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Abstract
Short-form video platforms like TikTok reshape how politicians communicate and
have become important tools for electoral campaigning. Yet it remains unclear what
kinds of political messages gain traction in these fast-paced, algorithmically curated
environments, which are particularly popular among younger audiences. In this study,
we use computational content analysis to analyze a comprehensive dataset of N =
25,292 TikTok videos posted by German politicians in the run-up to the 2025 German
federal election. Our empirical analysis shows that videos expressing negative
emotions (e.g., anger, disgust) and outgroup animosity were significantly more likely
to generate engagement than those emphasizing positive emotion, relatability, or
identity. Furthermore, ideologically extreme parties (on both sides of the political
spectrum) were both more likely to post this type of content and more successful in
generating engagement than centrist parties. Taken together, these findings suggest
that divisive political communication tends to receive higher engagement than
unifying messages on TikTok, thereby potentially benefiting extreme actors who are
more inclined to capitalize on this logic.
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1 Introduction
Short-form video platforms like TikTok have rapidly become central to electoral cam-
paigning, particularly among younger audiences who consume political information in
new formats [1, 2]. Unlike traditionally text-focused platforms such as X/Twitter or Face-
book, TikTok emphasizes visual storytelling, short-form video, and trend-based interac-
tion [3]. Its algorithmically curated, highly personalized content feed allows political mes-
sages to circulate well beyond a politician’s follower base, increasing the likelihood of visi-
bility and engagement [4–6]. For example, in Germany, TikTok counts almost 20.9 million
users as of 2024 (~35% of all adults [7]), with a particularly high uptake among younger
demographics (~55% of users are under the age of 30 [8]). This makes TikTok a crucial
channel for reaching first-time voters and politically less-engaged audiences who are less
likely to consume traditional news media [1, 2, 9].
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As platforms like TikTok gain political relevance, online political communication has
become highly strategic. Politicians have strong incentives to actively craft content that
shapes public narratives, mobilizes support, and maximizes engagement in a highly com-
petitive attention economy [10, 11]. To achieve this, politicians can draw on a wide reper-
toire of rhetorical tools [12–15]. Examples include variation in sentiment (e.g., optimistic
vs. pessimistic messages), the use of discrete emotions (e.g., fear to signal threat), and
different forms of group-oriented messaging, which can either foster belonging through
identity-based appeals [16, 17], or heighten division by targeting outgroups [18, 19]. Such
strategies may help politicians to resonate with specific voter segments, reinforce in-group
loyalty, and signal alignment on salient issues [20, 21]. Yet, despite the variety of available
strategies, it remains largely unclear which types of political content are actually rewarded
by users and platform algorithms on short-form video platforms like TikTok.

Prior research on online political communication has largely focused on primarily text-
based social media platforms (e.g., X/Twitter, Facebook) and the political context of the
U. S. For instance, affective content – particularly negative sentiment and emotions such
as anger – has been shown to be associated with higher user engagement (e.g., shares,
likes) [9, 19, 22–24]. Similarly, the use of outgroup language (i.e., expressing hostility to-
ward political opponents) has been found to increase user engagement [6, 18, 19, 24].
However, it is largely unclear to what extent these findings translate to short-form video
platforms like TikTok, which operate under high levels of algorithmic curation [25], differ-
ent demographics [26], and audio-visual storytelling [27]. Despite TikTok’s growing role
in political campaigning, especially among younger voters [28], research on the platform
is scant. The few existing studies in this direction have primarily focused on exploratory
analyses of metadata (e.g., engagement or follower data [29–31]) or small-scale content
analyses based on manually labeled samples [28, 32–35]. For instance, existing work sug-
gests that political actors on TikTok frequently attempt to denigrate political opponents
[34] or foster partisanship [31]. Yet, systematic empirical evidence on what content drives
engagement in political communication on short-form video platforms is missing.

Here, we analyzed a comprehensive dataset consisting of N = 25,292 TikTok videos
posted by German politicians, political parties, and parliamentary groups in the run-up
to the 2025 German federal election. This snap election followed a turbulent political pe-
riod in Germany marked by the collapse of the previous center-left coalition in late 2024,
and resulted in historic gains for far-right and far-left parties – especially among young
demographics [36]. We implemented (and manually validated) a computational content
analysis approach based on large language models (LLMs) to code each video for a wide
range of content features, including Sentiment (i.e., positive, neutral, or negative), discrete
emotions (e.g., Anger, Fear), and group-oriented messaging such as Identity Language,
Relatability, and Outgroup Animosity. We then estimated multilevel regression models to
assess which content characteristics were associated with higher levels of engagement on
TikTok.

Our study contributes to research and ongoing debates about the electoral incentive dy-
namics in political communication on short-form video platforms. We demonstrated that
videos featuring divisive rhetoric, especially those conveying Negative Sentiment, Anger,
Disgust, or Outgroup Animosity, attract higher levels of engagement on TikTok. In con-
trast, content embedding Positive Sentiment, Relatability, or Identity Language performs
significantly worse. Furthermore, we found that extreme parties (on both sides of the po-
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litical spectrum) were both more likely to post divisive content and more successful in
generating engagement compared to their centrist counterparts. Our findings have im-
portant implications for democratic discourse, the strategic incentives that shape political
communication, and how young voters encounter politics in the video-first age.

2 Background
This section reviews two strands of literature that inform our analysis. First, we review re-
search on affective polarization and populist communication, highlighting how emotions
and out-group rhetoric shape contemporary political conflict online. Second, we review
prior work on drivers of engagement in political communication on social media.

2.1 Affective polarization and populist communication
Political polarization refers to the extent to which people are divided in their attitudes,
identities, and evaluations of opposing groups [37]. Prior work distinguishes affective po-
larization from ideological polarization, emphasizing that while ideological polarization
concerns differences between policy positions and issue preferences, affective polarization
is rooted in emotion and group identity that extend beyond party affiliation per se [38–40].
These two forms of polarization are related rather than independent. When political ac-
tors hold similar ideological positions, they tend to be evaluated more similarly, whereas
greater ideological distance is associated with increasingly polarized affective judgments
[41, 42]. Affective polarization is particularly salient on social media, where political in-
teraction is shaped by platform affordances and selective visibility of content [43, 44].

Affective polarization highlights the role of both emotions and group identity in polit-
ical conflict. First, emotions shape how political conflict is expressed online, influencing
how topics are perceived and evaluated and how information and events are processed
[40, 45, 46]. Second, group identity structures the direction of these emotional responses.
Interactions among in-group members tend to be more positive, whereas communication
directed toward out-group members is more negative [19, 47, 48]. Selective exposure and
interaction with like-minded others can further reinforce shared preferences and emo-
tional orientations over time, contributing to increasingly homogeneous group behavior
[18].

Affective polarization is often leveraged by populist communication, which frames pol-
itics as a moral struggle between a virtuous in-group, often described as ‘the people’, and
the negatively portrayed out-group [49, 50]. In many contexts, the primary out-group is
‘the elite’, and parties outside government are generally more inclined to employ anti-elitist
rhetoric given their institutional incentives to criticize those in power [51, 52]. The polit-
ical elite invoked in populist discourse can take various forms, including political actors,
economic elites, multinational corporations, media organizations, or additional groups
defined along cultural or national lines [53–55]. In populist communication, emotions and
negativity in particular serve as a central stylistic resource that links affective polarization
to political messaging. By combining emotionally charged language with group-based dis-
tinctions, populist rhetoric translates affective divisions into simplified antagonistic nar-
ratives that are well suited to social media environments [52, 56, 57]. From this perspec-
tive, out-group animosity and emotional expression are not incidental features of populist
communication but core mechanisms through which affective polarization is articulated
in online political discourse.
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2.2 Drivers of engagement on social media
Political communication on social media is shaped by strategic considerations related to
visibility and user engagement. Unlike traditional news media, social media platforms al-
low political actors to communicate directly with voters, monitor audience reactions in
real time, and adapt their messaging accordingly, creating feedback loops between com-
munication and engagement [58–60]. User engagement, in turn, increases the visibility
and diffusion of political content and has been linked to political mobilization, including
higher voter turnout [61–63].

Prior research analyzing drivers of engagement in online political communication has
largely focused on primarily text-based social media platforms (e.g., X/Twitter, Facebook)
and has been predominantly centered on the U. S. context. Across these settings, research
has shown that sentiment and emotions play a key role in shaping engagement on social
media [23, 45, 64, 65]. While positive campaign messages can increase name recognition
and highlight personal strengths [66–69], negative communication strategies, such as at-
tacks on political opponents, tend to attract greater attention by eliciting arousing negative
emotions [22, 70, 71]. Consistent with this pattern, negative messages are more likely to
be shared on platforms such as Facebook and X/Twitter [65, 72], particularly when origi-
nating from political actors [73, 74].

Beyond emotional tone, engagement on social media is also shaped by the extent
to which political communication activates shared social identities [46]. Identity-based
rhetoric, such as the use of collective pronouns like ‘we’ and ‘us,’ frames political mes-
sages as signals of in-group belonging and inclusion [16]. Such cues have been shown to
increase likes and reposts on X/Twitter as well as shares and likes on Facebook [17, 75].
In a similar vein, communication that emphasizes relatability, for example by highlighting
ordinariness or personal experiences, reduces perceived social distance between political
actors and their audiences [76, 77]. This perceived closeness fosters trust and identifica-
tion, and plays an important role in shaping engagement [78–80]. At the same time, social
media can sharpen boundaries between in-groups and out-groups, and content express-
ing hostility toward out-groups tends to receive higher levels of sharing on platforms such
as X/Twitter and Facebook [19, 44].

Only a few studies have analyzed political communication on TikTok. These works
suggest that political actors strategically leverage platform affordances, such as algorith-
mic recommendation systems and short-video formats, often adopting more emotionally
charged and polarizing communication styles associated with higher engagement [28, 81].
An empirical study of right-wing political communication on TikTok in Germany shows
that the content of such actors often centers on anti-elite narratives and issues framed as
concerns of “ordinary people,” such as inflation or war [82]. More explicitly identity-based
content (e.g., narratives targeting migrants or political opponents), while less prevalent
overall, tends to receive comparatively higher levels of engagement and visibility [82].

Research gap: Existing research on engagement in political communication has largely
focused on text-based social media platforms such as X/Twitter and Facebook. However,
large-scale empirical evidence on what content characteristics are associated with engage-
ment on short-form video platforms such as TikTok is scant, particularly outside the U. S.
political context. In this study, we use computational content analysis to examine how
a wide range of content characteristics (i.e., sentiment, discrete emotions, and group-
oriented messaging) are associated with user engagement on TikTok during the 2025 Ger-
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man federal election. By doing so, our findings inform debates about political discourse,
the strategic incentives shaping political communication, and how younger audiences en-
counter political content in the video-first age.

3 Methods
3.1 Data collection
To systematically identify relevant TikTok accounts, we used a precompiled dataset moni-
toring the social media activities of German politicians and parties [83]. We filtered the list
to include all active TikTok accounts belonging to German politicians who held office dur-
ing our observation period in the national parliament, state parliaments, or the European
Parliament. Additionally, we included active accounts of major political parties, defined as
those represented in the most recent German national parliament (i.e., CDU/CSU, SPD,
Die Grüne, Die Linke, FDP, AfD). The final dataset included a total of 727 active TikTok
accounts. To ensure accuracy and validity, we manually verified a random sample of 10%
of the accounts and confirmed that all belonged to the indicated political figures.

Using the TikTok Research API [84], we then collected all videos posted by these ac-
counts in the period from May 1, 2024, until the federal election day on February 23, 2025.
To avoid capturing post-election content, we ended data collection at 6 pm on election
day, when polls officially closed. For each video, we retrieved video metadata, including
the video IDs, video length, username, hashtags, video description, automatic transcrip-
tions, as well as engagement metrics, namely, the number of likes, comments, shares, and
views. This procedure yielded a final collection of 25,292 TikTok videos. We downloaded
the corresponding video files using a custom crawler script based on yt-dlp [85].

To analyze the video content, we used Whisper, an open-source automatic speech
recognition system, to transcribe the audio content of the video files [86, 87]. The resulting
transcripts were then used to extract various content features (see next section). In addi-
tion, we measured three key structural characteristics of each video: (i) video Duration
(in seconds), (ii) Language Complexity, measured using the Gunning-Fog index [88, 89],
and (iii) speaking Pace, calculated as the number of words divided by the video’s duration
[90, 91].

3.2 Content annotation
The video transcripts served as the basis for extracting various content features. Specifi-
cally, we annotated each transcript for the Sentiment [22, 92], discrete Emotions [22, 92],
and three group-oriented messaging variables: Identity Language [75, 93], Outgroup Ani-
mosity [24, 94], and Relatability [79, 80]. All annotation procedures followed best practices
in natural language processing for behavioral science [92].

Sentiment: We used the model tabularisai/multilingual-sentiment-analysis to classify
each sentence in the transcripts into one of five sentiment categories: ‘very negative’ (as-
signed a score of –2), ‘negative’ (–1), ‘neutral’ (0), ‘positive’ (1) or ‘very positive’ (2). To cal-
culate a video-level sentiment score, we computed the arithmetic mean of the sentence-
level scores. For better interpretability and to enable comparison with other categorical
content features, we transformed the resulting scores into a categorical variable. Specifi-
cally, we coded videos as ‘negative’ (mean below –0.5), ‘neutral’ (mean between –0.5 and
0.5), or ‘positive’ (mean greater than 0.5). As a robustness check, we also repeated our
analysis with continuous sentiment scores. Here, we found consistent results (see SI, Sup-
plement E).



Solovev et al. EPJ Data Science           (2026) 15:29 Page 6 of 18

Discrete emotions: For emotion extraction, we employed an updated version of the
model by [95], namely tweedmann/pol_emo_mDeBERTa2. This model is fine-tuned to
predict the probability of eight discrete emotions: Anger, Disgust, Enthusiasm, Fear, Hope,
Joy, Pride, and Sadness in political German-language text. Each sentence was assigned a
probability for each emotion, and emotions were considered present if their probability
exceeded a threshold of 0.65 [95]. At the video level, an emotion was considered present
(= 1) if it appeared in at least one sentence (otherwise = 0). We also tested an alternative
aggregation approach (i.e., calculating mean emotion scores across sentences). Here, we
found consistent results (see SI, Supplement E).

Group-oriented messaging: To identify the presence of Identity Language, Outgroup
Animosity, and Relatability in the videos, we employed a large language model (LLM)-
based annotation approach. Specifically, we deployed an OpenAI Assistant (based on gpt-
4-turbo) configured to act as a “professional annotator specializing in political discourse
analysis”. To guide the annotation, the assistant was provided with detailed definitions of
the three variables. The variables identity language and outgroup animosity were coded as
binary (i.e., T/F), while relatability was coded as a three-level categorical variable (i.e., low,
medium, high). A full version of the annotation prompt is provided in the SI, Supplement
B.

User study: We conducted two complementary user studies to validate the automated
identification of content features (see SI, Supplement C for details). First, we assessed
the reliability of feature detection by conducting a user study on Prolific. Twenty native-
speaking participants were recruited and presented with a randomly selected sample of
100 videos. For each video, they were asked to indicate whether it contained any of the
content features annotated by the LLM. All participants had at least a bachelor’s degree
and reported German as their first language (9 females and 11 males with a mean age of
39.55 years). Participants were 1.8 times to 7.7 times more likely to report a content feature
as present when the LLM had labeled the video as containing it, compared to when it had
labeled it as not containing it. Across all content characteristics, the differences were sta-
tistically significant (all p < 0.05) and accompanied by moderate to high agreement among
raters (ICC ranging from 0.345 to 0.895). Second, we conducted a pairwise comparison
to examine whether the LLM also captures relative differences in how strongly the fea-
tures are expressed. Two trained human coders were presented with 25 video pairs per
feature (600 videos in total), and indicated which video expressed the respective feature
more strongly. Across all features, coders exhibited high agreement rates (ranging from
0.82 to 0.94) and strong interrater reliability (Cohen’s κ ranging from 0.75 to 0.94). Taken
together, these two user studies demonstrate that the LLM-based annotations align with
human judgments both in terms of feature detection and pairwise comparisons of feature
expression.

3.3 Regression analysis
We implemented hierarchical regression models with user-specific random effects to es-
timate how content characteristics were linked to user engagement with political videos
on TikTok. This modeling approach allowed us to account for both the fixed effects of
content-level variables and unobserved heterogeneity across user accounts (e.g., varying
social influence).

In our analysis, we focused on four engagement outcomes (i.e., dependent variables): the
number of (i) likes, (ii) comments, (iii) shares, and (iv) views. Given that the variance of
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each of these engagement metrics was higher than their mean, an adjustment for overdis-
persion was necessary. Following best practices [96], we thus employed negative binomial
regression models to explain the four engagement measures. Each outcome variable was
modeled separately. For each, we estimated two variants: one that included political Party
affiliation and the other that included ideological Alignment (i.e., left vs. right) as predic-
tors, resulting in a total of eight model specifications.

Our primary explanatory variables were the content features extracted from the video
transcripts. These included the Sentiment (i.e., negative, neutral [reference], positive), bi-
nary indicators for eight discrete emotions (i.e., Anger, Disgust, Enthusiasm, Fear, Hope,
Joy, Pride, Sadness), and three variables capturing group-oriented messaging: Outgroup
Animosity (= 1 if present, otherwise 0), Identity Language (= 1 if present, otherwise 0),
and Relatability (i.e., low [reference], medium, high).

We further controlled for several structural features of the videos, namely, Language
Complexity (measured using the Gunning-Fog index), speaking Pace (measured in words
per second), and video Duration (in seconds). To account for temporal variation (e.g.,
growth of follower bases, and differences in account age), we included monthly fixed
effects (i.e., Month). All continuous predictors were z-standardized to facilitate inter-
pretability.

Based on these variables, we specified the following regression model:

log(E(Yij|Xij))

= β0 + β1 Sentimentij + β2 Angerij + β3 Disgustij + β4 Enthusiasmij

+ β5 Fearij + β6 Hopeij + β7 Joyij + β8 Prideij + β9 Sadnessij

+ β10 OutgroupAnimosityij + β11 IdentityLanguageij + β12 Relatabilityij

+ β13 PoliticalOrientationij + β14 LanguageComplexityij + β15 Paceij

+ β16 Durationij + β17 Monthij + uj.

(1)

In Equation (1), Yij denotes the outcome (i.e., the number of likes, comments, shares,
or views) for video i from account j, Xij is the vector of explanatory variables, β0

represents the intercept, and uj are the account-specific random effects. The term
PoliticalOrientationij is a placeholder for either political Party affiliation or ideological
Alignment, which are included in separate model specifications. In the political Party
models, SPD (i.e., the incumbent party) is used as the reference category, with additional
categories for the other parties (i.e., Die Linke, Grüne, CDU/CSU, FDP, and AfD). In the
ideological Alignment models, Center-Left serves as the reference, with Far-Left, Center-
Right, and Far-Right as additional categories.

We estimated all models using maximum likelihood estimation with theglmmTMBpack-
age in R 4.3.0.

4 Empirical analysis
4.1 Posting activity and content characteristics
We used the TikTok Research API to collect all videos posted by accounts of German
politicians (members of the national, state, or European parliaments), political parties, and
parliamentary groups with an active TikTok account from May 1, 2024, until February 23,
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Figure 1 Data overview. (A) An example of a campaign post on TikTok during the 2025 German federal
election. (B) Number of TikTok posts per political party and the average number of videos per account in our
observation period from May 1, 2024 to February 23, 2025. (C) The daily number of videos per party. (D) The
share of posts (in %) per party expressing positive and negative Sentiment. (E) The share of posts (in %) per
party expressing discrete Emotions. (F) The share of posts (in %) per party expressing Outgroup Animosity,
Identity Language, and High Relatability. Additional descriptive statistics are in Supplement A

2025, i.e. during the nine months leading up to the German federal election (see Fig. 1A
for an example). In total, the dataset comprised 25,292 videos from 727 distinct accounts,
74.07% of which were published by individual politicians (see Methods). The highest view
counts for individual politicians were recorded for the accounts from then-Chancellor
Olaf Scholz (≈ 9.14 million), Die-Linke lead candidate Heidi Reichinnek (≈ 7.13 million),
and AfD lead candidate Alice Weidel (≈ 6.82 million).
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Figure 1B illustrates both the total volume of political video content (left axis) and the
average number of videos per account (right axis) produced by German political parties
between May 2024 and February 2025. The center-left SPD (i.e., the incumbent party)
published the highest volume of videos, totaling 6473, followed by the far-right AfD with
5665 videos. This surpassed the output from the center-right bloc, i.e., CDU/CSU (4118
videos) and FDP (1814 videos). Die Linke, Germany’s primary far-left party, posted the
fewest TikTok videos (1734). In terms of posting frequency per account, AfD was the most
active, averaging 50 videos per account. Die Linke followed with an average of 40 videos
across its 44 active accounts. Other parties averaged around 30 videos per account.

The video posting activity was closely tied to key political developments, with noticeable
spikes following the collapse of the government in October 2024 and a surge after the dis-
solution of parliament in December 2024. Posting frequency also increased in the lead-up
to several elections, including the European parliament election in June 2024, the regional
election in three federal states (i.e., Brandenburg, Saxony, and Thuringia) in September
2024, and the federal election in February 2025, which marked the overall peak in activity
(see Fig. 1C). This temporal pattern suggests that political video production was highly
responsive to institutional crises and the electoral timeline.

Using a (manually validated) computational content analysis approach (see Methods),
we coded each video for Sentiment (i.e., positive, neutral, or negative), discrete emotions
(e.g., Anger, Fear), and different forms of group-oriented messaging (i.e., Identity Lan-
guage, Relatability, Outgroup Animosity). Analysis of sentiment revealed systematic dif-
ferences between political camps. Politicians from centrist parties (i.e., CDU/CSU, SPD,
Grüne, FDP) were more likely to produce positively valenced content than those at the ex-
tremes, namely Die Linke and AfD (see Fig. 1D). The proportion of positive videos was 25%
for centrist, compared to around 15% for extreme parties. In comparison, less than 20%
videos from centrist parties were negatively valenced, with the SPD exhibiting the low-
est proportion at 13%, suggesting a more optimistic messaging strategy. Extreme parties
featured higher shares of negative sentiment. Specifically, 24% of videos from Die Linke
and 23% of videos from AFD were negative, consistent with more critical or oppositional
narratives.

An analysis of discrete emotions further underscored these differences. Across all par-
ties, Anger was the most dominant discrete emotion, but it appeared at roughly twice the
rate in content from extreme parties (see Fig. 1E). The AfD showed the highest overall
prevalence, with over 72% of videos expressing Anger (compared to e.g., 40% for the SPD).
In contrast, centrist parties conveyed more Hope and Pride than extreme parties, with rel-
ative frequencies of more than 7% for Hope (vs. 6% for extreme parties) and 11% for Pride
(vs. 7% for extreme parties), thereby signaling a more prosocial emotional tone.

Group-oriented messaging also varied systematically across political parties (see
Fig. 1F). Posts from extreme parties exhibited substantially higher levels of Outgroup
Animosity compared to more moderate parties. Specifically, approximately 78% of AfD
videos and 61% of Die Linke videos contained Outgroup Animosity, which was substan-
tially higher than the overall average of 49% across all parties. Both the AfD and Die Linke
also exhibited elevated use of Identity Language, with both parties’ shares being around
78%. Relatable content was most common among left-leaning parties, with SPD, Grüne,
and Die Linke posting relatable videos in 48%, 37%, and 42% of cases, respectively.
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Figure 2 Estimation results. Multilevel negative binomial regression estimating the effects of (A) content
characteristics (sentiment, discrete emotions, social identification), (B) political party, and (C) political
alignment on the number of likes (circle), comments (triangle), shares (diamond), and views (square) on
TikTok. Shown are the coefficient estimates with 95% CIs. Account-specific random effects and monthly fixed
effects are included. Full estimation results are in Supplement E

Taken together, these findings indicate clear affective and rhetorical distinctions be-
tween political camps: incumbent and center-left parties emphasized positive sentiment
and relatable messaging, whereas extremist parties relied more heavily on emotional neg-
ativity, outgroup-focused rhetoric, and expressions of Anger.

4.2 Drivers of engagement
We estimated multilevel negative binomial regression models to examine how content
features (i.e., sentiment, discrete emotions, and group-oriented messaging) were linked
to engagement with videos on TikTok, as measured by the number of likes, comments,
shares, and views (see Methods). The models controlled for the political orientation of
the video’s author and structural features of the videos (language complexity, pace, and
duration). To account for unobserved heterogeneity and temporal variation in platform
dynamics, we additionally included account-specific random intercepts and month fixed
effects. Figure 2 visualizes the coefficient estimates for the main explanatory variables; full
estimation results are in SI, Supplement S4.

Across all outcome variables, videos expressing Negative Sentiment were associated
with significantly higher engagement. Relative to neutral content, they received e0.110 –
1 ≈11.6% more likes (coef: 0.110, p < 0.001), 12.3% more comments (coef: 0.116, p <
0.001), 12.1% more shares (coef: 0.114, p < 0.001), and 8.3% more views (coef: 0.080,
p < 0.001). In contrast, videos with Positive Sentiment received 10.9% fewer likes (coef:
–0.116, p < 0.001), 6.0% fewer comments (coef: –0.062, p < 0.001), 15.2% fewer shares
(coef: –0.165, p < 0.001), and 10.5% fewer views (coef: –0.111, p < 0.001). Overall, this im-
plied that negatively valenced political content was more likely to attract engagement on
TikTok during the 2025 German federal election than either neutral or positively valenced
content.
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The results for discrete emotions mirrored those observed for negative versus positive
sentiment. For the group of negatively valenced emotions, the largest effect size was ob-
served for Disgust, which was linked to 52.3% more likes (coef: 0.421, p < 0.001), 68.0%
more comments (coef: 0.519, p < 0.001), 98.4% more shares (coef: 0.685, p < 0.001), and
49.8% more views (coef: –0.404, p < 0.001). Similarly, the presence of Anger predicted
17.1% more likes (coef: 0.158, p < 0.001), 15.0% more shares (coef: 0.140, p < 0.001), and
8.8% more views (coef: 0.084, p < 0.001), but showed no significant effect for comments
(p > 0.05). Sadness was also associated with 12.8% more likes (coef: 0.120, p < 0.001)
and 12.5% more views (coef: 0.118, p < 0.01), but showed no significant effects for com-
ments (p > 0.05) or shares (p > 0.05). Fear was linked to 6.7% fewer likes (coef: –0.069,
p < 0.05), but had no significant effect on other engagement measures. In contrast, posi-
tively valenced emotions were largely associated with lower engagement. Joy significantly
decreased the number of comments a video received by 18.7% (coef: –0.207, p < 0.001),
and showed no significant reductions across other metrics (each p > 0.05). Enthusiasm dis-
played a mixed pattern: while it was associated with 20.8% more comments (coef: 0.189,
p < 0.001), it corresponded to lower values across the remaining outcomes, including
13.5% fewer likes (coef: –0.145, p < 0.001), 22.8% fewer shares (coef: –0.259, p < 0.001),
and 16.3% fewer views (coef: –0.178, p < 0.001). No statistically significant effects were
observed for Hope, and Pride across any engagement metric (each p > 0.05). Taken to-
gether, these findings suggested that negative emotional appeals were more likely to elicit
engagement on TikTok than positive ones.

The presence of group-oriented messaging was also associated with differences in en-
gagement outcomes. Compared to videos with Low Relatability, videos with Medium
Relatability received 30.6% fewer likes (coef: –0.365, p < 0.001), 19.9% fewer comments
(coef: –0.222, p < 0.001), 46.8% fewer shares (coef: –0.632, p < 0.001), and 26.0% fewer
views (coef: –0.302, p < 0.001). High Relatability showed even larger reductions, includ-
ing 39.4% fewer likes (coef: –0.501, p < 0.001), 27.8% fewer comments (coef: –0.326,
p < 0.001), 53.2% fewer shares (coef: –0.760, p < 0.001), and 36.5% fewer views (coef:
–0.455, p < 0.001). Identity Language (e.g., references to shared group membership) was
significantly associated with 4.7% fewer views (coef: –0.048, p < 0.05), but showed no sig-
nificant effect on any other engagement metric (each p > 0.05). In contrast, Outgroup An-
imosity (e.g., expressions of hostility or negative attitudes toward other groups) was asso-
ciated with 49.3% more likes (coef: 0.401, p < 0.001), 79.2% more comments (coef: 0.583,
p < 0.001), 56.6% more shares (coef: 0.448, p < 0.001), and 37.2% more views (coef: 0.316,
p < 0.001). Overall, these findings implied that content emphasizing group division was
more likely to elicit engagement than content appealing to belonging (i.e., Relatability and
Identity Language) during the 2025 German federal election.

Beyond content characteristics, political affiliation was also strongly associated with
variation in engagement. Politicians from the two ideologically extreme parties in Ger-
many, Die Linke and AfD, consistently outperformed those from centrist parties. On av-
erage, compared to videos posted by SPD politicians, videos from Die Linke politicians
received 371.6% more likes (coef: 1.551, p < 0.001), 172.9% more comments (coef: 1.004,
p < 0.001), 329.4% more shares (coef: 1.459, p < 0.001), and 124.5% more views (coef: 0.809,
p < 0.001). Similarly, videos from AfD politicians received 206.0% more likes (coef: 1.401,
p < 0.001), 192.7% more comments (coef: 1.074, p < 0.001), 482.0% more shares (coef:
1.761, p < 0.001), and 128.2% more views (coef: 0.825, p < 0.001), relative to SPD. In con-
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trast, the observed differences between SPD and the other centrist parties (i.e., CDU/CSU,
FDP, Grüne) were rather small and largely not statistically significant (see Fig. 2B). These
patterns were further confirmed when controlling for ideological alignment instead of
party affiliation (see Methods). Also with this model specification, videos from both Far-
Left and Far-Right accounts received significantly more likes, comments, shares, and views
compared to videos from Center-Left oriented accounts (each p < 0.001; see Fig. 2C).

Our models also accounted for potentially confounding variables, namely, Language
Complexity, Duration, and Pace. We found that higher Language Complexity was asso-
ciated with more likes, comments, shares, and views (each p < 0.001). In contrast, longer
Duration was linked to fewer likes (p < 0.01) and views (p < 0.01), as well as fewer com-
ments (p < 0.001). The Pace of a video showed a negative and significant effect on com-
ments (p < 0.01) and shares (both p < 0.001), but not on likes or views. Notably, however,
the effect sizes for these control variables were comparatively small (see Fig. 2).

Multiple exploratory analyses extended our results and confirmed their robustness (see
Supplement E). First, we assessed multicollinearity by calculating the variance inflation
factor (VIF) for all explanatory variables separately for each outcome and political affili-
ation variable. All VIFs remained below the critical threshold of four (see Table S5). Sec-
ond, we estimated an implausible model using the number of XYZ in each transcript as
an explanatory variable [92]. Across all outcome variables, implausible models resulted
in higher AIC values (i.e., lower model adequacy) and effect sizes close to zero (see Ta-
ble S6). Third, we repeated our analysis with continuous measures for Sentiment and
Emotion, which yielded consistent results (see Table S7). Fourth, we implemented a zero-
inflated beta regression using the number of likes, comments, and shares per view as the
dependent variables (see Table S8), thereby distinguishing active engagement (i.e., likes,
comments, and shares) from passive engagement (i.e., views without likes, comments, or
shares). Here, we found that especially moralized language, such as Outgroup Animos-
ity, Identity Language, Anger, and Disgust, were among the strongest predictors of active
engagement. In contrast, low arousal emotions such as Hope and Sadness were either neg-
atively associated or not statistically significant. Altogether, our exploratory analyses pro-
vided confirmatory evidence that negative and divisive messaging was more effective than
appeals to belonging in driving engagement on TikTok during the 2025 German federal
election.

5 Discussion
Here, we analyzed a comprehensive dataset consisting of N = 25,292 TikTok videos posted
by German politicians, political parties, and parliamentary groups in the run-up to the
2025 German federal election. We found that videos featuring divisive rhetoric, espe-
cially those conveying Negative Sentiment, Anger, Disgust, or Outgroup Animosity, attract
higher levels of engagement on TikTok. In contrast, content emphasizing positive emo-
tion through Positive Sentiment, Identity Language, or Relatability performed significantly
worse. Moreover, we observed that extreme parties (on both sides of the political spec-
trum) were both more likely to post divisive content and more successful in generating
engagement compared to their centrist counterparts. Taken together, these findings shed
light on the strategic incentives that shape political communication in the video-first era
and suggest that divisive content tends to receive higher engagement than unifying con-
tent on TikTok, thereby potentially advantaging extreme actors who are more inclined to
adopt such messaging strategies.
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Prior research on online political communication has largely focused on primarily text-
based social media platforms (e.g., X/Twitter, Facebook) and the political context of the
U. S. [19, 94, 97–100]. Concordant with the majority of these works, we found that neg-
ative and divisive content was particularly likely to go viral on TikTok during the 2025
German federal election. Our results also reinforce prior evidence [19] on the virality of
moral emotions (e.g., Anger, Disgust, and Outgroup Animosity) on social media – which
showed the strongest positive effects on engagement in our dataset. At the same time,
our results challenge common notions often drawn from adjacent fields such as influ-
encer marketing: we found that content emphasizing Relatability – typically considered a
key driver of engagement [79, 80] – was associated with the strongest negative effect on
engagement. A plausible explanation may lie in perceived authenticity. While audiences
tend to relate to influencers who appear similar to themselves, politicians are often seen as
strategic actors [101], which may make their attempts at relatability seem insincere or per-
formative rather than authentic [102]. This highlights the challenges political actors face
on short-form video platforms when attempting to align with the expectations of younger
demographics.

Our findings point to potentially considerable incentive problems for political actors.
If platforms and their algorithms reward divisive content with heightened visibility and
engagement, politicians may feel pressured to adopt more extreme, provocative, or polar-
izing rhetoric. Prior research suggests that such content can have serious negative impli-
cations for societies, for example, by fostering anti-democratic attitudes, deepening par-
tisan divides, and reinforcing discrimination against marginalized groups [43, 103–106].
At the same time, unifying communication strategies (e.g., positive sentiment, relatable
narratives) are disincentivized. Concerningly, this incentive structure, favoring divisive
over unifying content, creates a potential asymmetric advantage for extremist parties,
which are often more willing to exploit this logic. In contrast, moderate parties, which
are typically more constrained by norms of civility and democratic responsibility [107],
face greater difficulty achieving comparable visibility and engagement. This asymmetry
poses the risk of further accelerating political radicalization in digital societies.

As with all research, ours is not free of limitations and offers opportunities for future
research. First, our findings are based on observational data and we therefore refrain
from making causal claims. Higher engagement with divisive content may reflect algo-
rithmic amplification rather than party strategies alone, and our analysis cannot deter-
mine whether such content drives engagement or is selectively promoted by the platform.
Future research could use (quasi-)experimental designs to disentangle algorithmic effects
from genuine user preferences, though such efforts may be constrained by limited data ac-
cess. Second, our analysis focuses on a single short-form video platform (i.e., TikTok) and
the political context of Germany. While this complements earlier work [19, 94, 97–100]
centered on text-based platforms (e.g., X/Twitter, Facebook) and the U. S. political land-
scape, further research is needed to examine how our findings translate to other short-
form video platforms and political contexts (e.g., in the Global South [97, 108]). Third,
our analysis focuses on how political messages are communicated rather than on the sub-
stantive demands or normative positions they advance. For example, although the AfD and
Die Linke are located at opposite ends of the ideological spectrum in Germany, they differ
in their political and institutional context (e.g., the AfD has been subject to monitoring
by Germany’s domestic intelligence service [109]). Our LLM-based content annotation
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approach does not capture differences in targeted out-groups or underlying motivations
for divisive language, and similarities in rhetorical style should therefore not be inter-
preted as equivalence in content or intent. Third, our content analysis depends on the
accuracy of LLM-based annotations of content characteristics. However, we conducted
extensive manual validation, and prior research [92, 110] implies that our approach is an
effective tool for psychological content analysis that significantly outperforms methods
that have traditionally been used (e.g., dictionary-based approaches). Fourth, our anal-
ysis focused on video transcripts and did not include visual elements (e.g., visual senti-
ment cues). While incorporating such data could potentially enrich the analysis, recent
research suggests that text-based approaches often yield similar conclusions, with limited
additional insight gained from visual data [111]. Fifth, more research is needed to identify
effective interventions that improve political discourse on platforms like TikTok. Potential
approaches include media literacy initiatives, greater algorithmic transparency, and plat-
form design changes aimed at reducing the spread of divisive content [112, 113]. Here, a
key goal should be to prevent a self-reinforcing cycle, in which even well-meaning political
actors feel pressured to adopt more divisive communication strategies.

From a broader perspective, our study raises urgent questions about the growing politi-
cal influence of short-form video platforms and their algorithmic recommendation sys-
tems. Social media, once envisioned as a tool to connect individuals and democratize
communication, has evolved into a channel where divisive content gains disproportionate
visibility and engagement. This is especially concerning given that platforms like TikTok
attract a disproportionately young user base – a key voting demographic that may be par-
ticularly vulnerable to this kind of strategically framed political messaging. Ensuring this
group has access to accurate and trustworthy information is essential for safeguarding
electoral integrity. While we do not claim a causal link between success on TikTok and
electoral outcomes, it is striking that the parties most successful on the platform were
also the most favored by young voters in the 2025 German federal election [114].
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