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Abstract

In previous GermEval Shared Tasks, deep learn-
ing methods, particularly the fine-tuning of
transformer models, were frequently employed
to detect harmful content in social media. How-
ever, this trend should not overshadow the fact
that traditional approaches, especially when
combined with comprehensive feature engi-
neering, remain promising. Against this back-
drop, we report on our participation in the Ger-
mEval Shared Task 2025, where we are pursu-
ing an approach based on traditional machine
learning for the first subtask, the detection of
calls to action. Our system utilises a variety
of linguistic, word list-based, and statistical
features, as well as pre-trained sentence embed-
dings. A soft voting ensemble of established
machine learning methods, including random
forest, gradient boosting, logistic regression
and a support vector machine (SVM), was used
as the classifier. On the official test data set, our
system achieved a macro-F score of 66.01%.

1 Introduction

The dissemination of harmful content via social
media poses a significant risk. Calls for violence
or other harmful acts are particularly worrying.
Recent examples illustrate the potential danger:
in July 2025, video messages called for violence
against Druze in the run-up to an Islamist demon-
stration (Meischen, 2025); in the United Kingdom,
the term "keyboard warriors’ has even been coined
to describe people who incite violence or hatred on
social media, such as blowing up mosques (Riecke,
2024).

Early detection of such content is therefore cru-
cial for security. Since manual analysis is not fea-
sible on a large scale, automated procedures are
required. The first subtask of the GermEval Shared
Task on Harmful Content Detection (Felser et al.,
2025), which involves identifying calls to action
(CTA), addresses this problem. The aim is to cap-
ture all forms of linguistic appeals intended to elicit

specific reactions from the audience — from harm-
less examples, such as “Share this post!” or “Sup-
port us!”, to more serious calls, such as “Shoot!”.
Detecting these calls enables moderators to be sup-
ported by an early warning system for prioritising
potentially dangerous content. It allows security au-
thorities to plan resources for protests and demon-
strations with potential for escalation.

This paper describes our approach to detecting
CTA in the context of the first subtask. Our focus is
on constructing a precise feature representation and
using a soft-voting ensemble classifier to achieve
good classification performance.

The remainder of the paper is structured as fol-
lows: section 2 provides an overview of existing
literature on CTA and harmful content detection,
highlighting the specific research gap addressed by
our work. Section 3 details our proposed pipeline,
covering data preprocessing, extensive feature en-
gineering, and the ensemble model architecture.
Section 4 presents a thorough evaluation of our sys-
tem’s performance, including a detailed analysis
of results on both training and validation sets. Sec-
tion 5 discusses the constraints and potential biases
of our approach. Finally, section 5 summarises
our findings and outlines promising directions for
future research.

2 Related Work

The problem of detecting CTA has only been in-
vestigated in a few studies to date, with Achmann-
Denkler et al. (2024) being the only one to focus
on German-language social media posts. As part of
the 2021 German federal election campaign, they
analysed around 1,400 Instagram posts from candi-
date accounts. When comparing Bidirectional En-
coder Representations from Transformers (BERT)
(Devlin et al., 2019) and Generative Pre-trained
Transformer (GPT-4) (Achiam et al., 2022) in the
detection of CTA in Instagram posts, both models
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achieved macro-F} scores above 0.9, with BERT
performing slightly better.

BERT and its variants have also proven success-
ful with other types of CTA, such as detecting
CTAs for protest in Russian-language social me-
dia posts (Rogers et al., 2019), requests for help in
tweets after a hurricane (Zhou et al., 2022), and dis-
tinguishing whether Spanish-language hate speech
tweets contained explicit calls for violence (Pérez
et al., 2023). However, it should also be noted
that Pérez et al. (2023) in particular had access to
contextual information in the form of newspaper
articles related to the posts to be classified. The
lack of such information for the first task of the
shared task makes it more difficult.

Although BERT models were also particularly
popular in previous GermEval Shared Tasks in the
area of detecting harmful content (Bornheim et al.,
2021; Gawron and Schmidt, 2021), such as toxic
language (Risch et al., 2021), the potential of tradi-
tional classification approaches should not be over-
looked, especially when computational resources
are scarce. For example, as part of the GerMS-
Detect task in GermEval 2024 (Gross et al., 2024),
Donabauer (2024) found that traditional methods,
such as XGBoost, even outperformed BERT-based
models in the binary detection of sexism in German
comments on online forums. This result already in-
dicates that state-of-the-art standard language mod-
els do not necessarily outperform traditional classi-
fication approaches in every case.

Even more relevant to our work are approaches
focusing on traditional learning and/or feature engi-
neering in the detection of CTA (e.g., Siskou et al.,
2022; Ullah et al., 2021). Lampert et al. (2010)
aimed to identify requests in emails using the En-
ron dataset (Klimt and Yang, 2004) to assign them
a higher priority. Lampert et al. (2010) employed a
Support Vector Machine (SVM) with extensive fea-
ture engineering, including bag-of-words (BoW)
features as well as structural features such as mes-
sage length. Although their results were promising,
some of the features used are highly email-specific
— such as a binary feature for the presence of sender
or recipient information — so the approach cannot
be directly transferred to subtask 1.

In contrast, Siskou et al. (2022) examined CTA
in the social media context of Latin American elec-
tions using tweets and Facebook posts. They de-
veloped a rule-based system that classifies posts as
CTA using keywords and grammatical structures
such as imperative forms. However, generalisabil-

ity is limited because many rules are specifically
tailored to the election context. Nevertheless, some
word- and grammar-based features could also be
of interest for machine learning.

Mathur et al. (2018) demonstrated that machine
learning, combined with comprehensive feature en-
gineering, can achieve high performance in detect-
ing blood donation appeals on Twitter, even though
the features are based on metadata such as user
follower counts, which were not available in the
dataset for subtask 1. Finally, Ullah et al. (2021) fo-
cused less on feature engineering and more on the
classification algorithm when detecting requests
for help in English-language disaster tweets. Of
the seven methods tested, logistic regression with
N-grams and regular expressions performed best.
However, like the studies presented so far, this
study also refrains from using ensemble learning.
Studies on the detection of hate speech in social
media (e.g., Raza and Chatrath, 2024) and the Ger-
mEval workshops on the detection of offensive
tweets (Wiegand et al., 2018; Struf} et al., 2019;
Risch et al., 2021) have both found that ensemble
methods achieve better results overall than their
individual components.

To close this research gap, we are investigating
the use of a soft voting classifier for detecting CTAs.
Moreover, the particular challenge compared to
previous work lies in developing features that are
fundamentally suitable for any CTA and are not
limited to calls in the context of particular events.

3 Methodology

We utilised the annotated dataset provided by the
organisers of the Shared Task for subtask 1 (Felser
et al., 2025). This dataset comprised German-
language tweets from the context of a right-wing
extremist group as the primary data source, with
each tweet labelled as either CTA (TRUE) or non-
CTA (FALSE). The organisers had previously split
the dataset into training and test data, with the train-
ing dataset containing 6,840 tweets and the test
dataset containing 2,982 tweets. The training data
was highly unbalanced, where the number of tweets
per category can be taken from the training data
in Table 1. For a more detailed description, please
refer to the overview paper by Felser et al. (2025).

Before feature extraction, the tweets were sub-
jected to a standardised pre-processing pipeline
using spaCy (Honnibal et al., 2020) for the reduc-
tion to content-bearing words and for normalisation
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Class Label Freq %o
TRUE 663 9.69
FALSE 6177 90.31
Total 6840 100.00

Table 1: Absolute and percentage number of tweets in
the categories TRUE (CTA) and FALSE (no CTA) in
the training data set.

purposes.

Lowercasing All tweets were converted to lower-
case to reduce vocabulary size and treat words
identically regardless of their capitalisation.

Punctuation Removal Punctuation marks were
removed to focus on the lexical content.

Lemmatisation Words were reduced to their dic-
tionary form (lemma) to group inflected forms
(e.g., “gehen”, “ging”, “geht” all become
“gehen”).

Stopword Filtering Common function words
(e.g., “und”, “der”, “ein”) were removed as
they typically carry little semantic information

for classification.

3.1 Feature Engineering

To reliably detect CTA, we designed an extensive
feature engineering process that extracts a diverse
set of linguistic, semantic, and surface-level fea-
tures from each text. The features are grouped as
follows:

Linguistic Features These features capture
grammatical structures that can be considered as in-
dications of commands or requests. To extract these
features, part of speech (POS) tagging was first per-
formed. To this end, the tweets were tokenised
according to defined rules, taking into account ex-
ceptions such as contractions and abbreviations, as
described by Honnibal et al. (2020). POS tagging
was performed using a model trained on the TIGER
corpus (Brants et al., 2004) and provided by the
Python library spaCy (Honnibal et al., 2020).
The following features were then extracted:

* Number of verbs, nouns and adjectives in the
tweet to capture characteristic patterns such
as missing nouns in elliptical exclamations,
which, according to Blithdorn (2023), can
serve as CTA (e.g. “Jetzt mal aufgepasst!”,
engl. “Now pay attention!”).
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* Ratio of verbs, nouns and adjectives to the
total number of words to obtain normalised
measures.

Binary indicator of whether the tweet begins
with a verb — as is typical for German imper-
ative sentences (e.g. “Geh!”, engl. “Go!”).
According to Siskou et al. (2022), imperative
sentences often express CTA.

Fragment detection: Binary indicator of
whether the tweet is very short (i.e. less than
four words) and either begins with a verb or
consists only of characters such as exclama-
tion marks — often characteristic of direct re-
quests (e.g., “Ergreift die Initiative!”, engl.
“Take the initiative!”)

Semantic and Content-based Features As in
previous work on the detection of CTA (e.g. Siskou
et al., 2022; Ullah et al., 2021), we defined features
based on specific words and patterns that are fre-
quently associated with CTAs. For this purpose,
we created two lists: CTA-KW with CTA character-
specific keywords and CTA-PAT with regular ex-
pressions that describe phrases typical for CTA. To
generate both lists, Perplexity Al (Perplexity Al,
Inc., 2024) was prompted in a zero-shot scenario
and the resulting lists were then supplemented man-
ually. The CTA-KW list contained a total of 327
words, such as:

* imperative form, e.g., “geh wihlen” (engl.
“g0 vote™)

» words that express urgency, e.g., “unbedingt”
(engl. “absolutely”)

* words associated with resistance, e.g.,
“boykottieren” (engl. “boycott”) or “kdmpfen”
(engl. “fight”)

The CTA-PAT list comprised 35 regular expres-
sions that include common imperative forms and
phrases to activate readers, such as:

* komm\s+\w+ to capture expressions such as
“komm mit!” (engl. “come on!”)

* mach\s+dich\s+\w+ to describe expressions
such as “mach dich stark” (engl. “Be strong!”)

Based on the lists of keywords and regular
expressions, the following features were imple-
mented:



* Binary indicator indicating whether the tweet
contains any word from the CTA-KW list

* Number of words in the tweet that appear in
the CTA-KW list

* Binary indicator whether any regular expres-
sion from the CTA-PAT list matches the tweet

* Number of regular expressions from CTA-
PAT that match the tweet

* A binary feature cta_boost that indicates
whether at least two different CTA patterns
have been detected, which indicates a higher
probability of CTA.

* An indicator if the text starts or ends with a
CTA keyword, which can emphasise urgency

Additionally, we added two more features to

ensure that most forms of CTA were covered:

* Binary feature indicating whether one of the
word stems “geh” (engl. “go”), “mach” (engl.
“do”), “sollt” (engl. “should”), “miiss” (engl.

“must”), “komm” (engl. “come”), “stell” (engl.

“put”) or “nehm” (engl. “take”) is part of
a word in the tweet. In particular, accord-
ing to Siskou et al. (2022), modal verbs such
as “miissen” and “sollen” imply obligations,
which is why they can be part of a CTA.

* Binary feature indicating whether the tweet
contains the common informal construction
“mal” + “verb” (e.g., “schau mal”, engl. “just
look™) and “probier mal”, engl. “just try”),
which, by experience, are often used for ca-
sual suggestions or soft commands in German.

* Number of exclamation and question marks,
which can indicate strong emotions or direct
address.

* Number of emojis (using Unicode detection),
relevant in social media context for expressing
intent or tone.

* A binary feature indicating whether a hash-
tag appears in the tweet, as a brief analysis
of the tweets in the training data set showed
that these alone can constitute a CTA (e.g.,
#allesdichtmachen, #niewiederaufmachen).

* Four binary features, each indicating whether
a specific mention type occurred (i.e. [@PRE],
[@POL], [@GRP], [@IND]), as it seems
likely that mentions are used to direct a call to
a specific person/group.

* An indicator for very short tweets (fewer than
four words), which might be direct, imperative
statements.

All of these features are either numerical (e.g.,
numbers, ratios) or categorical (e.g., binary indica-
tors). This comprehensive set of features forms the
basis for the subsequent modelling and ensemble
steps, enabling the model to capture the diverse
expressions of CTAs in German texts.

3.2 Text Representation

The tweet was represented in two ways to capture
its textual content.

* TF-IDF Features: Term Frequency-Inverse
Document Frequency (TF-IDF) was applied
to extract up to 500 features, considering 1-

gram and 2-gram word combinations. TF-IDF
assigns weights to words based on their im-
portance in a document relative to the corpus

Structural and Surface Features These features
capture non-linguistic but informative text charac-
teristics.

* Text length (in characters) and word count, as
it is obvious that calls such as “Wake up!” can
be considerably shorter than factual, explana-
tory statements.

* Average word length, which can be related
to the informativeness of words (Levshina,
2022), making it likely that CTAs will tend to
use simple language with short words such as
“Los!” (engl. “go”)
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(Sparck Jones, 1972).

* Sentence Embeddings: We utilised pre-
trained SentenceTransformer models, specifi-
cally paraphrase-multilingual-MiniLM-L12-
v2 (Reimers and Gurevych, 2019), to generate
dense, fixed-size vector representations for
each sentence. These embeddings captured
the semantic meaning and context of the text,
providing a powerful complement to the hand-
crafted features.



To comprehensively describe the characteristics
of a tweet, the linguistic, content-related and su-
perficial text features described in subsection 3.1
were first extracted from the pre-processed tweets.
Numerical features (e.g., numbers, ratios) were
standardised using Z-score normalisation, and cate-
gorical features (e.g., binary indicators) were con-
verted using one-hot encoding (Pedregosa et al.,
2011). All features were combined into a feature
vector.

In addition, the pre-processed tweets were con-
verted into TF-IDF vectors and sentence embed-
dings. These three vector representations were ulti-
mately combined into a single feature vector that
represents the tweet.

3.3 Data Splitting and Balancing

The dataset was partitioned into training and val-
idation sets with an 80/20 split, respectively. To
ensure that both sets retain the original class dis-
tribution, stratified sampling was employed. To
address the inherent class imbalance (where non-
CTA samples typically outnumber CTA samples),
we applied the Synthetic Minority Over-sampling
Technique (SMOTE) (Chawla et al., 2002) to the
training data. The minority class (CTA) was over-
sampled to achieve 50% of the majority class’s
size, thereby providing a more balanced training
environment without generating redundant exact
duplicates. The number of tweets per category in
the training dataset (excluding validation data) be-
fore and after applying SMOTE is presented in
Table 2.

Class Label Freq %
TRUE 530  9.69
Before SMOTE g1 g 4942 90.31
Total 5472 100.0
TRUE 2471 33.33
After SMOTE  FALSE 4942  66.67
Total 7413  100.0

Table 2: Absolute and relative number of tweets in the
two classes in the training data set (without validation
data) before and after applying SMOTE.

3.4 Model Architecture

Our final classification model is a soft-voting en-
semble, which combines the predictions of four di-
verse machine learning algorithms. Each individual
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model is chosen for its complementary strengths,
aiming to capture different patterns in the data:

* Random Forest: An ensemble method that
builds multiple decision trees and merges their
predictions (Breiman, 2001). Random Forest
was configured with 100 trees. The weights
associated with the classes were chosen in-
versely proportional to the class frequencies
in the training data to deal with the problem
of high imbalance, as described by Pedregosa
et al. (2011).

* Gradient Boosting: A powerful ensemble
technique that builds models sequentially,
with each new model correcting errors made
by previous ones (Friedman, 2001). One hun-
dred boosting stages were carried out.

* Logistic Regression: A linear model widely
used for binary classification, providing in-
terpretable probability estimates (Yu et al.,
2011). The maximum number of iterations
that a solver can take to converge to a solu-
tion has been limited to 100 iterations. Simi-
lar to Random Forest, the class weights were
again set inversely proportional to the class
frequency.

* SVM: A non-linear model with a Radial Ba-
sis Function (RBF) kernel, capable of captur-
ing complex relationships (Cortes and Vapnik,
1995). The class weights were specified in
the same way as in Random Forest and lo-
gistic regression to minimise the problem of
imbalance. To make the SVM output suitable
for subsequent soft voting, the class member-
ship probabilities were estimated using Platt
scaling (Platt, 1999).

The predicted probabilities from these four mod-
els were combined using a soft voting procedure,
whereby the predicted probabilities of the four
classifiers are averaged for each class (Kyriakides,
2019). This approach aggregates the strengths of
individual classifiers, typically leading to improved
generalisation performance compared to any single
model.

3.5 Threshold Optimization

The default probability threshold for binary clas-
sification is typically 0.5 (Nikolov and Radivchev,
2019). However, especially with unbalanced data
sets, this threshold value may not necessarily be



the best choice (Iguazio Ltd., 2025). Therefore,
we explicitly optimised the probability value for
the F; measure for the first two runs submitted on
the validation data set. The third run differed from
these only in that it was optimised according to the
macro-F} measure instead of the F; measure. This
process involved searching a range of thresholds
(from 0.1 to 0.9 with a step of 0.02) and selecting
the one that yields the highest F} and macro-£}
scores, respectively. That ensured that our model’s
final predictions are optimally tuned for the evalu-
ation metric. We refer to the determined optimal
threshold value as 0, in the following.

3.6 Evaluation and Submission

We evaluated our approach on the validation dataset
using macro-Fj, the official competition metric.
This metric weights precision and recall equally
for both classes and is therefore robust against
imbalanced datasets (Zhou, 2021). The probabil-
ity threshold for classification was explicitly opti-
mised on the validation data, as described in sub-
section 3.5.

To submit predictions on the test data in the com-
petition phase, we then trained the model on the
entire training dataset provided, i.e. on all 6,840
tweets (including the data previously used for vali-
dation). To obtain the binary label for the test data
after the trained ensemble model made its predic-
tion, the previously optimised threshold 6,,; was
applied: if the mean probability of the four classi-
fiers was above 0,,, the tweet was assigned to the
positive class (TRUE).

4 Results and Discussion

This section describes and discusses the results
achieved by the proposed ensemble approach on
the validation and test data. In addition, the perfor-
mance of the ensemble approach is compared with
that of the individual models.

4.1 Results of the proposed ensemble
approach

Hyperparameter tuning yielded a result showing
that the best macro-F; score of 64.3% could be
achieved on the validation data when the threshold
for classifying a tweet as CTA was set to 0.48.

Using this threshold, the model trained on the
complete training data achieved a slightly improved
macro-I score of 66.01% on the test data. The
results of our other two runs were slightly worse,
as noted in all references to Felser et al. (2025).
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Compared to the results of the other participants,
our best run yielded poor results. For better com-
parability, Table 3 lists the macro-F} scores of our
best run on the test data, together with the result
of the best performing system of the SuperGLE-
BER team for subtask 1. The baseline is a gradient
boosting classifier based on polarity features and
pre-trained sentence embeddings, as described in
detail by (Felser et al., 2025). As can be seen from
Table 3, our system outperformed this by more
than 6%. Whether this improvement is primarily
due to the extended feature engineering or the use
of the ensemble approach cannot be clearly deter-
mined without an ablation study. However, such an
investigation is beyond the scope of this work.

Team Run Macro-F}
SuperGLEBer 3 86.98
tweetbusters 3 66.01
baseline - 59.13

Table 3: Macro-F scores achieved by the best system,
our approach (tweetbusters) and the baseline system on
the test data.

4.2 Discussion and Error Analysis

The low ranking of the submitted run illustrates
that the approach presented needs to be further
improved. One possible reason for the limited per-
formance could be redundant features. For exam-
ple, it is questionable whether the parallel use of
the same feature as a binary indicator and as a
frequency feature actually provides additional in-
formation for the classifier (e.g. whether a word
from the CTA keyword list occurs versus how of-
ten it occurs). Here, the use of feature selection
methods that were developed not only to select dis-
tinctive features for a category, but also specifically
to avoid redundancy, as proposed by Hussain et al.
(2020), for example, appears promising, but this
must remain the subject of future work.

To better understand which examples were par-
ticularly challenging for the classification approach,
the misclassified tweets were analysed. Several re-
curring patterns can be identified that the system
has problems with:

* Very Short Texts or Fragments: Short, am-
biguous phrases (e.g., “Feuer frei!”, engl.
“Fire at will!””) often lack sufficient context for
accurate classification without prior knowl-
edge.



¢ Ironically Phrased or Ambiguous CTAs:
Sarcasm, irony, or subtle implications are chal-
lenging for automated systems, leading to mis-
interpretations (e.g., "Go on, make my day",
which is an imperative but might be ironic).

* Rare or Creative CTA Formulations: CTA
patterns that deviate significantly from com-
mon templates or established keyword lists
(e.g., newly emerging slang, highly metaphor-
ical language) are difficult to capture solely
through rule-based or frequency-based fea-
tures.

* Contextual Dependency: Some phrases only
become a CTA in a specific dialogue or dis-
course context, which is not fully captured by
analysing isolated sentences.

While expanding keyword and pattern lists dur-
ing development improved recall for some of these
challenging cases, these categories remain areas
for further improvement.

4.3 Performance of the individual models

After completion of the competition phase, further
analysis was conducted to determine the extent to
which the ensemble approach is actually superior
to the individual models. To this end, the optimal
threshold value was determined for each of the
probabilistic classifiers using the macro-F’ mea-
sure on the validation data, analogous to the proce-
dure described in subsection 3.5. Table 4 presents
the determined threshold values and the resulting
macro-Fj scores on the validation data.

Method Threshold Macro I}
Random Forest 0.16 58.15
Gradient Boosting 0.18 62.68
Logistic Regression ~ 0.76 67.08
SVM 0.24 62.64

Table 4: Individual performance of the four classifica-
tion methods combined for the soft voting classifier on
the validation data, with the best result highlighted in
bold.

When analysing the results, it is immediately ap-
parent that all methods — except logistic regression
— favour very low thresholds below 0.25. However,
the problem is that the classifiers in question then
exhibit a high degree of uncertainty when assigning
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to the positive class, which argues against the ro-
bustness of the system. For future investigations, it
is therefore essential to calculate additional evalua-
tion metrics, such as the precision and recall of the
positive class. It cannot be ruled out that a higher
macro-F7 measure is primarily due to high recall
but low precision, i.e. many tweets incorrectly clas-
sified as CTA.

In contrast, logistic regression prefers a signif-
icantly higher threshold and also slightly outper-
forms the ensemble classifier by about 3.3%. The
fact that the ensemble approach performs poorly
suggests that logistic regression should be com-
bined with other, possibly more advanced methods
and that a weighted voting approach should be used
to assign a higher weight to high-performance mod-
els.

5 Conclusion

This paper presents a soft voting ensemble ap-
proach combined with comprehensive feature en-
gineering for detecting calls to action (CTAs) in
German social media texts as part of the first sub-
task of the GermEval 2025 Shared Tasks for detect-
ing harmful content. SMOTE was used to address
the severe class imbalance in the provided train-
ing dataset. In addition, the threshold at which the
voting classifier classifies a tweet as a CTA was
optimised using hyperparameter tuning. Our best
submitted system achieved a macro-F; score of
66.01%. This result is below the performance of
other participants and may be due, in particular, to
a high degree of feature redundancy.

Future work should therefore focus more on the
use of feature selection methods to reduce redun-
dancy and systematically investigate the contribu-
tion of individual features and their combinations
to overall performance. It is also necessary to ques-
tion whether optimising the threshold based solely
on the macro-F} score actually produces a reliable
system. A targeted analysis of different threshold
values could help to achieve a more balanced com-
promise between precision and recall for the pos-
itive CTA class. Furthermore, the question arises
as to what extent the integration of deep learning
methods into the ensemble model can further im-
prove classification performance compared to the
traditional approaches used to date.

Limitations

Our current approach has several limitations:



¢ Language and Domain Specificity: The
extensive keyword and pattern lists are tai-
lored explicitly for German social media texts.
Adapting the system to other languages or
very different domains would require signifi-
cant re-engineering of these handcrafted fea-
tures.

* Dependency on spaCy: The preprocessing
pipeline relies heavily on spaCy’s linguistic
capabilities for German (lemmatisation, POS
tagging). Changes or limitations in spaCy’s
performance could directly impact the sys-
tem’s accuracy.

* Lack of End-to-End Deep Learning Explo-
ration: This research focuses on combining
traditional features with neural sentence em-
beddings and classical ML ensembles as clas-
sifiers. Pure deep learning approaches, such
as BERT, have not been systematically inves-
tigated or evaluated, despite their potential
to enable further performance improvements
and eliminate the need for complex feature
engineering.

* No Multi-label/Intent Classification: The
system is designed for binary CTA detection.
It does not distinguish between different types
of CTAs (e.g. call to vote vs. call to share) or
other intents.

Ethical Statement

This work aims to support research on mobilisation
and intent detection, contributing to understanding
communication patterns in social media. We are
fully aware of the potential for misuse, such as
aiding surveillance, targeted manipulation, or cen-
sorship, and strongly recommend the responsible,
transparent, and ethical application of such tech-
nologies. Our goal is to empower researchers and
platform providers to identify and mitigate harm-
ful content, rather than facilitating its creation or
suppressing legitimate speech.
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