 20.000 0.492

∗ Significant with α/10 = 0.005.
∗∗ Significant with α/21 = 0.002.
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A.3 Voter profiles

Table 10 The ten most related Facebook pages (with exclusion of political pages) to political leaning
offer interesting insights in voters’ interests

Feature Description Mean coefficient P-value

Left De Morgen News & media website 0.32 0.000
De Wereld Morgen News & media website 0.31 0.000
HART BOVEN HARD Citizens’ initiative for more solidarity 0.26 0.000
Apache News & media website 0.20 0.000
Amnesty International Nonprofit organization—human rights 0.17 0.000
Ringland Citizens’ initiative for green mobility 0.15 0.000
Dagen Zonder Vlees Citizens’ initiative to consume less meat 0.13 0.000
MO* News & media website 0.12 0.000
Vrolijk Relativerende Liga ter
Bestrijding van Azijnpis &
Verzuring

Playful page with subtle criticism toward
society

0.12 0.000

Ish Ait Hamou Belgian dancer, choreographer, television
presenter and author of Maroccan descent

0.11 0.000

Center KU Leuven University 0.09 0.003
NoodweerBenelux Weather forecasts 0.08 0.002
Tasty Food videos and recipes 0.08 0.011
She.be News & media website for women 0.08 0.005
Ben & Jerry’s Ice cream 0.08 0.001
Milow Belgian musician 0.07 0.000
The Economist News & media website 0.07 0.004
Avatar Fantasy/Sciencefictionfilm 0.07 0.000
Politie Leuven Police station 0.07 0.000
Radio 2 Radio station 0.07 0.002

Right SCEPTR News & media website 0.17 0.000
HLN.be News & media website 0.17 0.000
De Tijd News & media website 0.16 0.000
Onafhankelijk Verbond Der
Vlaemsche Meme

Flemish nationalistic memes 0.13 0.000

De Fiere Vlaamse Meme Flemish nationalistic memes 0.12 0.000
Schild & Vrienden Flemish nationalistic youth movement 0.12 0.000
Vlaamse Volksbeweging Nonprofit organization—pro-Flemish 0.12 0.000
Duvel Beer 0.10 0.001
Club Brugge K.V. Sports team 0.10 0.002
Dan Bilzerian Internet celebrity, poker player and actor

known for his lavish lifestyle
0.10 0.000
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Table 11 The significant questions to political leaning for the survey (M3)

Feature Mean coefficient P-value

Left Q2: news subjects—arts & culture 0.40 0.000
Q6: gender—female 0.33 0.000
Q2: news subjects—politics 0.26 0.000
Q7: age—between 25 and 55 0.21 0.000
Q2: news subjects—international 0.19 0.000
Q8: education—university 0.08 0.045
Q5: interest in politics 0.03 0.031

Center Q2: news subjects—finance & economy 0.11 0.001
Q2: news subjects—international 0.09 0.006
Q8: education—technical 0.09 0.046
Q1: news channels—TV 0.09 0.000
Q8: education—vocational 0.08 0.045
Q2: news subjects—arts & culture 0.07 0.009
Q2: news subjects—arts & culture 0.07 0.009
Q2: news subjects—arts & culture 0.07 0.016
Q1: news channels—Twitter 0.06 0.001
Q1: news channels—radio 0.04 0.012

Right Q2: news subjects—finance & economy 0.33 0.000
Q2: news subjects—justice & safety 0.29 0.000
Q5: interest in politics 0.07 0.000
Q2: news subjects—bizarre/funny 0.06 0.036
Q1: news channels—TV 0.04 0.035
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