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Abstract
This paper presents the findings of a study combining sentiment
analysis and topic modeling on Instagram posts published by mem-
bers of the German Parliament, with a particular focus on the
government crisis in the fall of 2024. The analyzed dataset – col-
lected and curated for this study – contains more than 480,000
posts, including an annotated subset of 2,000 posts for evaluation.
For sentiment classification, we fine-tuned the German language
model GBERT-base, and employed BERTopic to discover thematic
structures within the corpus. We conducted a detailed temporal
analysis around the period of the coalition’s collapse, closely inte-
grating sentiment trends with topical developments. This case study
demonstrates the potential of combining sentiment analysis and
topic modeling for distant reading and the large-scale exploration
of political communication on social media platforms, showing that
these two methods combined can be used to identify crucial events
such as incidents regarding the government crisis, the Magdeburger
Christmas market attack or news about the case of Gisèle Pelicot.

CCS Concepts
• Computing methodologies → Natural language processing;
Machine learning; • Information systems→ Social networks.
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1 Introduction
Social media platforms have become central arenas of political com-
munication, enabling elected representatives to articulate positions,
react to current events, and engage with constituents in real time
[8]. While much of the computational research in this domain has
focused on Twitter (now X) [10], Instagram has grown into a major
venue for political communication [3, 40]. Existing studies on Insta-
gram focus, for example, on visual content or engagement metrics
[e.g. 23, 24, 35], while the platform’s textual dimension has received
less scholarly attention.

While Instagram is built around visual content, captions repre-
sent the platform’s central textual component. They provide short,
structured text accompanying images or videos and thus constitute
a consistent basis for computational analysis. Methods such as sen-
timent analysis and topic modeling, frequently applied to Twitter
data [17, 27], can therefore be transferred to Instagram captions
to examine thematic and affective patterns in large-scale political
communication. Yet sentiment analysis and topic modeling are typ-
ically applied in isolation, even though their combined use offers
potential for enhancing distant reading approaches.

This paper addresses this gap by examining the textual com-
munication of 708 members of the German Parliament during the
2021–2025 legislative period. Using a corpus of 488,917 Instagram
posts collected and curated for this study, we investigate whether
combining sentiment analysis and topic modeling enables a more
nuanced understanding of political communication across parties,
time periods, and critical events. This leads us to the following
primary research question:
RQ1: How can sentiment analysis and topic modeling be com-

bined to enhance the distant reading of social media data
and improve our understanding of political communication?

To explore this overarching question, we also examine two more
specific dimensions:
RQ2: Can shifts in sentiment be observed over the course of the

coalition period, and can topic modeling help to identify
potential causes for these changes?
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RQ3: Are there detectable differences between the political par-
ties in terms of the sentiment and thematic focus of their
Instagram posts?

The 2024 German government crisis, marked by the collapse of
the coalition between the SPD (social democrats), Bündnis 90/Die
Grünen (green party), and the FDP (liberals), provides a particularly
informative context for evaluating the combined approach. The
crisis sparked intense public and political debate [41], offering a
real-world test case for assessing whether changes in sentiment
and topic prevalence facilitate a comprehensive understanding of
the Instagram communication of 708 members of the German par-
liament.

Contributions
This paper makes three main contributions:

(1) We fine-tune and evaluate German transformer-based senti-
ment models using public datasets and evaluate the models using
a manually annotated gold-standard dataset of 2,000 posts. (2) We
analyze the distribution and development of topics and sentiments
during the 2021–2025 legislative period by applying sentiment anal-
ysis and topic modeling to the full corpus. (3) We demonstrate how
the integration of sentiment analysis and topic modeling can re-
veal meaningful shifts in political communication during the 2024
government crisis.

2 Related Work
This section provides an overview of how sentiment analysis and
topic modeling have been applied to the examination of social
networks, with a particular focus on political communication. It also
discusses the key studies and findings that underpin our research.

2.1 Sentiment Analysis in Social Networks for
Political Research

According to Rodríguez-Ibánez et al. [25], there is a great inter-
est in sentiment analysis, both in industry and academia, as it is
recognized as a useful approach to assess public opinion in vari-
ous domains. The authors looked at 2306 studies that dealt with
sentiment analysis in social networks and named politics as the
second most dominant field, with 459 publications. They further
note that research in the political field predominantly investigates
topics such as elections, political parties, hate speech, and specific
political processes within individual countries.

Schmidt et al. [27] distinguish between studies that focus on
the communication of political actors themselves and those that
analyse public sentiment toward political events or figures (see e.g.
[16]). Their own study is an example of the first, as they focused
on Twitter (now X) posts of the seven parties, represented in the
German Parliament, around the federal election 2021 in Germany.
The authors collected over 58,000 tweets and compared several
approaches for the sentiment analysis and their performance.

Regarding public opinion towards politicians, studies have exam-
ined whether it is possible to predict election outcomes using social
media analysis [27]. Chauhan et al. [7] list many such works, for
example for elections in India, the Netherlands, Greece, Germany,
Malaysia, Pakistan, Taiwan and the USA. They conclude that most

studies have successfully predicted election outcomes, highlight-
ing the growing potential of social media data and computational
methods for making political forecasts.

In our study, wewant to focus on sentiment shifts and differences
between parties as Schmidt et al. [27] did, but also on temporal
analysis to find out how certain events can influence sentiment
over time [25], and whether certain topics are more associated with
negative, positive or neutral sentiments.

Rodríguez-Ibánez et al. [25] observe that, in the studies they
reviewed on sentiment analysis in social networks, state-of-the-art
techniques such as transformer-based systems are not used as of-
ten as traditional approaches, including dictionary-based methods,
neural networks or Support Vector Machines. However, the au-
thors note an increased use of embeddings and transformers-based
methods in recent years. Similarly, Schmidt et al. [27] find that
transformer-based models, such as BERT, outperform traditional
machine learning approaches in sentiment classification tasks.

Thus, in this work, we aim to build on current developments
in Natural Language Processing by comparing Transformer-based
approaches and selecting the best classification model for our task.

2.2 Topic Modeling on Social Media Data in the
Context of Politics

Topic modeling has become a popular computational method for
the analysis of social media data and is applied in fields such as
journalism, public health and political science [20]. Hellwig et al.
[17] highlight that topic modeling has been effectively used to
extract information from tweets in various political contexts. The
authors themselves examined tweets connected to the 2021 German
federal election and showed that the most frequently discussed
topics were party-oriented policies, climate, and financial policy.
Moreover, they found out that some topics were debated constantly
throughout the year, while others came up at certain periods of time.
Another similar example is the work of Achmann and Wolff [1],
who looked at Instagram stories and posts in the context of the 2021
Federal election campaign in Germany, and explored differences
between these two formats using BERTopic.

Earlier topic modeling algorithms such as Latent Dirichlet Allo-
cation (LDA) are suitable for processing longer texts, but Laureate
et al. [20] note that their ability to extract semantic meaning from
shorter texts is limited. LDA is a generative probabilistic model [17]
that treats documents as mixtures of latent topics with each topic
represented as a probability distribution over words [36].

In recent years, models optimized for short text analysis have
been introduced, e.g., a mixture of unigram models, the biterm
topic model (BTM), and the dual sparse topic model (DSTM) [36]. To
address a key limitation of LDA— namely its inability to account for
semantic relationships betweenwords— text embedding techniques
such as BERT are increasingly used for topic modeling, because
they consider words in the context of surrounding text, allowing for
a deeper understanding of their meaning and capturing semantic
relationships [17].

Since it is essential to choose the right topic model for getting
the best possible results [36], we build on the work of Hellwig
et al. [17]. The authors used BERTopic, introduced by Grootendorst
[12], to analyze German tweets related to the 2021 Federal Election.
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This topic modeling technique creates document embeddings us-
ing pre-trained transformer-based language models, clusters these
embeddings, and then derives topic representations through a class-
based TF-IDF procedure [12].

3 Data & Methods
In this section, we outline the methodological approach to answer
our research questions, including a general overview of the data col-
lection process, the corpus, the fine-tuning of appropriatemodels, as
well as the evaluation procedures used to assess their performance.

3.1 Data Collection
To assess how members of the 20th German Parliament used Insta-
gram, we first compiled a list of all 733 elected representatives from
Wikipedia and manually enriched it with URLs to all available Insta-
gram accounts. This list was then programmatically preprocessed
for a semi-automated scraping workflow. Given that direct access
to social media data has become increasingly challenging since the
so-called “APIcalypse” [4, 11], we used Zeeschuimer [22], a Firefox
extension that intercepts the browser-server communication and
records all posts rendered in the browser.

Data collection took place in late February 2025. Using a scripted
workflow built with Selenium, we automated the process of loading
each public Instagram profile, scrolling through its timeline, and
exporting all posts captured by Zeeschuimer. Private accounts were
skipped, and occasional scrape failures (e.g., temporary loading
limits or changed profile URLs) were flagged for manual review.
The resulting exports were converted to CSV format and merged
into a unified corpus. After removing posts published before 2021,
the final dataset contains valid post data for 712 accounts (708
individual politicians). The dataset is available on request.

3.2 Corpus Overview
Our corpus comprises 488,917 captions of Instagram posts. At the
time of data collection, the 733 members of Parliament were dis-
tributed across parties as follows: 207 SPD, 196 CDU/CSU, 117
Greens, 90 FDP, 76 AfD, 28 Die Linke, 10 BSW and 9 independents
[38]. The distribution within the corpus is presented in Table 1.

3.3 Data Annotation
To evaluate the performance of our sentiment analysis model, we
created a gold-standard dataset of 2,000 randomly sampled Insta-
gram posts from our corpus. Four independent annotators labelled
the dataset in two batches, with two annotators assigned to each
batch. Annotators assigned one of three sentiment categories to
each caption: positive, neutral, negative [27]. These categories, ac-
companied by representative corpus examples, were defined as
follows:
positive: Posts with a predominantly positive sentiment, recogniz-

able by words or phrases such as "looking forward", "thank-
ful", or "fun", or if the context of a post is positive, e.g., suc-
cesses, productive visits, or achievements.

negative: Posts with a predominantly negative sentiment, recog-
nizable by words or phrases such as "unbearable", "appalling",
or "danger", or if the context of a post is negative, e.g., natural
disasters, bad results, or deaths.

neutral: Posts with a neutral sentiment, no sentiment, or a mix of
positive and negative sentiment.

Disagreements within each batch were reviewed by the two
annotators from the other batch and resolved through majority
vote. Inter-coder reliability was assessed using Krippendorff’s 𝛼
using the krippendorff python package [6]. Agreement was high
across both batches (batch 1: 𝛼 = 0.82; batch 2: 𝛼 = 0.91). These
values exceed typical levels reported in social media annotation
studies, where average alpha values around 0.61 are common [26],
and surpass those obtained in comparable political sentiment tasks
[27]. Nonetheless, annotators noted that determining sentiment
was frequently challenging.

The final gold-standard dataset contains 742 positive posts, 285
negative posts, and 973 neutral posts. As outlined below, this dataset
was used to evaluate and select the best-performing sentiment
model. This subset is available in our GitHub repository.1

3.4 Sentiment Analysis
Sentiment analysis is implemented as a supervised text classifica-
tion task in which each Instagram post is assigned one of the above
labels [19]. Since it is crucial to find the right model for the task
[19] we evaluated several approaches (see Table 2a): To ensure our
approach remains broadly applicable, we assume a scenario without
a self-annotated dataset for a first model overview (Table 2a) and
fine-tuning (see Table 2b) using a public dataset. Thus, we are using
our annotated gold-standard dataset only for the final evaluation
and model selection.

In a first step, we compared three pre-trained transformer-based
sentiment models that support German: a multilingual DistilBERT
model optimized for social media text, German Sentiment BERT, and
XLM-RoBERTa German Sentiment (Table 2a). Following Schmidt
et al. [27], we evaluated these models on their German Politicians
Twitter Sentiment test set [2], which consists of 357 tweets labeled
as positive, negative, or neutral. All models achieved only moderate
performance, with weighted 𝐹1 scores between 0.38 and 0.52, which
we considered insufficient for our downstream analysis of political
communication.

We therefore fine-tuned a German transformer model specifi-
cally for our task. In line with Schmidt et al. [27], we fine-tuned the
GBERT-base language model [9] for three-way sentiment classifi-
cation using publicly available training data and Hugging Face’s
Transformers library [18]. Table 2b summarizes the configura-
tions and results of the two best-performing variants. GBERT1 was
trained on 1,428 posts from the German Politicians Twitter Senti-
ment dataset [2], GBERT2 extended this training data with 19,400
samples from the GermEval 2017 shared task [39]. Both models
were trained for four epochs with a learning rate of 2−5, differing
only in batch size and training data composition.

For model selection, we evaluated both fine-tuned models on our
gold standard dataset of 2,000 Instagram posts. GBERT1 achieved
the highest performance, with accuracy, precision, recall, and F1 all
at 0.72, outperforming GBERT2 (0.67 on all metrics). We therefore
used GBERT1 to assign sentiment labels to all 488,917 posts in our
corpus.

1https://github.com/jessimaye/BundesPosts
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Table 1: German political parties and their percentage of posts within the corpus.

Party Name Abbreviation Political Position Percentage in Corpus

Sozialdemokratische Partei Deutschland SPD Centre-left 30.68%

Christlich Demokratische Union/ Christlich
Soziale Union

CDU/CSU Centre-right 30.42%

Bündnis 90/Die Grünen Greens Centre-left 14.35%

Freie Demokratische Partei FDP Centre-right 10.31%

Alternative für Deutschland AfD Far-right 8.79%

Die Linke Left Left-wing 3.60%

Bündnis Sarah Wagenknecht BSW Left-wing to
Far-left

0.90%

Fraktionslose Independentants / 0.65%

Table 2: Comparison of Sentiment Models during our Evaluation. All evaluation metrics report weighted average values.

Model Source Description Acc Prec Rec F1

Multilingual Sentiment [30] distilBERT-based, multilingual, social media optimized 0.53 0.53 0.53 0.52
German Sentiment BERT [15] BERT-based, trained on 1.8M German posts 0.50 0.59 0.50 0.44
XLM-R German Sentiment [28] XLM-RoBERTa, trained on 200k German samples 0.47 0.60 0.47 0.38

(a) Pre-trained sentiment models, evaluated on the German Politicians Twitter Sentiment [2] test set (357 examples) by Schmidt et al. [27].

Model Fine-Tuning Data Epochs LR Batch-Size Acc Prec Rec F1

GBERT1 1,428 posts from German Politicians Twitter Sentiment 4 2−5 8 0.72 0.72 0.72 0.72
GBERT2 Train data of GBERT1 + 19,400 samples from Germeval 2017 4 2−5 16 0.67 0.67 0.67 0.67

(b) Fine-Tuned GBERT models and evaluated on our annotated subset (2,000 samples).

3.5 Topic Modeling
To analyze the thematic structure of political communication on In-
stagram and to complement the sentiment analysis with contextual
information (RQ1, RQ2), we employed the BERTopic framework
introduced by Grootendorst [12]. As outlined in our related work
section, embedding-based topic models outperform traditional prob-
abilistic approaches on short, heterogeneous social media texts
and have been successfully applied to political communication
[1, 17, 20]. Building on this line of research, we adopt BERTopic for
our large-scale Instagram corpus.

Specifically, we implemented a configuration optimized for large-
scale data processing, as outlined by Grootendorst [14]. Following
standard preprocessing procedures, including the removal of stop
words, the documents (i.e., the social media posts) are transformed
into dense vector representations using Sentence-BERT embeddings
[14]. In line with the recommendations of Grootendorst [13], we
applied the pretrained embedding model paraphrase-multilingual-
MiniLM-L12-v2,2 which is well-suited for multilingual content.

The resulting embeddings were cached temporarily and subse-
quently passed to a multilingual BERTopic model for unsupervised
clustering and topic extraction. The initial number of generated

2https://huggingface.co/sentence-transformers/paraphrase-multilingual-MiniLM-
L12-v2

topics was reduced to 150 using the model’s built-in topic reduc-
tion functionality. Given that a substantial portion of the data was
initially classified as outliers — i.e., documents not assigned to any
dominant topic — we applied the reduce_outliers method [13] to
reassign these documents to the most semantically appropriate
topics.

To evaluate the coherence and contextual relevance of the topic
model, we identified the ten most frequent topics separately for
each sentiment (negative, neutral, positive), and compared them
with corresponding word clouds. This qualitative analysis aimed to
identify thematic variations across sentiment categories rather than
provide a quantitative assessment. The positive word cloud was
dominated by clearly affirmative terms such as “Danke” (“thanks”)
and “freue” (“look forward to”), while the negative one displayed a
broader distribution of prominent words with less distinct weight-
ing.

This is also reflected by the topics: several topic-specific key-
words appear within the positive word cloud that align with the top
ten topics identified by the model, including “Bundestag” (“Federal
Parliament”) and “Demokratie” (“democracy”), whereas the nega-
tive one is more mixed, with some words not aligned with any of
the most frequent themes.
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3.6 Joint Sentiment and Topic Analysis
For the temporal analysis we first looked at unusual spikes within
each of the three sentiments for the months leading up to, during
and after the governmental crisis. As part of the distant-reading
approach, graphics, such as Figure 3 or Figure 4, were used to look
at large amounts of data in an abstracted way. The next step was
to determine unusual topics within the time span by collecting
the most prominent topic of every sentiment category for each
day, resulting in three topics per day. These topics were then cross-
referenced with the sentiments on the same days and vice versa,
to ensure both sides indicated a noteworthy event. As the combi-
nation of topic modeling and sentiment analysis could only alert
on the importance of certain dates, we referenced news archives
for additional context information to identify the specific reasons
for the sentiment as well as the topic. By following these steps,
we were able to single out a number of interesting dates within
November and December of 2024, which will be further discussed
in the following chapter.

4 Results & Analysis
In this section, we present our findings, answering our research
questions, with a party-specific analysis focusing on differences
in sentiment and thematic emphasis across political parties (RQ3).
Subsequently, we provide an in-depth examination of the govern-
ment crisis in the fall of 2024, addressing whether observable shifts
in sentiment occurred and to what extent topic modeling can help
identify potential causes for these changes (RQ1 and RQ2).

4.1 Findings by Political Party
Across parties, clear differences emerge in the sentiment of posted
content. The AfD communicates with the most negative sentiment
(34% of posts), followed by independent members (32%) and Die
Linke (26%). In contrast, Germany’s two major parties tend toward
more positive messaging: the CDU/CSU (opposition leader) has the
highest percentage of positive posts (50%), followed closely by the
SPD (48%) (see Figure 1).

Longitudinal trends reveal further distinctions: Monthly senti-
ment averages, computed by assigning values of −1 (negative), 0
(neutral), and +1 (positive) to each post [27], indicate that the av-
erage sentiment expressed by most opposition parties – including
AfD, Die Linke, and BSW – is notably more negative, while the gov-
erning parties (SPD, Bündnis 90/Die Grünen, and FDP) consistently
score above the zero line throughout the legislative period (see
Figure 2). These findings align with the results reported by Schmidt
et al. [27]. An interesting outlier in this context is the CDU/CSU.
Although formally an opposition party, its average sentiment aligns
more closely with that of the governing parties, displaying a clearly
positive tone.

The overall distribution of predominant topics is also reflected
at the level of individual parties, but with some noteworthy fo-
cal points. Family policy, for example, ranks among the ten most
frequently addressed topics by the SPD, which also places a compar-
atively stronger emphasis on social finance policy than observed
in the overall dataset. Within the CDU/CSU, party-specific issues
emerge more prominently, often associated with positive sentiment,
as does the topic of digitization.

While there is an “AfD/FDP”-topic, that focuses on these parties,
both the SPD and the CDU/CSU appear as keywords in the general
political topics next to other terms, demonstrating that both parties
are prominent in the political currents, even though one of the two
is part of the opposition.3

4.2 Temporal Developments: The 2024
Government Crisis as a Case Study

Here follows an analysis of the most prominent findings surround-
ing the time of the government crisis at the end of 2024 as a case
study, in which the results of the sentiment analysis are intertwined
with the topic modeling findings, to show that this method com-
bination can be used to highlight impactful events based on the
Instagram posts of the German Parliament members. The analysis
draws on the absolute number of posts with each sentiment, on a
mean-sentiment of each party, as well as the most frequently used
topic for each day in the months of November and December of
2024. Each finding will then be connected to an actual event on the
basis of news articles during this period.

November. From the 4th of November on, the number of posts
begins to increase until the 7th with roughly 300 negative and
neutral posts each, while the number of positive posts is at a local
minimum of slightly more than 100. The most prominent topic on
this day is “spd-cdu-bundestag-democracy”.

Between the 7th and the 16th, this topic appears as the most
frequent one in negative posts on eight out of ten days — with
the exception of the 9th and 10th. It also ranks highest in neutral
posts on four days and in positive posts on two days. All in all, this
was the most present topic in five of these ten days, underlining
its importance in this period. The – in contrast to other times and
topics – increased number of neutral and negative posts, suggests
that posts in this topic most likely correspond to either a critical or
negative contexts.

This observation coincides with notable events regarding the
coalition breakup: On the first of November, a proposal paper by the
FDP was leaked, demanding fundamental revision of political lead-
ing decisions, further worsening the already strained relationship of
the coalition parties as it would have required major restructuring.
On the 6th of November, Olaf Scholz presented his own proposal
paper to counter the leaked FDP paper, but it was rejected [29].

As a consequence, the weekly Zeit [42] mentions that Chris-
tian Lindner is to be dismissed by the president. The maximum
in neutral posts reflects either neutral or mixed reactions to these
events. After Christian Lindner accused Olaf Scholz of purposefully
breaking the coalition, he was dismissed from his duties as financial
minister on the 7th of November, representing the actual break
of the coalition [42]. On this day the number of negative posts
reaches its peak along with the topic regarding the Bundestag and
democracy, indicating that this topic, at the given time, most likely
refers to the government crisis.

In accordance with the amount of negative posts on the 7th, the
mean sentiment of each party is far more negative than usual, as
can be seen in Figure 3. The sentiments vary from −0.9 from the
BSW to −0.6 from Die Linke to almost every other party at −0.3.
3The GitHub repository contains the most frequent topics of the respective party, as
well as the most frequent topics of the positive, negative and neutral posts.
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Figure 1: Sentiment distribution per party.

Figure 2: Mean sentiment of every party from January 2021 to February 2025. Each year change is marked by a grey line and
the election and the Ampelbruch are marked by a red one.

Interestingly, the most neutral party is not the FDP, which has a
mean sentiment of around −0.15, but the SPD at slightly below
zero. Though neutral doesn’t necessarily mean truly neutral and
could instead be a mixture of positive and negative. So it is possible
that e.g. the members of the SPD applauded the way the chancellor
handled the situation while also potentially criticizing the FDP.

On the 9th of November the most frequently addressed topic was
the “racism-humans-victims-remembrance”-topic, most likely refer-
ring to the “Reichsprogromnacht”, happening in 1938 and marking
the change from discrimination to systematically prosecution and
murder of Jewish people and other minorities in Germany. There-
fore, the atrocities committed by German people are remembered
on this day each year [5].

The newspaper Zeit releases an article on the 15th of November,
containing a detailed timetable of the coalition breakup, revealing
at what point in time the FDP began to plan this collapse [42].

Accordingly, across 15th–16th of November, the coalition-breakup-
topic is the most prevalent one. Consequently, the sentiment and
topic distribution reflect these controversial actions, indicating
when important events took place.

The last notable sentiment development in November 2024 is
on the 25th, where the negative posts reach a global maximum of
300 posts. Though the number of neutral posts usually seems to
develop in correlation to the negative posts, this spike in negative
posts is not accompanied by a similar increase in neutral posts. The
sudden increase in posts with negative sentiment can also be seen
in the sentiment of each party. Here, a drastic drop to sentiments
between −0.7 and 0 can be noticed.

However, this sentiment change seems to be unrelated to the
government crisis and instead is, according to the topic modeling,
due to the “women-violence-violence woman-girls”-topic. This re-
flects the fact, that the 25th of November is the international day
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Figure 3: Development of the mean-sentiment of each party in November 2024.

against violence against women, the so-called orange day [31]. Fur-
thermore, this topic is even more relevant on this day due to an
announcement in the case of Gisèle Pelicot, a woman, that has been
severely abused by her ex-husband as well as 50 other men, putting
this topic even more in the focus of the public eye [33].

December. The first relevant spike in post numbers appears on
the 16th of December, the number of negative posts rises to a,
for the negative posts, global maximum, paralleled by the neutral
posts. This is mirrored in the party specific mean sentiment (see
Figure 4): most parties converge to a neutral to slightly negative
sentiment, except for the SPD, which stays positive, and the BSW,
which remains negative.

The topic modeling shows that this decrease in sentiment is most
likely due to the coalition crisis, as the most represented topic is
again the “spd-cdu-bundestag-democracy”-topic. This hypothesis is
confirmed as the Vertrauensfrage (engl. question of confidence) that
led to the dissolution of the German Parliament was put forward
by chancellor Olaf Scholz on this day. Losing this vote enabled the
new election in February [34].

Another notable change in the number of positive and neutral
posts, which dropped considerably by roughly 150 posts compared
to the day before, is on the 21st of December. In contrast, the number
of negative posts reaches a local maximum of almost 150. The topics
for this day are mostly about “next of kin-thoughts-magdeburg-
injured persons”, indicating that this change in sentiment and post
numbers is related to the attack on a Christmas market in Magde-
burg in the evening of the prior day, on the 20th of December
[32].

Summary. Taken together, our party-level analysis shows system-
atic differences in both sentiment and thematic focus across political
actors, the longitudinal analysis reveals distinct sentiment shifts
over the course of the coalition period, and by combining sentiment
analysis with topic modeling, we were able to link changes in the
members of parliaments’ communication to identifiable real-world
developments.

5 Discussion
In the following section, we discuss the overall results and highlight
key findings that emerged from our analysis. In doing so, we
also address the extent to which the combination of sentiment
analysis and topic modeling constitutes an appropriate approach
for exploring large-scale social media data (RQ1).

RQ3: Are there detectable differences between the parties in
terms of the sentiment and thematic focus of their posts?

We observed differences in sentiment and thematic focus across
the political parties represented in the German Parliament. In line
with the findings of Schmidt et al. [27], it becomes evident that
most opposition parties — including AfD, Die Linke, and BSW —
exhibit a predominantly negative average sentiment. In contrast,
the governing parties — SPD, Bündnis 90/Die Grünen, and FDP —
show a more consistently positive sentiment. An interesting outlier
in this context is the CDU/CSU, which, despite being in opposition
during the analyzed coalition period, aligns more closely with the
governing parties in terms of sentiment, displaying a distinctly
positive tone. One possible explanation for this deviation lies in the
CDU/CSU’s long-standing role in government prior to the analysed
coalition period, having held executive power for 16 consecutive
years.

Regarding thematic focus, and consistent with the observations
of Achmann and Wolff [1] and Hellwig et al. [17], we identified
two broad topics that revolve around politics and parliamentary
processes in general. Other dominant topics are voluntary work,
foreign affairs (especially concerning the European Union and
the conflict in the Ukraine), memorial days, racism, public health,
holidays like Christmas, climate protection, financial policy and
violence against women. In addition, topic modeling allowed the
identification of party-specific thematic emphases: social policy
emerged as a key topic for the SPD; both Bündnis 90/Die Grünen
and CDU/CSU showed positively connoted, party-specific themes;
digitalization was rather prominent for the CDU/CSU and FDP;
climate protection for Bündnis 90/Die Grünen; and labor market
policy for Die Linke. A particularly noteworthy finding is the high
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Figure 4: Development of the mean-sentiment of each party in December 2024.

proportion of AfD posts containing external links to other websites.

RQ2: Can shifts in sentiment be observed over the course
of the coalition, and can topic modeling help to identify
potential causes for these changes?

We were able to identify events and timeframes of interest, such
as the drop in sentiment in November 2024, through sentiment
analysis (cf. Figure 2). A qualitative deep dive into this month’s data
revealed four noticeable changes within the sentiment: two rises in
negative sentiment on the 7th and 25th of November, the 9th had a
noteworthy neutral sentiment and the 16th was strikingly positive.

By using topic modeling for additional context, we could
attribute the spikes on the 7th and 16th properly to the coalition
crises, while the sentiment from the 9th and the 25th was identified
as being unrelated to that. Rather, these instances could be traced
back to the commemoration of the “Reichsprogromnacht” and the
international day against violence against women, as well as the
case of Gisèle Pelicot.

RQ1: How can sentiment analysis and topic modeling be
combined to enhance the distant reading of social media data
and improve our understanding of political communication?

Although the sentiment analysis can be utilized to discover cru-
cial events due to unusual shifts in the sentiments, it has also be-
come apparent that this alone is not enough to determine the reason
for these changes. By supplementing the sentiment analysis with
topic modeling, we were able to retrace the sentiment shifts to cer-
tain events, associated with the respective topic, as could be seen
in the incidents regarding the coalition breakup as well as in the
case of the Christmas market attack in Magdeburg or the enhanced
focus on the day against violence against women.

Even when the combined methods are not expressive enough,
they can help identify relevant dates for a focused close reading,
which can be complemented with research in news archives, as we
showcased regarding the sentiments coinciding with the FDP-Paper
leak in the Stern.

Overall, our findings suggest that the combination of sentiment
analysis and topic modeling offers a highly promising approach to
distant reading a large-scale Instagram datasets, enabling a more
nuanced understanding of political communication. This method-
ological framework holds considerable potential for various fields
of application, including journalism, socio-political discourse, and
academic research.

5.1 Limitations & Future Work
Our study offers a detailed insight into the sentiments and thematic
structures of Instagram posts published by members of the German
Parliament. Nonetheless, certain limitations must be acknowledged.
In particular, our analysis is restricted to textual content and does
not account for images, videos, or stories. Given the visual nature
of Instagram and the communicative importance of multimedia
content on this platform, the exclusion of these elements repre-
sents a relevant constraint. Future research should therefore aim
to incorporate such formats, for example through visual sentiment
analysis[21], in order to provide a more comprehensive understand-
ing of political communication on Instagram.

An important aspect to consider is that the collected posts con-
stitute part of the official public communication of members of the
German Parliament, and therefore reflect their professional activ-
ity. Most posts were published between Monday and Friday, with
noticeable declines during weekends and parliamentary recesses.
Some holidays, such as Christmas and New Year’s Eve, may tem-
porarily increase posting activity. Future research should examine
the influence of working schedules, weekends, holidays, and recess
periods on posting frequency, sentiment, and topics.

Regarding model performance, the sentiment classifier achieves
a weighted F1 score of 0.72, indicating moderate performance and
suggesting that a non-trivial proportion of individual posts may
receive incorrect sentiment labels. Since the gold-standard evalua-
tion was conducted on a random sample of the full corpus without
stratification by party or time period, we cannot rule out that clas-
sification accuracy varies across parties or communicative styles.
This should be taken into account when interpreting party-level
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comparisons. The fine-tuning was deliberately limited to publicly
available training data to ensure reproducibility and transferability.
Future work could address this limitation by conducting stratified
evaluations across parties and by expanding the in-domain train-
ing data to improve classification accuracy. Similarly, some of the
extracted topics exhibit overlap and lack clear separation, which
represents a further area for refinement.

Moreover, while the combination of sentiment analysis and topic
modeling proved effective for identifying periods of communicative
shifts, attributing these shifts to specific real-world events relied
on qualitative interpretation supported by news archives. A sys-
tematic close reading approach, for instance, by sampling posts
from dates with notable sentiment changes and manually verifying
their thematic content and event references, could serve to validate
and further substantiate the findings of the distant reading. Such a
mixed-methods design would strengthen the methodological rigor
of the event–sentiment linkage and help to delineate the boundaries
of what the computational approach alone can reliably detect.

A further simplification concerns party affiliations: for the
present study, each member’s final party membership was assigned
to all of their posts across the entire legislative period. This affects
19 out of 708 politicians (2.7 %), most notably the ten former mem-
bers of Die Linke who formed Bündnis Sahra Wagenknecht (BSW)
in January 2024, as well as nine individual switches involving other
parties. Given that these cases represent a small fraction of both
the accounts and the overall corpus, the impact on aggregate-level
findings is expected to be minimal. Nonetheless, future work could
assign party labels at the post level based on the documented date
of each switch.

Since all posts in our corpus are annotated with both sentiment
and topic labels, this enables further studies that systematically
link these two methods, answering, for example, the following
questions: What sentiment do individual parties express toward
specific topics? How did the discourse surrounding prominent po-
litical actors change after the coalition broke up? Can instances of
inter-party attacks be identified, and which policy issues do they
address?
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