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In the past decade economic hardship following major global shocks and the increasing salience

of market openness and immigration in the public discourse have accompanied the rise of pro-

tectionist and culturally conservative politicians generally opposed to globalization understood as

the free circulation of goods and people. Meanwhile the vote share of nationalist, far-right, often

racist parties also increased in many Western democracies. The tight connection of economics and

culture in these political platforms has led scholars and commentators to discuss which of the two

is more important in explaining the anti-globalization backlash of Western voters.

At the same time, Europe faced in the second half of 2010s an unprecedented sequence of

religiously motivated terrorist attacks, accompanied (though not caused) by an intensification of

migration flows, which has made the defense of national borders an even more salient political issue.

And far-right parties have framed some of their anti-immigration stances as policies designed to

provide security against the threat posed by foreigners (Couttenier et al. 2019).1

Disentangling the role of economics and culture is not easy, since in recent years economic

distress and migration flows have happened in parallel in several Western democracies, as some of

the European countries more geographically exposed to the refugee crisis of the 2010s were still

struggling with the consequences of the financial crisis.

In this paper we investigate the extent to which perceived threats associated with terrorist

attacks have influenced public opinion and the support of far-right parties. We use exogenous

time variation in terrorist attacks and a salient crime event to disentangle the roles of culture from

economics.

We study the case of Germany which, despite a fast recovery from the Great Recession and

a low unemployment rate, has experienced the rapid rise of far-right party, AfD (Alternative

für Deutschland). In the period running from the 2013 to the 2017 Federal elections (Bundestag

elections), some of the terrorist attacks among the ones perpetrated by Islamist militants in Western

Europe occurred in Germany. Moreover, in the midst of the refugee crisis, some criminal acts

perpetrated in Germany by men of reported Arab and Middle Eastern origin became very salient.

These events fueled the political debate over the consequences of the government’s immigration

policies. AfD politicians have identified the open border policy as posing a security threat for the

German population.2

At the end of this period, in the 2017 Federal elections, the AfD entered the lower house of

Parliament by almost tripling its vote share, a step no far-right party has accomplished since the

immediate post-World War II history. We surmise that events increasing the perception of threats
1For instance, Matteo Salvini, then right-wing leader in Italy, said ”the risk of terrorism is incredibly high […] we

ask for a tight control of all our borders and the suspension of any further landing on our coasts” (Corriere Della
Sera 28.03.2018).

2Among many others, the former leader of the party, Alexander Gauland, openly advocated the closing of German
borders by all means, even to the point of tolerating the cruel pictures which might result from it, in order to not
be blackmailed by the eyes of children (Zeit Online 24.02.2017).
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from other cultures, at a time when such threats were very visible and salient, may have shifted

voters’ attitudes towards those affirmed by the party most vehemently opposed to immigration,

and eventually may have had an effect on electoral outcomes.

In order to provide empirical evidence for this hypothesis we use Twitter data. First, we

download the tweets posted by the official national Twitter accounts of the seven main German

parties and perform some basic analysis revealing the political leaning of those messages. We then

then geolocalize a sample of more than 178,000 Twitter users and collect all their available tweets

to obtain an electoral constituency panel dataset at daily frequency. Bringing together parties

and users, we use a Natural Language Processing algorithm (doc2vec) to compute a daily measure

of similarity between the content posted by parties and the content posted by Twitter users in a

given constituency. We use this measure of similarity to infer the alignment of Twitter users with

national parties.

Then, we identify a set of terrorist attacks and a criminal event related to cultural diversity.

We use time variation in text similarity and the exogenous timing of these events to estimate a

discontinuous growth model (Bliese et al. 2016). This allows comparing the predicted similarity in

the presence and in the absence of these events.

We find that following these events the tweets posted in German constituencies become, on

average, more similar to the AfD’s tweets and less similar to the other parties’ tweets. We could

attribute these results to the AfD strategically changing its language to make it more similar to

that used by the public. However, we conduct a within-party analysis of tweets over time and find

no evidence that party accounts change their language in the aftermath of our events. Thus, we

can rule out the possibility that a strategic change in the AfD language drives our findings. Hence,

it seems plausible that the increasing similarity between German Twitter users’ and AfD’ language

is driven by Twitter users changing theirs to become more similar to the AfD language, including

a negative connotation of diversity and immigration.

We further find that standard economic variables do not explain the estimated change in lan-

guage similarity after an event. These shifts, however, are significantly correlated with the differ-

ence in vote shares obtained by parties between the two elections.

A few contributions stem from our results. First, we speak to the literature on the roots of far-

right support (Colantone et al. 2018c; Colantone et al. 2018a; Ballard-Rosa et al. 2018; Inglehart

et al. 2016) by emphasizing the role of perceived threats from other cultures which arise as a

consequence of terrorist and crime events.

We also contribute to the literature on the effects of terrorism and crime on public opinion

(Echebarria-Echabe et al. 2006; Finseraas et al. 2011; Legewie 2013; Ferrín et al. 2019). We

advance this literature by measuring people’s attitudes through social media text and showing
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that they become closer to the policy views of national parties. Twitter data allow us to exploit

high-frequency information and to avoid relying on large surveys (Curini et al. 2015). We finally

contribute to the methodology of social science research based on Twitter data, by providing

a strategy to geo-locate Twitter users to geographic units using following patterns and textual

similarity to measure people’s attitudes and party preferences.

The structure of the paper is the following: we first discuss the literature related to our pa-

per and present the historical background of our study. Then we describe the data and some

descriptives from our body of tweets, we introduce our measurement and empirical strategy, and

we present and discuss our main results before concluding.

Related Literature

Economic and cultural shocks

A large and growing literature has studied the determinants of the political backlash against

globalization which has favored the rise of nationalist and isolationist parties. An influential strand

of this research has focused on the political consequences of job displacements induced by global

trade, which have undermined the system of embedded liberalism adopted by most traditional

parties (Colantone et al. 2018a; Colantone et al. 2018c). Moreover, several studies document

a tight connection between the economic costs of globalization and worsening attitudes towards

immigration and cultural diversity (Colantone et al. 2018b; Bisbee 2019; Cerrato et al. 2018) and

towards democratic values and institutions (Colantone et al. 2018b).

Another influential strand of literature focuses on the effects of globalization on voting through

induced changes of social identity. The electoral support for Donald Trump is partly associated with

the decline of a traditional way-of-life based on the relative status enjoyed by some social groups

(Mutz 2018; Ballard-Rosa et al. 2018; Jardina 2019; Baccini et al. 2019). Other work posit, more

generally, that the success of nationalist politicians rests on the reaction of social groups holding

traditional sets of values against cosmopolitanism, multiculturalism, and diversity (Inglehart et al.

2016). Opposition to immigration is a crucial component of this backlash. Indeed, several studies

identify a causal connection between immigration and refugee settlement and shifts in voting

preferences towards the right (Barone et al. 2016; Halla et al. 2017; Dustmann et al. forthcoming),

although with some exceptions (Steinmayr 2018; Hill et al. 2019). This literature generally finds

that non-economic factors such as concerns about inter-ethnic contact and deterioration of local

public goods explain a large part of the change in voters’ preferences.

Hangartner et al. (2017) find that the mere exposure to immigrants, without expectation of

labor market costs, may increase native hostility towards immigrants and minorities. Tabellini
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(forthcoming) finds in the American context that immigration generated substantial political op-

position even in cases where it was beneficial for the economy, particularly when the cultural

distance between natives and newcomers was high.

The political consequences of terrorism

Terrorism and crime may have a significant impact on public opinion and electoral outcomes.

In Western democracies, when attacks have been religiously motivated, the political debate that

ensued has been largely concerned with issues of immigration policy and government attitudes

towards ethnic and religious minorities. The 9/11 attacks impacted negatively on attitudes against

Muslims (Schüller 2016) and positively on the number of anti-Muslim hate crimes in the U.S.

(Gould et al. 2016), and are associated with higher discrimination against other minorities at large

(McConnell et al. 2018). Similar effects have been observed in Europe in the aftermath of relevant

terrorist events (Legewie 2013; Echebarria-Echabe et al. 2006; Ferrín et al. 2019). The effects of

terrorism and of its threat often persist in the ballot box, increasing support for right-wing parties

(Getmansky et al. 2014; Kibris 2011) and polarization (Berrebi et al. 2008).

Parties, voters, and social media

With social media becoming increasingly important platforms for political communication and

information, online interactions between users and politicians have become more sophisticated. If

in the past doubts have been cast on the efficacy of social media for spreading political information

in all contexts (Vaccari et al. 2013), now politicians often follow online discussions in the choice of

relevant topics (Barberá et al. 2019).

Political views expressed on social media are also connected to offline engagement: Twitter

users engaging in discussions about politics appear to be more likely to interact directly with

political actors in their daily life (Vaccari et al. 2015). Social media are also effective as drivers

and coordination devices of participation in protests (Jost et al. 2018; Larson et al. 2019). Existing

research has assessed political partisanship of Twitter users from their follower networks (Barberá

2015; Eady et al. 2019) and from textual features, as language is related to partisan alignment

(Gentzkow et al. 2010; Jones et al. 2018). Estimates of political alignment have then been used to

study online behavior (Eady et al. 2019). Twitter, like other social media (Müller et al. 2019), is

also a relevant platform for the diffusion of anti-minority hatred (Müller et al. 2020).

From a methodological point of view, an appealing feature of Twitter is that, differently from

surveys, it allows to identify variation in attitudes in real time (Curini et al. 2015) and around

specific events. This makes the analysis of tweet language promising to study shifts of opinions and

sentiment in settings where surveys are unavailable or the relevant issues are potentially sensitive
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and subject to social desirability bias.

Background

The rise of the far-right in German politics

AfD was founded in 2013 as a fiscally conservative party defending German public finances in the

context of the European Union programs, monetary union in particular. The party ran in the

2013 Federal elections and missed the 5% threshold of nationwide votes for entering the German

Parliament.3 At the European elections in the following year, AfD gained 7.1% of nation-wide

votes and entered the European Parliament.

In July 2015, following a change in leadership, a new chair was appointed, Frauke Petry, and

most of the moderate members left. From that moment on, the party agenda shifted from primarily

economic issues to strong criticism towards immigration policy and an emphasis on nationalism

and social conservatism. The communication of AfD on social media also changed, with words

such as “migration” and “Islam” trending upwards in the posts (Cantoni et al. 2019).

Between 2015 and 2017, AfD performed well in all state elections and at the 2017 Federal

elections it received the third largest number of votes for the party list and was the third largest

to be represented in the Bundestag. The electoral success further continued in state elections until

2019.

Electoral support for AfD is correlated with concerns about immigration policy and distrust

against political institutions (Hansen et al. 2019) and has a strong regional component, with a

solid constituency in eastern states. The party also uses actively social media to spread political

content and influence the debate (Darius et al. 2019).

The Refugee Crisis and Terrorism

The AfD rise coincided with the dramatic increase in migration and refugee flows to European

countries, including Germany. Between 2014 and 2017, almost 4 million people applied for asylum

in some European country (Eurostat 2019). As a reaction to the worsening of the civil conflict

in Syria, in 2015 Chancellor Angela Merkel announced that the government would allow Syrian

asylum-seekers to cross the German borders. The refugee policy soon became one of the crucial

issues around which AfD concentrated its opposition to the government led by Angela Merkel.

Parallel to the refugee crisis, Western Europe was hit by an unprecedented wave of fundamen-

talist Islamic terrorism. Starting with the shooting in the headquarter of magazine Charlie Hebdo
3We refer to the votes for party lists. In the German electoral system voters also cast a vote for a constituency

representative, elected by relative majority.
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in Paris (January 2015), attacks were perpetrated in France, Belgium, the United Kingdom, and

Germany. International and domestic attacks fueled criticisms of Merkel’s government and its

immigration policy.

Political debate in Germany saw immigration policy becoming even more salient when, in the

aftermath of 2016 New Year’s Day, German media reported that, during Year’s Eve, groups of men,

described by some witnesses as mostly of “Arab appearance”, sexually assaulted hundreds of women

in several German cities (Zeit Online 05.01.2016). The scale of the event and the identification of

perpetrators with the Muslim religion sparked public outrage. As a result, tensions over security

and multiculturalism characterized the political climate before the 2017 federal election.

Data

Parties

We analyze the parties that won seats in the federal parliament (Bundestag) in 2017: Alternative

für Deutschland (AfD, Alternative for Germany), BÜNDNIS 90/DIE GRÜNEN (The Greens),

Christlich Demokratische Union Deutschlands (CDU, Christian Democratic Union for Germany),

Christlich-Soziale Union in Bayern (CSU, Christian Social Union in Bavaria), Die Linke (The

Left), Freie Demokratische Partei (FDP, Free Democratic Party), and Sozialdemokratische Partei

Deutschlands (SPD, Social Democratic Party of Germany). For each party, we consider the main,

national-level Twitter account.4

Electoral and Structural Data

For the years of federal elections, the Federal Returning Officer of Germany (Der Bundeswahlleiter

2017) publishes the election results of each electoral constituency. We use the vote for the party

list, which it is the most important for the distribution of seats in the German Bundestag, rather

than preferences for individual candidates.

For each constituency, the Federal Statistical Office (FSO) also publishes a set of aggregate

structural variables, such as standard economic variables and demographic variables. Since elec-

toral constituencies do not follow the borders of (NUTS-3) administrative districts, the FSO pub-

lishes these statistics for the federal election years only. From the FSO we also collect data on the

number of refugees in each electoral constituency at the administrative district level and aggregate

them at the constituency level.
4We exclude the party leaders’ and representatives’ personal accounts in order to assess comparable accounts for

all parties. This is because some party leaders, such as Angela Merkel, are not on Twitter.
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Twitter Users

We construct a sample of German Twitter users, which encompasses most of German electoral

constituencies. We start from a complete list of towns belonging to each constituency provided

by the Federal Returning Officer. The first challenge is to identify where Twitter users live, i.e.

the town where they are registered to vote. Twitter users can voluntarily choose to publish any

location they wish on their profile and there is no reliable way to double check the provided

information. Hence, using information provided by users would lead to four possible outcomes:

missing addresses, reported correct addresses, reported incorrect addresses, and reported fantasy

addresses (such as Disneyland). Excluding the latter is straightforward, but there does is no simple

method to verify whether the location an user provides is her real place of residency or not. For

this reason, we construct a rule that allocates users to a constituency, whether or not they provide

information on their location.

(a) Case 1 (b) Case 2

Figure 1: Sampling Rule

The rule works as follows. The 299 German electoral constituencies.5 are drawn with the goal

of equalizing population across them. Thus, electoral borders in general do not follow a common

structure, but are drawn over towns and districts By the end of 2017 there existed 401 districts

and district-free cities6, which correspond to the NUTS-3 classification of the European Union.

For a given constituency, our approach first identifies the largest towns within each district of the

given constituency. Here we face two possible situations (as shown in Figure 1).

For a constituency (such as C1, one of the two squares in Figure 1) that contains parts of one

or more districts (D1, D2) we consider the largest towns in the respective districts belonging to

the constituency (here, T1 as the largest town of district D1 within constituency C1, and T2 as the

largest town of district D2 within constituency C1). Because one district can overlap with several

constituencies (here D2 is part of C1, C1 as well as other non-labeled area), the chosen towns are

not necessarily the largest towns in their districts (T3 and T2 both belong to district D2, and T3

5This number refers to constituencies for the general election of 2017.
6District-free cities are of considerable population size to have their own administration, while cities and towns

belonging to districts share parts of the administration.
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might be larger than T2. Nevertheless T2 is the largest town within D2 that is still part of C1).

The second case concerns multiple constituencies (C3 to C6) which are entirely located within a

district-free city (T5). For instance, the city of Berlin is divided into eleven constituencies. In these

cases we merge all constituencies into one. Our final sample comprises 261 constituencies, either

original or artificially merged, in which the rule described above produces a sample of 493 towns.

For constituencies belonging to case 1 (Figure 1a), our rule usually includes two or three towns,

depending on how many districts intersect a constituency.

Within those towns we identify the Twitter accounts of so called ”landmarks”. These are public

or commercial accounts which can be clearly located in a given town and are likely to be followed by

residents. Examples are small-scale shops, town halls, police stations, fire departments or, theaters.

We do not consider sport clubs, TV stations or newspapers as landmarks, because their attraction

is not bound to local residents. For example, following a famous football club or a well-established

newspaper is not a reliable source to infer where a user lives. Similarly, the catchment area of

possible landmarks in constituencies outside of towns is much less clear than for landmarks within

a town. For example, large shopping centers might attract people from relatively far away towns

and using them can lead to wrong attributions to a constituency. This strategy produced a sample

of 5,231 landmark Twitter accounts, around ten per town in our sample.

Having identified local landmarks, we use the Twitter API to fetch all the followers of those

landmarks. We eliminate those users who follow less than three landmarks in the same constituency

or follow landmarks in more than one constituency: that is we assume that people who follow at

least three landmarks of a certain constituency and no landmarks of another constituency live

there. This strategy produce a sample of 178,271 located Twitter users. This sampling procedure

has the advantage of limiting the risk of including non-human users (bots) in our sample, which

instead may dramatically influence the political debate on social networks. Indeed, bots are very

unlikely to follow accounts of facilities at a very local level, such as our landmarks (Ferrara et al.

2016).

For the users in our sample, we download all available tweets. Twitter limits the access to

roughly the latest 3,200 tweets, but since only 128 users in the sample tweeted more than this, we

consider the influence of this limit negligible and conclude that we use essentially all the tweets

that the users in our sample posted.

We also perform a first basic electoral analysis using a pre-existing corpus of about 20,000

German tweets by far-right supporters containing racist or violent rhetoric. This corpus of “hate

speech” is a subset of The Polly Corpus (De Smedt et al. 2018), a multimodal study corpus of

online political debate in Germany, which includes tweets about politicians, by politicians, their

fans and far-right supporters.
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Possible Sources of Bias

Three possible sources of bias could be present in our data.

First, we can retrieve Twitter users in only 225 constituencies out of the 261. This is due to the

fact that for some constituencies we could not geo-localize a sufficient large number of users. Bias

might arise if the constituencies in our sample were more supportive of the AfD than those that

we do not observe. However, we find that the AfD vote share is slightly lower in the constituencies

that we observe than in those we do not, which suggests that our sample does not consist of

above-average right-wing supporters (Table 1).

Table 1: AfD Vote: In-sample vs Out-of-sample

In-sample Out-of-sample Full Sample

AfD Vote 2017 (Mean) 0.1280 0.1466 0.1306

∆AfD Vote (Mean) 0.0809 0.0981 0.0832

N 225 36 261

Notes: ∆AfD Vote refers to the difference in vote share from 2013 to 2017.

The second possible source of bias is due to the fact that, within the constituencies that we

observe, we have more landmarks, and hence more Twitter users, in large cities than in smaller

towns. It is no surprise that we find more landmarks in larger cities, as here there are naturally

more facilities which qualify as a landmark. This sampling issue would bias our results if users in

larger cities would support AfD more than users in smaller cities. However, since support for the

AfD is highest in rural areas with low population density, we believe that the bias would likely

be against the inference of a non-zero effect and therefore our estimates should represent a lower

bound.

Finally, the third source of bias comes from the fact that a Twitter user might be different from

a representative German voter. The exact amount of active German Twitter users is unknown;

different sources estimate it between 2 and 5 million users over a population of about 83 million.7

There is clearly a self-selection mechanism in our sample. However, two pieces of evidence suggest

that, also in this case, our sample does not consist of an over-proportional number of right-wing

supporters. First, based on the representative electoral statistics for 2017, we know that 66% of

AfD voters are more than 44 years old (Kobold et al. 2018).8 A survey conducted in 2017/18

reports that Twitter was used by 5-9% of the total population of Germans younger than 50 years.

In contrast, less than 2% of Germans being 50 years or older were registered on the social network
7In the United States this figure is about three times larger.
8The representative electoral statistics are not a survey. These statistics are constructed based on a sample of

official ballot papers indicating the true gender and age group of a voter before the vote is cast. Detailed information
can be obtained from The Federal Returning Officer.
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(Frees et al. 2018). Hence, we conclude that while older people are over-represented among AfD

supporters, younger people are over-represented among German Twitter users.

Table 2: Twitter Accounts of Major German Parties

Party Party Account # tweets # Followers Joined

AFD @AfD 18,600 130,000 Sep-12

Bündnis 90/ Die Grünen @Die_Gruenen 18,000 441,000 Apr-08

CDU @CDU 16,300 274,000 Feb-09

CSU @CSU 14,800 186,000 Feb-09

Die Linke @dieLinke 24,500 254,000 Jun-09

FDP @fdp 10,900 331,000 May-09

SPD @spdde 32,200 354,000 Mar-09

Notes: Retrieved February 11, 2019. Amount of tweets includes retweets.

Of course, this evidence does not reject a right-wing bias in our sample. The AfD still has

supporters of young age and there is still a chance that a large share of Twitter users belong to

this group. However, Table 2 clearly shows that, based on the pattern of followers, the AfD is

not as popular as other parties on Twitter. For instance, while the left party The Greens posted

roughly the same amount of tweets and retweets (although over a longer period of time), it has

more than three times as many followers, compared to the number of AfD followers. In fact, the

AfD is the party with the fewest followers on Twitter, although it exceeded three of those parties

in vote share. We believe that this represents strong evidence that Twitter users are not overly

supportive of the AfD.

The bottom line is that the demographic profile of Twitter users in Germany is not close to

that of a representative supporter of a right-wing populist party. Hence, a representative Twitter

user in our sample is likely to be more moderate or liberal in political beliefs than a potential AfD

voter. Therefore, we surmise that although we will not be able to identify an effect for the German

electorate, our method will most likely underestimate it. If there is an effect in the population of

Twitter users, there should be an even stronger effect in the German population.

Events

For our analysis we use eleven events, from the end of 2015 until close to the federal election

in 2017. We choose these events because they represent large shocks to public opinion. Among

the several events related to terrorism and crime reported in the media between 2015 and 2017,

we look for a subset which satisfies some properties. First, they need to be plausibly exogenous
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to local conditions. Hence, we disregard very local incidents such as thefts or small-scale violent

incidents. Events happening in other countries are particularly appropriate to this goal. Second,

they need to be large shocks, affecting public opinion not only in the area where they took place

(i.e. town or district), but in the whole country. Thus, we exclude some non-deadly attacks and

relatively less important events. Third, we select events that plausibly highlight the salience of an

external cultural threat: since all the attacks in this period had Islamist extremism as alleged or

clear motivation, we believe this presumption is realistic. These are the ten terrorist attacks that

we consider:

Table 3: Terrorist events

Date City Circumstance Fatalities

November 13, 2015 Paris, France

Simultaneous attacks by groups of terrorists

on several targets, including the Bataclan

concert hall.

130

March 22, 2016 Brussels, Belgium Coordinated bombings at several locations. 32

July 14, 2016 Nice, France Truck driven at high speed over the crowd. 86

December 19, 2016 Berlin, Germany Truck driven over the crowd in a Christmas market. 12

March 22, 2017 London, UK Car driven over pedestrians. 5

April 20, 2017 Paris, France Three policemen and another person shot by an attacker. 3

May 22, 2017 Manchester, UK Suicide bombing after a concert at Manchester Arena. 22

June 3, 2017 London, UK Car driven over pedestrians. 8

August 16 2017 Barcelona, Spain Bombs detonated and a car driven over pedestrians. 16

September 15, 2017 London, UK Bomb detonated at a train station. 0 (30 injured)

In addition, we include a non-terrorist event which shocked public opinion in Germany and

across Europe and generated wide political and social reactions consistent with the idea of cultural

threat. In December 31, 2015 and January 1, 2016 in Cologne, Germany, during the New Year’s

Eve celebrations, several hundred women were subject to mass harassment and sexual assaults.

According to the police, investigations on the perpetrators concentrated on North African and

Syrian young men. Similar cases were later reported in other German cities.

In order to ease notation, we will from now on use the term events referring both to terrorist

attacks and the non-terrorist crime incident just described.

Tweets and Content

Before proceeding with our main analysis of the eleven events just described, we provide some

information about the tweets we collected. For political parties, if the language used on Twitter is

representative of the party language, we would expect to see strong differences in language across
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Figure 2: Within Party Comparison: AfD before and after July 2015

very opposite parties, and within a party across time in case a party substantially changes its

position. Furthermore, as we are able to locate Twitter users within constituencies, we can analyze

correlations between the language used in each constituency and electoral results.

Parties’ Tweets: Transformation of the AfD

As our main interest is focused on the AfD, we present evidence for the transformation of the party

by analyzing how the language of the AfD changed over time. As described above, in 2015 the

AfD took a remarkable turn from a fiscally conservative euro-skeptic party to an outright far-right

party. The crucial date for this turn is July 2015. Figure 2 shows two word clouds of the words

that the party was most likely to use before and after this date, respectively. The technical details

on how this word cloud was created are in Appendix A. In short, taken two documents (here, AfD

before and after 2015), we compute the log-odds-ratios for all the words in these documents, thus

identifying which words are most likely to appear in tweets before July 2015, and at the same time

least likely to appear after that date. This allows to identify the topics contrasting the two periods

(here, AfD before and after 2015) pointing out. As expected, for a categorized list of politically

relevant words we see a clear separation of topics.9 The picture on the left is clearly dominated

by economic-related phrases, concerning the European debt crisis and monetary policy. On the

right, the overall image is characterized by socially conservative words, mainly related to crime

(sexual_offense, rape, violence), Islam (ramadan, islamist, burka, headscarf ), immigration policies

and refugees.
9We excluded words without meaning or political contexts and those which were incomprehensible after the

pre-processing from the wordclouds. See appendix A for details.
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Leaving the sphere of a single party, we would expect to see strong differences in the language

of very opposite parties. When comparing the right-wing AfD with the left-wing party The Greens

over the whole time interval for which we collected tweets, AfD reveals a mix of economic topics,

mainly concerned with the European debt crisis, and topics related to immigration as well as clear

right-wing rhetoric. On the other hand, the picture for The Greens shows the expected focus on

environmental topics mixed with traditional leftist topics. The resulting wordcloud is shown in

Figure A.1 in Appendix A. This evidence provides initial support to our choice of using tweets

language to proxy for party positions.

Constituency Tweets: Racist Words and Votes

We use a corpus of tweets containing hate speech provided by De Smedt et al. (2018) to manually

extract a list of right-wing leaning or racist words.10 Given that we are able to locate Twitter

users inside German electoral constituencies, we would expect, within a constituency, a positive

correlation between the share of right-leaning words (out of the total amount of words) and the

vote for a right-wing party. This is exactly what we find. The share of racist words is positively and

significantly correlated with the change in votes for the AfD. Furthermore, we find no significant

correlation with other parties except for the most left party (The Left), which shows a negative

significant correlation. Results are presented in Table A.1 in Appendix A.

This finding suggests that our sample of German tweets offers possibilities for political analysis.

Also, it corroborates the validity of our geo-localization procedure. We calculated the frequency

of racist words inside an electoral constituency using the language of Twitter users located inside

the constituency. If the geo-localization procedure performed poorly, a correlation between the

frequency of racist words and the vote of a right-wing party would be unlikely.

Overall, the analysis of how parties’ tweets change over time and the analysis just described

corroborate our choice of using our Twitter textual data to investigate the role of events in moving

German Twitter users closer or farther away from political parties.

Similarity between Texts

We compute a daily similarity between the tweets of the parties and the tweets of each constituency

by transforming the two groups of tweets into vectors with doc2vec, a deep learning technique.

Details on prior steps regarding text preprocessing, the functioning of doc2vec, and the hyperpa-

rameters used are provided in Appendix B. In the following, we briefly summarize the method.
10As there are no clear rules defining what makes a word racist, the list we extract contains only words of extreme

political language, often dealing with insults to ethnic groups or references to the Third Reich. We provided our
list to a native German independent of this project and in case of doubt, a word was excluded from further usage.
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For our analysis, we create two “documents” at daily frequency: a party- and a constituency-

document. The party document is the text of all the tweets the party posted on a certain day.

A constituency document is the text of all the tweets that all the users in our sample located in

a given constituency posted on a certain day. Since we have 752 days in our observation period

(from September 4th 2015 to September 24th, 201711), we end up with 752 documents for each

party and 752 documents for each constituency in our sample.12

Given documents containing either tweets of a party or tweets of a constituency on a given

day, we use doc2vec (Le et al. 2014), an unsupervised deep learning algorithm that learns how to

represent each document with a unique vector. We then measure similarity between party p and

constituency c in day t as the cosine similarity between the two corresponding vectors:

cos θcpt =

−→
ct
−→
pt∥∥∥−→ct∥∥∥∥∥∥−→pt∥∥∥

This is the measure of daily similarity between each constituency and each party used in our

empirical analysis.

Validation

We perform three validation exercises to control whether cosine similarity is a valid measurement

for how close public opinion is to the national parties. The details of this validation are in Appendix

C, but we provide here the intuition and the basic results. As a first check, for a sub-sample of

tweets we had a human reader categorize each tweet as similar or dissimilar from those posted

by different parties on the same day. We find the human evaluation to be qualitatively similar to

the one estimated by the algorithm. Second, we compute similarity of party tweets with a sample

of tweets whose content is known a priori: using the corpus of German tweets containing racist

words discussed above, we find that the AfD is indeed the party whose language is the closest to

this racist corpus for the whole period of time, and even more so for certain sub-periods. Third,

we correlate our similarity measure with electoral results at the national level and regular polling

data at the state level and find that these measures are positively and significantly associated.
11As stated above, July 2015 marked a turning point in the history of the AfD. We leave two months between

the change in leadership of the AfD and the starting point of our analysis, but the empirical method chosen is not
sensitive to the exact day. More importantly, we choose this day as it represents a major peak of events during the
2015 refugee crisis with the German government opening borders for refugees coming from Hungary.

12752 is the maximum possible amount of documents for a given constituency in case the users posted tweets
every single day.
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Empirical Strategy

Effect of Events

We are interested in identifying the association of the set of events with the support for political

parties at the electoral constituency level in the following Federal election. Our analysis relies on

the plausible assumption that this subset of events represents exogenous shocks to public opinion

whose occurrence is independent of any local conditions. Hence, we use this exogenous time

variation in events to disentangle the roles of culture from economics and other local factors. The

size of the possible effect of a specific event, however, could differ across constituencies because of

their different characteristics. In other words, the degree to which a population reacts to an event

is unlikely to be uniform.

We measure similarity to all parties across German electoral constituencies and over time,

resulting in a panel data structure with daily frequency. One way to study the effect of events

on similarity is to compute the difference between the similarity prior to an event and the one

after it happened. However, inference based on this value has drawbacks. First, there could be

self-selection into tweeting: that is, people who use Twitter to comment terrorist attacks while

they happen, or minutes after, may not be representative of the overall Twitter population of

that constituency. Moreover, we could simply measure an immediate outrage, while what we are

interested in is the long-run effect of those events on the similarity between people and parties.

That is, we want to investigate whether there exists a positive or negative shift towards parties

that occurs at the time of those events.

To measure this long-term shift in similarity we use a discontinuous growth model (Bliese et al.

2016). This model is able to examine the evolution over time of a time series, such as similarity,

punctuated by one or more discontinuities. Consider Figure 3, a simple visualization of the model.

It allows at specified points in time for a change in growth (slope) and level (intercept) of the time

series of interest. In our case, after each event, both the time trend and the level of similarity to

parties are allowed to shift. The change in trend and level is relative to a trend in the absence of

any discontinuity, and is estimated based on the similarity since the last event. In other words,

the coefficients of change are not based on a specific day, thus overcoming the issue of self-selecting

into tweeting after events. The discontinuous growth model thus enable us to move beyond the

immediate reaction to an event and capture its long-term effect on the evolution of similarity over

time (Bliese et al. 2016).

To account for the possibility that reactions to events differ across constituencies, we estimate

a model with random coefficients at the constituency-level. To check whether there is variation

across constituencies, we run an unconditional means model with random coefficients and estimate
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Figure 3: Discontinuous Growth Model: Simple Visualization

the proportion of total variance that occurs between constituencies. Since we find it to be about

ten percent (results available upon request), we argue that there is enough variance to justify the

use of random coefficients (Singer 1998). Omitting these random coefficients would lead to biased

estimates and standard errors (Goldstein 2013). We thus allow for changes in intercept and time

trend of similarity to vary across constituencies on the day of each event. Given the eleven events,

for each party p we estimate separately the discontinuous growth model using maximum likelihood

similpti = πp
0i + πp

1iTimet + πp
2Time2t + πp

3Y ear

+
11∑
k=1

[
πp
4,kiEkt + πp

5,kiResetkt + πp
6,kReset2kt

]
+ ϵpti

(1)

where a coefficient with subscript i consists of a fixed and a random component, that is

πp
0i = πp

0 + rp0i,

πp
1i = πp

1 + rp1i,

πp
4,ki = πp

4,k + rp4,ki ∀ k ∈ {1, . . . , 11},

πp
5,ki = πp

5,k + rp5,ki ∀ k ∈ {1, . . . , 11}

(2)

and error terms and random coefficients are independently distributed as

ϵpti ∼ N(0, σ2
p), rpi ∼ N(0,Σp), ϵpti ⊥⊥ rpi

Σp is a diagonal matrix, that is random coefficients are assumed to be jointly independently and

identically distributed.

similpti is the measured daily similarity for party p in constituency i over all periods; Timet

and Time2t are a time and a quadratic time trend: their coefficients estimate how similarity would
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evolve in the absence of events13; rp1i are the random coefficients allowing for between-constituencies

differences in time trend14; Y ear is a dummy equal to 1 in 2016 and 0 elsewhere.15 For k = 1, . . . , 11

Ekt is the event k indicator variable, coded 1 after an event has occurred until the next event

occurred, and 0 otherwise: the associated parameter πp
4ki = πp

4k + rp4ki estimates the extent to

which the predicted value of this model on the day of event k differs from the predicted value in

absence of any event, and is based on the trend prior to the first event. In other words, we are

estimating the difference between predicted similarity after events and the predicted counterfactual

in the absence of any event. Resetkt and Reset2kt are event-specific variables coded 0 until the day

event k occurs, then increasing day after day until the next even occurs, and switching back to 0

when the next event has happened.16 The associated parameters πp
5ki = πp

5k + rp5ki indicate the

degree to which the event alters the slope πp
1i of the linear effect of time within constituencies after

event k, while the parameter πp
6k indicates the extent to which the event alters the quadratic effect

of time estimated by πp
2 for all constituencies together.

Next, we estimate the average effect of changes in similarity induced by the last event occurred

before the electoral outcome (π11
3ip). This average effect is the change in similarity that occurred

based on the days from the event to the Federal election, relative to the counterfactual pre-event

trend. Hence, it represents whether the difference between predicted similarity to a party af-

ter eleven events happened, and the counterfactual similarity in case no event had happened, is

correlated with the electoral outcome. We pool all parties together and estimate

∆voteip = α+ β π11
3ip + υip (3)

where the vector ∆voteip contains the difference in vote share for party p in constituency i

between the general elections of 2017 and 2013.

Differently from papers that correlate party votes with economic variables such as unemploy-

ment, we correlate votes to change in language similarity. Note that, differently from variables such

as unemployment that are fixed at the constituency level, our right-hand side variable can vary

across parties within a constituency. Hence, whereas it is not possible to use macroeconomic vari-

ables as independent variables when pooling all parties together (because the independent variable

does not vary within a constituency, while the dependent variable does), we can use π11
3ip thanks

to its variation within a constituency.
13A series of Log-Likelihood Ratio tests indicate that the inclusion of a quadratic effect of Time improves the fit

of each party model (90 percent significance level for all parties, although for most parties we find a much higher
significance level). Results are presented in Table E.1 in appendix E.

14We omit the random coefficients of the quadratic term of Time, since models including these random coefficients
do not converge.

15We include only one year dummy due to high multicollinearity in our estimation. Recall that the relevant period
is about two years long, from July 2015 until September 2017.

16For an illustration of the coding of the variables see Table D.1 in appendix D.
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As mentioned above, although events occur independently of local characteristics, their effect

on similarity could depend on local conditions. However, it is not straightforward to imagine

constituency characteristics that could cause between-constituency variation in similarity shifts

after an event. We investigated whether a set of standard variables often considered in explaining

the growth of populist parties (e.g. unemployment, share of employees working in manufacturing

or foreign population) can explain the cross-constituencies heterogeneity but did not find any

significant effect. Results are presented in Table E.4 in appendix E.

Who moves: the Parties or the Public?

One natural concern with our empirical strategy comes from the specific measure of language

similarity that we use. We can think of similarity as an equilibrium outcome generated by the

interaction between two agents: the party account and the public. In interpreting our results

we treat the parties’ language on social media as exogenous and assume individuals are getting

“closer” or “farther” from the language of different parties according to their shifting views. This

assumption would be threatened if parties (AfD in particular) changed the language of their tweets

to make it more similar to that of German Twitter users, as a political communication strategy.

We do not deny that such or similar mechanisms are part of party strategies on social media. What

we are concerned about is: do parties themselves significantly change their communication when

events happen? If so, what we argue to be a public shift closer to or farther from a party after

specific events could be simply due to party language changing on those days.

To shed light on this issue we aggregate all the tweets that a certain party posts in a week.

The weekly aggregation is useful for example to avoid discontinuities caused by party-specific daily

events, in comparison to a long-term shift in language use. Then, using the same doc2vec model

described above, we compute the within-party change in language similarity on a weekly rolling

basis. Finally, we estimate the discontinuous growth model introduced above to see whether the

within-party similarity changes around events. In case a party used significantly different language

from one week to another in weeks after an event, we would observe a sharp downward shift as the

similarity in these weeks would be low. If instead following an event the party keeps using very

similar language, we would expect an upward shift in the observed language similarity at the time

a party focuses on one specific topic as the similarity will be quite high. Whether in one case or

the other, discontinuities in within-party similarity would appear.
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Results

Shifts in Similarity

We start presenting our results in Figure 4 and Figure 5. For k = 1, . . . , 11 and different parties p we

show the estimated coefficients πp
4,k (fixed component, uniform across constituencies) representing

the difference between the predicted levels in absence of events and the predicted values produced

by our model which incorporates discontinuities. Estimates for all parameters of the discontinuous

growth model can be found in Table E.2 in appendix E.

The parties shown in Figure 4 are the AfD and, for comparison, the traditional center-left

SPD. Figure 4a shows that changes in language similarity at events is positive and significant for

the AfD, while negative and significant for the SPD. Notice that the increasing magnitude of the

shifts in similarity of both parties does not stem from an accumulation of coefficient, but from

the functional form of the discontinuous growth model which estimates the changes relative to the

trend which existed before the first event occurred.

Figures 4b and Figure 4c show, for the two parties, whether there is evidence for the public

moving closer to the AfD and farther away from the SPD. As discussed above, a different inter-

pretation could be that the parties change their language in response to events, while the public

does not move in either direction. In Figures 4b and Figure 4c observe that, in response to events,

the AfD does not change its language, while the SPD does. Combining these observations with

finding in Figure 4a, under the relatively weak assumption that the left-wing SPD did not adapt

a right-wing language following these events, we can conclude that the public shifted towards AfD

as a response to the events. This might partially help explaining the large loss for the SPD at the

2017 general election.

Consider other parties in Figure 5, the results reveal an interesting, and partially unexpected,

pattern. AfD is the party that gains the most as we observe increasingly positive similarity shifts at

each event. The CSU, the Bavarian ally of Angela Merkel’s CDU, traditionally the most right-wing

party before the emergence of the AfD, also shows positive shifts in language similarity, although

much lower compared to the AfD. This is consistent with the recent party history: the union of

CDU and CSU was under enormous pressure during the peak of the refugee crisis around 2015.

High-ranked CSU officials challenged Angela Merkel’s leadership after she announced an open-

border policy for asylum seekers, and started promoting closed borders and deportation.17 Thus,

observing a positive shift in language similarity for this party and the AfD is not surprising. We

find positive similarity shifts (albeit marginally significant) also in the case of the two left parties,

The Left or The Greens. We observe instead negative similarity shifts at events just for centrist
17See Foreign Policy (22.10.2015).
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parties CDU, FDP, and SPD. Collectively, these results suggest that terror events can increase

polarization. Some people move closer (at least in their language) to right-wing parties, mostly

AfD; others move closer to left parties The Left or The Greens even though this shift is smaller

than the shift to the right. And in general people appear to move farther away from center parties

such as CDU, FDP and SPD.

Shifts in Similarity and Votes

We found in the previous section that the events we considered can affect the language distance

from right-wing parties relative to center and left parties. We now investigate whether change in

similarity can predict electoral outcomes in the 2017 federal election.

Results are presented in Table 4. The dependent variable is the change in vote share from

2013 to 2017 across parties and constituencies. The independent variable is the vector of shifts

in similarity to parties across parties and constituencies: {π4,11}ip for all constituencies i and all

parties p. Remember that these shifts are constituency-specific in that we allowed for random

coefficients (see Equation 2) As mentioned before, all events are exogenous to local conditions,

which are usually measured with standard macroeconomic variables. We are not trying to assess

which local characteristics explain electoral outcomes: what we want to investigate is whether

cultural incidents and terror events have independent explanatory power for electoral outcomes,

beyond other factors orthogonal to those events.

We observe a positive and significant relationship between shifts in similarity and electoral

outcomes for all parties combined. In this case, we run a single regression for all parties rather

than one for each party because the sample size would be too small. After the large differences

presented in Figure 4a and in Figure 5, where AfD appears to be the party with the strongest

upward shift, this should not be a surprise considering that AfD was the party with the largest

increase in vote share. Estimating this model party by party, however, we do not find a significant

correlation.18 Note however that, as already mentioned, the party by party regression suffers from

a low sample size. Although the relationship of Table 4 suffers from the aggregation of votes across

parties we emphasize that the coefficient is highly significant.

Although our events are exogenous to any local characteristic, one would still like to know

which local characteristics amplify or dampen similarity shifts at the time of events. As explained

before, identifying the right set of independent variables that could possibly be correlated with this

effect is not obvious. We have considered the set of structural variables identified by Franz et al.

(2018) to be appropriate to explain the rise of the AfD in Germany.19 Note that this set might
18Estimation results are available from the authors on request.
19According to these authors the chosen variables, such as the share of craftsmen firms and other demographic

and standard economic variables, are sufficient to represent the socio-economic and demographic conditions in a
typical German electoral constituencies.
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(a) Shifts in Similarity: AfD and SPD

(b) Within-party Shifts in Similarity: AfD

(c) Within-party Shifts in Similarity: SPD

Figure 4: Shifts in Similarity: AfD vs SPD

Notes: Subfigure 4a shows estimated coefficients πp
4,k (fixed component, see Equation 1) for parties AfD

and SPD. Confidence interval corresponds to the 95 percent significance level. Subfigures 4b and 4c show
point estimates of event specific shifts in intercept, similar to πp

4,kt in Equation 2, as part of the within-
party discontinuous growth model estimated for AfD and SPD. Within-party similarity is calculated on a
rolling weekly basis. Drawn confidence intervals are for the 90 percent significance level.
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(a) CDU

(b) CSU

(c) The Greens

(d) The Left

(e) FDP

Figure 5: Shifts in Similarity: other Parties

Notes: Estimated coefficients πp
4,k (fixed component, see Equation 1) for parties CDU, CSU, The Greens,

The Left, and FDP. Confidence interval corresponds to the 95 percent significance level.
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Table 4: Electoral Effect: Votes on Shifts in Similarity

∆Vote Share
Shifts in Similarity 0.0054***

(0.0001)
Constant 0.0033***

(0.001)
N 1350
R2 0.232

Notes: ∆Vote Share refers to the difference in electoral results between 2017 and 2013.
All standard errors are clustered on constituency level and calculated using bootstrapping.
Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

not be the optimal set for all parties. In any case, we do not find any of the considered variables

to be correlated with the size of reaction of events. Results are reported in Table E.4 in appendix

E.

Conclusions

The rise of far-right populist parties is at the core of political and scholarly debate in West-

ern democracies. In the European context, these parties are nationalist, protectionist, and often

culturally conservative. The observed combination, in their manifestos, of opposition to free circu-

lation of goods and people, along with rejection of multiculturalism and security concerns related

to immigration, has led political scientists and economists to try and disentangle economic and

cultural factors behind the populist vote.

In this paper we have exploited the exogenous timing of salient events of terrorism and crime

to look for an effect on peoples’ alignment with the values promoted by a right-wing populist

party. Using an allocation rule based on following patterns of local accounts to assign Twitter

users to geographic constituencies, and a deep learning model, we show that unexpected terrorist

attacks and a salient crime event move the language of peoples’ tweets closer to that of the German

right-wing party.

Our interpretation is that terrorist attacks and large-scale crimes attributed to immigrants

constitute shocks that dramatically increase the salience of cultural differences and elicit percep-

tions of threats and hostility from a different religion. To some degree, these concerns might have

always been present in the population but are sparked by the events we study, possibly moving the

political leaning of Twitter users towards the party which emphasized threats from immigration

and multiculturalism the most.

Our evidence suggests that terrorist attacks and other cultural incidents correlate with votes.

We find that following the occurrence of major terrorist or culturally charged events, the average

electoral constituency observes a significant and lasting shift in the language of its tweets towards
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the language of far-right AfD. The same constituencies shift away from the centrist left SPD and

the centrist CDU, the two main parties at the time in government. Moreover, we find some weak

but suggestive evidence that similarity increases for the far-left parties, indicating that terrorist

attacks may increase polarization following a sequence of events.

One should be cautious in interpreting our results as causal. Nonetheless, our evidence sug-

gests that party behaviors do not drive our findings, which are consistent with the channel we

hypothesize.

Overall, these findings advance our understanding of the roots of radical right support, stressing

the role of perceived cultural threats elicited by terrorist events and culturally salient crimes.

They also contribute to the literature on the effects of terrorism on public opinion and elections,

by showing that attacks have an effect on the support for parties promoting isolationism and

cultural conservatism. Moreover, they highlight a significant connection between online behavior

and political outcomes, confirming the relevance of social media text as a measure of attitudes.

They also show the potential of using information from individual accounts’ following patterns to

locate geographically social media users and exploit cross-sectional variation in their distribution

in empirical designs.

Our case-study is limited to a single country. However, given the concurrent surge of radical

right and terrorism in several Western democracies, we believe these results are relevant to other

geographical settings. Moreover, the combination of exogenous real world events and geo-referenced

social media data is a promising approach for other areas of social science. For instance, it might

be possible to study how people react online and offline, in the short and medium term, to crime

events happening in their proximity (Mobasseri 2019). Another possibility could be to bring the

study of online behavior in the aftermath of terrorist events to areas where different ethnic or

national groups co-exist and relate it to integration or discrimination outcomes. Exploring these

ideas further is an exciting avenue for future research.
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A Appendix: Tweets and Content

Parties’ Tweets

In the following we first provide the details on how wordclouds are created, and then present

the visualization between the two parties The Greens and AfD. To construct wordclouds we first

compute the following log-odds-ratio for each word20 w in the tweets of a party:

log orw = log

[
fi,w

1− fi,w

]
− log

[
fj,w

1− fj,w

]
where fi,w is the frequency of a word w in document i.21 This ratio identifies words which

are most likely to appear in a party’s tweets and at the same time least likely in another party’s

tweets, thus allowing us to identify what one party is most concerned about but the other one is

not. We then rank them from highest to lowest and categorize the resulting list. Some of these

words naturally occur mainly in one of the parties’ tweets but not in another: for instance the

names of politicians and party specific events, such as congresses and internal elections. Since we

are mainly interested in identifying the words with political relevance we manually categorize each

word, such that we know whether it is about a political topic or about something else, like the

name of a politician, the reference to an event or non-identifiable junk.

After obtaining a categorized list ordered by the ratio shown above, we focus on the words

with a political meaning with a minimum of three occurrences and create a “wordcloud” out of

them.22 Here, the size of a word reflects its frequency of occurrence in the respective document

among those words which are at the same time least likely to occur in the other document.

We already compared in Figure 2 in the main text two wordclouds for the AfD, computed before

and after July 2015. Here, Figure A.1 shows a comparison between the language of the right-wing

AfD and the one of the left party The Greens for all years in which we collect their tweets. The

picture for the AfD shows a mix of economic topics, mainly concerned with the European debt

crisis (ecb, euro_crisis, greek, monetary_policy). On the other hand, the picture for The Greens

shows the expected focus on environmental topics (factory_farming, plastic_waste, climate_goal)

mixed with traditional leftist topics (ttip_protest, refugees_welcome, female_quota).

Constituency Tweets: Racist Words and Votes

Besides analyzing the language of parties, we also analyzed the language used in constituencies.

Recall that we use the corpus of tweets containing hate speech provided by De Smedt et al. (2018)
20With the term ”word”, we actually mean a ”token” after pre-processing the tweets, as explained below in

appendix section B.
21We use the log normalization to make the odds-ratios symmetric across documents.
22All phrases and words in Figure A.1 and Figure 2 are translated from German into English.
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Figure A.1: Between Party Comparison: AfD vs The Greens

to manually extract a list of right-wing leaning or racist words, for which we then turn to the

constituencies to calculate the share of usage of these words (out of the total amount of words

used). Table A.1 presents the bivariate regression results using the difference in electoral results

between 2017 and 2013 for each party as a dependent variable and the share of racist words (out

of the total number of words) in a constituency as independent variable. We find that the share of

racist words is positively and significantly correlated with the change in votes for AfD. Furthermore,

we find no significant correlation with other parties except for the most left party (The Left), which

shows a negative significant correlation.

Table A.1: Racist Words and Votes

(1) (2) (3) (4) (5) (6) (7)
AfD CDU CSU The Greens FDP The Left SPD

Racist Words (Share) 5.75∗ -1.59 6.93 -0.48 -0.12 -3.32∗ -1.35
(2.48) (1.61) (14.79) (0.67) (0.79) (1.54) (1.01)

Constant 0.08∗∗∗ -0.08∗∗∗ -0.11∗∗∗ 0.00∗∗∗ 0.06∗∗∗ 0.01∗∗∗ -0.05∗∗∗
(0.00) (0.00) (0.01) (0.00) (0.00) (0.00) (0.00)

Observations 232 195 37 232 232 232 232
Notes: Dependent variable the difference in electoral results between 2017 and 2013. Racist words extracted
from the corpus of tweets provided by De Smedt et al. (2018). See also related discussion in the main text.
Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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B Appendix: Text Processing Details

As discussed in the main text, we compute similarity between the tweets of the parties and the

tweets of each constituency by transforming the two groups of tweets into vectors using doc2vec,

a deep learning model that we describe below. We then measure similarity as the cosine similarity

between the two vectors. Before proceeding with doc2vec, we pre-process tweets. In the following

paragraphs we provide details on these steps.

Text Preprocessing

Text pre-processing is necessary to reduce the computational time necessary to run the doc2vec

model. Computational time is more than directly proportional to vocabulary size, namely the

number of words in our corpus of tweets. With pre-processing we reduce the number of words,

and hence computational time, without losing relevant information. We follow standard proce-

dures in text pre-processing with different libraries in Python. First we lower-case all words and

tokenize the text, i.e., we break streams of text into single words, called “tokens”. We do this using

“word_tokenize” from the Python module NLTK. Next, we eliminate punctuation and stopwords,

namely words that recur very frequently in our corpus and have little meaning. The dictionary of

stopwords we use is the one in NLTK. We also remove all tokens that consist of non-alphanumeric

characters only, and remove emoticons, links, @, and # symbols. Then, we perform “stemming”,

which implies conflating the variant forms of a word into a common representation, the stem. For

instance, the words “ate” and “eating” are both reduced to the common stem “eat”. Stemming

relies on existing dictionaries: we use the German Stemmer in the Python module “gensim”. Fi-

nally, we perform collocations, namely, we identify combinations of two words that have a higher

probability of occurring together than separately. For instance, the tokens “angela” and “merkel”

have higher chances of co-occuring as the bigram “angela merkel” than separately. In this case,

collocations transform the two separate tokens into just one: “angela_merkel”. We used Bigram-

CollocationFinder in NLTK. We then use the pre-processed tweets to train the doc2vec model.

doc2vec

After pre-processing our tweets, we create two “documents”, each at daily frequency: a party- and

a constituency- document. The party document is the text of all the tweets the party posted on a

certain day. A constituency document is the text of all the tweets that all the users in our sample

located in a given constituency posted on a certain day. Since we have 752 days in our observation

period (from September 4th 2015 to September 24th, 2017,23 we end up with 752 documents for
23As stated in the main text, July 2015 marked a turning point in the history of the AfD. We leave two months

between the change in leadership of the AfD and the starting point of our analysis, but we emphasize that the
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each party and 752 documents for each constituency in our sample.24

We use doc2vec (Le et al. 2014), an unsupervised deep learning algorithm that learns how to

represent each document with a unique vector, and which is a generalization of Word2Vec. In order

to understand doc2vec it is necessary to first understand howWord2Vec works. Word2Vec (Mikolov

et al. 2013) is an unsupervised deep learning algorithm that learns how to represent each word as

a vector, depending on the surrounding (context) words. It takes as input a large vocabulary of

words, trains a neural network language model with a single hidden layer, and produces a vector

space, where each word is represented as a vector in this space. Word vectors, also called word

embeddings, are positioned in the vector space such that words with similar semantic meaning are

located in close proximity to one another. The model is trained using stochastic gradient descent

with back propagation. When the algorithm converges, it represents words as word embeddings,

namely meaningful real-valued vectors of configurable dimension (usually, 300 dimensions).

doc2vec (Le et al. 2014) is an extension of Word2Vec which learns to represent not just individ-

ual words, but entire documents. By treating each document as a word token, the same Word2Vec

methodology is used to learn document embeddings (Bhatia et al. 2016). As in Word2Vec, training

happens through back propagation through several iterations. Each iteration of the algorithm is

called an “epoch”, and its purpose is to increase the quality of the output vectors. This type of

document embedding allows to represent texts as dense fixed-length feature vectors, taking into

account their semantic and syntactic structure.

We use the Distributed Bag of Words (DBOW) model and a freely available implementation

of the doc2vec algorithm included in the gensim Python module, whose implementation requires

the following hyperparameters:

• Size: the dimensionality of the vector representing the document. We set it to 300.

• Window size: The maximum distance between the current and predicted word within a

sentence. We set it to 15.

• Epochs: Number of iterations over the corpus to train the algorithm. We set it to 300.

• Min_count: Ignores all words with total frequency lower than this. We set it to 20.

• Sub-sampling: The threshold for configuring which higher-frequency words are randomly

down-sampled: useful range is (0, 10−5). We set it to 10−3.

• Negative: The number of “noise words” that should be drawn. We set it to 5.

With the resulting measures, we compute the cosine similarity described in the main text.
empirical method chosen is not sensitive to the exact day. More importantly, we choose this day as it represents
a major peak of events during the 2015 refugee crisis with the German government opening borders for refugees
coming from Hungary.

24752 is the maximum possible amount for a constituency whose users posted tweets every single day.
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C Appendix: Validation

In order to control whether the computed similarity is indeed a valid measurement for how close

public opinion is to the various parties, in this section we perform three validation experiments.

These experiments first perform a basic but intuitive check by comparing the performance of

doc2vec in assessing how close two documents of texts are, with the assessment by a human reader.

Next, we focus on parties and assess whether the results produced by the doc2vec algorithm match

common priors about the use of language by different parties. We use the corpus of German tweets

discussed above containing racist rhetoric and find that the AfD is indeed the party using language

closest to it. Finally, we focus on the German public and use public opinion and electoral data

and observe that they also are correlated with our measure of similarity.

Human Reader

Tweets of German parties and constituencies from four different days were assessed by a native

German who first read both the tweets within a constituency and the corresponding party tweet

on a given day and then judged between high or low similarity. The answers confirm the high and

low text similarity computed by the doc2vec algorithm.25 This validation is only on a basic level,

and is no proof of a valid similarity, but it presents a first transparent way to assess the quality of

our measurement.

Racist Tweets

The corpus of German tweets by far-right supporters discussed in the main text offers another

possibility to validate the doc2vec performance. Given that many tweets inside the corpus contain

violent (and possibly illegal) rhetoric, often with clear references to the Third Reich, we would

not expect a very close alignment with any of the official national Twitter accounts of German

parties, independent of their ideology. Nevertheless, given that many of the tweets contained in

this corpus also use what one can consider current right-wing rhetoric, we would expect at least

a closer alignment of the tweets with the language of a right-wing party than with the one of a

left-wing party.26 Observing the opposite would raise serious doubts on the effectiveness of doc2vec

when applied to public opinion.

We calculate the weekly similarity between the language used by an official party account and

the corpus of right-wing tweets. Here we move from a daily to weekly level for two reasons. First,
25Tweets and similarities available from the authors on request.
26In order to emphasize this point, consider the following examples. While Islamisierung (islamization), norefugees,

and Überfremdung (foreign domination) are common phrases of right-wing party rhetoric and can also be found many
times within the corpus of racist tweets, more extreme language, such as NS jetzt (national socialism now), Waffen
SS or Menschenmüll (human trash), cannot be found in the official language used on Twitter by any main party
account.
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Figure C.1: Similarity to Racist Tweets

Notes: Bars show the mean similarity between the corpus of racist tweets and the language of different
parties for the specified time periods. Similarity is calculated at the weekly level. Intervals represent the
95 percent confidence interval of a t-test for the null hypothesis of a respective mean being equal to zero.

as this is not an event study, we are less restricted to calculate the similarity on specific days.

Second and more importantly, since we are not estimating an econometric model which requires

a considerable amount of data even for subsets of periods, the reduction of the sample size when

switching from daily to weekly is not as problematic as it would be at a later stage when we require

as many observations between events as possible. What we gain by moving to the weekly level are

units representing larger bodies of text, compared to the daily level, which is helpful when focusing

only on single accounts.

After obtaining the similarity between the parties and racist tweets, we perform a mean com-

parison for different sub-periods. The result, together with the 95 percent confidence interval of

a t-test for the null hypothesis of a mean being equal to zero, is visualized in Figure C.1. Two

observations are noteworthy. First, the mean similarity of the AfD to racist tweets is the highest

in all of the sub-periods considered. At first glance the mean itself might not appear to be very

high. However, as we said, this corpus of racist tweets partially includes much more extreme lan-

guage than can be attributed to any official party account, including the AfD. Second, the mean

of several parties seems to be increasing if we narrow the time window towards the 2017 election

day, probably in an effort to mobilize the supporters closer to the election. But, as expected, this

increase is largest for the AfD. In conclusions, this analysis seems to support the validity of our

doc2vec model, whose results are consistent with common expectations.

Votes and Polls

To further control the validity of the results of our doc2vec model, we compute the correlation

between our measure of similarity and a) the results of the 2017 federal election at constituency
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level, and b) poll data provided by Infratest Dimap (2018) at state level.

For the election outcomes, we merge the tweets posted in the 30 days before the election within

electoral constituencies and then apply the doc2vec algorithm. We repeat this 15 days before the

election as a robustness check. The reason for merging texts over 30 days is to produce a sufficient

amount of text for both parties and constituencies as not all parties posted tweets in the days

immediately before the election. For the analysis of poll data, since poll surveys are conducted at

state level, we merge the tweets of all the constituencies in a given state on the day of the poll.

We then perform two regression analyses: one with the change in vote share from 2013 to 2017

for all parties as the dependent variable, and one with the poll results as the dependent variable.27

In both cases, we regress the dependent variables on the measured similarity. We cluster standard

errors on the lowest aggregate for the units of observation, i.e. electoral constituency level or state

level, respectively. For the regression on poll results in levels we include party fixed effects to

control for variations in levels of party support. Results are presented in Table ??. We observe

a positive correlation in all analyses. This analysis offers further support for the fact that our

computed similarity captures the public mood across states and electoral borders.

27Each observation is party-constituency (in case change in vote share is the electoral outcome as dependent
variable) or party-state-date (in case the poll results at state level on a given day is the dependent variable).
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D Appendix: Discontinuous Growth Model

Variables considered include:

1. Time: The first variable represents the linear time trend found in a typical growth model.

2. Time2: Similar to before with a quadratic time trend.

3. E: Event specific change in intercept variable coded 0 prior to the event and 1 after the

event, until the next event occurrs.

4. Reset: Event specific change in slope variable coded 0 at the period of which the event first

occurs and increases with each subsequent period until the next event.

5. Reset2: Similar to before with a quadratic change variable.

For analyzing multiple events, we simply introduce multiple variables for events and changes. The

following table offers an overview on the coding of variables:

Table D.1: Coding of Time Variables - Multiple Events

Time T ime2 E1 E2 Reset1 Reset21 Reset2 Reset22
0 0 0 0 0 0 0 0
1 1 0 0 0 0 0 0
2 4 0 0 0 0 0 0
3 9 0 0 0 0 0 0
4 16 0 0 0 0 0 0
5 25 1 0 0 0 0 0
6 36 1 0 1 1 0 0
7 49 1 0 2 4 0 0
8 64 1 0 3 9 0 0
9 81 1 0 4 16 0 0
10 100 0 1 0 0 0 0
11 121 0 1 0 0 1 1
12 144 0 1 0 0 2 4
13 169 0 1 0 0 3 9
14 196 0 1 0 0 4 16

Notes: the first event occurs in period 5, the second event in period 10.
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E Appendix: Results

The following tables complement the choice of the functional form of the discontinuous growth

model (DGM) introduced in equation 1 in the main text, as well as results visualized and discussed

in the main text.

Table E.1 shows the results of likelihood ratio tests for the null hypothesis of having a better

fit by only including a linear time trend into the discontinuous growth models for each party,

compared to the alternative of adding also a quadratic term (no event variables included). As one

can see, the null hypothesis is rejected in all cases at the 90 percent significance level, and for most

cases even at the 99 percent significance level. We thus include the quadratic time trend in the

DGM for all parties.

Table E.2 shows the full list of estimated coefficients for the DGM for each party.

Table E.3 shows the estimated coefficients for the within-party discontinous growth models for

AfD and SPD, visualized in Figure 4b and Figure 4c in the main text.

Finally, Table E.4 shows an investigation at the potential determinants of the heterogeneity in

estimated random coefficients of the main DGM. The explanatory variables used corresponds to a

set used by Franz et al. (2018) to explain the electoral success of the AfD after the 2017 general

election. Notice that the optimal set of explanatory variables may vary across parties, but for the

sake of comparison we used the same explanatory variables in each regression.28 As discussed in

the main text, we do not find any significant relationship of these variables with the magnitude of

the estimated random coefficients.

Table E.1: Likelihood Ratio Test Results: Linear vs Quadratic Time Trend

Party Likelihood Ratio Test Statistic p-Value
AfD 804.49 <0.01
CDU 498.4 <0.01
CSU 3.53 0.06
FDP 35.31 <0.01
SPD 56.46 <0.01
The Greens 238.91 <0.01
The Left 3.8 0.05

Notes: Test results refer to a likelihood ratio test for the null hypothesis of a better
fit using only a linear time trend in equation 1 versus the alternative of adding a
quadratic term.

28Notice that the only variation in the set of explanatory variables is caused by the CSU not existing in the eastern
part of Germany, hence the East indicator is excluded.
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Table E.2: Discontinuous Growth Model Results

AfD CDU CSU FDP SPD Die Grünen Die Linke
T ime 0.000162 -0.000167 -0.000045 -0.000728 -0.001486 0.000635 -0.000112

(0.000162) (0.000202) (0.000413) (0.000168) (0.000172) (0.00018) (0.000176)
Time2 -0.000017 0.000004 -0.000004 0.000009 0.000018 -0.000005 -0.000004

(0.000003) (0.000003) (0.000006) (0.000002) (0.000002) (0.000003) (0.000002)
Event1 -0.189247 -0.129345 0.015701 0.021558 0.011961 -0.020903 -0.015322

(0.004845) (0.005022) (0.010167) (0.004344) (0.004335) (0.004444) (0.004471)
Event2 0.200175 -0.036653 0.057938 -0.071380 -0.096568 -0.003214 0.063682

(0.02006) (0.020331) (0.041784) (0.016965) (0.017397) (0.018158) (0.01783)
Event3 0.544628 -0.112478 0.159906 -0.226074 -0.444399 0.056927 0.184817

(0.075778) (0.076877) (0.157436) (0.063891) (0.065531) (0.068506) (0.067287)
Event4 1.562022 -0.341091 0.378014 -0.692040 -1.346701 0.216244 0.405169

(0.216935) (0.220024) (0.450713) (0.182825) (0.187531) (0.196067) (0.192563)
Event5 3.708360 -0.848453 0.878455 -1.653869 -3.355275 0.757909 0.865480

(0.532385) (0.539952) (1.106049) (0.448664) (0.460201) (0.481154) (0.472556)
Event6 5.342222 -1.287784 1.309918 -2.423489 -4.924571 1.183823 1.266131

(0.783078) (0.794209) (1.626826) (0.659925) (0.676899) (0.70772) (0.695069)
Event7 5.910504 -1.458576 1.418320 -2.714236 -5.518408 1.402249 1.394901

(0.871105) (0.883488) (1.809691) (0.734108) (0.752989) (0.787277) (0.773203)
Event8 6.551063 -1.573876 1.607238 -3.017193 -6.214220 1.592895 1.524770

(0.973689) (0.987529) (2.022825) (0.820559) (0.841664) (0.879989) (0.864259)
Event9 6.838220 -1.648281 1.637697 -3.158834 -6.427453 1.651038 1.585600

(1.013608) (1.028016) (2.105733) (0.854199) (0.87617) (0.916066) (0.89969)
Event10 8.520463 -2.077992 2.043185 -3.993783 -8.144979 2.098190 1.941026

(1.277603) (1.295765) (2.654166) (1.076676) (1.104369) (1.154656) (1.134016)
Event11 9.271648 -2.275450 2.205123 -4.376816 -8.913970 2.279909 2.085836

(1.393324) (1.413131) (2.89458) (1.174198) (1.2044) (1.259241) (1.236731)
Reset1 0.005987 0.007958 -0.000962 -0.002376 -0.001407 0.001379 0.005159

(0.000399) (0.000403) (0.000822) (0.00034) (0.000348) (0.000363) (0.000357)
Reset2 0.003423 -0.001546 -0.000230 -0.001468 -0.002579 -0.001858 0.002149

(0.000501) (0.000508) (0.00104) (0.000423) (0.000434) (0.000453) (0.000445)
Reset3 0.003900 -0.001966 0.000731 -0.003271 -0.005860 0.000059 0.001799

(0.000929) (0.000942) (0.001929) (0.000783) (0.000803) (0.000839) (0.000824)
Reset4 0.010313 -0.002966 0.002050 -0.004997 -0.009774 0.003660 0.002236

(0.001559) (0.001581) (0.003239) (0.001314) (0.001348) (0.001409) (0.001384)
Reset5 0.015091 -0.005741 0.003973 -0.007199 -0.015145 0.006581 0.004189

(0.002446) (0.002481) (0.005082) (0.002062) (0.002115) (0.002211) (0.002172)
Reset6 0.009788 -0.001701 -0.001753 -0.011162 -0.022279 0.013456 -0.000715

(0.003046) (0.00309) (0.006325) (0.002569) (0.002634) (0.002754) (0.002705)
Reset7 0.017480 0.005051 0.004213 -0.010489 -0.019457 0.005741 -0.002691

(0.003181) (0.003227) (0.006608) (0.002682) (0.00275) (0.002875) (0.002824)
Reset8 0.020356 -0.011072 -0.010721 -0.023624 0.010850 0.003069 0.001502

(0.004246) (0.004309) (0.008804) (0.003578) (0.00367) (0.003837) (0.003769)
Reset9 0.020822 -0.006735 0.004702 -0.010330 -0.022390 0.004238 0.004026

(0.003367) (0.003415) (0.006994) (0.002837) (0.00291) (0.003043) (0.002989)
Reset10 0.025338 -0.007092 0.003990 -0.013295 -0.026298 0.004987 0.004520

(0.003839) (0.003894) (0.007981) (0.003237) (0.003319) (0.00347) (0.003409)
Reset11 0.016572 -0.020155 -0.001945 -0.038249 -0.021849 0.006977 0.007718

(0.005272) (0.005353) (0.010917) (0.004443) (0.004557) (0.004765) (0.00468)
Reset21 0.000072 -0.000228 0.000047 0.000026 -0.000024 -0.000013 -0.000076

(0.000007) (0.000007) (0.000015) (0.000006) (0.000006) (0.000007) (0.000007)
Reset22 0.000015 0.000012 0.000015 -0.000005 -0.000019 0.000034 -0.000014

(0.000003) (0.000003) (0.000007) (0.000003) (0.000003) (0.000003) (0.000003)
Reset23 0.000054 -0.000001 0.000011 -0.000005 -0.000017 0.000016 -0.000003

(0.000003) (0.000003) (0.000006) (0.000002) (0.000003) (0.000003) (0.000003)
Reset24 0.000019 -0.000003 0.000007 -0.000006 -0.000018 -0.000002 0.000004

(0.000003) (0.000003) (0.000006) (0.000002) (0.000002) (0.000003) (0.000002)
Reset25 0.000025 0.000013 0.000004 -0.000014 -0.000025 -0.000015 -0.000003

(0.000003) (0.000003) (0.000007) (0.000003) (0.000003) (0.000003) (0.000003)
Reset26 0.000407 -0.000224 0.000229 0.000047 0.000061 -0.000229 0.000161

(0.000026) (0.000026) (0.000053) (0.000022) (0.000022) (0.000023) (0.000023)
Reset27 0.000095 -0.000452 -0.000004 0.000014 -0.000074 0.000003 0.000228

(0.00002) (0.00002) (0.000041) (0.000017) (0.000017) (0.000018) (0.000018)
Reset28 0.000340 0.000600 0.001190 0.001004 -0.004121 0.000181 0.000086

(0.000235) (0.000238) (0.000484) (0.000198) (0.000203) (0.000212) (0.000208)
Reset29 0.000026 0.000018 0.000008 -0.000019 -0.000011 0.000029 0.000011

(0.000004) (0.000004) (0.000008) (0.000003) (0.000003) (0.000003) (0.000003)
Reset210 -0.000037 0.000005 0.000025 0.000016 0.000026 0.000082 0.000008

(0.000024) (0.000024) (0.000049) (0.00002) (0.00002) (0.000021) (0.000021)
Reset211 0.001113 0.001619 0.000146 0.002983 -0.000315 -0.000228 -0.000078

(0.000375) (0.000381) (0.000769) (0.000316) (0.000324) (0.000339) (0.000333)
2016(Indic.) 0.018118 -0.009527 0.021905 0.010483 -0.003011 0.039279 -0.000680

(0.004465) (0.004531) (0.00924) (0.003763) (0.003859) (0.004035) (0.003963)
Constant 0.339842 0.308457 0.342375 0.341581 0.341538 0.313380 0.315620

(0.004247) (0.004678) (0.00966) (0.004395) (0.004294) (0.004389) (0.004242)

Notes: Maximum likelihood estimation results for the discontinuous growth models for all parties,
corresponding to the visualizations in Figure 4a and 5 in the main part of this work. All estimates refer
to the fixed component (see Equation 1). Standard errors in parentheses.
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Table E.3: Within Party Discontinuous Growth Model Results

AfD SPD
T ime 0.0004 0.1392

(0.1109) (0.0764)
Time2 -0.0005 -0.0160

(0.012) (0.0083)
Event1 -0.0418 0.2072

(0.2675) (0.1767)
Event2 0.0682 2.0552

(0.7055) (1.0742)
Event3 0.1759 8.7424

(1.5794) (4.5511)
Event4 0.1690 25.0055

(3.6542) (12.9016)
Event5 0.7395 62.6707

(15.9836) (32.3396)
Event6 1.2022 94.8064

(27.0927) (48.4635)
Event7 1.4875 104.0130

(31.8545) (53.6669)
Event8 2.6329 117.2648

(38.3479) (60.5441)
Event9 2.7083 120.3558

(39.7186) (61.9692)
Event10 3.3465 152.4504

(56.3852) (78.7396)
Event11 3.6832 165.4034

(63.1671) (85.335)
Reset1 0.0022 0.1654

(0.4125) (0.1058)
Reset2 -0.1088 0.3764

(0.3044) (0.1953)
Reset3 -0.0604 0.7611

(0.3078) (0.3904)
Reset4 0.0237 1.2772

(0.4223) (0.6549)
Reset5 0.0556 1.9982

(0.8837) (1.0366)
Reset6 0.1266 1.5474

(1.1684) (1.2789)
Reset7 0.8230 2.4962

(1.2509) (1.3395)
Reset9 -0.0051 2.6525

(1.3842) (1.434)
Reset10 -0.0155 3.2267

(1.6656) (1.6245)
Reset11 0.0128 3.2459

(1.7438) (1.6821)
Reset21 0.0422 0.0140

(0.1913) (0.0144)
Reset22 0.0393 0.0148

(0.0789) (0.0089)
Reset23 0.0096 0.0167

(0.0282) (0.0084)
Reset24 0.0004 0.0156

(0.0121) (0.0083)
Reset25 -0.0013 0.0172

(0.0145) (0.0087)
Reset26 -0.0273 0.2277

(0.0789) (0.0543)
Reset27 -0.1432 0.0397

(0.0434) (0.0299)
Reset29 0.0068 0.0262

(0.0131) (0.0091)
Reset210 0.0289 -0.0142

(0.0789) (0.0543)
Reset211 0.0012 0.0161

(0.012) (0.0083)
2016(Indic.) -0.0013 0.0119

(0.2509) (0.1102)
Constant 0.0094 -0.1426

(0.2174) (0.1498)

Notes: Maximum likelihood estimation results for the within party discontinuous
growth models for AfD and SPD, corresponding to the visualizations in Figure 4b
and 4c in the main part of this work. All estimates refer to the fixed component (see
Equation 1). Standard errors in parentheses.
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