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Abstract

Social media is not only a channel for the appro-
priate sharing of personal opinions and enrich-
ing discussions, but also facilitates the dissem-
ination of inappropriate and aggressive state-
ments. Those are especially concerning when
they actively incite harmful actions such as vi-
olence or attacks on the government. Against
this background, this paper presents the Ger-
mEval Shared Task for Harmful Content Detec-
tion, which addresses three subtasks that have
been largely neglected in previous competitions
and research projects: the detection of 1) calls
to action, 2) attacks against the liberal demo-
cratic basic order and 3) violence-supporting
statements. For this pilot task, 11,551 tweets
from a German Twitter network belonging to
an extremist group were annotated. A total
of eleven teams participated in at least one of
the three subtasks, with nine teams submitting
a system paper. Overall, macro-average F7-
scores of up to 87% were achieved for subtasks
1 and 3 and up to 71% for subtask 2.

Content warning: We show illustrative examples
of harmful content.

1 Introduction

Social media allows users to express their opin-
ions, views and perceptions freely. However, the
downside of freedom of expression is that increas-
ingly toxic, hateful and aggressive content is being
spread. That does not only include the mere ex-
pression of hurtful comments but goes so far as
to incite other people to hate or even call for vio-
lent action. One of the best-known examples is the
murder of Walter Liibcke, in which hate comments
were posted by those involved in the crime in ad-
vance, which also contained calls for murder and
incitement to overthrow the government violently
(Thorwarth, 2023). From a prevention perspective,
it is therefore essential to recognise incitement, ad-
vocacy of violence, and even incitement of violence
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in good time to take countermeasures. In this way,
for example, moderators of online social networks
may be assisted in removing harmful content.

Another focus in connection with current polit-
ical developments is (verbal) attacks on the lib-
eral Democratic Basic Order (DBO) by subversive
movements. In 2024, the German Federal Office
for the Protection of the Constitution warned that
right-wing extremists, for example, are using mi-
croblogging services such as X (formerly Twitter)
to spread propaganda, mobilise supporters and even
announce attacks (Bundesamt fiir Verfassungss-
chutz, 2024). In this context, the detection of harm-
ful content such as incitement to violence and sub-
versive tendencies is not only essential from a pre-
ventive perspective, but also supports law enforce-
ment authorities in analysing mass communication
in social networks during criminal investigations.

Against this background, we are introducing the
GermEval Shared Task on Harmful Content Detec-
tion. This shared task aims to initiate and promote
research into the detection of three particularly wor-
rying types of harmful content in German social
media posts: 1) so-called calls to action, 2) at-
tacks on the DBO and 3) worryingly positive state-
ments about violence. For this purpose, three new
German-language Twitter datasets were created,
each based on the annotation of more than 11,500
tweets from the network of a right-wing extremist
group. The eleven teams participating in the com-
petition made an initial contribution to addressing
the three tasks, which have hardly been tackled to
date.

The remainder of this overview paper is struc-
tured as follows: section 2 provides an overview
of related work, and section 3 presents the three
subtasks addressed. The dataset and its creation
are described in section 4. Section 5 presents the
evaluation and the baseline systems, before sec-
tion 6 discusses the approaches and results of the
participants. Finally, we conclude in section 7.
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Objective/ task Competition Language
. GermEval 2018 (Wiegand et al., 2018) German
offensive
laneuace detection GermEval 2019 (Struf} et al., 2019) German
guag GermEval 2021 (Risch et al., 2021) German

hate speech detection

HASOC 2020 (Mandl et al., 2020)
HASOC 2022 (Satapara et al., 2022)

German, English, Hindi
German, Hinglish

sexism and/or

misogyny detection EXIST 2025

GermEval 2024 (Gross et al., 2024)

German
English, Spanish

classification of
conspiracy theories

PAN 2024 (Korenci€ et al., 2024)

English, Spanish

political bias SemEval 2019 (Kiesel et al., 2019) English
detection CheckThat! 2023 (Barrén-Cedefio et al., 2023)  English
classification of BLP-2023 (Saha et al., 2023) Bangla

violence incitements

Table 1: Overview of previous shared tasks in the area of detecting harmful, hartful or problematic content

2 Related Work

Harmful content in general has already been ad-
dressed by numerous shared tasks, with some exam-
ples listed in Table 1. However, earlier GermEval
shared tasks focused mainly on the detection of of-
fensive (toxic) language (e.g. Wiegand et al., 2018).
Closely related to this task is the detection of hate
speech and sexism, for which German-language re-
sources have also been developed as part of shared
tasks (e.g. Mandl et al., 2020). However, the focus
has not yet been on detecting calls to action, attacks
on the DBO, and incitement to violence:

Detection of calls to action. To our knowledge,
calls to action detection has not been addressed by
any previous shared tasks, and only a few datasets
have been created in a small number of research
projects in this area (e.g. Siskou et al., 2022). How-
ever, those did not focus on the German language
and only considered a specific type of call to action,
such as calls for harmful actions against a partic-
ular ethnic group (Pérez et al., 2023) or for the
mobilisation of voters during an election in Span-
ish social media (Siskou et al., 2022). One of the
few studies based on a German-language dataset
of 1,388 Instagram posts aimed to identify calls
to action in the context of the 2021 German fed-
eral elections (Achmann-Denkler et al., 2024). In
contrast, subtask 1 of our shared task encompasses
not only the mobilisation of voters, but also the
identification of all calls to action, including those
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for rallies, demonstrations and protests.

The identification of calls for protests and gath-
erings has previously been investigated by Rogers
et al. (2019), for example, using Russian tweets.
However, as the authors themselves point out, the
problem is that authoritarian regimes could abuse
such methods to track down and suppress legit-
imate protests. The motivation behind the first
subtask of the shared task, by contrast, is to iden-
tify and manually check calls with the express aim
of distinguishing legitimate calls for protest from
those inciting violent acts, and to support security
force decision-makers in planning resources for
potentially dangerous situations.

Detection of attacks on the DBO. Furthermore,
there have been no shared tasks or other research
projects to date that deal with the detection of sub-
versive intentions and further attacks on the DBO.
Instead, some shared tasks addressed the classifica-
tion of conspiracy theories (Korenci¢ et al., 2024)
and political bias (e.g. Kiesel et al., 2019) (see
Table 1), which may also be expressed in anti-
government tweets attacking the DBO. However,
the data used for these shared tasks did not include
German texts and, in some cases, consisted of news-
paper articles (Kiesel et al., 2019; Barrén-Cedefio
et al., 2023), which differ greatly from social media
posts in terms of language and length.

In addition, research projects have focused on
identifying verbal accusations against the govern-
ment (e.g. Lemmens et al., 2022; Corral et al.,



2024), such as allegations of hypocrisy against
politicians (Corral et al., 2024). Furthermore, ef-
forts have been made to identify extremist views
(e.g. Gaikwad et al., 2022). However, this work
differs from our second subtask in that the latter
involves deciding whether concrete actions against
the government are planned, which is particularly
important in terms of timely preventive measures.

Violence detection The only shared task ded-
icated to the announcement of violence uses
YouTube comments in Bangla as its data source,
with transformer models explicitly developed for
Bangla achieving the best results (Saha et al., 2023).
Another interesting study aimed to use a convolu-
tional neural network to detect calls for violence
in Urdu tweets (Khan et al., 2024). In addition to
the fact that these studies did not address the Ger-
man language, the third subtask stands out in that
it is not only a matter of recognising incitements
of violence, but also other types of questionable
statements about violence, such as the glorifica-
tion of violence. The task of recognising whether
violence is being discussed in social media has al-
ready been addressed by Cano Basave et al. (2013)
for English. However, they did not evaluate the
authors’ attitudes towards violent events.

In summary, the new shared task makes an es-
sential contribution to research into the detection of
harmful content, particularly concerning the Ger-
man language, by providing new data sets.

3 Task Description

Participants were allowed to take part in one, two or
all three subtasks, with up to three runs per subtask.
All subtasks were designed as open tracks, where
participants can use external datasets that have been
annotated for the subtasks or related tasks (e.g.
Gross et al., 2024). This decision was made to
encourage data enrichment strategies that may be
promising given the imbalance of the dataset de-
scribed in section 4. Specifically, the shared task
comprised the following subtasks:

Subtask 1: Detection of Calls to Action The
first subtask was a binary decision as to whether
a tweet contained a call to action (TRUE) or not
(FALSE). According to the Oxford Dictionary defi-
nition, a call to action is defined as a command or
request to perform a specific action or behaviour
(Oxford University Press, 2024). This action may
be criminally relevant if it is incited or encouraged,

but this is not necessarily the case. It could also be
a call for a legitimate demonstration. Examples' of
calls to action are:

* AWO abschaffen. (engl. Abolish AWO)

e Thr miisst schnell handeln ,sonst ist es zu
spét.Ansonsten haben die uns schon iiberrannt.
(engl. You have to act quickly, otherwise it
will be too late. Otherwise, they will have
overrun us.)

Subtask 2: Classification of attacks on the DBO
The second subtask consists of a fine-grained clas-
sification in four categories (subversive, agitation,
criticism, nothing) concerning various harmless
and harmful forms of attacks on the DBO of the
Federal Republic of Germany:

* subversive: Based on the definition in the Du-
den dictionary, a subversive tweet expresses
the desire to overthrow the current govern-
ment or state order violently, e.g. through
militant action or paralysing the power grid
(Duden, 2025).

* agitation: The tweet conveys inflammatory
intentions against the DBO, such as the dis-
semination of propaganda by unconstitutional
and terrorist organisations as defined in Sec-
tion 86 of the German Criminal Code (StGB)
or the defacement of state symbols such as the
flag of the Federal Republic of Germany (§
90a StGB).

* criticism : The tweet contains legal but nega-
tive criticism of the government, civil servants,
government employees, authorities or politi-
cal parties.

* nothing: The tweet does not contain any at-
tacks on the DBO. Neutral or positive state-
ments about government decisions also fall
into this category.

Examples of tweets from each category in the
training data set can be found in Table 2.

Subtask 3: Violence Detection The third task
is determining whether the tweets express a dis-
turbingly positive attitude towards violence (TRUE,

' All examples shown in this paper are taken from the newly
created training dataset. Spelling mistakes were not corrected.
An English translation is provided for each tweet.
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Label Example

...dieser Wahnsinn muss
aufhoren...weg mit dieser VolksVer-
riter VerriicktenRegierung...!!!

subversive

...this madness must stop...away
with this traitorous, crazy
government...!!!

was fiir gesetze machen die
eigentlich ,EU 7?77 kassieren
20.000 im Monat und lassen uns
untergehen , EUROPA - Asoziale
Politik .

agitation

What kind of laws are they making,
EU??? They earn 20,000 a month
and let us go under, EUROPE —
anti-social politics.

Die Polizei wird nur unnétig unter
Druck gesetzt, wenn stindig
irgendwelche Gegendemos
genehmigt werden.

criticism

The police are only put under
unnecessary pressure if
counter-demonstrations are
constantly being authorised.

Sachsen ist Deutschland und

nothing 1y . ischland ist Sachsen

Saxony is Germany, and Germany
is Saxony.

Table 2: Examples of tweets from the categories sub-
versive, agitation, criticism and nothing of the second
subtask, each with an English translation.

FALSE). Such disturbing statements include triv-
ialisation, support, glorification, incitement or an-
nouncement of violent acts, such as:

* jo TOT gefallen sie mir auch am besten :)
(engl. Yes, I like them best dead too :))

* Der Schief3befehl muss unverziiglich gegeben
werden (engl. The order to shoot must be
given immediately.)

4 Data Set

The primary source of data was previously col-
lected, unannotated German tweets, which were
annotated for the three subtasks. Underrepresented
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categories were supplemented with tweets from ex-
isting German datasets on hate speech detection
(Demus et al., 2022; Kums et al., 2025).

4.1 Initial data collection

The bulk of the training and test data for the three
subtasks is based on public German Twitter posts
and comments in the context of a group consid-
ered as right-wing extremist. This data source was
chosen because the Shared Task focuses on the
German language, and content from the group’s
environment was expected to frequently serve mo-
bilisation purposes, including calls for high-risk ac-
tions and actions against the government. The posts
and comments were initially collected by members
of Mittweida University of Applied Sciences from
December 2014 to July 2016. For the annotation, a
sample of posts and corresponding comments was
selected from over 800,000 tweets, linking them via
their respective post IDs. The sample comprised
atotal of 11,551 tweets to be annotated, including
54 posts.

To ensure anonymity, user mentions were semi-
automatically replaced by [@PRE] for mentions
of the press, [@POL] for the police, [@GRP] for
groups and [@IND] for individuals. In this way,
the information about who the tweet is addressed
to can still be used to develop the models.

4.2 Data annotation

Members of Mittweida University of Applied Sci-
ences annotated the 11,551 tweets. A total of 88
people were involved in the annotation process.
The dataset was split into samples of around 500
tweets, each of which was annotated independently
by four annotators, i.e., each annotator labelled ap-
proximately 500 tweets. The annotators were either
students or research assistants in digital forensics
and had expertise in identifying the characteristics
of harmful textual content. They had confirmed
their consent to the publication of the data in writ-
ing. The annotators were provided with comprehen-
sive annotation guidelines and allowed to use ex-
ternal resources, such as dictionaries for unknown
terms, in the comments.

Subtask 3 was originally annotated at a fine
granularity, categorising worrying positive state-
ments about violence into five subtypes (propen-
sity, call to violence, support, glorification, other
forms). However, since initial analyses showed that
some categories were severely underrepresented,
this task was converted into a binary classification.



For the binary detection of calls to action, the
annotators could also indicate that they were unable
to judge this. In addition to the annotations required
for this shared task, the data set was annotated for
hate speech, toxicity, target and emotions to support
the classification tasks.

The final data sets for each subtask contained all
tweets on which a majority decision was reached
among the four annotators. In the case of the first
subtask, tweets were also sorted out where the ma-
jority of annotators stated that they were unable
to evaluate the tweet. The resulting datasets com-
prised 9,822 tweets for the first subtask, 9,307 for
the second subtask, and 10,933 for the third sub-
task. The Fleiss kappa coefficient (Fleiss, 1971)
was calculated for these data sets. The agreement
between the four annotators was x = 0.391 for the
first subtask, x = 0.416 for the second subtask,
and k = 0.376 for the third subtask. According to
Landis and Koch (1977), these results correspond
to a fair agreement for subtasks 1 and 3 and a mod-
erate agreement for subtask 2, with the values for
subtasks 1 and 2 close to the threshold of above 0.4
for moderate agreement. The relatively low level
of agreement, even when compared to annotations
of other types of harmful content, such as offen-
sive language (e.g. Wiegand et al., 2018; Demus
et al., 2022), can be attributed not only to the lack
of annotation experience of the majority of anno-
tators, but also to the complexity of the tasks and
subjective differences in assessment. For example,
when deciding at what point statements relating to
violence should be classified as problematic. The
following tweet, for instance, was assigned to the
violence category by the majority of annotators.

Baut das Ding. Am besten aus Asbest...
(engl. Build that thing. Preferably out of
asbestos...)

Although it seems likely that the tweet expresses
a desire to cause someone physical harm, without
knowing what kind of building is being referred to,
it is difficult to assess whether there is a connection
to violence.

4.3 Data augmentation

An initial analysis of the data sets revealed that the
relevant categories were significantly underrepre-
sented, particularly in subtasks 2 and 3. For sub-
task 2, for example, the data set contained only 29
subversive posts and 49 tweets with inflammatory
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content. In subtask 3, the proportion of violence-
related statements was only 5.67%. Therefore, the
data sets for the two subtasks were enriched as
follows:

Subtask 2: For subtask 2, another annotator
identified comments from the two German-
language X (formely Twitter) datasets Detox
(Demus et al., 2022) and the dataset described
by Kums et al. (2025) from the field of hate
speech that could be assigned to the four sub-
classes. The focus was particularly on enrich-
ing the two categories, subversive and agita-
tion. Overall, the original dataset for the sec-
ond subtask was expanded by 1,341 tweets.

Subtask 3: For the third subtask, the TRUE cat-
egory (violence-related statements) was en-
riched using the hate speech dataset by Kums
et al. (2025). In this dataset, the comments
were manually classified relating to different
offences under the Criminal Code. Only the
211 comments assigned to the category Public
Incitement to Commit Crimes and Disturbing
the Public Peace® were considered for enrich-
ment, which were most likely to contain prob-
lematic, violence-related statements. These
comments were re-annotated by a shared task
organiser. 185 comments could be added to
the violence category. The remaining com-
ments were highly racist but did not directly
refer to violence and were therefore not rele-
vant to subtask 3.

Details about the composition of the data sets
after augmentation are listed in subsection A.1.

4.4 Data splitting

The resulting data sets for the three subtasks com-
prised approximately 9,000 to 11,000 tweets, with
a high degree of overlap of 7,708 tweets. The data
sets for each subtask were split into training and test
data using stratified sampling in a ratio of 70:30. In
addition, a stratified sample of approximately 1,000
tweets was taken from the annotated training data
and used as trial data. Those were published prior
to the training data so that participants could famil-
iarise themselves with the data format. All data
sets were made available as semicolon-separated

*This category includes offences that are punishable under
§111 StGB, §126 StGB, §130 StGB, §131 StGB, §140 StGB
(Kums et al., 2025).



CSV files on GitHub®. For each tweet, only the
ID was provided in addition to its text content; no
other metadata was included. An example of the
data format can be found in subsection A.2.

4.5 Description of the resulting data sets

Class distribution The size and class distribution
of the training and test data for the three subtasks
are given in Table 3. All data sets were highly
unbalanced, with a low proportion of relevant and
harmful content. This observation is consistent
with the class distribution of data sets that have
been annotated for the detection of other hurtful
content, such as offensive language (Struf et al.,
2019). The problem of imbalance is most evident
in the fine-grained classification in subtask 2 for
detecting attacks on the DBO (see second row in
Table 3). The category subversive is particularly
underrepresented, which presumably — and in a
way fortunately — also reflects the actual, rare oc-
currence of such tweets in social media.

Linguistic properties Aside from the consider-
able imbalance in the data sets, another challenge
is the linguistic characteristics of the tweets. To
illustrate this, Table 4 presents the average usage
of some token types in the tweets of the training
data sets for the three subtasks.

Property Subtask
1) (2) 3)

& tokens 29.35 2744  29.64
& chars 158.40 150.20 161.50
& emoticons 0.19 0.19 0.20
& capslock 0.33 0.33 0.36
2 hashtags 0.02 0.09 0.03
£ mentions 0.01 0.13 0.01

Table 4: Statistical description of the trainining data sets
for (1) call to action detection, (2) detection of attacks
on the DBO, (3) detection of worrying violence-related
statements.

The tweets all have a small number of tokens
(words, but also other units such as punctuation
marks, symbols, etc.), which poses a challenge for
text classification (Alsmadi and Gan, 2019). In

3https ://github.com/Communication-Forensics-Lab/

harmful-content-detection/tree/main/data
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addition, they contain components typical of so-
cial media, such as emoticons and caps lock*. The
differences between the datasets were mostly mi-
nor, which can be explained by the high degree of
overlap. However, the dataset from subtask 2 con-
tains more hashtags and mentions than the other
two datasets. A detailed analysis of the hashtags
and mentions in the individual categories would go
beyond the scope of this paper. An initial analysis
showed that @IND mentions were most common
in the dataset for subtask 2, mostly in response to
another tweet and using hashtags referring to politi-
cians, for instance #Merkel and #MerkelMussWeg
or using the Hitler salute #SiegHeil.

5 Evaluation metrics and baselines

As with previous shared tasks by GermEval (e.g.
Gross et al., 2024; Schomacker et al., 2024), the
Codabench platform® was used for evaluation. The
competition submissions were ranked using the
macro-average F-score. This evaluation metric is
an obvious choice, as all classes are treated equally
instead of giving greater importance to the detec-
tion of harmless, overrepresented content. Accord-
ingly, the macro-average F1-score has already been
used as the primary evaluation metric in previous
shared tasks for detecting harmful content (Wie-
gand et al., 2018; Struf} et al., 2019; Risch et al.,
2021). Apart from that, the macro-average preci-
sion and recall were calculated.

A simple baseline system was developed for
each subtask (classical methods, embeddings, large
language models (LLMs)), and the code was pub-
lished on GitHub®. The baselines represent ob-
vious approaches and are intended to encourage
participants to try out alternative, more innovative
methods:

Subtask 1: For the first subtask, a gradient boost-
ing classifier (Friedman, 2001) was used,
whereby the tweets were represented as dense
vectors using a pre-trained Sentence BERT
model (Reimers and Gurevych, 2019). As an
additional feature, the polarity score of the
tweet was used, which was determined with a
lexicon-based method using the TextBlob li-
brary (Loria, 2018). The underrepresentation
of calls to action was addressed by random

*words written entirely in capital letters

5https: //www.codabench.org/competitions/4963/

6https: //github.com/Communication-Forensics-Lab/
harmful-content-detection/tree/main/baseline
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Training Data Test Data
Subtask Class Label Freq %0 Freq %o
TRUE 663 9.69 289 9.69
(1) Calls to action FALSE 6177 90.31 2693 90.31
Total 6840 100.00 2982 100.00
subversive 60 0.80 25 0.78
agitation 313 4.20 134 4.20
(2) Attacks on the DBO criticism 804 10.79 345 10.80
nothing 6277 84.21 2690 84.22
Total 7454 100.00 3194 100.00
TRUE 564 7.25 241 7.23
(3) Violence-related statements FALSE 7219 92.75 3094 92.77
Total 7783 100.00 3335 100.00

Table 3: Class distribution of training and test data in the three subtasks.

undersampling, after which the two categories
contained the same number of tweets.

Subtask 2: A simple classification approach based
on a linear Support Vector Machine (SVM)
(Chang and Lin, 2011) with TF-IDF-weighted
bag-of-phrases (unigrams and bigrams) was
chosen as the baseline system. The vocabu-
lary was limited to the 5000 most frequent
phrases in the training data set. The class
imbalance was taken into account by a cost-
sensitive (weighted) SVM, in which misclas-
sifications of instances from underrepresented
classes are more penalised.

Subtask 3: For the third subtask, classification
was performed by the generative open source
large language model Qwen2.5 (Bai et al.,
2023) with 32 billion parameters. In-context
learning was chosen as the prompting strategy,
which has already proven promising in the de-
tection of related harmful content such as hate
speech (Assis et al., 2024; Sahin et al., 2023).
Details on prompt engineering can be found
in Appendix A.

6 Results

A total of eleven teams participated in at least one
subtask of the shared task, with six teams partici-
pating in all three subtasks. A summarised statistic
of the macro-average F-score achieved in the in-
dividual tasks can be found in Table 5. As the
table shows, the results achieved by the individual
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teams vary greatly. In the second task in partic-
ular, the range of scores was approximately 41%.
The macro-average F-score for this subtask also
showed the highest standard deviation, indicating
that the effectiveness of the systems varied greatly.
On average, higher values were achieved for sub-
tasks 1 and 3 than for subtask 2. Possible causes
can be found in the strong imbalance of the training
data set for subtask 2.

Subtask 1: Participation was highest in the detec-
tion of calls to action: a total of 20 valid runs were
submitted by nine teams, with the results listed in
Table 6. In this subtask, F; scores of up to 86.98%
were achieved, with the two highest results being
obtained by SuperGLEBer. This team fine-tuned
the ModernGBERT 1B model (Ehrmanntraut et al.,
2025) for their third run, the best-performing run,
and an LLaMmlein 7B model (Pfister et al., 2025)
for their second run. In addition, all but one run
outperformed the baseline, the gradient boosting
classifier.

Subtask 2: We received a total of 16 valid runs
from seven teams for the classification of attacks
on the DBO, with the results shown in Table 7. The
run submitted by the munich_z team during the
competition phase was invalid. After the end of the
competition, the team submitted three valid runs,
which are marked in grey in Table 7 for assessment
of system performance, but were not included in
the summary statistics in Table 5. Considering the
results, it is apparent that the macro-average F
values achieved were lower than those of the other



# Valid

Subtask # Teams Runs Min Max Median Mean SD
(1) call to action 9 20 53.93 86.98 78.81 76.27 8.94
(2) DBO 7 16 29.86 71.22 64.63 59.09 14.56
(3) violence 8 17 67.12 86.76 79.10 77.19 5.64
Table 5: Summary statistics of the macro-average F-scores achieved in the three subtasks.
two subtasks, with the team nymera achieving the team run P R Fy
best value of 71.22% with an ensemble of three
different finely tuned BERT variants. Six teams  MYmera 3 7281 7054 71.22
were able to exceed the SVM baseline. SuperGLEBer 3 74.50  65.78  69.21
nymera 2 7243 66.81 69.21
Subtask 3: The results achieved for the detection TheDBOs 2 7294 66.02 68.59
of worrying, violence-related statements, are illus- TheDBOs 3 66.14 7493 68.07
trated in Table 8. A total of 17 valid runs were sub- TheDBOs 1 6837 6648 6734
mitted by eight teams, with the best macro-average HSH;-) 2 6892 6646 66.49
Fy-score of 86.76% again achieved by SuperGLE- nymera 1 6789 6549 66.25
Ber, this time with the LLiMmlein 7B model (Pfis- SuperGLEBer 2  68.07 59.98 63.01
ter et al., 2025) (run two by SuperGLEBer) out- FI-CODE I 6821 63.15 62.77
performing the ModernGBERT 1B (Ehrmanntraut abullardUR 2 5830 69.14 62.60
et al., 2025) (run 3) model. Furthermore, almost all FI-CODE 2 63.82 62.04 62.36
teams except one exceeded the baseline using the abullardUR 3 5381 61.08 56.38
Qwen2.5 model (Bai et al., 2023). baseline - 54.75 51.35 4744
munich_z 2 37.42 47.19 38.11
team run P R F, munich_z 1 36.88 55.50 37.41
SuperGLEBer 3 8670 87.26 86.98 iﬁ;‘g“h*‘ ; ;g;g iggé ;? g;
SuperGLEBer 2 8570 85.15 8542 ' ' ’
mzb 1 33.66 46.08 30.64
nymera 2 8499 8226 83.56 mzb 3 3284 4651 2986
HSH;-) 2 8297 84.09 8352
nhymera 3 84.65 8140 82.92 Table 7: Results of subtask 2: classification of different
nymera 1 84.30 80.86 82.46 attacks on the DBO. The macro-average of the precision
abullardUR 3 7936 86.12 82.25 (P), recall (R) and F, values are specified.
abullardUR 2 81.60 82.57 82.08
HSH;-) 1 80.82 83.08 81.89
FI-CODE 2 8133 7770 7937 General Conclusions: The following discussion
LabelLords 1 7935 7725 78.25 focuses on the approaches of nine of the eleven
NI Peace 2 8144 7577 78.23 participating teams for which a system description
mzb 2 7377 82.08 77.01 was available’. Eight of these nine teams used a
FI-CODE 1 7873 7253 75.13 neural (large) language model for at least one of
mzb 1 77.19 6835 71.63 their runs, with fine-tuning of German or multilin-
tweetbusters 3 68.02 64.54 66.01 gual variants of BERT such as GBERTg,. (Chan
tweetbusters 1 68.57 63.03 65.10 et al., 2020) and XLM-RoBERTa (Conneau et al.,
tweetbusters 2 6857 63.03 65.10 2020) on the training data of the shared task be-
LabelLords 2 6239 71.60 64.64 ing a particularly popular approach (e.g., FI-Code,
baseline - 5088 7475 59.13 HSH;-)). ModernGBERT 1B ranked among the top
NI Peace 1 5498 6137 53.93 three performing systems in all three subtasks (see

Table 6: Results of subtask 1: the detection of calls to
action. The macro-average of the precision (P), recall
(R) and F; measures are given respectively.
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SuperGLEBer run 3 in all subtasks). The smaller
ModernGBERT 134M (e.g., abullardUR) yielded

"The systems used by the mzb and LabelLords teams are
not covered here.



team run P R | O

SuperGLEBer 2  89.02 84.80 86.76
SuperGLEBer 3 86.13 8293 84.44
mzb 2 81.85 81.49 81.67
abullardUR 2 82.16 80.93 81.53
abullardUR 3 8136 80.64 81.00
nymera 3 87.01 7596 80.33
HSH;-) 2 84.04 76.74 79.86
nymera 1 82.64 7642 79.13
nymera 2 8840 73.82 79.10
HSH;-) 1 8029 7343 76.33
NLPeace 2 82.02 7259 7632
FI-CODE 1 73.62 7551 7452
FI-CODE 2 73.62 7551 74.52
NLPeace 1 6738 8l1.16 71.44
mzb 1 7179 6994 70.81
baseline 1 6532 8836 68.97
LabelLords 2 6443 73.64 67.38
LabelLords 1 6436 72.61 67.12

Table 8: Results of subtask 3: Detection of worrying,
violent statements. The macro-average of the precision
(P), recall (R) and F; values are listed.

more modest results, especially in the first two sub-
tasks, illustrating that model size has a crucial influ-
ence on performance, alongside training data and
architecture. Another promising approach was the
use of a soft voting ensemble consisting of various
German (Chan et al., 2020), multilingual (Conneau
et al., 2020) and English (He et al., 2021) BERT-
based models (Conneau et al., 2020) (e.g., nymera),
even achieving the best result for subtask 2.

Some teams used modern open-source LLMs,
including Mixtral-8x7B-Instruct-v0.1 (Jiang et al.,
2024), Qwen-3 32B (Yang et al., 2025) and
LL&Mmlein 7B (Pfister et al., 2025) (e.g., NL-
Peace, munich_z, SuperGLEBer). Remarkably,
LL&Mmlein achieved second place in subtask 1 and
first place in subtask 3, while other LLM-based
approaches mostly failed to exceed the baseline
(e.g., NLPeace in subtask 1, munich_z in subtask
2). One explanation is probably that LLiMmlein
was trained exclusively on German-language texts.
In systematic comparisons of over 30 models, the
SuperGLEBer team also demonstrated that mod-
els optimised for German outperform multilingual
LLMs such as Qwen. Furthermore, SuperGLEBer
was the only team to fine-tune an LLM, while the
other teams (i.e., NLPeace, Munich_z) used zero-
/few-shot prompting. Although they found that

choosing suitable prompts improved the results,
LLMs not specifically optimised for German still
lagged behind the fine-tuned, smaller BERT-based
models. Similarly, the LLM-based baseline system
for subtask 3 performed poorly.

None of the top ten systems used classic ma-
chine learning methods, which were only investi-
gated in isolated cases (e.g. by NLPeace, tweet-
busters). Nevertheless, tweetbusters achieved a
macro-average Fi-score of 66.01% in subtask 1 us-
ing extensive feature engineering and a soft voting
ensemble, outperforming a few-shot mixtral system
(i.e. NLPeace) by approximately 12%, indicating
that classical approaches can still be competitive.

Finally, six teams explicitly addressed the un-
derrepresentation of harmful content in the train-
ing data through approaches such as re-sampling
(e.g., NLPeace, nymera), suitable loss functions
nymera, or data augmentation with LLM-generated
examples (e.g., TheDBOs, nymera, abullardUR),
including style changes, e.g., FI-Code. Since these
strategies were combined with different classifica-
tion models, it is not easy to assess which method
is particularly effective. Nevertheless, it is notewor-
thy that TheDBOs achieved one of the best results
in subtask 2. Their approach involved iteratively
adding high-quality synthetic tweets generated with
an LLM (Dubey et al., 2024), concluding that the
quality of the synthetic examples is particularly
crucial for success.

Error analysis: We further investigated which
examples in the test dataset were easy or difficult
for participants. In the first subtask, 51.5% of all
examples were correctly classified in all runs, in
the second subtask, only 25.6%, and in the third
subtask, 68.9%. This observation highlights appar-
ent differences between the subtasks in terms of
‘easily classifiable’ tweets.

Furthermore, for all subtasks, there were a few
tweets in the test dataset that were misclassified
in every submitted run (8 tweets in the first, 35 in
the second and 6 in the third subtask). These often
prove difficult for humans to classify as well. For
example, the following tweet was classified by the
majority of annotators as subversive in the second
subtask, but it is questionable whether it expresses
a desire for serious violent overthrow.

Was fiir Fachkrifte, wenn die im eigenem
Land arbeitslos sind, einfach ldcherlich
die Politik hier in Deutschland absetzen
und von ihren Sesseln schubsen da oben.
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pfui ? (engl. What kind of skilled work-
ers are they if they are unemployed in
their own country, simply dismissing the
politics here in Germany as ridiculous
and pushing them out of their seats up
there? Disgraceful!)

A detailed error analysis of the individual sys-
tems is beyond the scope of this overview paper.
However, looking at the best runs for each sub-
task reveals recurring difficulties. Those include
implicit or subtly formulated content, which is con-
sistent with the findings of previous shared tasks
for detecting harmful content (e.g. Wiegand et al.,
2018). For example, the following tweet was anno-
tated as a call to action, but it does not contain any
classic syntactic markers of a call to action, such
as the imperative form:

Im Interesse des Weltfrieden hat niemand
der IS zu tiberleben! So wire das zu
hindeln! (engl. In the interest of world
peace, no one should survive the IS! That
is how it should be handled!)

Further cynical or sarcastic tweets make correct
classification difficult without general knowledge,
such as the following tweet in the criticism category
of the second subtask.

DDR 2.0 1468t griiBen (engl. Greetings
from DDR 2.0)

Moreover, the following tweet, which is assigned
to the violence category of subtask 3, is difficult to
classify without further context.

Spende Steakmesserset.... (engl. Donate
a steak knife set...)

Very short posts also pose a problem when, for
example, calls to action consist of only a few words,
e.g. schieflen !!! (engl. shoot!!!) and einfach nur
driiberfahren (engl. just run them over).

7 Conclusion

This paper presents the pilot edition of the Ger-
mEval shared task for harmful content detection.
This shared task comprised three subtasks: the de-
tection of (1) calls to action, (2) various attacks on
the DBO, and (3) worrying violence-related state-
ments. For this purpose, new German-language
Twitter datasets (approx. 9k—11k tweets) were con-
structed, most of which originate from the environ-
ment of a right-wing extremist group. A total of
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eleven teams participated, mainly using German-
language or multilingual BERT models. The best
systems achieved macro-average F-scores of up
to 87% in subtasks 1 and 3 and up to 71% in sub-
task 2. German BERT variants, ensembles of vari-
ous BERT-based models and modern open-source
LLMs developed specifically for German, some of
which were fine-tuned using training data supple-
mented with synthetic examples, were particularly
successful.

Despite promising results, there is still room
for improvement. For example, multi-task learn-
ing was not tested by any team, although it has
already shown success for related classification
problems (e.g. Kancharla et al., 2025). In addi-
tion, the datasets have limitations in terms of low
inter-annotator agreement and a substantial under-
representation of harmful content. For a possible
second edition of the shared task, the annotation of
further data is therefore planned, which should also
enable the third task to be aligned as a fine-grained
classification in the sense of a finer differentiation
of different types of violent statements.
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A Appendix

A.1 Details about class distribution after data
augmentation

The dataset used in the shared task for the sec-
ond subtask, the detection of attacks on the DBO,
consisted of tweets from the German Twitter net-
work of a right-wing extremist group as well as
additional tweets from the datasets by Demus et al.
(2022) and Kums et al. (2025). The data augmenta-
tion led to an increase in the number of tweets in
all four categories. The number of tweets before
and after data enrichment for the second subtask
can be found in Table 9. The data for the third sub-
task, the detection of problematic, violence-related
statements, was only enriched with data by Kums
et al. (2025), which increased the number of tweets
in the TRUE category.

A.2 Details about the data format

An example of a row from the training data set for
the first subtask, the detection of calls to action,
can be found in Table 10.

A.3 Prompt engineering for the baseline of
subtask 3

For classification in subtask 3, a system prompt and
a user prompt were fed into the model Qwen?2.5.
The system prompt consisted of a role assign-
ment, a task description, a definition of worrying
violence-related statements, and a description of
the desired output:

System Prompt

Instruction: You are a filter system in a
social network that specialises in monitor-
ing German tweets. Your task is to detect
worrying positive attitudes towards violence.
Consider the following definitions: A tweet
contains a worrying violence-related state-
ment if it trivialises, advocates, glorifies, in-
cites violence or announces the use of vio-
lence. Violence is understood to mean ac-
tive, aggressive behaviour, i.e. the inflic-
tion of physical, sexual or psychological vi-
olence. If you predict a violence-related
statement, your response is “true”. If you
predict a no-violence-related statement, you
respond with “false”. You only respond with
one single word and not more!
N %
The user prompt was composed of the follow-
ing components: repetition of the task description,
repetition of the desired output, examples of the
classification task for in-context learning and the
tweet to be classified.

Determine whether the input tweet contains
a worrying violence-related statement. Re-
spond with a single word. Do not provide
explanations or notes. Your only possible
responses, regarding if the provided text con-
tains a worrying violence-related statement
are true and false. Examples of classifica-
tion are: <Examples> [nput: <Tweet>
- J
The following six tweets, which had been pre-
sented to the annotators, were provided as exam-
ples:

* @UserXY Wenn ich diesen Typ schon sehe,
konnte ich ihn an die Wand stellen response:
“true”

* Knallt das ganze linksgriin Dumme Antifa
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Table 9: Class distribution in the total data set for subtasks 2 and 3 before and after data augmentation.

Subtask categories Newly collected tweets After data augmentation
subversive 29 (0.31) 85 (0.80)
agitation 48 (0.52) 447 (4.2)

Subtask 2: Attacks on DBO criticism 1072 (11.52) 1149 (10.79)

nothing 8158 (87.65) 8967 (84.21)
total 9307 (100) 10648 (100)
true 620 (5.67) 805 (7.24)

Subtask 3: Violence Detection false

10313 (94.339)

10313 (92.76)

total

10933 (100)

11118 (100)

Table 10: Example row from the training data set for
the first subtask, the detection of calls to action.

id

description C2A

1096188353752920 Einfach iiber- TRUE

fahren wo ist
das Problem ?

Gesindel einfach ab! #LinksfaschistenStop-
pen response: “true”

Man stelle sich vor, eine Gruppe on 40 jungen
MANNERN |[...], teilweise BEWAFFNET
[...], versucht ILLEGAL eine Grenze zu
iibertreten, [...] und dann wundert man sich,
wenn das Feuer gerechtfertigterweise eroffnet
wird. response: “true”

@UserXY endlich hat jemand den Mut ergrif-
fen und dem Mistkerl die Fresse poliert. Der
hat alles schlimme der Welt und mehr verdi-
ent dieser erbdarmliche Perverse und geistig
Behinderte #Volksverriter response: “true”

@UserXY DU BIST TEIL dieser ganz
GEZIELT INSZENIERTEN LUGE iiber
Lynchjustiz und Aufruf zu Mord und ver-
suchst alle durch FREI ERFUNDENE HOR-
RORGeschichten in PANIK zu VERSET-
ZEN! #Liigenpresse response: “true”

[...] Der 27- jdhrige Syrer wird verdéchtigt,
zwischen 2011 und 2014 als Mitglied von
Jabhat al- Nusra bzw. Kataib Al Faroug im
syrischen Biirgerkrieg gegen Anhinger bzw.
Truppen des Assad- Regimes gekdmpft und
auf diese geschossen zu haben; sagte Peter
Oehm, der Leiter des Landesamtes fiir Verfas-
sungsschutz. response: “false”
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