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Abstract—We present a big social media data study that
comprises of 1 million individuals who interact with Facebook
pages of the seven major political parties CDU, CSU, SPD, FDP,
Greens, Die Linke and AfD during the 2017 German federal
election. Our study uses the Social Set Analysis (SSA) approach,
which is based on the sociology of associations, mathematics of
set theory, and advanced visual analytics of event studies. We
illustrate the capabilities of SSA through the most recent version
of our Social Set Analysis (SoSeVi) tool, which enables us to deep
dive into Facebook activity concerning the election. We explore
a significant gender-based difference between female and male
interactions with political party Facebook pages. Furthermore,
we perform a multi-faceted analysis of social media interactions
using gender detection, user segmentation and retention analysis,
and visualize our findings. In conclusion, we discuss the analytical
approach of social set analysis and conclude with a discussion of
the benefits of set theoretical approaches based on the social
philosophical approach of associational sociology.
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I. INTRODUCTION

This paper applies Social Set Analysis research approach
to the 2017 federal election in Germany, more precisely to the
activity on the major political parties’ Facebook walls. Social
Set Analysis is a research approach situated in the domains of
Data Science [1]-[3] and Computational Social Science [4]
with practical applications to Big Social Data Analytics in
organizations [5]-[7]. It addresses one of the important theoret-
ical and methodological limitations in the emerging paradigm
of Big Data Analytics of social media data [8]. In particular, it
address the major limitation in existing research on Big Social
Data analytics that computational methods, formal models
and software tools are largely limited to graph theoretical
approaches [9] (such as SNA [10]), and are informed by
the social philosophical approach of relational sociology [11].
There are no other unified modeling approaches to social data
that integrate the conceptual, formal, software, analytical and
empirical realms [12]. This results in a research problem when
analyzing Big Social Data from platforms like Facebook and
Twitter as such data consists of not only dyadic relations but
also individual associations [13]. For Big Social Data analytics
of Facebook or Twitter data, the fundamental assumption of
SNA that social reality is constituted by dyadic relations and
interactions that are determined by structural positions of
individuals in social networks [14] is neither necessary nor
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sufficient [15]. Previous versions of the Social Set Visualizer
tool have been introduced to showcase the Social Set Analysis
approach [16].

For example, consider a Facebook post made on the official
Facebook wall of Lionel Messi, the soccer prodigy who plays
for FC Barcelona and Argentina’s national football team. Each
official post by Messi to his Facebook page typically receives
more than 100,000 likes, 25,000 comments and 18,000 shares.
Such association-based and content-driven social media inter-
actions involving large number of social actors are unlike the
other social interactions such as face-to-face, email, phone and
instant messaging in the sense that what binds the interacting
social actors together in the first instance is not so much the
relational ties (strong vs. weak ties) but associations ranging
from the player himself, the teams that he plays for, to the
cultural, ethnic, national and linguistic attributes. Modeling
such Facebook interactions using affiliation networks creates
the problem of an extremely low number of nodes with an
extremely high number of nodes as spokes. Further, such
SNA assumes the central social psychological concept of
“homophily” that social actors with similar interests (that is,
associations) prefer to interact with each other. To overcome
this limitation and address the research problem, this paper
proposes an alternative holistic approach to Big Social Data
analytics that is based on the sociology of associations and the
mathematics of set theory and offers to develop fundamentally
new methods and tools for Big Social Data analytics, Social Set
Analysis (SSA). Our overarching research question is stated as,
How, and in what way, can methods and tools for Social Set
Analysis derived from the alternative holistic approach to Big
Social Data analytics based on the sociology of associations
and the mathematics of set theory result in meaningful facts,
actionable insights and valuable outcomes?

The rest of the paper is organized as follows. First, we
present a philosophical template for holistic approaches to
computational social sciences, compare and contrast the dom-
inant approach of social network analysis with the proposed
novel approach of social set analysis and discuss the benefits
of set theoretical approaches based on the social philosophical
approach of associational sociology in Sec II. Second, we
present the most recent version of our Social Set Visualizer
(SoSeVi) tool in III.

Third, we take a deep dive into Facebook activity con-
cerning the 2017 German federal election held on 24th of
September 2017 on a political party level. Section IV illustrates



the capabilities of SoSeVi by showcasing growth and retention
of audience by political parties, user segmentation into loyalists
and persons with positive and negative feelings towards a
political party, and further analyses based on first names and
gender classification.

Fourth and last, we discuss the findings from our illustrative
case study, offer methodological and analytical reflections on
social set analysis, identify its limitations, and outline future
work directions. We have not provided any dedicated section
for related work, but we have referred the relevant literature
at appropriate places throughout the paper.

II. THEORETICAL FRAMEWORK

Social Set Analysis (SSA) as employed in this paper is
concerned with the mobility of social actors across time and
space. For mobility across time, we conduct SSA of big social
data from the Facebook walls of the seven major political
parties in Germany, with an analytical focus on the set of actors
that interacted with the parties during the 2017 federal election
campaign. Similarly, for mobility across space, we conduct set
inclusions and exclusion of actors who interacted with different
Facebook walls. This will allow us to uncover not only the
interactional dynamics over time and space but also identify
actor sets that correspond to marketing segmentations such as
loyalists, advocates, critics and activists. The theoretical frame-
work and the formal model behind our proposed approach of
Social Set Analysis have been elaborated in previous papers
such as [16] [15].

III. SOCIAL SET VISUALIZER (SOSEVI) TOOL
A. User interface

The Social Set Visualizer (SoSeVi) tool for Social Set
Analysis has been under active development since 2014, with
older version presented to the research community in several
papers. The latest version focuses on Upset-inspired [17]
visualization set intersections, and is paired with a built-in
Facebook crawler. The set intersection visualization allows
researchers to define social media interactions in a set query
language, and then perform further analysis based on the set
of individuals at hand which resulted from the query.

Figure 1(a) showcases the latest version of the Social Set
Analysis user interface provided by the Social Set Visualizer
tool. After selection of Facebook pages of interest, the user
can compare these Facebook pages in an Upset-inspired [17]
set visualization tailored to the Social Set Analysis approach.
Social Set Visualizer (SoSeVi) provides means to segment in-
dividuals on social media and visualize their interactions. Word
cloud visualization and aggregated Facebook page information
is shown in figure 1(b).

To summarize, the SoSeVi big data visual analysis dash-
board empowers users to use it in many different ways. The
dashboard adheres to the user’s preferred interaction method
without making any assumptions. This means tablet users may
also type in their selection of the Facebook walls, or desktop
users may use the date picker to manually select a date. The
dashboard may be accessed at http://rf2017.roonk.de/.
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Figure 1: User interface provided by Social Set Visualizer.

B. Technology

The technology choice for realizing the dashboard visual-
izations is the D3.js Javascript-based visualization framework
which uses dynamic SVG images for data visualization. D3.js
constitutes a lightweight and very extendable Javascript vi-
sualization framework which can display visualizations for a
multitude of browser-based clients. The flexibility provided
by D3.js enables the creation of new kinds of interactive
visualizations which are able to run on any device with decent
processing resources including Windows, MacOS and Linux
based systems with screen sizes up to 4K devices. Data is
stored in a relational database and heavily indexed using
PostgreSQL. Queries are cached both in database tables and
in-memory using Redis.

IV. 2017 GERMAN FEDERAL ELECTION CASE STUDY
A. Background

The 2017 German federal election held on 24th of Septem-
ber 2017 was the largest political event in recent years. Major
topics such as the European migrant crisis [18], central bank
policies [19] and workplace equality [20] have put pressure
on incumbent Angela Merkel, her cabinet and the political
parties CDU, CSU and SPD closely affiliated with her. Both
pro-business liberal party FDP and the green party Biindnis
'90 / Die Griinen aim to get more foothold with mainstream
voters than in previous years.

More extreme political parties such as recently formed
Alternative fiir Deutschland (AfD) and leftist party Die Linke
contest voters’ mind share and aim to get more influence in
the future government. Based on these circumstances, we take
a deep dive into social media reactions on the major political
parties’ Facebook pages to better understand the state of mind
of the political parties’ audiences and ultimately, the German
voters.
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Figure 2: SoSeVi-based set visualization of Facebook audience overlap between major political parties in Germany during the
2017 federal election campaign. The overlap between all seven political parties is represented by the black bar on the right side
of the visualization. The grid-based set overlap visualization using interconnected circles is inspired by Upset [17].

B. Methodology

Our research methodology consisted of several steps. First,
we fetched the Facebook walls of the major political parties
in Germany: Angela Merkel’s CDU, Bavarian CSU, social
democratic SPD, liberal FDP, green party Biindnis 90 Die
Griinen, leftist party Die Linke and ultra-conservative alter-
native party AfD. For this, we use a self-made Facebook
crawler. Furthermore we restrict our observation timeframe to
the beginning of 2017 up until the day before the federal elec-
tion, 23rd of September 2017. Second, we analyze collected
Facebook activity with our Social Set Visualizer (SoSeVi) tool.
We visualize overlaps between individual parties’ Facebook
audiences and illustrate inner-party retention rates throughout
the hot phase of the election campaign. Third, we perform
deep dives into audience segments of interest and illustrate the
capabilities of SoSeVi by addressing party loyalist, audience
reactions and demographics such as the most common first
names of individuals interacting with the Facebook walls.
Fourth, we discuss our findings and deploy the dashboard
internally to support ongoing research.

C. Data Collection & Processing

The event timeline of the 2017 federal election was col-
lected through desk research including systematic searches
in web and media databases. Facebook data was previ-
ously collected through the Social Data Analytics Tool
(SODATO) [21]-[23]. For this paper a SoSeVi-internal crawler
was used to provide Facebook data shown in table I. The
general concept follows the stages of the “Big Data Value
Chain” introduced by Miller and Mork [24], with steps of
preparation, organization and integration of the data prior
to visualization and analysis. The aggregated data is then
imported into a database management system (DBMS), from
which it can be accessed for visual analytics purposes.

D. Size of political party Facebook audience

In figure 2 SoSeVi is utilized to visualize a total of
958,834 individuals who interacted with German political party
Facebook pages during the 2017 federal election. This number
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Party | Posts | P.Reactions | Comments | C.Reactions
AfD 970 2,107,255 445,978 1,031,180
CDhU 550 374,830 152,904 364,261
CSU 598 985,812 142,078 455,527
FDP 652 592,527 80,403 106,132
GREEN 442 361,351 97,309 214,113
LINKE| 609 607,137 104,082 246,823
SPD 531 719,632 121,215 229,401

Table I: Overview of Facebook dataset of major German
political parties

is also displayed in figure IV as all-party total. We examine
the aggregate number of individuals that interacted with each
parties’ Facebook page during the examination period up to
23rd of September 2017, as visualized through the left-side
horizontal bar chart in figure 2.

It strikes that newcomer AfD leads with a total of 295,000
individuals, followed in second place by social democrats
SPD who interacted with 221,000 individuals. Third largest
is Bavarian-only CSU party with 212,000 individuals active
on their page, the sister party of Angela Merkel’s CDU. CDU
themselves are in last place, because only 100,000 individuals
interacted with their Facebook page during the 2017 federal
election campaign. All minor parties such as the FDP with
138,000 individuals, the Green party with 149,000 and the
leftist party Die Linke with 173,000 had Facebook interactions
with more unique individuals than Angela Merkel’s ruling
party CDU.

E. Audience overlap between political party Facebook pages

In figure 2 we also visualize overlaps of Facebook au-
diences between the major political parties in Germany in
the 2017 federal election period from 1st of January to 23rd
of September 2017. We use Social Set Analysis approach to



April May June July August September All months

Party # % chg # % chg # % chg % chg # %chg # Sparkline CMGR

AfD 63.1k ¥ -8% 58.4k 7 8% 63.4k ) -6% 60.0k AN 35% 92.8k AN 40% 155.0k . (P 19.7%
cDhuU 11.8k A 16% 14.1k A 18% 17.2k A4 32% 25.4k W -11% 22.8k A 51% 467k . — @ 31.7%
CsuU 39.9k W -18% 33.7k A 11% 37.9k A 33% 56.8k W -22% 46.5k H 30% 66.0k .~ () 10.6%
FDP 25.1k 7 6% 26.8k W -25% 21.5k AN 34% 32.5k A 29% 45.8k A 25% 611k ___— (P 19.5%
GREEN 18.6k A 11% 209k Ar 17% 25.1k v -47% 17.1k Av 58% 40.4k A 10% 449k _ .~ (P 19.3%
LINKE 18.7k A  52% 393k = 0% 39.3k = -2% 38.5k 7/ 8% 41.8k H 52% 8.7k . —— @ 359%
SPD 31.4k W -18% 26.7k Ah  27% 36.8k &) -10% 33.5k Ah 54% 725k A 13% 838k . (P 21.7%

Table II: Monthly growth rate of unique individuals who interacted with German political party Facebook pages during the 2017
federal election campaign between Ist of January and 23rd of September 2017. Sparklines visualize month with lowest and
highest number of individuals on Facebook page. Compound monthly growth rate is calculated and compared.

calculate sets of individuals and visualize overlaps between the
sets at hand. Major two-set overlaps between political parties
are:

1) We observe that more than 27,000 individuals were active
both on the CSU and the AfD Facebook pages, displaying
the biggest audience overlap between two political parties.

2) The second major audience overlap is between AfD and
leftist party Die LINKE with 9,600 individuals.

3) The third largest overlap is between Bavarian CSU party
and liberal FDP party with more than 9,500 individuals
active on both parties’ Facebook pages.

4) Fourth largest overlap is between social democrats SPD
and leftist Die Linke with 9,500 individuals, followed by
fifth largest overlap between SPD and the Green party
with 9,100 individuals active on both Facebook pages.

5) Angela Merkel’s CDU and her Bavarian sister party CSU
depict the sixth largest overlap with 8,700 individuals.

Further overlaps between political party Facebook audi-
ences are visualized in the figure, but due to space restrictions
we cannot list all of them. The major overlaps identified seem
to follow the parties’ closeness on the political spectrum, even
though at the moment we cannot explain the detailed reason
for the relative differences in cardinality between overlaps such
as CSU/AFD and SPD/Die Linke.

F. Audience growth during election campaign

The audience growth rate in terms of the total number
of individuals who were active on a certain political party’s
Facebook page during the campaign is showcased in table II.
Using social set analysis we create sets of individuals who
interacted with a certain party for each month of the election
campaign. Cardinalities of monthly sets for each political
party have been taken from the set visualizations of figure 3.
Based on this data, a compound monthly growth rate (CMGR)
has been calculated to compare each party’s audience growth
during the time period of the election campaign. We observe
the following:

1) For all parties, the final month of campaigning, Septem-
ber, was the best month in terms of total number of
individuals they interacted with.

2) No party showcases a steady, consistent growth story.
All of them have at least one month where they actually
decreased their audience compared to the previous month.

2641

3) Comparing the compound monthly growth rate (CMGR),
both leftist LINKE (+35.9%) and Angela Merkel’s party
CDU (+31.7%) depict the biggest growth over the whole
period of investigation. Both are also the only parties
where both April is the overall weakest month and
September the overall peak.

4) With only 10.6% over the whole campaign, CSU show-
cased the lowest overall growth rate.

5) All other parties SPD, FDP, GREEN, and AfD expressed
a compound growth rate of around 20% per month.

6) In August, penultimate month of the 2107 election cam-
paign, current chancellor Angela Merkel’s parties CDU
and CSU both decreased in the number of individuals that
interacted with their Facebook pages by a total of 69.3k
people (-11% and -22% respectively). This is interesting
because one would expect that during August, at the peak
of campaigning, both sister parties would continue to push
very hard. This decrease could be explained with summer
holidays for the shared campaigning team.

7) Also in August, SPD, the biggest rival of CDU/CSU, grew
their audience at 54%. With a total of 72.5k individuals,
SPD reached a larger audience on Facebook than both
CDU (22.8k) and CSU (46.5k) combined.

G. Audience retention of political party Facebook pages

We visualize month-over-month retention of Facebook au-
dience for each political party in Germany from 1st of April
up to election day 24th of September 2017. For this purpose
we create six monthly slices (April, May, June, July, August,
September until 23rd) for each party and utilize SoSeVi to
perform social set analysis on them.

Using the example of social democrat party SPD, we
visualize in Figure 3(a) the month-to-month development of
individuals interacting with the party’s Facebook page. The
visualization shows that 4,100 individuals interact with the
party on a monthly level, and the vast majority of users
interact with the party’s Facebook page on a very loose basis.
Even though we see a steady month-to-month growth between
April and September, the retention of individuals seems to
be lacking. In September up until election day, a total of
83,000 individuals interacted with SPD, but 54,000 of those
only did so in September and not in any prior months. The
visualization for social democrat SPD party can be accessed
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Figure 3: SoSeVi-based visualization of month-over-month
development and retention of Facebook audience for German
political parties, sliced monthly until election day. Loyalist
audience for each party is depicted by the black vertical bar
spanning all six month-based sets.

online at rf2017.roonk.de/upset. Likewise we visualize audi-
ence retention for other political parties in figure 3.

H. Identification of political party loyalists on Facebook

We define political party loyalists as the set of individuals
who interact with a certain party’s Facebook page at least once
per month. For this purpose we examine monthly slices for
the six months preceding election day, same as in previous
section IV-G. We determine loyalist audience from the number
of individuals who are active on a specific party’s Facebook
page in every single month within the observation period up
to election day. Using figures 3(a), 3(b), 3(c), 3(d), 3(e), 3(f),
3(g) we can determine the total number of loyalists for each
political party.

In order to put the absolute size of party loyalist audience
in perspective, we compare official party membership numbers
to the size of the loyalist audience on Facebook and calculate a
ratio. Number memberships has been collected for each party
from official publications [25]. Table III showcases that loyalist
Facebook audience varies highly between political parties. The
massive membership bases of the two major parties SPD and
CDU are not significantly more active on the parties’ Facebook
pages than the loyalist audiences of smaller parties.

Relative to the total number of party memberships, small
parties such as AfD, FDP, and the Leftist party Die Linke

Total party # loyalists on % of
Party members Facebook members
SPD 432,706 4,100 0.95%
CcDhu 431,920 2,300 0.53%
Ccsu 142,412 7,200 5.06%
GREEN 61,596 2,100 3.41%
LINKE 58,910 4,000 6.79%
FDP 53,896 4,000 7.42%
AfD 26,409 15,000 56.80%

Table III: Comparison of political party loyalist audience on
Facebook and official party membership numbers. Membership
numbers are from 31. December 2016 and based on official
publications [25].



M/F ratio party All individuals Reaction to Posts Reaction to Comments Writing Comments
Party memberships* Total Female Male NIA % M/F Ratio Female Male M/F Ratio Female Male M/F Ratio Female Male M/F Ratio
AfD 5.25 294,951 77,514 188,409 29,028 9.84%  2.43 56,768 146,909 2.59 34,613 70435 2.03 22,011 60,539 275
CcDhu 2.85 100,494 25371 62,839 12,284 12.22%  2.48 17,016 40,635 2.39 9,576 22879 2.39 6,021 19,757  3.28
Csu 4.00 212,019 58,728 136,509 16,782 7.92%  2.32 50,216 115,146 2.29 17,494 36,853 2.11 10,149 29,149  2.87
FDP 3.35 137,717 31,414 96,032 10,271 7.46%  3.06 26,732 80,585 3.01 6,778 21,322 3.5 5095 20,875 4.10
GREEN 1.56 148,626 59,325 72,102 17,199 11.57% 1.22 51,037 48,682 0.95 11,934 24215 2.03 6,625 18,450 2.78
LINKE 1.70 172,902 50,006 100,937 21,959 12.70%  2.02 42,904 80,663 1.88 14,925 30,792  2.06 7,639 22540 2.95
SPD 213 220,904 71,674 119,264 29,966 13.57% 1.66 60,460 90,220 1.49 15,237 31,983 2.10 9,370 27,908 2.98
All parties 2.53 958,834 296,772 548,827 113,235 11.81% 1.85 254,271 461,346 1.81 88,916 176,913  1.99 55,121 149,985 2.72

Table I'V: First name based gender classification of social media actors on political party Facebook pages during the 2017 German
federal election. Official party member gender ratio is based on 2016 data published by German federal ministry for political

education (BPB) [26]. N/A displays failed gender classification.

interact with a high number of individuals compared to their
total memberships. AfD in particular is rapidly growing with
a low number of official party memberships, thus the high
percentage of 56.80%. Compared with peers, the Green party
receives only a small amount of loyalist interaction on the
Facebook page, both in absolute numbers but also as a relative
percentage to their peers in terms of party memberships Die
Linke and FDP.

1. Audience reactions to political party Facebook posts

Table V showcases Facebook reactions by individuals to
posts by political parties. For this analysis we count the number
of individuals who interact with the party post with a Facebook
reaction, focusing on the most widely used Facebook reactions
LOVE, LIKE, SAD, ANGRY and HAHA. We observe:

1) Far-right AfD received reactions from more than 225k
audience members. This is 40k more people than the next
biggest parties, CSU (180k) and SPD (175k).

2) Every party except Angela Merkel’s CDU received reac-
tions from more than 110k individuals to their Facebook
postings. In total, only 66k users reacted to CDU posts.

3) Used by more than 90% of all individuals, LIKE depicts
major audience reaction to political party posts.

4) Liberal FDP receives a LIKE from 95% of their interact-
ing Facebook audience.

5) Receiving LIKEs from 202k individuals, far-right AfD
significantly eclipses Angela Merkel’s CDU which only
receives LIKEs from 56k individuals during the campaign.

6) Far-right AfD received ANGRY reactions from 51k indi-
viduals or 23% of their audience.

7) Reactions other than LIKE are not very frequently used,
major exception being the numerous ANGRY reactions
towards AfD posts.

# individuals with reaction to posts by a political party # unique
Party ANGRY SAD HAHA LOVE LIKE individuals
csu 16,751 9% 8,389 5% 20858 12% 5952 3% 165,783 92% 179,348
AfD 51,179 23% 11,854 5% 37,084 16% 21,144 9% 201,868 90% 225,160
SPD 5332 3% 5399 3% 12676 7% 11,689 7% 159,372 91% 175,649
LINKE 8933 6% 4044 3% 6,039 4% 12528 9% 133,882 94% 142,540
GREEN 5867 5% 4656 4% 8961 8% 9,152 8% 100,961 89% 13,722
FDP 3893 3% 2556 2% 6,910 6% 5940 5% 110,054 95% 115,658
cbu 4,093 6% 2,386 4% 7811 12% 5077 8% 56,363 84% 66,718

Table V: Audience reactions to political party Facebook posts
during 2017 election campaign.
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J. Comparing Facebook gender distribution with official party
membership data

Table IV displays the results of gender-based Facebook
audience segmentation. In the first part of the table, we show
aggregate numbers for each political party. The center of the
table shows audience reactions to posts and to comments by
the political party, aggregated by gender. Furthermore, we
show male/female comment authorship. In the final row of
the table we plot the official male to female ratio based on
party membership publications for comparison. We perform
audience segmentation by gender to showcase the full potential
of Social Set Analysis. Audience interactions with political
party Facebook pages are analyzed along this dimension.
Gender inference is performed based on the first name of the
Facebook user at hand. We use the nam_dict.tzt database’
to link first names with genders. This technique for gender
inference has been successfully applied by other researches
such as [27]. Based on male/female audience segmentation of
German political party Facebook walls as shown in table IV
we can point out several qualitative findings:

1) Both on an aggregate and on an individual level, dis-
cussion and reactions on the political parties’ Facebook
pages appear male-dominated, with a male-to-female ratio
as high as 4.10 for comment authorship on FDP page.

2) The only exception to this observation are reactions to
posts on the Green party’s page. With post reactions from
51,037 females and only 48,682 males, this is the only
dimension in table IV where we can count more females
than males interacting with the party’s posts.

3) Incumbent ruling party CDU has the fewest individuals
on their Facebook page, less than half as many as their
biggest rival, the social democrat party SPD.

4) Leftist party Die Linke is the only political party where the
Male/Female ratio of all dimensions of interaction (post
and comment reactions, comment authorship) with their
Facebook page is higher than the official Male/Female
ratio based on their party memberships.

5) Apart from the Leftist party Die Linke, all other parties
have a more balanced male-to-female ratio on their Face-
book page than the male-to-female ratio based on official
party memberships numbers suggests.

Tnam_dict.txt first-name based gender classification database (c) 2008 Jorg
Michael, available at https://www.heise.de/ct/ftp/07/17/182/



(a) Female first name distribution across political parties
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(b) Male first name distribution across political parties
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Table VI: Comparative visualization TOP50 most frequent male and female first names

across German political party Facebook

pages. Gender detection is performed based on first name. Colored areas display each party’s Facebook audience having a certain
first name as a percentage of the whole dataset. The number of actors at the bottom of each table concerns the absolute number

of individuals in our dataset who hold a certain first name.

K. Gender-based differences in Facebook interactions with
German political parties

Furthermore we examine whether there is a statistically
significant difference between male and female individuals
in their interaction with German political party’s Facebook
pages during the period of the 2017 federal election. For
this purpose we perform a chi-square test of gender-based
differences in engagement with 6 degrees of freedom. The
test shows a significant difference between males and females,
with p < 0.05 and x? = 17825.46.

Potential limitations of this finding are the extent and
veracity of our first name based gender classification approach.
We have manually verified gender classification results for the
top 100 most frequently used first names, yet the long-tail
correctness of classification results has not been thoroughly
examined. The name lists underlying our gender classification
approach is targeted at German-speaking population and does
not capture all names from other cultural backgrounds. Table
IV depicts gender classification results. A total of 113,235
actors (12%) have not been successfully classified. To further
test for gender-based differences in Facebook interaction, we
should assume that all non-gender-classified first names are
female, and repeat the chi-square test. Again it shows that the
finding is significant with p < 0.05 and x? = 20944.96.

L. Frequency analysis of first names across political party
Facebook audience

In table VI we visualize top 50 most frequently occurring
first names across all individuals interacting with political party
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pages during the election campaign. More specifically, table
V(a) depicts the frequency distribution of overall top 50 female
first names and how often these first names are observed in
each political party within the time period of the election
campaign. Table V(b) provides the same information for all
individuals that were classified as males based on their first
names.

The visualization of top 50 female first names in table
V(a) provides insight into party-specific distribution of first
names. Facebook audience of the GREEN party exhibits
above-average frequency of female first names, e.g. ANNA
(0.56% vs. global average 0.31%) and JULIA (0.48% vs.
global average 0.28%). CSU displays higher variance than the
GREEN party: With 0.08% of global audience, names such
as SARAH are significantly less frequent on the CSU page
than it would be expected given the 0.23% overall average.
Conversely, table V(b) depicts overall top 50 male first names
from our dataset and their frequency across political parties. As
shown in section V-], political party Facebook audience within
the 2017 German federal election campaign is overwhelmingly
male. Viewing the male first name visualization this becomes
apparent through the fact that most frequencies are about two
to three times higher than in table V(a). No significant trends
are visible to the eye.

The top 50 first names returned by the gender-focused
approach in this section largely mimic historic demographics
of Germany, and thus don’t provide significant findings apart
from several outliers and slight trends between political parties.



Table VII: Top 50 most uniquely attributable first names for each political party in the 2017 German federal election. Numbers
depict the percentage share of all individuals with a certain first name interacting with the respective party’s Facebook page.

First name

168 123 134 1305 668 792 2371 333

331 996 158

136 2456 208
64 984 81 63

337 162 125 3032 882
143 65 54 1129 332

163 4229 276
68 1555 112

15
#Total Actors (1824 124
#ActorsinAfD 838 56 84 52 67 550 285

21
9

238 1866 197 130 132
87 684 71 50 58

309 1052 155
129 399 50 98

728 1223 587 2945 982
303 428 218 974 353

a7
165

168 1194 111 233
60 412 45 86

M. Top 50 most uniquely attributable first names for each
political party

Table VII showcases an alternative approach to providing
a unique perspective on the Facebook audience of German
political parties. For each party, we identify the top 50 first
names that are most uniquely attributable to the party at
hand. We calculate relative percentage share of all audience
members with a certain first name and select the top 50
highest percentage first names for each party. First names
with less than 100 individuals and party names are filtered
out. For example with AfD in table VII(a), we can see in the
leftmost column that 64% of all individuals with the first name
Ronny interact with the AfD Facebook page, while only 9%
of all Ronnys interact with CDU page. The total number of
individuals named Ronny in our data set is 1834, of which
838 (64%) interact with AfD during the campaign. We further
examine the most uniquely attributable first names for each
party and describe our findings:

1) AfD VII(a): Most uniquely attributable names are “’stereo-
typical” for the eastern part of Germany. Frequency
distribution heavily skewed towards AfD.

CDU VII(b): Mainly Arabic first names, but overall very
low level of uniqueness (percentages less than 40%),
many shared with SPD.

CSU VII(c): Traditional German names, both male and
female, with percentages between 40 and 50%.

FDP VII(d): German male first names.

GREEN VIl(e): German female first names.

LINKE VII(f): First names with some Turkish back-
ground, most likely related to immigrant workers during
the early days of German federal republic.

SPD VII(g): First-ranked TC means Tiirkiye Cumhuriyeti
(Republic of Turkey), Turkish activists added TC in front
of their name to signal their support of Turkey during a
shit storm including SPD. Most unique names related to
LINKE, but Arabic names in long tail as shown in VII(b).

2)

3)

4)
5)
6)

7

V. DISCUSSION

Due to space restrictions, we presented only a subset of
the empirical findings resulting from the use of the Social
Set Visualizer (SoSeVi) tool by researchers and practitioners
in various fields such as Corporate Social Responsibility
(CSR), Computational Social Sciences (CSS) and healthcare.
These empirical findings demonstrate the analytical utility of
our proposed set theoretical approach to big social data and
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our social set analysis in the SoSeVi visual

analytics dashboard.

implementation

A. Reflections on the IT-Artifact

Computational social science research has reached a point
where social media activity is ubiquitous yet hard to collect and
analyze in domain-specific ways (with the notable exception of
epidemiology). In conjunction with complex event timelines as
depicted by the 2017 German federal election, the data at hand
presents numerous opportunities for attaining deep insights. In
this context, visual analytics present the means of reaching
those insights to many users with different backgrounds, both
experts and novices alike. The novel implementation of the
present Social Set Visualizer (SoSeVi) dashboard showcases
that the creation of visual analytics software, which meets the
high technical, analytical and user experience requirements of
present-day computing, is viable (and can be achieved by an
academic research group with limited resources). Furthermore,
the developed IT artifact leverages open-source visual analytics
frameworks to maximum extent in order to achieve a pure
implementation of important concepts in visual analytics.

B. Reflections on the Set Theoretical Approach

The current paradigm in computational social science is
dominated by a theoretical focus on relationships of actors and
artifacts, and the mathematical modeling of those relationships
as social networks based on graph theory.

This leads to the big social data triumvirate of relational
sociology (as candidate social philosophy), graph theory (as
candidate mathematical and formal model), and social network
analysis (as candidate analytical framework). Our argument is
not that relational sociology, graph theory, and social network
analysis are invalid or ineffective. Social Network approaches
have proven their analytical suitability and ability in diverse
application domains ranging from epidemiology to organiza-
tional behavior. Instead, our argument is that other candidate
sociological approaches, mathematical theories, and analysis
techniques need to be explored to further advance the field
of computational social science. After all, relational sociology
is just one of the many competing and co-existing theories
in sociology describing, explaining and predicting social phe-
nomena; along with process, ethnomethodology, structuration,
identity, structural functionalism, cognitive and cultural the-
ories. Our paper’s primary contribution to not only to offer
an alternate holistic approach of social theory (associations),
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mathematics (set theory), and analytics (social set analysis ) but
also to demonstrate its technical viability, suitability and utility
by designing, developing and evaluating an IT-artifact, the
Social Set Visualizer (SoSeVi). In other words, we postulated
and - hopefully - illustrated that Set Theory in general is better
suited from a mathematical standpoint to model human social
associations than network theory or graph theory. Beyond the
immediate social network and particularly on large scale social
media platforms such as Facebook, Twitter and Tencent QQ,
we believe, and hope, that this fundamental change in the
foundational mathematical logic of the formal model from
graphs to sets will allow for new insights.

C. Limitations

One of this paper’s limitations is that we do not present
domain-specific empirical findings in terms of political sci-
ences and social media management. That said, such domain-
specific empirical findings of the set theoretical approach
can be found in [28], [29]. A second limitation is the lack
of exposition of the full range of set theoretical approaches
beyond the classical “crisp sets” discussed in the paper (for
example: fuzzy sets, rough sets, random sets, Bayesian sets).
A third and final limitation is the limited space devoted to
the technical aspects of the IT-artifact. Also, the data set is
only for 2017 and does not contain previous years of political
discourse on Facebook.

D. Future Research

Current and planned future work in our Center for Business
Data Analytics is addressing some of the theoretical limitations
identified above in terms of developing formal models and ana-
Iytical methods for fuzzy, rough and random sets. Furthermore,
more advanced modeling of political social media discourse
needs to be performed through machine learning. Our focus
is on data visualization, and merging these capabilities with
innovative methods of extracting meaningful insights from the
social media data at hand. We suggest future work on the 2017
German federal election also takes into account not only the
party Facebook pages, but also the Facebook pages of each
individual member of parliament. This would enable analysis
of further grass-roots political activity and discourse.
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