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Abstract

Social media is central to modern politics, re-
flecting politicians’ ideologies and enabling
outreach to younger generations. We present
TTLABTWEETCORPUS, a multilingual X
tweet corpus linking politicians’ social media
discourse to the German parliamentary cor-
pus GERPARCOR, enabling comparisons be-
tween online communication and parliamen-
tary debates. TTLABTWEETCORPUS contains
39 546 tweets, including 19 056 tweets with
media content, collected using our newly de-
veloped general-purpose X data collection tool,
TTLABTWEETCRAWLER. We used nine text
models and one vision-language model (VLM)
to annotate TTLABTWEETCORPUS for emo-
tion, sentiment, and topic, and evaluated them
against a manually annotated subset. We pro-
vide TTLABTWEETCORPUS with automatic
text- and media-based annotations validated
against human labels, together with the accom-
panying TTLABTWEETCRAWLER tool. Our
analysis shows that the models are mutually
predictable. We show that annotators prefer
VLM-based labels, suggesting multimodal rep-
resentations better align with human interpreta-
tion.

1 Introduction

Social media platforms such as X, TikTok, and
Instagram have become increasingly influential
in society. Political content on these platforms
can shape public opinion and affect electoral out-
comes (Olaniran and Williams, 2020). As such
content is often multimodal, political communica-
tion analysis requires corpora that integrate social
media with political datasets. We address this
gap by introducing TTLABTWEETCORPUS, which
contains over 39 546 tweets, including 19 056 with
media information. Over 15 000 of these tweets
are from German politicians during the election
period from 2024 to 2025, and all are linked to
GERPARCOR (Abrami et al., 2022, 2024).

Constructing TTLABTWEETCORPUS, a multi-
modal corpus primarily comprising political tweets,
involved three main steps: collecting tweets and
media, linking tweets to German parliamentary
speeches, and generating automatic annotations
and evaluating them through manual annotation.
For data collection, we developed TTLABTWEET-
CRAWLER, a general-purpose X data collection
tool with two methods: a user-based method that
does not guarantee media content and a search-
based method that targets tweets with media infor-
mation.

Additionally, we used nine text-based models
spanning three types of classification, within the
Docker Unified UIMA Interface (DUUI; Leon-
hardt et al. (2023)) to annotate all 33 921 nonempty
tweets. The models were deployed as container-
ized DUUI components, allowing their scalable or-
chestration in a Kubernetes environment (Abrami
et al., 2025). DUUI additionally supports the dis-
tributed processing of multimodal data (Bundan
et al., 2025).

For each model, we trained a classifier using
annotations from the remaining models as input
features and optimized it via evolutionary search1.
We analyze dependencies among the model outputs
to identify redundant annotations and determine
whether comparable performance can be achieved
with fewer features. In addition to evolutionary
search, we used SHAP (SHapley Additive exPlana-
tions) (Lundberg and Lee, 2017) to analyze the im-
pact of each input feature on the prediction model.
Our evaluation shows that target model outputs

can be predicted from annotations generated by the
remaining models. Furthermore, we annotated
all three classification types using an LLM capa-
ble of processing media information, with 18 703
processable tweets.

We manually annotated a sample of TTLAB-

1We use the implementation by Fortin et al. (2012)



TWEETCORPUS in order to assess and compare the
performance of text- and media-based annotation
tools. Our findings show that tweet classification
should not rely on text alone, but also incorporate
relevant media information. Due to data rights re-
strictions, we release tweet IDs in TTLABTWEET-
CORPUS, but not the tweets or their media infor-
mation. In addition, the corpus includes user IDs,
links to GERPARCOR, and all automatic and man-
ual annotations. Our code and corpus are available
on GitHub under the AGPL license2.

2 Related Work

For more than 10 years, researchers have widely
used corpora based on tweets from the X plat-
form (McCreadie et al., 2012; Camacho-Collados
et al., 2022; Blakey, 2024). Examples in-
clude COVID-19 research, such as the X corpus
by Naseem et al. (2021), which contains 90 000
tweets from February to March 2020. The tweets
are automatically annotated with sentiment polar-
ities, and both the texts and annotations are avail-
able for download. More corpora are available
from Müller and Salathé (2019), Lopez and Galle-
more (2021), Hayawi et al. (2022), and Langguth
et al. (2023).

Gonzalez (2024) presents an annotated corpus of
112 690 English tweets from 26 news agencies and
27 individuals, from 2009 to 2022. The automati-
cally generated annotations are visualized in an in-
teractive web application. However, the authors re-
leased neither information on the selected accounts
nor the tweet texts or corresponding IDs, which
hinders reproducibility. Derczynski et al. (2016)
developed an X corpus for named entity research
with approximately 156 000 tokens from tweets
posted between 2009 and 2014. Annotated by ex-
perts and crowdsourcing, the corpus is available
for download and includes texts and annotations.
Additional corpora include 52 million manually
labeled crisis-related tweets across 19 crises by Im-
ran et al. (2016) and 97 million tweets by Petrović
et al. (2010), although the latter is no longer avail-
able online.

Barbieri et al. (2020) proposed a unified X frame-
work to simplify the evaluation and benchmarking
of tweet classification tasks. This framework col-
lects datasets for seven tasks, including hate speech
detection and sentiment analysis. The tweets are

2https://github.com/texttechnologylab/
TTLabTweetCorpus

labeled according to the task and based on exist-
ing X datasets created by Mohammad et al. (2018),
Barbieri et al. (2018), Van Hee et al. (2018), Basile
et al. (2019), Zampieri et al. (2019), Rosenthal et al.
(2017), and Mohammad et al. (2016).

Although prior corpora are mostly text-based,
work on media content in tweets (Thakkar et al.,
2024; Konyspay et al., 2025; Paul et al., 2025) high-
lights the need for multimedia corpora. This paper
introduces the X Corpus TTLABTWEETCORPUS,
which contains both media and text data. Sim-
ilarly, this corpus by Chen and Zou (2023) is a
dataset of 800 000 tweets with AI-generated im-
ages that were collected between January 2021 and
March 2023. Although the release includes gener-
ated captions and metadata, including tweet IDs,
the tweet texts are not available. Balasubrama-
nian et al. (2025) built an X corpus from tweets
related to the 2024 U.S. presidential election, in-
cluding public tweets and additional interaction
and media information. Grimminger and Klinger
(2021) published 3 000 tweets from the 2020 U.S.
elections, manually annotated for stance and hate
speech detection, releasing tweet texts but not IDs.
In this paper, we present an X corpus of tweets
from German politicians to enable analyses of po-
litical communication. Likewise, De Smedt and
Jaki (2018) released a corpus of 125 000 tweets
and 4 000 linked images. This corpus is no longer
publicly available. Weissenbacher and Kruschwitz
(2024) have released an annotated dataset of 1 250
tweet IDs about German MPs for research on of-
fensive language and hate speech. Castanho Silva
and Proksch (2022) formed a new corpus by merg-
ing the tweets of EU national parliament mem-
bers (Castanho Silva and Proksch, 2021) with their
parliamentary speech records Rauh and Schwal-
bach (2020) from 2018. Further unpublished X
corpora from political research include Conover
et al. (2011); Serrano et al. (2019); Breeze (2020);
Schmidt et al. (2022); Ghoraba (2023); Hellwig
et al. (2023).

In contrast to previous resources, TTLAB-
TWEETCORPUS covers tweets from 2024 to 2025
and includes their associated media content.

3 Data

TTLABTWEETCORPUS focuses on two main as-
pects of tweets from X. First, it includes user
tweets, with particular attention to German politi-
cians during the 2025 election period. By link-

https://github.com/texttechnologylab/TTLabTweetCorpus
https://github.com/texttechnologylab/TTLabTweetCorpus
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Figure 1: Building TTLABTWEETCORPUS: Overview of the process of the crawling of tweets and media data and
the annotation using DUUI.

ing official speeches with social media activity, it
supports the study of political communication, es-
pecially during election campaigns (Olaniran and
Williams, 2020). Second, TTLABTWEETCORPUS

includes media content embedded in tweets, adding
multimodal context to the textual data. Within
TTLABTWEETCRAWLER, we implemented the
search-based method to systematically acquire
tweets with media content. This method comple-
ments the tweets collected using the user-based
method with multimodal context for political com-
munication.

All tweets in TTLABTWEETCORPUS were col-
lected from X using the X API v23. To facilitate
reproducibility, the complete dataset can be re-
constructed through our TTLABTWEETCRAWLER.
Figure 1 illustrates the full workflow, from data
acquisition to the classification of tweets. As pre-
viously mentioned, our TTLABTWEETCRAWLER

retrieves not only the textual content and standard
metadata provided by the X API, but also the asso-
ciated images and videos. The download process
consists of two steps: first, tweets are retrieved;
then, each tweet’s media information is extracted
to download the corresponding images or videos.
We use two collection methods: the user-based
method and the search-based method, with the lat-
ter targeting tweets containing media content.
Figure 3 shows the number of collected tweets and
how many contain images or videos.

For the user-based method, we compiled a list
of X usernames belonging to German politicians.
To do so, we extracted politicians’ names and their
listed X accounts from the publicly accessible web-
sites of the political parties included in this study
and manually verified and corrected the informa-

3https://docs.x.com/x-api/introduction. Last ac-
cessed: 2026-08-07

tion where necessary (SPD-Bundestagsfraktion,
2026; CDU/CSU-Fraktion, 2026; AfD-Fraktion im
Deutschen Bundestag, 2026; Fraktion der Freien
Demokraten im Deutschen Bundestag, 2026; Frak-
tion Die Linke im Bundestag, 2026; Bundestags-
fraktion Bündnis 90/Die Grünen, 2026; BSW-
Gruppe im Bundestag, 2026). The official party
websites were identified via the German Bundestag
website (Deutscher Bundestag, 2026). The selected
parties were represented in the German Bundestag
both prior to the coalition’s collapse in 2024 and
following the 2025 federal election. In addition,
BSW was included as it participated in the elec-
tion (Belousova et al., 2025).

We used the X API to retrieve user IDs and down-
load all timeline tweets from November 6, 2024
to February 23, 2025, spanning the day after the
German coalition government collapsed through
the end of the 2025 election. In total, we collected
15 175 tweets from 69 politicians across seven par-
ties. Figure 2 shows tweet counts by party on the
left and the top 10 individual politicians by tweet
count on the right. In TTLABTWEETCORPUS,
“Die Grünen” posted the most tweets, while “Dag-
mar Schmidt” was the most active individual politi-
cian.

As noted above, TTLABTWEETCORPUS ex-
tends politicians’ speeches with their social media
tweets and associated media content. We added
further information by selecting stenographically
recorded speeches of the individual politicians from
GERPARCOR, limited to the 20th and 21st legisla-
tive periods in accordance with the dataset. The
selected speeches do not include any comments
from the plenary session; however, they do include
the corresponding speaker and their parliamentary
group affiliation. We used two methods to link
tweets to GERPARCOR. First, X usernames were

https://docs.x.com/x-api/introduction
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Figure 2: Number of tweets: party (left); top 10 individ-
ual politicians (right) in X dataset

matched to GERPARCOR politicians by name iden-
tity, yielding one-to-one mappings where accounts
could be clearly assigned to known members of
parliament. Second, we established semantic links
between tweets and parliamentary speeches using
cosine similarity. The speeches in GERPARCOR

were segmented into sentences using spaCy (Hon-
nibal et al., 2020). Sentence embeddings were
generated for the tweets and speech sentences us-
ing paraphrase-multilingual-MiniLM-L12-v2
(Reimers and Gurevych, 2019), selected for its
multilingual support and suitability for semantic
sentence similarity. For each tweet–speech pair,
we calculated cosine similarity between the tweet
embedding and every sentence embedding of the
speech and averaged the resulting sentence-level
scores. Users can define an application-specific
similarity threshold or disable threshold-based fil-
tering entirely. When a threshold is applied, pairs
exceeding it are considered semantically linked.
This procedure permits many-to-many relations, as
a tweet may be linked to multiple speeches and a
speech to multiple tweets.

After downloading, we used the URLs in the
tweets’ media information to retrieve associated im-
ages or videos. However, the user-based method
does not guarantee media content. In practice, it
yielded 22 072 tweets, of which 4 736 included me-
dia content. Therefore, we additionally employed
the search-based method to target tweets contain-
ing media information. The search-based method
requires search terms, which we generated by ex-
tracting the top 100 hashtags via the X API for a
predefined list of German- and English-speaking
countries4. We assign a weight of 100 to the

4Countries and hashtags used are listed at GitHub

top-ranked hashtag, 1 to the lowest-ranked hashtag
and decrement the weight by one for each subse-
quent rank. Since the search-based method targets
tweets containing media rather than tweets by spe-
cific German politicians, the retrieved tweets can-
not be linked to GERPARCOR by name identity
and are therefore linked using the semantic simi-
larity procedure described above. The top 100
hashtags from each country are then combined and
sorted by weight. For each search term, tweets are
retrieved using the X API filter has:media_link
-is:retweet to collect only tweets containing me-
dia links and exclude retweets. As with the user-
based method, the corresponding media files are
retrieved after the tweets have been downloaded
via their media links.

Figure 3 summarizes the contributions of the
two collection methods to TTLABTWEETCOR-
PUS. The user-based method yielded 22 072 tweets,
including 2 464 tweets with images and 2 272
with videos. The search-based method contributed
17 474 tweets, including 12 180 tweets with images
and 2 140 with videos. Overall, TTLABTWEET-
CORPUS contains 39 546 tweets, of which 19 056
contained media content: 14 644 contained images
and 4 412 contained videos. Of the tweets in
TTLABTWEETCORPUS, 14 756 tweets were clas-
sified by both text- and media-based models.
Another 3 947 tweets were classified only by the
media-based models, as they contained no textual
content after cleaning and filtering. Conversely,
19 165 tweets were classified only by the text-based
models, as they either lacked media or contained
broken media links. Finally, 1 678 tweets were
excluded because they had neither text after clean-
ing nor valid media. The discrepancy between
collected tweets and tweets with media arises be-
cause the implementation also downloads tweets
connected to the originally retrieved tweets. Thus,
the search-based method ensures media content
only for the originally retrieved tweets, not neces-
sarily for connected tweets.

4 Automatic Annotation Pipeline

TTLABTWEETCORPUS contains text and media
that require separate processing: some models are
text-only, while a subset supports multimodal input
for images and videos in our pipeline. The right
side of Figure 1 shows the pipeline used to process
both text- and media-based tweets. All tweets, re-
gardless of modality, were processed with DUUI,

https://github.com/texttechnologylab/TTLabTweetCorpus
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Figure 3: Numbers of tweets collected for TTLAB-
TWEETCORPUS via TTLABTWEETCRAWLER using
the user-based and search-based methods (Tweets: ■;
Images: ■; Videos: ■).

Name Citation

E1 Shivshankar (02shanky) (2023)
E2 Bertolini et al. (2024)
E3 Widmann and Wich (2023)

T1 Uslu et al. (2018)
T2 Kuzman and Ljubes̆ić (2025)
T3 Antypas et al. (2024)

S1 CitizenLab (CitizenLabDotCo) (2022)
S2 Schmid (2022)
S3 Barbieri et al. (2022)

L1 Bai et al. (2025)

Table 1: Overview of the sentence-level classification
tasks and the corresponding models used (E=Emotion,
T=Topic, S=Sentiment; L indicates LLM-based classifi-
cation for the respective task).

which integrates NLP and LLM-based models for
different tasks via Docker containers.

4.1 Text-Based Analysis

All textual tweets were cleaned by removing URLs,
hashtags, user mentions, and emojis, and all empty
tweets were excluded. After cleaning 39 546 en-
tries, 33 921 tweets contained valid textual infor-
mation. The remaining tweets were segmented into
sentences using spaCy for classification. Three
sentence-level classification tasks—emotion, topic,
and sentiment detection—were applied, each using
three models. The selected models for each task are
listed in Table 1. The models differ in architecture
and training domain. E1, E2, T2, and S1 are based
on XLM-RoBERTa variants; E3 uses mDeBERTa, T1
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Figure 4: Bar chart summarizing the status of media file
processing. Categories include processed, broken, and
remaining files for images, videos, and totals (Tweets:
■; Processed: ■; Base broken: ■; Runtime Broken: ■)

fastText, S2 multilingual DistilBERT, and
S3 XLM-T. T3 is a multilingual social-media classi-
fier, while L1 uses the multimodal Qwen2.5-VL-3B
model. Their training domains include Twitter, po-
litical communication, news, and general multi-
lingual text.5 For each tweet–model combination,
category scores were averaged across all sentences,
normalized using softmax, and the category with
the highest resulting probability was selected as
the tweet-level label. The models retained their
respective task-specific label sets; further details
are provided in Section 6.

4.2 Media-Based Analysis

The media data were also processed via DUUI-
Multimodal (DUUI-MM; Abusaleh (2025)) using
the model listed under L1 in Table 1. As previ-
ously mentioned, TTLABTWEETCORPUS contains
a total of 19 056 tweets with media content. A
total of 18 703 media files were successfully pro-
cessed, consisting of 14 344 image-based tweets
and 4 359 video-based tweets. Additionally, 340
media tweet files were found to be broken during
retrieval: 294 images and 46 videos. Furthermore,
13 files failed during runtime due to corrupted data:
6 images and 7 videos. Image-processing failures
were mainly caused by model errors with certain
image encodings, particularly malformed base64
strings or data unsupported by standard decoders.
Video failures mostly resulted from corrupted or
incomplete stream files that could not be parsed.
Figure 4 summarizes these statistics and enables a
visual comparison across media types.

5Detailed model descriptions, label inventories, and imple-
mentation links are available at GitHub.

https://texttechnologylab.github.io/TTLabTweetCorpus/


4.2.1 Prompt Construction for Multimodal
Media Classification

The prompt is designed to replicate text-based clas-
sification behavior within a multimodal reasoning
setting. It is instantiated through the L1 model,
which serves as the vision-language backbone for
multimodal inference. The prompt supports three
interdependent classification dimensions: emotion
recognition, sentiment polarity, and topic catego-
rization based on the Dewey Decimal Classifica-
tion (DDC) (OCLC, 2025). Emotion recognition
uses five affective categories (anger, sadness, ap-
prehension, confusion, happiness) from Model E2;
sentiment analysis follows the Model S1 polarity
labels (positive, neutral, negative); and topic clas-
sification uses the ten main DDC classes to ensure
compatibility with knowledge organization stan-
dards. The prompt enforces three principles: Mod-
ularity, by separating subtasks with distinct label
spaces and output schemas; Interpretability, by
requiring evidence-based explanations grounded
in visual cues; and Structure, by producing valid
JSON with confidence distributions summing to
one. These constraints ensure the prompt is both
expressive and evaluable. A high-level abstraction
of the full prompt is shown in Listing 16 in the
Appendix A.

4.2.2 Media-Based Classification Workflow
After prompt execution, the VLM processes the
structured input and generates a single output
containing predictions for each subtask. A post-
processing layer then applies consistency checks,
extracts JSON, performs semantic validation, and
aligns the predictions with the controlled label sets.
Finally, the system produces a unified annotation
containing emotion, sentiment, and topic informa-
tion.

5 Manual Annotation

We evaluated the outputs of the text- and media-
based models using manually assigned labels and
annotators’ preferences between the two model
types. Seven professionals annotated 103 tweets,
resulting in 721 tweet-level annotation instances.
The annotators were research assistants, PhD candi-
dates, and postdoctoral researchers from linguistics
and computer science. The annotation was con-
ducted using a web application based on TEXTAN-
NOTATOR (Abrami et al., 2020). For each tweet,

6Code and full prompt are available at GitHub

annotators were shown its text, any accompanying
image or video, and the classification outputs of
the text- and media-based models. Each annota-
tor made six decisions per tweet: they assigned
one topic, one sentiment polarity, and one emo-
tion using the label sets of models T1, S1, and E2
defined in Section 4.2.1, and selected the better-
fitting model output for each of the three tasks. For
each model comparison, annotators could select
the text-based model, the media-based model, both
models, or neither model. Thus, manual labeling
and model-preference evaluation were conducted
within the same annotation session.

We report inter-rater reliability based on Krip-
pendorff’s alpha (Krippendorff, 1970) and Fleiss’s
kappa (Fleiss, 1971)7 in Table 2. The results are
mixed: annotators agree on topic classification
(82%), but reliability for sentiment and emotion
drops to 45–55%, indicating difficulties in assign-
ing these features to tweets, as also reported by
e.g., Bostan et al. (2020). For the manually as-
signed labels, agreement was highest for topic clas-
sification (α = 0.82, κ = 0.82), followed by
sentiment (α = 0.54, κ = 0.54) and emotion
(α = 0.47, κ = 0.46). Agreement on model pref-
erence was lower, with α = 0.66 and κ = 0.66 for
topic, α = 0.33 and κ = 0.33 for sentiment, and
α = 0.34 and κ = 0.33 for emotion. These results
indicate that topic labels were assigned compara-
tively consistently, whereas sentiment and emotion
labels, as well as model preferences, showed lower
inter-rater reliability, consistent with the challenges
reported by Bostan et al. (2020). For topic classifi-
cation, annotators preferred the media-based model
in 49% of the decisions and the text-based model
in 23%, while both models were selected in 19%
and neither model in 9%. For sentiment, the corre-
sponding proportions were 42%, 34%, 14%, and
11%; for emotion, they were 41%, 33%, 16%, and
10%, respectively. For topic classification, they
preferred the media model by a larger margin (49%
vs. 23%).

To derive one reference label per tweet and clas-
sification task, we aggregated the seven human-
assigned labels using majority vote (MV) and
Dawid–Skene (DS) aggregation (Dawid and Skene,
1979)8 MV and DS are alternative methods for
constructing reference labels and are not classi-
fication models themselves. We evaluated the

7We use the methods of Castro (2017) and Seabold and
Perktold (2010) to calculate inter-rater reliability.

8We use the implementation by Ustalov et al. (2024).

https://github.com/texttechnologylab/TTLabTweetCorpus


predictions of the media- and text-based models
against the MV- and DS-derived reference labels
using Macro F1; the model predictions were not
evaluated against each annotator’s labels individu-
ally. Table 3 reports the resulting scores for both
reference-label aggregation methods. For topic
classification, the media-based model achieved
Macro F1 scores of 0.56 and 0.48 against the
MV- and DS-derived reference labels, respectively,
whereas the text-based model achieved 0.10 and
0.13. For sentiment, the text-based model outper-
formed the media-based model, obtaining 0.66 and
0.68 against the MV- and DS-derived reference la-
bels, respectively, compared with 0.58 and 0.59 for
the media-based model. The text-based model also
performed better for emotion, obtaining a score
of 0.58 and 0.52, compared with 0.45 against MV
and 0.44 against DS for the media-based model.
Overall, the media-based model performed bet-
ter for topic classification, whereas the text-based
model performed better for sentiment and emo-
tion. As a chance baseline, we randomly assigned
reference labels to the tweets and recomputed the
Macro F1 scores over five runs. The resulting mean
scores were substantially lower for topic classifi-
cation and generally lower for sentiment and emo-
tion, as shown by the RND rows in Table 3. This
comparison indicates that the models align more
closely with the human-derived reference labels
than with randomly assigned labels. However, per-
formance above the random baseline does not by
itself demonstrate high annotation reliability, par-
ticularly given the lower inter-rater reliability for
sentiment and emotion. At the same time, the over-
all model performance, especially for topic classifi-
cation, reveals the intrinsic difficulty of interpreting
multimedia content through textual features alone.

This finding reinforces the assumption that
tweets, as highly multimodal entities, require joint
modeling of text and media components to capture
their full semantic and affective meaning.

6 Cross-Model Annotation Analysis

In Section 4.1, all cleaned textual tweets (X ) were
processed using various classification models T =
{t1, . . . , t9}. To examine redundancy and depen-
dencies among the automatic annotations, we test
the following hypothesis: H1: The output of a tar-
get model ti can be predicted from the outputs of
the remaining models R = T \ {ti}. This post-
hoc analysis examines outputs from models with

MP GD

Task α ↑ κ ↑ α ↑ κ ↑

Topic 0.66 0.66 0.82 0.82
Sentiment 0.33 0.33 0.54 0.54
Emotion 0.34 0.33 0.47 0.46

Table 2: Inter-rater reliability (Krippendorff’s α, Fleiss’
κ) for model preference (MP) and gold-data generation
(GD).

Agg. F1 Media (#S) F1 Text (#S)

Topic MV 0.56 (103) 0.10 (97)
Sentiment MV 0.58 (103) 0.66 (97)
Emotion MV 0.45 (103) 0.58 (97)

Topic DS 0.48 (103) 0.13 (97)
Sentiment DS 0.59 (103) 0.68 (97)
Emotion DS 0.44 (103) 0.52 (97)

Topic RND 0.11 (103) 0.05 (97)
Sentiment RND 0.32 (103) 0.32 (97)
Emotion RND 0.18 (103) 0.17 (97)

Table 3: Macro F1 of the media- and text-based models
evaluated against reference labels derived from the hu-
man annotations using majority vote (MV) and Dawid–
Skene aggregation (DS). RND denotes the mean Macro
F1 over five runs using randomly assigned reference
labels; #S denotes the number of evaluated samples.

different architectures, training domains, and la-
bel inventories and tests whether fewer models or
features can retain comparable predictive perfor-
mance, rather than comparing standalone model
quality.

To test H1, we generate annotation-output
vectors for each model ti and tweet x (x ∈ X ).
This post-hoc analysis identifies redundant model
outputs and tests whether fewer models or features
can retain comparable predictive performance.
For each model, we compute the mean score of
each target category across all sentences in x and
normalize these scores with a softmax function
so that they sum to one. Using this procedure,
we create a vector for each text x, based on the
remaining R models corresponding to model ti.
The predicted target label for each model is defined
as the category with the highest average probability.
We repeat this procedure for each model and
tweet. Labels represented by fewer than 50 tweets
are removed. The dataset is split into two parts:
80% for training and 20% for testing. We use a



Random Forest classifier to test H1. This study
involves a total of nine models, and nine prediction
models are trained using this approach. All models
are optimized with evolutionary search to show
that equal or nearly equivalent Macro F1 can be
achieved with substantially fewer features. The
evolutionary search was run for 200 generations,
with each candidate feature subset evaluated
using a Random Forest classifier implemented
in scikit-learn v1.1.2 (Pedregosa et al., 2011)
(n_estimators=100, min_samples_leaf=5,
class_weight="balanced"; with a fixed random
seed and all other hyperparameters set to their
default values).

Figure 5 shows Macro F1 before and after fea-
ture selection, along with the number of target cat-
egories per model. Nearly half of the features were
unnecessary for achieving optimal Macro F1, with
models using about 55% of available features on
average. The average Macro F1 across models
is 65% (34%–99%), reaching 99% for all senti-
ment classification types. This likely reflects the
small number of labels to predict. Spearman’s rank
correlation (Zar, 2014) shows a strong negative as-
sociation between Macro F1 and the number of
labels (ρ = −0.85, p < 0.01), indicating lower
performance with more labels. Sentiment labels
are more balanced across models than topic and
emotion labels.

Figure 6 shows, for each trained classification
model, the proportion of selected features originat-
ing from each feature model; higher bars indicate
higher proportions. E1 consistently ranks last,
suggesting its feature parameters are not useful af-
ter feature selection. E3 performs best, with an
average rank of 3.25, followed by S2, with an av-
erage rank of 3.75; the remaining models occupy
middle ranks on average. Within this cross-model
prediction setup, features derived from E1 were
selected least often, whereas E3 achieved the best
average rank of 3.25, followed by S2 with 3.75.
These ranks reflect the utility of a model’s outputs
for predicting the other models, not its standalone
annotation quality. Differences may result from the
models’ training domains, label definitions, class
distributions, and correlations with the other out-
puts rather than from the numbers of features or
labels alone.

The colors indicate the mean SHAP influence
per feature model, from low (blue) to high (yellow).
For comparability, SHAP was computed using the

same training and test splits as in the evolutionary

search. We computed mean SHAP values across
all labels for each feature, capturing each feature
parameter’s contribution to the target labels. This
aggregated score is visualized in Figure 6, and the
sum of SHAP values reflects each feature’s total
influence on the prediction model. It also suggests
a correlation between the features selected through
evolutionary search and their SHAP-derived influ-
ence on the model.

Spearman rank correlation confirms this obser-
vation using selection proportion and aggregated
SHAP influence as inputs (ρ = 0.36, p < 0.01).
This indicates a statistically significant but slight
positive monotonic relationship between feature se-
lection frequency and SHAP influence. The overlap
between the top 20 individual feature parameters
per model, ranked by evolutionary selection fre-
quency and by SHAP influence, is exactly 40%.
This further suggests that evolutionary search suc-
cessfully identifies features that meaningfully af-
fect model predictions.

The analysis reveals dependencies and redun-
dancy among the automatic annotations in TTLAB-
TWEETCORPUS and shows that comparable pre-
dictive performance can be retained with fewer
features. It thereby supports more efficient annota-
tion pipelines and joint analyses of topic, sentiment,
and emotional framing in political communication.

7 Conclusion

TTLABTWEETCORPUS offers more than just text
data: it comprises 15 175 tweets from German
political figures, which are linked to GERPAR-
COR. TTLABTWEETCRAWLER supports corpus
extension through two collection methods: the
user-based method yields more text-only tweets,
whereas the search-based method mainly retrieves
tweets containing media. Together, both processes
produce 39 546 tweets, of which 19 056 include
media information and 18 703 are processable. We
used nine text-based models, which cover three
types of classification, to analyze all 33 921 tweets
containing text after cleaning. Topic, emotion,
and sentiment can be predicted in relation to each
other, and evolutionary feature selection shows that
comparable or higher Macro F1 can be achieved
with fewer features. We also introduced a VLM-
based method for automatically annotating me-
dia content, such as images and videos, using a
single prompt for the same three classification
types. A small-scale manual evaluation shows
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that annotators more often preferred the media-
based outputs. However, the media-based model
performed better for topic classification, whereas
the text-based model achieved higher Macro F1
scores for sentiment and emotion. However,
further annotation is required because the current
manually labeled dataset is limited. Nevertheless,
this study establishes a framework for the anal-
ysis of political data in social media in conjunc-
tion with German political speeches. The provided

corpus can also supplement existing datasets or
support new ones incorporating media informa-
tion. The corpus and software are released un-
der the AGPL license on https://github.com/
texttechnologylab/TTLabTweetCorpus.

Ethical Considerations

This study and the developed tweet corpus have
been created with attention to ethical considera-

https://github.com/texttechnologylab/TTLabTweetCorpus
https://github.com/texttechnologylab/TTLabTweetCorpus


tions. The goal of this work is to provide a large-
scale corpus of tweets from German political fig-
ures and to make the data collection process as
straightforward as possible, while also including
media information such as images and videos. Al-
though the corpus is based on publicly available
tweets, some individual posts may contain content
that is offensive, sensitive, or potentially harmful.
Researchers using the corpus should be aware of
this when conducting analyses. Similarly, the emo-
tion, sentiment, and topic annotations generated
by models may include biases or errors, and their
outputs should be interpreted with caution. It is
acknowledged that the processing pipeline could
theoretically be applied to restricted or prohibited
content; however, the intention of this work is to
support responsible and transparent scientific re-
search.

Limitations

This work has several limitations. First, the user-
based subset is restricted to tweets from German
political figures, whereas the search-based subset
contains tweets retrieved through hashtag-based
queries and is not restricted to these figures. Con-
sequently, neither subset should be interpreted as a
complete or fully representative sample of the re-
spective social media discourse. Second, the corpus
depends on data that could be collected from X at
the time of crawling. As a result, deleted, protected,
unavailable, or otherwise inaccessible tweets are
not included. The two collection methods also in-
troduce different biases: the user-based method
primarily retrieves text-only tweets, whereas the
search-based method mainly retrieves tweets con-
taining media. Third, the automatic annotations
are produced by existing text-based models and
a VLM-based prompting approach. These anno-
tations may contain model-specific errors and bi-
ases, especially for politically sensitive, ambiguous,
ironic, or multimodal content. The VLM annota-
tions are based on a single prompt, which may limit
robustness across different types of images and
videos. Finally, the manual evaluation of media-
based annotations is small in scale. Because the
model outputs were visible while the manual la-
bels were assigned, the annotations may have been
influenced by the displayed predictions. The com-
parison should therefore be interpreted as an ex-
ploratory evaluation rather than as a fully inde-
pendent gold-standard assessment. Although the

evaluation indicates that media information can af-
fect human judgments and model performance, the
results vary across classification tasks. Further in-
dependent manual annotation is therefore required
to assess the quality of the automatically generated
labels more comprehensively.
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