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Abstract

Large Language Models are increasingly used
in applications requiring objective assessment,
which could be compromised by political bias.
Many studies found preferences for left-leaning
positions in LLMs, but downstream effects on
tasks like fact-checking remain underexplored.
In this study, we systematically investigate po-
litical bias through exchanging words with eu-
phemisms or dysphemisms in German claims.
We construct minimal pairs of factually equiva-
lent claims that differ in political connotation,
to assess the consistency of LLMs in classify-
ing them as true or false. We evaluate six LLMs
and find that, more than political leaning, the
presence of judgmental words significantly in-
fluences truthfulness assessment. While a few
models show tendencies of political bias, this
is not mitigated by explicitly calling for objec-
tivism in prompts.

Warning: This paper contains content that may
be offensive or upsetting.

1 Introduction

Large Language Models (LLMs) are becoming in-
creasingly integrated into everyday applications,
raising concerns about their potential biases (Danks
and London, 2017; Gallegos et al., 2024). The re-
search field received increasing attention, as stud-
ies have shown that LLMs often lean towards the
political left (Motoki et al., 2023; Rozado, 2023;
Rutinowski et al., 2024).

The consequences of such biases in downstream
tasks are still poorly understood. One area where
political discourse is particularly relevant is auto-
matic fact-checking. While the potential of LLMs
in mitigating misinformation and disinformation
is acknowledged, the consequences of their use in
truth-assessing tasks remain ethically and episte-
mologically problematic (Coeckelbergh, 2025).

A person’s understanding of truth is shaped
by their political position (Van Der Linden et al.,

Figure 1: Data example where “social contributions”
refer to the original word and “mandatory contributions”
refer to a right-shifted dysphemism. All claim pairs
considered in the analysis were annotated as factually
similar. Furthermore, we assign the political axis (here
economic), and whether the words are judgmental (here
true for shifted word). An LLM may evaluate the fact
differently based on the specified word.

2020). More specifically, humans are subject to
confirmation biases, which tends to lead them to
perceive statements that align with their political
orientation as more credible (French et al., 2023).
If LLMs hold similar political positions, this could
make them unreliable as objective fact-checking
tools. Thus, it is important to empirically re-
search whether LLMs truthfulness evaluation can
be influenced by political connotations. Politicians
strategically use euphemisms and dysphemisms (X-
phemisms) to shape the perceptions of their audi-
ence as they evoke positive and negative emotions
(Burkhardt, 2010). Thus, X-phemisms, used in po-
litical discourse, can often be assigned to a clear
political perspective. They are therefore suitable
for embedding a political perspective in a state-
ment, as they change the connotation of a single
word.
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Employing minimal pairs is a highly controlled
method for algorithmic bias detection (Dev et al.,
2020). Individual words are exchanged according
to the opposite demographic factor of a person, e.g.
“she” with “he” in case of gender, to examine the
words individual influence on a task (Park et al.,
2018; Huang et al., 2020). In the case of political
bias, however, these experiments are more diffi-
cult as identifiers for political leaning are not as
well-defined and interchangeable. For truthfulness
classification we assume that it is not necessary
to preserve the entire content of the sentence, but
rather the fact it conveys. We use X-phemisms to
generate our minimal pairs. Therefore, we delib-
erately insert these X-phemisms into the text that,
while politically charged, remain factually as close
to the original as possible, see Figure 1 for an ex-
ample. We aim to answer the following research
questions:

• Does an LLM’s perception of truth vary de-
pending on political connotation in a claim?

• Does a call for objectivism mitigate an ob-
served deviation?

The contribution of this research is to provide
and execute an empirical testing method for politi-
cal bias in LLMs. We introduce the novel German
PolBiX dataset1, created to examine the influence
of left and right-leaning political connotation and
judgmental words on LLMs’ truthfulness percep-
tion. Our experimental focus lies in how the truth-
fulness perception of the models changes, regard-
less of whether the original statement is factually
true or false. We evaluate six LLMs on this task.

Our results show that models are significantly in-
fluenced by judgmental words in their truthfulness
assessment. When grouping X-phemisms by politi-
cal leaning, we observe that in some cases LLMs
assign different truthfulness values depending on
the leaning, indicating the presence of political bias.
Furthermore, the results indicate that emphasising
objectivity in the prompt does not effectively re-
duce bias. These results highlight the need for
further research into political biases of LLMs, their
sources and mitigation strategies.

2 Related Work

Research on political bias in LLMs has focused
on using political orientation tests, studying bias
through altering of prompts, and analyzing bias in
connection with fact-checking.

1https://github.com/XplaiNLP/PolBiX

2.1 Political Orientation Tests

Several studies have found that LLMs, especially
ChatGPT, exhibit a left-leaning bias (Motoki et al.,
2023; Rozado, 2023; Rutinowski et al., 2024),
which over time slightly shifts toward right-leaning
due to continuous training through human feedback
(Liu et al., 2025).

Rozado (2023) evaluated ChatGPT using 15 po-
litical orientation tests, of which 14 resulted in
left-leaning bias. Extending this, Rozado (2024)
tested 23 LLMs across 11 political tests, finding
most aligned with center-left positions.

Rutinowski et al. (2024) applied political ori-
entation tests of G7 countries, revealing a con-
sistent progressive stance, though results on the
authoritarian-libertarian axis were less conclusive.
In the German political context, Hartmann et al.
(2023) analyzed ChatGPT’s responses to 630 state-
ments from Wahl-O-Mat and the Political Com-
pass Test, finding alignment with "Bündnis 90/Die
Grünen" a pro-environmental, left-libertarian party.
Given Germany’s more nuanced political landscape
compared to the U.S., this highlights potential chal-
lenges in capturing the full ideological spectrum.

However, Röttger et al. (2024) showed that po-
litical test results depend on question format, sug-
gesting that bias assessments should go beyond
questionnaire-based approaches and be tested in
applied settings, such as fact-checking.

2.2 Analysis through Prompt Alteration

Another line of research explores how LLMs can
be steered toward political biases (Bleick et al.,
2024). Rozado (2024) showed that small amounts
of training data can influence ideological leanings.
Similarly, Motoki et al. (2023) found that Chat-
GPT’s default responses aligned more closely with
left-wing profiles when compared to those gener-
ated under ideological impersonation.

Durmus et al. (2023) tested ChatGPT’s ability to
respond from different national perspectives. They
found that impersonation strongly altered outputs,
while merely translating prompts into different lan-
guages had little effect, suggesting deeper ideologi-
cal biases beyond language differences.

Beyond direct impersonation, models respond
differently to politically sensitive topics. Urman
and Makhortykh (2025) observed that Bard re-
fused to generate responses about Putin in Russian,
Ukrainian, and English, raising concerns about
potential censorship mechanisms. McGee (2023)
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found that ChatGPT generated more negative lim-
ericks about conservative politicians compared to
progressive politicians.

2.3 Analysis specific for Fact-Checking

Political bias also affects fact-checking, though this
remains underexplored. Baly et al. (2019) found
that integrating an auxiliary political bias predic-
tion task into fact-checking models improved per-
formance, indicating a strong interaction between
bias detection and truth assessment.

A related study tested ChatGPT and Gemini on
their ability to evaluate news articles, finding that
both rated left-leaning sources as more reliable,
suggesting a self-reinforcing bias in factuality as-
sessments (Baly et al., 2019). This raises concerns
about whether fact-checking models inherit ideo-
logical leanings from their training data.

3 Methodology and Dataset

We investigate how LLMs assess the truthfulness
of factually equivalent claims when presented with
different political framing. By systematically alter-
ing individual words, we achieve a more precise,
objective, and word-level analysis of bias compared
to previous methods.

Our approach is based on principles from Fram-
ing Theory and Discourse Theory (Chong and
Druckman, 2007; Hall, 2001). Framing Theory
describes in general, that issues “can be viewed
from a variety of perspectives and be construed as
having implications for multiple values” (Chong
and Druckman, 2007, p. 104). Foucault’s discourse
theory ties the concept to the perception of truth,
arguing that what we consider “true” is not objec-
tive, but shaped by discourses, power relations, and
social practices. When a sentence uses left- or right-
leaning language, its position within the discourse
shifts, and so does its perceived credibility among
different groups. For instance, the term “economic
refugee” is more commonly associated with right-
wing discourse, while “person seeking protection”
aligns with left-wing framing. The example shows
that words that describe the same situation can con-
struct entirely different realities (Hall, 2001).

To frame facts differently, we build word pairs
as denotative similar nouns with different conno-
tations, favouring political perspectives. We use
German as language for the dataset which has the
advantage of containing and frequently using com-
pound nouns, so a lot of information is captured in

single words. The complete process can be seen in
Figure 2.

3.1 Word pair collection

In order to build a set of political X-phemisms, we
first collect a set of 126 German X-phemism from
theses, articles and Wikipedia, which can be found
in Appendix D. Due to the limited availability of
sources that list political X-phemisms alongside
their counterparts, we generated additional pairs
using GPT-4o mini.

Using the prompt in Appendix C we generated
450 X-phemisms with their counterparts (e.g., “cli-
mate crisis” and “climate change”). To get ex-
pressive and diverse X-phemisms, we instruct the
model to state the political camp and whether it
is a euphemism or a dysphemism, without using
the information in the further analysis. Since GPT-
4o Mini is known to lean left, the word pairs may
already carry implicit bias. We aim to mitigate
this effect by incorporating information about judg-
mental words in our analysis. We did not filter
the word pairs for offensive content, as we find
offensiveness a relevant factor in political bias. To
determine whether word pairs create valid claim
pairs for comparison, we need the context of each
claim. Thus, we annotate them in a later step.

3.2 Claim collection

We identify real-world claims containing words
for our word pair list (e.g., “climate change is
real” includes “climate change”). To construct our
dataset, we extracted claims from three datasets:
NewsPolyML, DeFaktS, and (Aksenov et al.,
2021). NewsPolyML (Mohtaj et al., 2024) is a
multilingual European disinformation assessment
dataset containing 32,000 fact-checked claims
collected between 2012 and 2024. We filtered
for German-language claims labelled as either
‘true’ or ‘false’. DeFaktS (Ashraf et al., 2024)
is a dataset for fine-grained disinformation de-
tection in German social media, consisting of
20,008 German tweets labelled as ‘real’ or ‘fake’
news. Aksenov et al. (2021) published a Ger-
man news article dataset with 46,191 articles
from 2001 to 2021. Based on a survey, Medi-
enkompass2 labelled news outlets in partisanship
and quality. We chose articles from the news
outlets ‘www.sueddeutsche.de’, ‘www.stern.de’,
‘www.tagesspiegel.de’, and ‘www.n-tv.de’ as they

2https://medienkompass.org/deutsche-medienlandschaft/
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Figure 2: Methodology Overview. We search for claims containing a word from our list of replaceable word pairs.
The upper path visualises how the word pairs are annotated regarding their political shift and presence of judgement.
The lower path shows the prediction of models when they are prompted to generate the truthfulness of the base and
the shifted claim. We manually annotate that the shifted claim is equivalent to the base claim. Also, or this example,
we annotated a shift to the right and a decrease in truthfulness.

are perceived as politically unbiased and high qual-
ity and applied automatic claim detection (Risch
et al., 2021) to ensure extracted sentences con-
tained true factual claims. Across all datasets, we
removed sentences exceeding 100 words to remove
complex claims where a single word might have
little effect on the political leaning. We filtered for
sentences containing words from our word pairs. A
maximum of five true and five false claims per key-
word were randomly selected to maintain balance.
Table 1 shows the sources, labels, number of possi-
ble claims found and number of claims annotated
as valid due to their similar meaning.

Dataset Label #found #similar

DefaktS False 740 191
Medienkompass True 2280 567
NewsPolyML False 630 162
NewsPolyML True 27 10

3677 930

Table 1: Sources for our dataset. We took claims from
DefaktS, Medienkompass and NewsPolyML. #found
indicates the number of claims that contain a keyword
from our word pair table. #similar indicates the number
of samples that were kept because they were annotated
to have similar factual meaning. The other samples were
dropped.

3.3 Minimal Pair Creation

For each claim, we build a shifted claim by re-
placing the keyword in the original claim with its
X-phemism (see Figure 1). To ensure grammati-
cal correctness, all shifted claims underwent gram-
mar checking using the OpenAI API. The specific

prompt used for this purpose is documented in Ap-
pendix C.

Word pairs can only be substituted in contexts
where the reference is unambiguous. To ensure
factual consistency, we manually annotate pairs
of claims to determine which ones are factually
consistent (similar) after exchanging the word. We
only keep those as minimal pairs.

The annotators evaluated whether the factual
meaning of the claim changed when the keyword
was replaced. When one keyword represented a
subcategory of another or introduced a numerical
reference, the claim was classified as different. For
instance, in the claim “Muslim family: 11 chil-
dren – 5239 child benefits and social assistance
per month,” where the word pair was “social assis-
tance” and “Hartz IV,” the fact is different as “Hartz
IV” is a subcategory of “social assistance”. Fur-
thermore, if the keyword appeared within a direct
quote, it was also annotated as different. If the ex-
change word was identical to the original but was
accompanied by a judgmental modifier, the claim
was classified as similar (e.g., “puppet government”
and “government”). The last rule implied that if
the keyword was part of a proper noun, such as
“Minister for Agriculture”, the claim was classified
as different.

Given the vast amount of samples and the rel-
evance for only similar claims, we employed a
two-step strict agreement-based approach. A first
annotator annotated all 3,677 claims, while a sec-
ond annotator reviewed only those claims initially
annotated as similar. As a result, the first annota-
tor marked 31.4% of the claims as similar and the
second annotator subsequently annotated 80.5%
of these as similar. In total, 25.3% are perceived
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as similar and are used for further analysis. The
annotators ensured the grammatical correctness of
the sentences. The resulting distribution of similar
claims per dataset can be found in Figure 1, and the
distribution of claims per word pair can be found
in Figure 3.

Figure 3: Distribution of word pairs. After searching
for a maximum of ten claims per base word and filtering
for factually similar claim pairs, the dataset resulted in
varying amounts of claim pairs per word pair. Most of
the word pairs are once or twice in the dataset, and the
highest frequency of nine occurs five times.

3.4 Political Leaning and Judgmentalism
Annotation

To identify the political perspectives embedded
in the word pairs, we opted for manual annota-
tion.3 Instead of rating each word’s leaning in-
dividually, manual annotation allows to estimate
the exchanged words leaning shift compared to
its counterpart. A disadvantage is the subjectivity,
as the assessment of political leaning heavily de-
pends on the global knowledge and viewpoint of
the annotator (Shen and Rose, 2021). To add an
additional dimension we also annotated whether a
word is considered “judgmental”, meaning there is
an subjective opinion embedded in the word.

Five Annotators assessed the political orienta-
tion of the exchange word in comparison to the
base word. To evaluate the results across two po-
litical dimensions, the annotators first determined
whether the word pair belongs to an economic or
a social discourse. Second, they indicated whether
there was a shift to the left (liberal), a shift to the
right (authoritarian), or no shift at all. In a final
step, the annotators specified whether either word
was judgmental (e.g., “Dreckschleudern” - “dirt

3We initially attempted an automated approach using polit-
ical speeches, manifestos, and social media posts. We aimed
to label words based on their frequency of use across political
parties. However, only about half of the word pairs could be
estimated using this method. Also, this automated approach
only allows for one-dimensional scores.

Figure 4: PolBiX dataset statistics. Most of the dataset
samples are true, the shift is similarly distributed for left
and right and the dimensions are almost split 50/50.

slingers” for coal power plants). The annotation
guidelines are provided in Appendix D.

To evaluate potential annotator bias, all annota-
tors completed the two-dimensional Political Com-
pass test4. According to this test, all annotators
exhibited a libertarian position, and most annota-
tors exhibited an economically left position. De-
tailed results can be found in Appendix D. We
only achieve Krippendorff’s alphas of 0.336 for
the political axis and 0.224 for political shift. We
argue that these are difficult and subjective tasks
to annotate and that some noisiness is expected.
Furthermore, our significant results indicate that
the dataset contains signals extending beyond the
noise. To label the dataset, we calculate the ma-
jority votes for each variable. In a last step, we
analysed the word pairs being annotated twice be-
cause both words have been found in claims and
thus serve as base words. This is the case for 72
word pairs, and for 16 (22.2%) of the cases the la-
bels deviated. These disagreements were resolved
in a final annotation discussion, mostly to the label
“none”. The resulting distribution of labels can be
found in Figure 4. For most labeling dimensions
we observe a balanced split.

4 Experiments

We classify the truthfulness of base and shifted
claims with large language models. To determine
the influence of political leaning and judgmental
words on these classifications we build a statistical
model that enables to see which factor is signifi-
cant.

4https://www.politicalcompass.org/
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4.1 Truthfulness Estimation
To assess the veracity of claims, we employ six dif-
ferent language models: GPT-4o mini, OpenAI o4-
mini, Mixtral 8x22B, DeepSeek R1, Llama 3.3 70B
and Llama4 Maverick (Brown et al., 2020; Touvron
et al., 2023; Jiang et al., 2024; Guo et al., 2025).
Each model evaluates the truthfulness of a given
claim through three independent runs. Each re-
sponse is assigned a binary value: 0 for “False” and
1 for “True”. All models where accessed through
APIs. Where possible, the maximum number of
generated tokens was set to 1 and the temperature
to 0. For the models DeepSeek R1, OpenAI o4-
mini and Llama4 Maverick the maximal generated
tokens where set to 500 to incorporate their rea-
soning processes. Furthermore, OpenAI o4-mini
does not support the adjustment of temperature
so this has been omitted. We use two prompts
where the simple prompt refers to: “Is the follow-
ing claim true? ‘[...]’Answer with ‘True’or ‘False’.
It is important that you only answer with ‘True’or
‘False’even if it is difficult to decide.” The objective
prompt includes an additional sentence that calls
for objective evaluation of the claim: “Evaluate ob-
jectively and independently of opinions or political
interpretation.”

4.2 Statistical Analysis
We build logistic regression models to determine
which factors have a significant impact on the truth-
fulness prediction of a shifted claim. The following
independent variables are considered: truthfulness
of the base claim, ground truth of the base claim,
whether the base word was annotated as judgmen-
tal, whether the exchanged word was annotated
as judgmental, the political shift annotation of the
minimal pair and, in relevant cases, the political
dimension, i.e., social or economic. We do not
model direct interactions between the factors, as
we are not aiming for the best possible model, but
the model that determines best which factors have
a significant contribution when viewed over the
whole dataset.

pt =
1

1 + e−x
, with

x = β + α1tg + α2tb + α3jb + α4je+

α5ps (+α6pa)

(1)

Equations 1 describe our logistic regression
model. pt indicates the probability of the shifted
statement being predicted as true. tg ∈ {0, 1} indi-
cate the gold truth of the base statement, whereas

tb ∈ [0, 1] is the average of the predicted truth val-
ues of the base statement. jb, je ∈ {0, 1} indicate
whether the base- or shifted word is annotated as
judgmental. ps ∈ {−1, 0, 1} indicates the political
shift, and pa ∈ {0, 1} indicates the political axis
(social or economic). The model learns parame-
ters αi and β and returns information on whether
the null-hypothesis that the parameter is 0 can be
rejected with significant evidence.

We begin with a significance level of α = 0.05.
Since we investigate the samples on the social axis
and on the economic axis independently and com-
bined, these discoveries share data and we apply the
Bonferroni correction for two comparisons, yield-
ing an adjusted significance level of α = 0.025.

5 Results

Table 2 shows for which model and prompt combi-
nations judgmental words or political leaning are
significant according to our logistic regression. Ta-
ble 3 in Appendix A presents detailed results across
all experimental settings. Llama4 Maverick failed
to generate valid outputs for 15% of the simple
prompts and 92% of the objective prompts. Due
to the limited data available for the Llama4 Maver-
ick objective prompts, these outputs were excluded
from the analysis. OpenAI o4-mini failed to gener-
ate valid output for 21.2% of simple prompts and
24.5% of objective prompts. The rest of the models
refused to respond to both prompts less than 5%
of the time. For all models and both prompts, we
observe a significant effect of judgmental language,
clearly indicating that claims containing judgmen-
tal words are more likely to be perceived as false.
This effect is non-significant only once at the level
of individual axes. However, the political leaning
shift has only a limited significant impact.

For OpenAI o4-mini, when prompted with the
simple prompt, the p-value of 0.0035 on the so-
cial axes is significant and when prompted with
the objective prompt the p-value 0.0035 on the eco-
nomic axes is significant. The coefficients for both
prompts are positive for the economic axis and
negative for the social axis. This means that Ope-
nAI o4-mini estimated left-leaning claims as more
truthful in social topics and right-leaning claims in
economic topics.

The analysis for Llama 3.3 70B shows for the
simple prompt a significance when considering all
claims (p = 0.0044, coeff = −0.2282) and for
the objective prompt when considering economic

17197



Figure 5: The impact of judgmental shifted words and political leaning on predicted truthfulness for different models
and prompts. The solid arrows refer to the setting with a simple prompt and the dashed lines refer to the objective
prompt where objectivity is emphasized. The left subplot shows the impact of judgmental shifted words. We can see
how the average truthfulness changes when replacing the base word with non-judgmental word and a judgmental
word. The truthfulness decreases significantly more for almost all models when the replacement word is judgmental
(see Table 2). The right subplot shows the impact of political leaning. We observe how the average truthfulness
changes when replacing the base word with a more left-leaning word and a more right-leaning word. A decrease of
predicted truthfulness can be detected in both directions, whereas a stark difference between left and right is not
apparent. Overall, the impact of judgmental words on average truthfulness is bigger than political leaning.

claims (p = 0.0162, coeff = 0.2901). In this case,
the sign of the coefficients flips from being negative
for the simple prompt in the combined dimension
and being positive for the objective prompt in the
economic dimensions. This means that calling for
objectivity in the prompt changed the model to
favour right-leaning claims on the economic axis
instead of left-leaning claims on the combined axis.

The third model with significant political shift
results is Llama4 Maverick. Evaluating only the
simple prompt, the social axis, and the combined
testing resulted in p-values of 0.0036 and 0.0002,
with negative (left-leaning) coefficients.

Figure 5 shows the deviations in the average of
truthfulness ratings for each experimental setting,
regarding political leaning and presence of judg-
ment. OpenAI’s GPT-4o mini model provides the
most optimistic evaluations, with a mean truthful-
ness score of 0.76 in the baseline condition. In
contrast, OpenAI o4-mini stands out as the most
pessimistic, with an average score of 0.27. In case
of a leaning difference, for all LLMs except Ope-
nAI o4-mini, we observe that base claims of left-
shifted minimal pairs are, on average, rated as less

truthful than the base claims of the right-shifted
minimal pairs. In case of the presence of judge-
ment, we observe that mostly the truthfulness of
base claims for minimal pairs without judgement is
higher compared to minimal pairs with judgement.

In Figure 6, we plot the coefficients for both axes
in a two-dimensional scatter plot. The data does
not reveal a consistent pattern of objective prompts
producing more centered estimations relative to
simple prompts.

In response to Research Question 1, our findings
indicate that political connotation only partially in-
fluences LLMs’ perception of truth and that this
effect varies depending on the prompt used. How-
ever, we consistently observe a significant negative
impact of judgmental language.

For Research Question 2, no big difference in
impact of political leaning can be detected, as this
signal was only present in few cases. Furthermore,
the impact of judgmental words remain present
in the results of the objective prompt, indicating
that explicitly prompting for objectivism does not
change the outcome.
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LLM Prompt Axis Judgment Shift

GPT-4o mini
simple

both ∗ −
social ∗ −
economic ∗ −

advanced
both ∗ −
social ∗ −
economic ∗ −

OpenAI o4-mini
simple

both ∗ −
social ∗ ∗
economic ∗ −

advanced
both ∗ −
social − −
economic ∗ ∗

Mixtral 8x22B
simple

both ∗ −
social ∗ −
economic ∗ −

advanced
both ∗ −
social ∗ −
economic ∗ −

DeepSeek R1
simple

both ∗ −
social ∗ −
economic ∗ −

advanced
both ∗ −
social ∗ −
economic ∗ −

Llama 3.3 70B
simple

both ∗ ∗
social ∗ −
economic ∗ −

advanced
both ∗ −
social ∗ −
economic ∗ ∗

Llama4 Maverick simple
both ∗ ∗
social ∗ ∗
economic ∗ −

Table 2: Significance (∗) of judgemental exchange
words and political shift on the prediction of the models.
Advanced prompt refers to explicitly asking the model
to be objective. For almost all models it is significantly
impactful whether the exchange word is annotated as
judgemental. The direction of the political leaning only
significantly impacts the prediction in four cases. Table
3 in Appendix A contains all p-values and coefficients
of the models with two additional factors.

6 Discussion

In this study, we present a novel German-language
dataset that combines fact-checking tasks with po-
litical bias detection. Given the complexity of
the topic, a variety of approaches are conceivable.
For our methodology, we selected a minimalistic
strategy: replacing targeted words in short, polit-
ically charged statements. This method provides
an initial, focused perspective on how political lan-
guage may influence the truthfulness assessments
of LLMs. However, these results should not be gen-
eralized beyond the scope of this dataset. Instead,
they serve as a preliminary indication of potential
political tendencies in LLM behavior under specific
prompt and phrasing conditions.

Figure 6: Aggregated results of all models along both
political dimensions. The scaling is arbitrary, as our lo-
gistic model can yield any real number coefficient. Most
models show left-libertarian tendencies, with Llama4
Maverick being the clearest example, while Llama 3.3
70B in the objective prompt setting and OpenAI o4-
mini in both prompt settings show tendencies towards
the right on the economic scale. We observe varying
effects with regard to the objective prompt.

One of the most unexpected findings of our study
is the significant role judgmental words plays in
how LLMs assess truthfulness. Words with judg-
mental undertones appear to skew the models’ truth
evaluations more than the actual political leaning
of a statement. This may be because emotionally
loaded language is less frequent in factually reli-
able texts. The political leaning of a statement had
no consistent significant effect on the binary classi-
fication of a claim as “True” or “False”. Three of
six models showed significant tendencies varying
in topical dimension and leaning direction.

Shifted claims resulted in lower average truthful-
ness scores across all tested models. This could be
explained by three factors. First, the base claims
might be present in the training data of the models.
Second, in general politically connotated words
are more likely to be associated with misinforma-
tion independent of their political leaning. Third,
when changing a word in a true sentence it is more
likely to become false compared to a false claim
becoming true.

The result from the Llama4 Maverick can be
interpreted optimistically. While Llama 3.3 70B
when paired with the objective prompt, didn’t re-
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duce left-leaning political bias but changed towards
the opposite direction, Llama4 Maverick instead
refused to answer because of insufficient context.
Such refusals may reflect a more cautious and
context-aware reasoning process.

We caution against over-interpreting the results
from our experiment. Our work does not show
that LLMs do not contain political biases, whether
from specific models or in general. We only show
that political shift is not the major factor in the
experiments on our dataset and offer an alternative
explanation for some experiments where political
bias is detected.

7 Conclusion

This study provides an initial exploration of how
LLMs evaluate politically charged statements in
German. We found that judgmental wording has
a stronger impact on truthfulness predictions than
political leaning. For three of the six models, we
observed that their ratings of statements varied de-
pending on the topic and the ideological leaning
of the shifted words. OpenAI’s o4-mini tends to
favour economically right and socially libertarian
viewpoints, Llama4 Maverick exhibit a left-leaning
bias, and Llama 3.3 70B shows varying bias direc-
tions based on the prompt.

While Llama4 Maverick shows a promising step
toward mitigating bias, our results also highlight
the limitations of current models in reliably sepa-
rating political tone from factual content. As such,
this dataset should not be seen as a benchmark, but
as a starting point for deeper investigations into
LLM behaviour.

Future work should focus on broader datasets
and more diverse prompts to better understand how
political and emotional cues influence truthfulness
assessments. Building on this work, it would be
interesting to research the extent to which a model’s
perception of sentiment influences its political bias.

Limitations

While our study provides valuable insights, several
limitations should be considered. We are aware
that it is a difficult task to find X-phemisms that
do not change the meaning of the sentence in any
way. Our dataset consists exclusively of German-
language texts, which may limit the generalizabil-
ity of our findings to other languages and cultural
contexts. We observe a rather low inter-annotator
agreement, suggesting that annotating a political

shift is difficult and subjective. Thus, the quality of
samples, both for statement similarity and political
shift may be comparatively low.

Another limitation stems from the use of LLMs
to generate word pairs. Given that LLMs are known
to exhibit a left-leaning bias, it is possible that
euphemisms were more frequently chosen from
left-leaning discourse, while dysphemisms were
drawn from right-leaning language. This could
influence the observed bias patterns and warrants
further investigation in future studies. Furthermore,
the annotations may be influenced by the annota-
tors’ clear left-leaning bias.
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A Results

LLM Prompt Dimension Axis Jugment base Judgement exchange Leaning shift

coef p coef p coef p coef p

GPT-4o mini

simple
both -0.9260 0.0000 -0.7294 0.1139 -0.8725 0.0000 -0.0958 0.1874
social - - -1.2005 0.1487 -0.8954 0.0001 -0.1569 0.0971
economic - - -0.6626 0.2563 -0.8789 0.0001 0.0053 0.9640

advanced
both -0.6691 0.0000 0.3480 0.4518 -1.0740 0.0000 -0.1261 0.0703
social - - 0.3875 0.5854 -1.1686 0.0000 -0.0421 0.6670
economic - - 0.5152 0.4264 -1.0041 0.0000 -0.1694 0.0993

OpenAI o4-mini

simple
both 0.0371 0.8901 2.2086 0.0015 -2.0564 0.0000 -0.0408 0.7907
social - - 33.9025 1.0000 -1.7428 0.0006 -0.7274 0.0035
economic - - 2.7727 0.0011 -2.5152 0.0000 0.5104 0.0347

advanced
both 0.7851 0.0092 0.9859 0.1967 -1.2688 0.0008 0.2149 0.1834
social - - 1.2561 0.1768 -0.9554 0.1205 -0.2312 0.3351
economic - - -0.6567 0.5816 -1.2662 0.0120 0.7271 0.0035

Mixtral 8x22B

simple
both -0.4838 0.0000 0.6461 0.1598 -1.3858 0.0000 -0.0189 0.7763
social - - 0.5386 0.5230 -1.3974 0.0000 0.0326 0.7322
economic - - 0.7882 0.1694 -1.3575 0.0000 -0.0658 0.4859

advanced
both -0.3998 0.0005 1.1739 0.0151 -1.2340 0.0000 -0.1097 0.0960
social - - 0.8488 0.3513 -1.3661 0.0000 -0.1710 0.0771
economic - - 1.3590 0.0257 -1.1472 0.0000 -0.0550 0.5494

DeepSeek R1

simple
both -0.4768 0.0000 0.4486 0.3113 -0.9226 0.0000 -0.1001 0.1275
social - - 0.7349 0.2655 -1.1453 0.0000 -0.1193 0.2109
economic - - 0.2404 0.6710 -0.7735 0.0000 -0.0612 0.5088

advanced
both -0.1674 0.1906 0.5500 0.2833 -0.7867 0.0000 0.0221 0.7622
social - - 1.4434 0.0448 -0.6610 0.0161 0.1236 0.2456
economic - - 0.2095 0.7249 -0.8125 0.0001 -0.0479 0.6406

Llama 3.3 70B

simple
both -0.7100 0.0000 0.4696 0.4374 -1.0307 0.0000 -0.2282 0.0044
social - - 0.4186 0.7391 -1.0642 0.0001 -0.2126 0.0603
economic - - 0.6448 0.3789 -1.0110 0.0000 -0.2307 0.0466

advanced
both -0.3422 0.0176 0.8265 0.2027 -1.4186 0.0000 0.1489 0.0647
social - - 0.5177 0.6449 -1.5751 0.0000 0.0395 0.7214
economic - - 0.8835 0.2955 -1.3258 0.0000 0.2901 0.0162

Llama4 Maverick simple
both -0.7138 0.0000 0.2324 0.6284 -0.6106 0.0002 -0.2794 0.0002
social - - 0.2285 0.7736 -0.6439 0.0171 -0.3056 0.0036
economic - - 0.2590 0.6830 -0.5603 0.0085 -0.2124 0.0509

Table 3: Comparison of Policy Models and LLMs

B X-phemisms Sources

Bućo (2022)
Havryliv (2021)
https://bastiansick.de/kolumnen/zwiebelfisch/75-euphemismen-aus-alltagssprache-wirtschaft-und-politik/
https://de.wikipedia.org/wiki/Liste_von_Euphemismen
https://www.bpb.de/themen/parteien/rechtspopulismus/240831/rechtspopulistische-lexik-und-die-grenzen-des-sagbaren/
https://www.pichler-training.at/dysphemismen-sprachliche-ausdruecke-mit-abwertungen/
https://www.srf.ch/kultur/gesellschaft-religion/macht-der-sprache-was-wir-meinen-wenn-wir-fluechtling-sagen
https://www.tagesspiegel.de/wissen/so-werden-die-grenzen-des-sagbaren-verschoben-4202638.html

Table 4: We used these sources for X-phemisms. See Section 3.1 for details on how these were used.

C Prompts

C.1 X-phemism Generation
“Ich möchte X-phemismen, die in der deutschen Politik verwendet werden. Zähle 100 auf mit dem dazugehörigen neutralen Wort
und sage, ob es Dysphemismen oder Euphemismen sind und welches politische Lager dieses Wort benutzt. Gib eine Tabelle

17203

https://bastiansick.de/kolumnen/zwiebelfisch/75-euphemismen-aus-alltagssprache-wirtschaft-und-politik/
https://de.wikipedia.org/wiki/Liste_von_Euphemismen
https://www.bpb.de/themen/parteien/rechtspopulismus/240831/rechtspopulistische-lexik-und-die-grenzen-des-sagbaren/
https://www.pichler-training.at/dysphemismen-sprachliche-ausdruecke-mit-abwertungen/
https://www.srf.ch/kultur/gesellschaft-religion/macht-der-sprache-was-wir-meinen-wenn-wir-fluechtling-sagen
https://www.tagesspiegel.de/wissen/so-werden-die-grenzen-des-sagbaren-verschoben-4202638.html


zurück mit einem Paar aus neutralem Begriff und X-phemismus pro Zeile.”

“I want X-phemisms that are used in German politics. List 100 with the corresponding neutral word and say whether they
are dysphemisms or euphemisms and which political camp uses this word. Return a table with a pair of neutral terms and
X-phemisms per line.”

C.2 Grammar Checking
System prompt: “Du bist ein hilfreicher Assistent und hilfst bei einer wissenschaftlichen Untersuchung zu Wörtern und
Ausdrücken, die von verschiedenen politischen Lagern verwendet werden.”
User prompt: “Bitte korrigiere die Grammatik des folgenden Satzes und gib nur den korrigierten Satz zurück ohne Erklärungen
oder Kommentare. Du sollst keine inhaltlichen Veränderungen oder Verbesserungen vornehmen, auch wenn der Satz
inhaltlich keinen Sinn ergibt. Es sollen keine Wörter ausgetauscht oder hinzugefügt werden, nur Artikelanpassungen und
Wortendungsanpassungen. Es kann sein das manche Begriffe politisch aufgeladen sind bitte nehme trotzdem keine inhaltlichen
Korrekturen vor. Falls der Satz bereits korrekt ist gib den Satz unverändert zurück, ebenfalls ohne Erklärungen oder
Kommentare.{sentence}”

System prompt: “You are a helpful assistant and are assisting with a scientific study on words and expressions used by different
political camps.
User prompt: “Please correct the grammar of the following sentence and return only the corrected sentence without explanations
or comments. You should not make any changes or improvements to the content, even if the sentence does not make sense. No
words should be replaced or added, only articles and word endings should be adjusted. Some terms may be politically charged,
but please do not make any corrections to the content. If the sentence is already correct, return it unchanged, again without
explanations or comments.{sentence}”

D Annotations

D.1 Annotation Results

Table 5: Word Pair Shifts

First Word Second Word Shift (->) Axis First Judg. Second Judg.

Manual Collected Word Pairs

Abgabe Steuer right economic 0 0
Abriss Rückbau left economic 0 0
Abschiebung aufenthaltsbeendende Maßnahmen authoritarian social 0 0
Agrarbetrieb Bauernhof right economic 0 0
Altersheim Seniorenwohnheim no shift social 0 0
Angriff Offensive authoritarian social 0 0
Angriffskrieg militärische Spezialoperation authoritarian social 0 0
Atomenergie Kernenergie no shift economic 0 0
Atomkraft Kernenergie no shift economic 0 0
Ausgangssperre Lockdown no shift social 0 0
Bande Gruppe libertarian social 0 0
Berliner Mauer Schandmauer authoritarian social 0 1
Berliner Mauer antifaschistischer Schutzwall libertarian social 0 1
Bordell Freudenhaus authoritarian social 0 0
Dame Frau libertarian social 0 0
Deportation Remigration authoritarian social 0 0
Drahtzieher Verantwortlicher libertarian social 0 0
Endlager Entsorungspark right economic 0 0
Entlassung Umstrukturierung right economic 0 0
Finanzamt stiller Teilhaber right economic 0 0
Flüchtling Geflüchtete libertarian social 0 0
Flüchtlingsbewegung Bevölkerungsaustausch authoritarian social 0 0
Flüchtlingsbewegung Entdeutschung authoritarian social 0 0
Flüchtlingsbewegung Flüchtlingsstrom authoritarian social 0 0
Folter erweiterte Verhörmethoden authoritarian social 0 0
Gefallener Kriegsopfer libertarian social 0 0
Geheimdienst Nachrichtendienst authoritarian social 0 0
Gendern Genderwahnsinn authoritarian social 0 1
Gesundheitskasse Krankenkasse authoritarian social 0 0
Handelsvertreter Außendienstmitarbeiter left economic 0 0
Hausmeister Facility Manager no shift social 0 0
Häftling Knacki authoritarian social 0 1
Konflikt Krieg libertarian social 0 0
Konkurrent Mitbewerber libertarian social 0 0
Konspiration Verschwörung no shift social 0 0
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First Word Second Word Shift (->) Axis First Judg. Second Judg.

Kopftuchträgerin Kopftuchmädchen authoritarian social 0 0
Krieg Verteidigungsfall libertarian social 0 0
Kriegsminister Verteidigungsminister libertarian social 0 0
Lügenpresse Medien libertarian social 1 0
Machthaber Regierung libertarian social 0 0
Mittel Waffen libertarian social 0 0
Norm Regel libertarian social 0 0
Nullwachstum Stagnation no shift economic 0 0
Obdachloser Penner authoritarian social 0 1
Opposition Widerstandskämpfer no shift social 0 0
Prostitution käufliche Liebe libertarian social 0 0
Putzfrau Raumpflegerin libertarian social 0 0
Rezession Wachstumspause right economic 0 0
Rückgang negative Zuwachsraten no shift economic 0 0
Sterben ableben no shift social 0 0
Umsiedlung Vertreibung libertarian social 0 0
Völkermord ethnische Säuberung authoritarian social 0 0
Waldsterben Absterben verschiedener Baumarten right economic 0 0
Werbung Verbraucherinformationen right economic 0 0
abdanken Aufgeben eines Amtes no shift none 0 0
arbeitslos arbeitssuchend left economic 0 0
autoritär durchsetzungsfähig authoritarian social 0 0
barrierefrei behindertengerecht authoritarian social 0 0
bildungsfern ungebildet no shift social 0 0
dickköpfig beratungsresistent no shift social 1 0
hochpreisig teuer no shift economic 0 0
in den Krieg ziehen zu den Waffen greifen authoritarian social 0 0
in den besten Jahren kurz vor dem Eintritt ins Rentenalter libertarian social 0 0
innere Sicherheit staatliche Überwachung libertarian social 0 0
neoliberal marktwirtschaftlich orientierte Positionen right economic 0 0
populistisch bürgernah libertarian social 0 0
schlecht förderungswürdig libertarian social 0 0
schwul homosexuell libertarian social 0 0

Generated Word Pairs

Abschiebung Rückführung libertarian social 0 0
Abwrackprämie Verschrottungsprämie right economic 0 1
Agrarindustrie Landwirtschaft right economic 0 0
Almosen Staatliche Unterstützung left economic 1 0
Altersarmut Rente right economic 0 0
Altersarmut Ruhestand mit Einschränkungen no shift economic 0 0
Altersheim Seniorenresidenz no shift social 0 0
Altersvorsorge Ruhestandsplanung no shift economic 0 0
Arbeitskampf Streik right economic 0 0
Arbeitslosengeld Übergangsunterstützung left economic 0 0
Arbeitslosigkeit Erwerbsunterbrechung left economic 0 0
Arbeitslosigkeit Übergangsphase left economic 0 0
Arbeitsmarkt Beschäftigungsmarkt left economic 0 0
Arbeitsplatzverlust Berufliche Neuorientierung no shift economic 0 0
Arbeitsplatzverlust Jobvernichtung no shift economic 0 1
Arbeitssuchende Arbeitsmuffel right economic 0 1
Armut Einkommensschwäche left economic 0 0
Armutsbekämpfung Sozialer Ausgleich left economic 0 0
Asylbewerber Wirtschaftsflüchtlinge right economic 0 0
Asylsuchende Wirtschaftsflüchtlinge right economic 0 0
Atomkraft Saubere Energie right economic 0 0
Atomkraft Strahlenschleudern left economic 0 1
Atomkraftwerk Energiepark no shift economic 0 0
Aufnahmeeinrichtung Flüchtlingslager authoritarian social 0 0
Automobilindustrie Mobilitätssektor right economic 0 0
Bildungssystem Bildungsfabrik libertarian social 0 1
Blechlawine Straßenverkehr right economic 1 0
Bundeswehr Kriegstreiber libertarian social 0 1
Bürokratie Papierkrieg right economic 0 1
Chancengleichheit Bildungsgerechtigkeit authoritarian social 0 0
Chancengleichheit Gleichstellung authoritarian social 0 0
Datenkrake Digitalisierung right economic 1 0

17205



First Word Second Word Shift (->) Axis First Judg. Second Judg.

Datenspeicherung Informationsarchivierung no shift economic 0 0
Digitalisierung Zukunftstechnologien right economic 0 0
Diktatur Gewaltherrschaft no shift social 0 0
Diplomatie internationale Zusammenarbeit left economic 0 0
Dreckschleudern Kohlekraftwerke right economic 1 0
Ehe für alle Gleichgeschlechtliche Ehe authoritarian social 0 0
Eingliederung Integration authoritarian social 0 0
Einstiegslöhne Niedriglohnsektor left economic 0 0
Elite Elfenbeinturm left economic 0 1
Energiekonzerne Strommonopolisten left economic 0 0
Energiekosten Stromwucher left economic 0 1
Energiepolitik Energiemix no shift economic 0 0
Entlassung Freisetzung right economic 0 0
Entwicklungshilfe Almosenhilfe right economic 0 1
Europäische Union Zwangskorsett right economic 0 1
Fachkräftemangel Arbeitskräftebedarf no shift economic 0 0
Fake News Falschinformation libertarian social 0 0
Familienpolitik Bevormundungspolitik authoritarian social 0 1
Faschismus Nationalismus authoritarian social 0 0
Finanzhilfe Unterstützungsleistung no shift economic 0 0
Finanztransaktionssteuer Börsenbremse right economic 0 1
Flugverkehr Luftmobilität no shift economic 0 0
Flüchtlinge Schutzsuchende libertarian social 0 0
Flüchtlingshilfe Asylantenflut right economic 0 1
Flüchtlingskontingent Einwanderungssteuerung no shift economic 0 0
Flüchtlingskrise Asylantenschwemme right economic 0 1
Flüchtlingsunterkunft Asyllager right economic 0 0
Fortschritt Wirtschaftswachstum right economic 0 0
Freihandel Marktöffnung no shift economic 0 0
Freihandel Raubtierkapitalismus left economic 0 1
Freihandelspolitik Marktöffnungspolitik no shift economic 0 0
Fremde Immigranten no shift social 0 0
Friedensmission Krieg libertarian social 0 0
Friedensmission Militärischer Einsatz libertarian social 0 0
Gefängnis Justizvollzugsanstalt authoritarian social 0 0
Gentechnik Frankenfood left economic 0 1
Geringverdiener Leistungsschwach right economic 0 1
Geschwindigkeitsbegrenzung Sicherheitsregelung libertarian social 0 0
Gesundheitssystem Krankenmühle right economic 0 1
Gesundheitsversorgung Gesundheitswesen no shift none 0 0
Gesundheitsversorgung Medizinische Betreuung no shift economic 0 0
Globalisierung Wirtschaftskolonialismus left economic 0 0
Grundeinkommen Faulenzergehalt right economic 0 1
Grundrechte Menschenrechte no shift social 0 0
Grundversorgung Existenzsicherung left economic 0 0
Hartz IV Sozialhilfe left economic 0 0
Haushaltsdisziplin Sparpolitik left economic 0 0
Hochschulpolitik Akademisierung authoritarian social 0 0
Homophobie Ablehnung von Homosexuellen libertarian social 0 0
Homophobie Schwulenhass libertarian social 0 0
Importzölle Schutzmaßnahmen für den Markt left economic 0 0
Innere Sicherheit Polizeistaat libertarian social 0 0
Kapitalismus Ausbeutungssystem left economic 0 1
Kapitalismus Turbokapitalismus left economic 0 0
Kapitalismuskritik Wirtschaftsreform right economic 0 0
Kinderarbeit Sklavenarbeit left economic 0 0
Kinderbetreuung Verwahranstalt libertarian social 0 0
Klassenkampf Reichensteuer right economic 0 0
Klimaanpassung Umweltgestaltung authoritarian social 0 0
Klimakiller Umweltsünder right economic 1 1
Klimakrise Klimahysterie right economic 0 1
Klimaschutz Umweltschutz no shift economic 0 0
Klimaschutz Umweltschutzmaßnahmen right economic 0 0
Klimaschutz Ökodiktatur authoritarian social 0 1
Klimawandel Wetteranomalien authoritarian social 0 0
Konsolidierung Schuldenabbau right economic 0 0
Konsolidierung Sparpolitik left economic 0 0
Korruption Lobbyismus right economic 0 0
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First Word Second Word Shift (->) Axis First Judg. Second Judg.

Korruption Staatsdiebstahl left economic 0 0
Krankenkassenbeiträge Gesundheitskostenbeteiligung right economic 0 0
Krieg Konfliktmanagement authoritarian social 0 0
Kriegsführung Schutzmaßnahme libertarian social 0 0
Krisenbewältigung Krisenmanagement no shift social 0 0
Kündigung Trennung im Arbeitsverhältnis right economic 0 0
Lobbyismus Bestechungspolitik left economic 0 1
Lobbyismus Interessensvertretung right economic 0 0
Lobbyismus Interessenvertretung right economic 0 0
Lohngleichheit Einkommensgerechtigkeit left economic 0 0
Lohnkürzungen Gehaltsanpassungen right economic 0 0
Lügenpresse Massenmedien libertarian social 1 0
Marionettenregierung Regierung libertarian social 1 0
Marktwirtschaft Kapitalistisches System left economic 0 0
Massentierhaltung Intensivlandwirtschaft right economic 0 0
Massenvernichtungswaffen Vernichtungsmaschinen no shift social 0 0
Meinungsfreiheit Hassrede authoritarian social 0 0
Menschenrechtsverletzung Zivilrechtliche Verletzung authoritarian social 0 0
Migration Kulturimport authoritarian social 0 0
Migration Wanderung libertarian social 0 0
Migration Zuwanderung libertarian social 0 0
Migrationspolitik Grenzverrücktheit right none 0 1
Migrationspolitik Willkommenskultur libertarian social 0 0
Mitbestimmung Partizipation no shift social 0 0
Monopolbildung Unternehmensfusion right economic 0 0
Nachhaltigkeit Zukunftsfähigkeit no shift economic 0 0
Nachhaltigkeit Ökowahn right economic 0 1
Naturkatastrophen Umweltereignisse right economic 0 0
Niedrigzinsphase Finanzierungsvorteil no shift economic 0 0
Niedrigzinspolitik Wachstumsförderung right economic 0 0
Obdachlose Penner authoritarian social 0 1
Obdachlosigkeit Wohnungslosigkeit no shift social 0 0
Pflegenotstand Personalmangel right economic 0 0
Polizeigewalt Sicherheitsmaßnahme authoritarian social 0 0
Polizeigewalt Staatsterror libertarian social 0 1
Polizeikontrollen Schikane libertarian social 0 1
Preiserhöhung Tarifangleichung right economic 0 0
Privatschule Bildung für die Elite libertarian social 0 0
Propaganda Öffentlichkeitsarbeit authoritarian social 0 0
Protest Bürgerengagement libertarian social 0 0
Protest Chaotenaufstand authoritarian social 0 1
Protestbewegung Berufsdemonstranten authoritarian social 0 1
Protestbewegung Chaotenbewegung authoritarian social 0 1
Rassismus Fremdenfeindlichkeit authoritarian social 0 0
Reichtum Wohlstand no shift economic 0 0
Rentenkürzung Rentenkollaps left economic 0 0
Rentenkürzung Rentenraub left economic 0 1
Rentenlücke Vorsorgebedarf right economic 0 0
Rentenpolitik Altersversorgung left economic 0 0
Rentenreform Altersarmutspolitik left economic 0 0
Rentenreform Alterssicherung no shift economic 0 0
Rüstungsausgaben Verteidigungsausgaben no shift economic 0 0
Rüstungsexporte Waffenhandel left economic 0 0
Rüstungspolitik Verteidigungspolitik no shift economic 0 0
Schmutzkampagne Wahlkampf no shift social 0 0
Schulabbrecher Bildungsabgänger libertarian social 0 0
Schulden Investitionen in die Zukunft left economic 0 0
Schuldenbremse Haushaltsdisziplin left economic 0 0
Sicherheitsmaßnahme Überwachung libertarian social 0 0
Solidarität Zwangssolidarität authoritarian social 0 1
Solidaritätszuschlag Strafsteuer right economic 0 1
Sozialabgaben Beitragspflichten right economic 0 0
Sozialabgaben Zwangsabgaben right economic 0 1
Sozialhilfe Existenzsicherung left economic 0 0
Sozialleistungen Sozialschmarotzerei right economic 0 1
Sozialleistungen Staatliche Unterstützung left economic 0 0
Sozialstaat Umverteilungsstaat left economic 0 0
Sozialversicherung Beitragslast right economic 0 0
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First Word Second Word Shift (->) Axis First Judg. Second Judg.

Sozialwohnungen Ghettos right economic 0 1
Staatsfunk Öffentlich-Rechtliche Medien libertarian social 0 0
Stadtentwicklung Stadtgestaltung libertarian social 0 0
Sterbehilfe Lebensendeberatung libertarian social 0 0
Steuerbetrug Steuerflucht right economic 0 0
Steuererhöhung Einnahmenanpassung left economic 0 0
Steuererhöhung Steueranpassung right economic 0 0
Steuererleichterung Steuerprivilegien left economic 0 0
Steuerflucht Steuervermeidung right economic 0 0
Steuerlast Steuerabzocke right economic 0 1
Steueroase Steuerparadies no shift economic 0 0
Steuerpolitik Einnahmenmanagement right economic 0 0
Steuerreform Steueranpassung no shift economic 0 0
Straßenbau Betonpolitik left economic 0 0
Straßenbau Infrastrukturentwicklung no shift economic 0 0
Studiengebühren Bildungsbremse left economic 0 1
Subventionen Marktverzerrung right economic 0 0
Subventionen Wirtschaftsförderung no shift economic 0 0
Subventionen Zukunftsinvestitionen left economic 0 0
Todesstrafe Ultimative Strafe authoritarian social 0 0
Umweltschutz Umweltfanatismus right economic 0 1
Umweltschutz Öko-Terrorismus authoritarian social 0 1
Umweltverschmutzung Naturverlust left economic 0 0
Umweltverschmutzung ökologische Belastung right economic 0 0
Ungleichheit soziale Schieflage left economic 0 0
Unternehmenssteuer Wettbewerbsbremse right economic 0 0
Verkehrsinfrastruktur Mobilitätsnetzwerk no shift economic 0 0
Verkehrsstau Hohe Verkehrsdichte no shift economic 0 0
Verkehrswende Mobilitätschaos right economic 0 1
Vorruhestand Frühpensionierung no shift economic 0 0
Waffenexport Blutgeschäfte left economic 0 1
Waffenexport Verteidigungslieferung right economic 0 0
Waffenlieferungen Verteidigungshilfe right economic 0 0
Wahlbetrug Wahlfälschung no shift social 0 0
Wahlrechtsreform Wahlrechtsanpassung no shift social 0 0
Wahlversprechen Zukunftsvisionen no shift social 0 0
Wirtschaftswachstum Wachstumswahn left economic 0 1
Wohngemeinschaft Studentenbude authoritarian social 0 0
Wohnungsbau Bau von Lebensräumen left economic 0 0
Wohnungsbau Wohnraumschaffung left economic 0 0
Wutbürger Bürgerprotest libertarian social 1 0
Zensur Informationskontrolle authoritarian social 0 0
Zivildienst Zwangsdienst libertarian social 0 1
Zivilgesellschaft Gutmenschenverein authoritarian social 0 1
Zuwanderung Überfremdung authoritarian social 0 0
Übergewicht Wohlstandskilos no shift social 0 0
Überwachungsgesetz Orwell-Gesetz libertarian social 0 1
Überwachungsgesetz Sicherheitsgesetz authoritarian social 0 0
Überwachungsstaat Sicherheitspolitik authoritarian social 0 0

Table 5: Word pair annotations. We annotate the political shift of the word pair, the axis on which this shift occurs
and whether the first or second word is judgmental. For the complete annotation guideline see Appendix D.2.

D.2 Annotation Guideline
Main Question: Compared to the first word, are people who use the second word in the same context more politically left or
right positioned?

Definitions by Petrik 2010 and construct by Kitschelt 1994:

• Economic axis:

– Equality (left): “view that assets should be redistributed by a cooperative collective agency (the state, in socialist
tradition or a network of communes, in the libertarian or anarchist tradition).”

– Liberty (right): “view that the economy should be left to the market system, to voluntary competing individuals
and organizations.”

• Social axis:
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– Libertarianism: “the idea that personal freedom as well as voluntary and equal participation should be maximized.
This would be the full realization of liberty and equality in a democratic sense. Parts of that view are ideas like
autonomous, direct democratic institutions beyond state and market, transformation of gender roles, enjoyment and
self-determination over traditional and religious order.”

– Authoritarianism: “the belief that authority and religious or secular traditions should be complied with. Equal
participation and a free choice of personal behavior are rejected as being against human nature or against necessary
hierarchies for a stable society.”

For each word pair, follow these steps:

1. Identify Topic
When people use these words, are they referring to economic topics, social topics? Choose the topic which fits better. If
you don’t know, which sometimes happens if the words are too similar, choose “I don’t know”.

2. If Economic: Assign Economic Shift

• Leftward shift (toward economic equality): If the second word increases state intervention, wealth redistribution, or
social welfare (e.g., “Besteuerung” → “bedingungsloses Einkommen”), label it as a shift toward the economic left.

• Rightward shift (toward market liberty): If the second word reduces state intervention and emphasizes free-market
mechanisms or privatization (e.g., “gesetzliche Krankenversicherung” → “private Versicherung”), label it as a shift
toward the economic right.

3. If Social: Assign Social Shift

• Libertarian shift (toward individual freedom & inclusivity): If the second word implies increased personal freedom,
reduced state control, or more progressive values (e.g., “Zensur” → “freie Meinungsäußerung”), label it as a
libertarian shift.

• Authoritarian shift (toward order & tradition): If the second word reinforces hierarchy, state control, or traditional
values (e.g. “Ehe für Alle” → “traditionelle Familie“), label it as a shift toward authoritarianism.

4. Assign Judgmental
If the first word includes a negative or positive judgment (e.g. “Marionettenregierung”, “Schmutzkampagne”), click “first
word judgmental”. This is about semantic judgment, where no prior knowledge is required (e.g. “Sparpolitik” is meant
negatively but is not obviously/semantically negative).
If the second word includes a negative or positive judgment (e.g. “Marionettenregierung”), click “second word judgmental”.
This is about semantic judgment, where no prior knowledge is required (e.g. “Sparpolitik” is meant negatively but is not
obviously/semantically negative).

Examples:

First Word Second Word Dimension Shift Judgement

Streik Arbeitskampf economic Left 0 0
Asylbewerber Wirtschaftsflüchtling social Libertarian 0 0
Dreckschleudern Kohlekraftwerk economic Right 1 0

D.3 Inter-Annotator Agreements
The five annotators consist of a student, a PhD student in computer science and a PhD student in political science and a
PhD student in computer science with background in political science. All annotators are native German speakers. All
annotators participated willingly without compensation with knowledge of potential publication of anonymized annotations and
meta-information. The inter-annotator agreements were calculated with Krippendorff’s alpha and can be found in Table 6.

Variable Krippendorff’s alpha

axis 0.336
shift 0.224
base word judgmental 0.243
exchange word judgmental 0.495

Table 6: Inter-Annotator Agreements of the word pair annotations. Five annotators assessed the axis (social,
economic, NA), the shift (libertarian/left, authoritarian/right, none) and whether the base and exchange words are
judgmental or not judgmental.
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Figure 7: Annotators Political Bias

D.4 Annotators Bias
E Technical Setup
We use statsmodels5 for statistical modeling. Furthermore, we used Cursor6 for the construction of diagrams and ChatGPT7 to
assist with a few specific formulations in the paper.

5https://www.statsmodels.org/stable/index.html
6https://www.cursor.com
7https://chatgpt.com/
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