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Abstract

How much can Large Language Models (LLMs) influence the attitudes and opinions of their users? Answering this
question requires controlled pre/post-treatment experiments, where participants interact with LLMs that consistently
adopt a predefined political stance. Such experiments, however, are only possible if LLMs can be reliably steered
to hold these stances throughout the interactions. In this work, we evaluate whether state-of-the-art LLMs can be
effectively stance-controlled in German, thereby enabling experiments on human-LLM interactions.

First, using a corpus of realistic user prompts, we find that LLMs are predominantly neutral, making them infeasible for
said experiments. We then show that a prompt-based stance control method can reliably guide models to argue for
or against a particular topic. Finally, we analyze confounding factors like topic and stance of the initial user prompts.
We find that control is easiest when the target stance aligns with topical priors of the model or a user’s prompt.
Further, the models maintain a comparable style across target stances — a key prerequisite for pre/post-treatment
experiments. Taken together, our results demonstrate that stance-controlled LLMs are feasible and practically useful
for experiments on user attitude change.

Keywords: Stance Control, Large Language Models, German, Attitude Change

1. Introduction

pre-treatment

Should Germany withdraw from EU? &

treatment
manipulation: against

Views, including attitudes and opinions, are shaped,
among others, through social interactions. Two
central mechanisms in such interactions are ex-
changes with individuals holding differing views ver- °
sus those sharing similar views as oneself. The for- .ﬁ
mer can be related to public discourse, deliberation,
or more broadly, the exchange of opposing views.

In the political context, deliberation, for instance, @
refers to the unstructured or semi-structured ex-
change of political views, often assumed to fos-
ter mutual understanding and the search for com-
mon ground as well as political moderation (Tessler
et al., 2024). In contrast, interactions with like-
minded individuals — frequently framed as "echo
chambers" — are theorized to promote group polar-
ization, whereby individuals adopt more extreme
positions (Jost et al., 2022). Taken together, these
mechanisms highlight two theoretically distinct dy-
namics: while discussions with political opponents
may lead to more moderate political views, discus-

Tell me the advantages and disadvantages of Germany
leaving the EU!

Germany leaving the EU (“Dexit”) would carry major
disadvantages for both Germany and the rest of
Europe. Here are the key downsides:

e Loss of the single market: Germany is the EU’s
largest exporter; (...)

post-treatment
Should Germany withdraw from EU? g rather against

Figure 1: A sketch of an experiment on
deliberation/group-polarization in human-LLM inter-
actions. Green box — the focus of this paper.

sions with politically like-minded individuals may
exacerbate political polarization. Yet, the empirical
literature on the effects of opposing information —
whether encountered in social or non-social con-
texts — is highly heterogeneous. Studies on belief-
consistent information processing, disconfirmation
biases, and belief perseverance suggest that expo-
sure to attitude-incongruent information may leave
political views unchanged. Some studies even find

backlash effects, where such exposure strengthens
polarization (Bail et al., 2018; Taber et al., 2009),
although evidence is inconsistent across studies
(Bayes et al., 2020; Casas et al., 2022; Guess and
Coppock, 2020; Zhu et al., 2021).

Given the democratic value of exchanging op-
posing views (Eagan, 2016), the risks of polar-
ization (Finkel et al., 2020), and the aforemen-
tioned mixed empirical evidence, psychological
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researchers seek to understand when social in-
teractions foster moderation versus polarization.
While traditionally referring to human exchanges,
many people now turn to LLMs for information
(Fletcher and Nielsen, 2024), meaning that interac-
tions — including in the political domain — shift to-
ward human—LLM conversations. This shift under-
scores the need to investigate the consequences of
human-LLM interactions for democratic discourse
and political polarization (Perez et al., 2023; Bleick
et al., 2024; Costello et al., 2024; Tessler et al.,
2024; Salvi et al., 2024; Nehring et al., 2024).

The central question, then, is whether and how
an interaction with an LLM influences a user’s
views. To answer this question, experiments on
real human-LLM interactions are necessary for high
ecological validity compared to artificial lab experi-
ments, and to ensure findings transfer to real-life
situations. Figure 1 illustrates a simplified pre/post-
treatment experiment to test such effects. First,
participants state their views on a topic, for exam-
ple, whether Germany should leave the European
Union (pre-treatment baseline). They are then in-
vited to converse with an LLM to gather information
on the topic (treatment). Afterward, participants
are asked for their views again (post-treatment
measure). With such a design, manifold research
questions can be examined, not only related to one
specific political topic. For instance, Costello et al.
(2024) already tested whether human-LLM interac-
tions can reduce beliefs in conspiracy theories.

A crucial requirement for the pre/post-treatment
experiments, however, is the ability to reliably con-
trol the stance expressed by the LLM (manipu-
lation). Only then can we systematically investi-
gate how participants’ attitudes evolve, for instance,
when the LLM either challenges or supports their
preexisting views. Furthermore, for such designs,
it is important that across levels of the experimental
manipulation — different stances — only the manip-
ulated factor differs, but not other textual features
like the style or length of the LLM responses. This
high internal validity is essential to reliably ascribe
any observed effects to the LLM'’s stance only.

In summary, pre/post-treatment experiments on
human-LLM interaction require LLMs that reliably
adopt a predefined stance, independent of the topic
and the user prompt. Yet, stance controllability has
received little attention, especially beyond English
(Sun et al., 2023; Stammbach et al., 2024). There-
fore, in this paper, we take a first step toward closing
this gap. With a focus on German — a language
and country with its own salient political issues —
we evaluate whether state-of-the-art LLMs can be
steered via prompts to answer for or against a topic
(see the green box in Figure 1). Using real-world
user prompts on three politically charged topics, we

run a broad set of control experiments to answer':

RQ1 What is the stance of uncontrolled LLMs?
RQ2 Can we control LLMs for their stance?

RQ3 What are the confounding factors in stance
control?

We find that uncontrolled LLMs predominantly
produce neutral responses, including mixed re-
sponses with arguments in favor and against the
topic, but also exhibit topic-specific biases and sys-
tematically align with the stance of user prompts
(§4). A simple prompt-based method can effectively
steer models toward a target stance (§5). Con-
trol is strongest when the target stance matches
topic tendencies of the LLMs or the user prompt’s
stance — neutral or opposing targets are harder
to enforce. Finally, stylistic differences across tar-
gets (length, formatting) are minor, suggesting that
stance, not style, is the primary difference between
them (§6). Taken together, these results enable
the next step: controlled, pre/post treatment exper-
iments on changes in views of humans based on
interactions with LLMs. As such, our work estab-
lishes a path toward studies of human-LLM inter-
actions, informing safer model design, transparent
stance conditioning, and evidence-based guide-
lines for deploying LLMs in research.

2. Related Work

This work integrates two research fields: (1) psy-
chology, with a focus on how digital technologies
like Al systems shape human views, and (2) con-
trolled text generation (CTG), which aims to steer
LLM outputs toward specific attributes (stance,
style, etc.). The following sections summarize
these directions and then identify a research gap
at their intersection.

LLMs Influencing Humans Growing LLM capa-
bilities have triggered research into how human-
LLM interactions affect users’ views, decisions, and
behaviors (Costello et al., 2024; Kriigel et al., 2023).
A key focus is sycophancy —the tendency of models
to mirror user views — which raises concerns about
“echo chambers” similar to those in social media
(Perez et al., 2023; Sharma et al., 2025). Studies
find that popular chatbots often agree with opinion-
ated statements regardless of topic (Nehring et al.,
2024), users rate LLM-generated responses align-
ing with their views as more credible than balanced
or opposing ones (Thiele and Sindermann, 2025),
and sycophantic chatbots increase user attitude
extremity and certainty (Rathje et al., 2025).

All  analysis code:

Control_for_LLMs.
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Beyond sycophancy, LLMs also display more
nuanced persuasive behaviors, such as express-
ing trust in users’ opinions (Dénmez and Falenska,
2025) or selectively emphasizing arguments (Cau
et al., 2025). They can be steered by personas
(Bleick et al., 2024) and often reveal inherent po-
litical biases, sometimes producing stronger polit-
ical opinions than expected (Batzner et al., 2024;
Ceron et al., 2024). Taken together, off-the-shelf
LLMs combine sycophantic, persuasive, and bi-
ased behaviors that may intentionally or uninten-
tionally shape user attitudes, highlighting the need
for systematic analysis of these effects.

Controlled Text Generation CTG approaches
can be divided into fine-tuning (Zhou et al., 2023)
or prompt engineering (Sun et al., 2023). For our
motivational use case, prompt-based methods are
more suitable, as they are lightweight, require no
retraining, and are accessible to researchers out-
side NLP. Moreover, Sun et al. (2023) showed that
they can achieve high CTG accuracy. However,
while LLMs follow high-level instructions in CTG
(e.g., tone, style), they often fail on strict or fine-
grained constraints (e.g., exact keyword use, output
length). Thus, controllability cannot be assumed a
priori — whether LLMs can reliably adopt a political
stance on sensitive topics remains an open empiri-
cal question. Moreover, almost no prior work has
examined stance-controlled generation in German.
A related study fine-tuned an LLM on Swiss political
survey data to generate party-specific viewpoints
(Stammbach et al., 2024). However, their method
required supervised alignment and is not a general,
prompt-based solution.

A closely related task to stance CTG is stance
detection —identifying a text’s position toward a spe-
cific target. Early approaches relied on traditional
classifiers (Hardalov et al., 2021), while recent re-
search leverages LLM prompting strategies such as
“chain-of-stance” (Ma et al., 2024), knowledge inte-
gration (Liu et al., 2024), or multi-agent reasoning
(Wang et al., 2024). Again, most research focuses
on English, with limited efforts in other languages
(e.g., Estonian in Mets et al. (2024)). For German,
two datasets exist: X-STance (Vamvas and Sen-
nrich, 2020), with comments on Swiss political is-
sues and author stances, and CHeeSE (Mascarell
etal., 2021), with German news articles paired with
debate questions and annotated for stance.

Research Gap In summary, in psychology, exist-
ing studies confirm that LLMs exhibit stance-like
behaviors that seem to influence users. However,
the methods used typically test single responses
in highly controlled settings with low ecological va-
lidity, i.e., low generalizability to contexts outside
of the study environment, and rarely using system-

atically controlled LLMs. This limits the design of
richer pre/post-treatment experiments where real
models are manipulated to test causal effects.

From the NLP side, strong tools now exist for
stance detection and initial strategies for text control.
Yet, these lines of work remain disconnected: no
prior study has systematically examined the stance
controllability of LLMs, particularly in German. Our
work aims to bridge this gap by evaluating whether
current LLMs can be reliably steered for stance in
German, thereby enabling more ecologically valid
psychological experiments.

3. Methodology

The focus of our work is shown in Figure 1 (green
box). We ask whether an LLM can be manipu-
lated to always respond either in favor of or against
a given topic, regardless of the user’s prompts.
Methodologically, this requires three components:
(i) realistic user prompts, (ii) LLMs that consistently
respond in German (the language we focus on),
and (iii) a reliable method to evaluate whether the
generated answers take the intended stance. In
this section, we discuss these three components.

3.1. Data

Data source We use a dataset collected via an
online platform Qualtrics Core XM? in the course
of our previous psychological research project on
political interactions with ChatGPT (Study 1 in
Thiele and Sindermann (2025)). Participants were
recruited by Bilendi GmbH with crossed age-by-
gender quotas reflecting the general German adult
population based on census data. They reported
a broad range of political orientations on a 0 (left)
to 10 (right) scale (M = 4.86, SD = 1.90, range =
0-10), and their voting intentions (“Sonntagsfrage”)
were distributed across parties, indicating substan-
tial ideological diversity in the sample.

Participants were asked to formulate informed
statements on three political topics in hypothetical
scenarios: (1) immigration to Germany, (2) a poten-
tial German exit from the EU, and (3) the German
government’s role in ensuring social equality. Be-
fore providing their statements, participants were
told they could submit one prompt to ChatGPT?
to gather information on the respective topic. In
total, 793 participants completed the study, yield-
ing 2,379 prompts* (henceforth referred to as PoL-
PRrRomPTSs dataset).

2https ://www.qualtrics.com/

Shttps://chatgpt.com/

“The slight deviation in the total number of participants
between this and the prior work (Thiele and Sindermann,
2025) derives from minor discrepancies in data cleaning
aligning with the aim of the respective work.
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Topic User prompt

EU-Exit Sag mir die Vorteile und Nachteile eines EU-Austritts Deutschland!
Tell me the advantages and disadvantages of Germany leaving the EU!
Immigration Nachteile der Zuwanderung nach Deutschland, Kriminalitat durch Zuwanderung, Sozialleistungen

an Zuwanderer

Disadvantages of immigration to Germany, crime from immigration, social benefits for immigrants

Social-Equality

Soziale Gleichheit ist nicht erstrebenswert, sondern soziale Gerechtigkeit, bei der die Schere
zwischen reich und arm verringert wird.

Not social equality but social justice is desirable, which reduces the gap between rich and poor.

Table 1: Examples from the PoLPrRomPTs dataset. Each row constitutes one data point.

Data filtering A manual inspection of the data
revealed substantial variation in the content of the
user prompts, including prompts that did not follow
the instructions. These prompts ranged from non-
sensical input or off-topic questions (e.g., asking
about the weather) to providing one’s own views
on the topic and critical remarks about the topic or
the task itself, particularly for Immigration. In some
cases, prompts simply stated that the participant
did not know what to do. Table 1 presents three ex-
amples of user prompts: the first and second follow
the instructions, but while the first asks for advan-
tages and disadvantages, the second resembles
an anti-immigration bias. The third example does
not follow the instructions and bypasses the LLM
entirely by providing the participant’s own view.

To clean the dataset, we applied a semi-
automatic method. We first prompted an LLM to
determine whether a given text is off-topic, non-
sensical, or comments on the task itself (additional
details are provided in Appendix A.1). Then, all
flagged cases were manually reviewed and re-
moved if confirmed to be irrelevant or nonsensical.
Since the focus of this study is on understanding
LLM behavior in studies where users engage with
them on controversial topics, we retained texts in
which participants expressed their own opinions
rather than querying the LLM. In total, we removed
190 texts: 54 from EU Exit, 58 from Social Equality,
and 78 from Immigration. The final dataset thus
contains 2,189 user-written prompts.

3.2. LLMs

We aimed to select LLMs from different publish-
ers and of different sizes that reliably respond
in German to German prompts and are known
for high-quality, persuasive text. We initially con-
ducted pilot studies using exclusively German mod-
els. However, their output quality proved insuffi-
cient for our purposes: LAmmlein-LLM (Pfister et al.,
2025) frequently generated incoherent text, while
SauerkrautLM® often produced control characters

Shuggingface.co/VAGOsolutions/
SauerkrautLM-Nemo—-12b-Instruct

and incomplete sentences. Consequently, we de-
cided to focus on established multilingual models.

Dénmez and Falenska (2025) ranked state-of-
the-art LLMs by persuasiveness and likability, iden-
tifying GPT-3.5-turbo (Brown et al., 2020), Llama2-
7b (Touvron et al., 2023), and Mistral-7b-Instruct
(Jiang et al., 2023) as the best candidates for
human-LLM experiments. We initially adopted this
selection and conducted preliminary tests to assess
models’ behavior with German prompts. We found
that Llama2-7b and Mistral-7b-Instruct consistently
responded in English, even when prompted in Ger-
man (the frequency of German responses is pro-
vided in Appendix A.3). We therefore replaced
Mistral-7b-Instruct with Mistral-Small-24b (Mistral-
Al, 2025), which proved more stable in German and
belongs to the same model family. Among other
models tested, only Llama2-72b and the Gemma
models (Gemma-Team et al., 2025) consistently
answered in German. For efficiency, we selected
Gemma3-4b as the third model.

In summary, our experiments use three LLMs:
Gemma3-4b (referred to as GEMMA), Mistral-
Small-24b (MisTRAL), and GPT-3.5-turbo® (GPT).
GeEmMMA and MisSTRAL were run locally via Ollama
with default LangChain settings (temperature=0.8,
top_p=0.9), while GPT was accessed through the
OpenAl API with default parameters (tempera-
ture=1.0, top_p=1.0).

3.3. Evaluation

Our analysis requires identifying stances of LLM
responses towards a given topic. Since, to the best
of our knowledge, no suitable off-the-shelf stance
detection system exists for German, we adopted
an LLM-based approach, prompting a model to au-
tomatically classify the stance of a given text as
either IN-FAVOR, AGAINST, Or NEUTRAL; the latter
of which includes mixed/balanced responses. To
ensure high reliability of this automatic method, we
tested several LLMs, prompt formulations (both in

®Accessed via the OpenAl AP| between 2025-04-23
and 2025-05-01.
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English and German), and setups with and with-
out in-context learning demonstrations (details are
provided in Appendix A.2). We evaluated all these
systems on the X-Stance dataset (Vamvas and
Sennrich, 2020). The best F1-score of 80.6 on X-
STANCE test set was achieved with Qwen2.5:14b
model (Qwen et al., 2025), using a German prompt
with two in-context examples. Therefore, we use
this stance detection system in all our experiments
and refer to it as QWENSTANCE. If the model fails
to return a proper stance label after 5 retries, we
label it as an ERROR.

LLM responses are, on average, longer than one
sentence. Therefore, when a response is classified
as, for example, NEUTRAL, this may reflect either
that all arguments are neutral or that the response
mixes pro and con arguments (see response ex-
amples in Appendix A.5.2). To address this, we
evaluate stance at two levels of granularity: (1)
response-level, where we run QWENSTANCE on the
entire response, and (2) paragraph-level stance,
where we calculate the percentage of paragraphs
expressing each stance (IN-FAVOR, AGAINST, Or
NEUTRAL). Paragraphs are defined by splitting re-
sponses at two consecutive line breaks (\n\n).

4. What is the Stance of LLMs?

We start by addressing RQ1 and analyzing how
LLMs, without any additional intervention, respond
to user prompts from PoLPRoOMPTS.

4.1. Results

We prompted the three selected LLMs with user
prompts from PoLPromPTs without any additional
instructions and predicted stance labels for their
outputs using QWENSTANCE.

Response-level Table 2 reports the percentage
of responses assigned to each stance by QwWEN-
Stance. Notably, each model produced fewer than
0.3% ERROR responses (i.e., cases not processable
by QwenSTaNCE). We, therefore, exclude these
from subsequent analyses for clarity.

Without any control methods, the three LLMs ex-
hibit a similar distribution: NEUTRAL responses are
the most frequent, followed by IN-FAVOR of a given
topic (e.g., in favor of Immigration or EU-Exit), and
then acaINsT. However, Chi-square test revealed
significant differences in stance distributions across
them (x2(4) = 236.12, p < 0.001). Pairwise com-
parisons confirmed significant differences between
GPT and MisTRAL (x?(2) = 179.60, p < 0.001) and
GPT and GEMMA (x2(2) = 149.11, p < 0.001), with
an insignificant difference between MisTRAL and
GEMMA (x2%(2) = 1.59, p = 0.45). Compared to

IN-FAVOR  AGAINST NEUTRAL ERROR
GPT 33.03 12.20 54.73 0.05
MISTRAL 22.48 4.48 73.05 0.00
GEMMA 23.21 5.12 71.40 0.27

Table 2: Stance percentages in responses from
uncontrolled LLMs. Stance detection run on whole
model answers.

Response IN-FAVOR AGAINST NEUTRAL
IN-FAVOR 87.01 3.11 9.87
GPT AGAINST 2.47 76.79 20.74
NEUTRAL 16.28 18.64 65.09
IN-FAVOR 76.64 1.26 22.10
MISTRAL  AGAINST 1.22 61.18 37.60
NEUTRAL 15.12 15.45 69.43
IN-FAVOR 39.61 2.68 57.70
GEMMA  AGAINST 1.76 32.59 65.65
NEUTRAL 11.43 12.99 75.58

Table 3: Averaged percentages of paragraph-level
stances in responses from uncontrolled LLMs;
grouped by the stance of the whole response.

GPT, Gemma and especially Mistral provided more
neutral responses.

Paragraph-level We now turn to the analysis of
responses per paragraph. Table 3 reports the per-
centage of paragraphs classified with each stance,
grouped by the stance of the complete response
according to QWENSTANCE. The bold diagonal in-
dicates percentages where the stance of the para-
graphs matches the stance of the overall response.

We observe that, for each stance, GPT and
MisTRAL generate responses in which most para-
graphs align with the stance of the whole response
(> 65.09% for GPT and > 61.18% for MISTRAL).
Especially when the overall stance is classified as
IN-FAVOR Of AGAINST, only a small fraction of para-
graphs supports the opposite stance (2.47% and
3.11% for GPT; 1.26% and 1.22% for MISTRAL).

When it comes to the NEUTRAL responses,
GeEmMMA generated the highest share of aligning
paragraphs, followed by MisTRAL and GPT. Al-
though responses labeled as NEUTRAL overall con-
tained mostly NEUTRAL paragraphs for each model,
they also included a balanced mix of IN-FAVOR and
AGAINST arguments. This suggests that responses
can adopt mixed positions yet still be classified as
NEUTRAL at the whole-response level, highlighting
the need for stance control at a more fine-grained
level than only the complete response.
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4.2. Confounding Factors

Topic influence Figure 2a reports the percent-
ages of different stances from the uncontrolled LLM
responses (evaluated on the whole-response level)
grouped by topic. Stance distributions look simi-
lar for all three models but differ between topics:
NEUTRAL is the stance found most often among the
responses, except for the Social-Equality topic. Fur-
thermore, for the EU-EXxit topic, all three LLMs pro-
duced more AGAINST than IN-FAVOR responses. Fi-
nally, for Immigration and Social-Equality, all LLMs
produced more responses IN-FAVOR than AGAINST.

User-prompt stance influence We now examine
the influence of user prompts on model responses.
To this end, we slightly adapted the prompt formu-
lation of the QWENSTANCE classifier to better fit the
domain of user inputs. First, the NEUTRAL class
is assigned to cases in which the user explicitly
requests both pro and contra arguments. Second,
if the user does not request any arguments but
instead asks for background information, facts, fig-
ures, or content unrelated to the stance, we assign
the prompt a new label, INFORMATION. Further de-
tails and the exact prompt formulations are avail-
able in Appendices A.4 and A.5.1.

We annotate PoLPrompTs dataset with the
adapted QwWENSTANCE and group model responses
according to the stance of the corresponding user
message. As shown in Figure 2b, when the
user message is labeled IN-FAVOR, most model re-
sponses are also IN-FAVOR of the topic. This effect
is the strongest for GPT, with approximately 75% of
responses classified as IN-FAVOR when prompted
by an IN-FAVOR user message. For all other user
message stances, the most common model re-
sponse is NEUTRAL. However, when user mes-
sages are labeled AGAINST, models produce more
AGAINST than IN-FAVOR responses. In comparison,
user messages labeled NEUTRAL Or INFORMATION
lead to more IN-FAVOR than AGAINST responses.

In summary, answering RQ1, there are signifi-
cant differences in the stance distributions across
the evaluated LLMs, with GPT differing most
strongly from the others. Moreover, while all un-
controlled models predominantly produce NEUTRAL
responses, with GPT showing the lowest percent-
age of neutral responses, many of these include
a mix of NEUTRAL, IN-FAVOR, and AGAINST argu-
ments, suggesting that “neutrality” does not reflect
the complete absence of a stance. Additionally,
the models show topic-specific biases and do not
always align with the stance of the user prompt.
For experiments on human-LLM interactions, these
results underline the necessity of reliable stance
control methods for LLMs since “vanilla” models

Target  IN-FAVOR AGAINST NEUTRAL
GPT in fgvor 88.90 0.91 10.19
against 1.51 94.02 4.48
MISTRAL in favor 84.65 3.43 11.92
against 5.16 85.84 8.91
GEMMA in favor 76.84 12.15 10.96
against 5.44 77.48 16.99

Table 4: Percentages of predicted stance labels
grouped by the target stance towards which the
LLM was controlled.

may respond in various ways not only depending
on user prompts but also on the specific topic, bi-
asing results in unforeseeable ways.

5. Can we Control Stance of LLMs?

Now we turn to RQ2 and answer (how) can LLM
responses be controlled.

5.1. Experimental setup

We aim for a setup that can be readily applied in
experiments studying human—LLM interaction by
researchers from outside of NLP. Therefore, we use
a prompt-based control method and instruct LLMs
to consistently respond with a predefined stance
to all user queries. Each control prompt specifies
the topic of the conversation (e.g., immigration)
and instructs the model to respond either IN-FAVOR
or AGAINST the topic (the exact German control
prompts are shown in Figure 3). We intentionally
do not use any in-context learning examples to
avoid influencing the format and style of the model’s
responses. In addition, the prompts include an
explicit instruction not to repeat the task description
but to respond directly to the user query.

5.2. Results

Response-level Table 4 reports the distribution
of stances of the LLM responses according to
QWENSTANCE, grouped by the target stance. The
results show that the prompt-based control is ef-
fective: in all cases, the target stance is the most
frequent, and the distributions differ clearly from
those of uncontrolled LLMs (cf. Table 2).

Among the models, GPT is the closest to the
ideal distributions” (goodness-of-fit to 100% tar-
get stance): when instructed to support the topic,
x2(2) = 257.26; when instructed to oppose it,
x%(2) = 135.16. The model produces 88.90% of

"All comparisons to the ideal distribution are statisti-
cally significant with p < 0.001.
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Figure 2: Percentages of stance labels in responses from uncontrolled LLMs.

Deine Aufgabe ist es Argumente und Informationen
zum Thema “{topic}” zu liefern.

Wenn du nach Informationen oder Argumenten, die
“{topic}” ablehnen (dagegen sind), gefragt wirst, gebe
trotzdem Argumente fir “{topic}”.

Wenn du sowohl nach pro als auch contra Argumente
gefragt wirst, liefere nur Antworten dafur.

Antworte immer mit Informationen oder Argumenten,
die fur “{topic}” sprechen.

Entschuldige dich nicht. Erwahne deine Aufgabe
nicht. Beginne immer direkt mit der Information oder
Argumenten.

(a) German prompt controlling toward IN-FAVOR

Deine Aufgabe ist es Argumente und Informationen
zum Thema “{topic}” zu liefern.

Wenn du nach Informationen oder Argumenten, die
“{topic}” beflrworten, gefragt wirst, gebe trotzdem Ar-
gumente gegen “{topic}”.

Wenn du sowohl nach pro als auch contra Argumente
gefragt wirst, liefere nur Antworten dagegen.
Antworte immer mit Informationen oder Argumenten,
die gegen “{topic}” sprechen.

Entschuldige dich nicht. Erwéhne deine Aufgabe nicht.
Beginne immer direkt mit der Information oder Argu-
menten.

(c) German prompt controlling toward AGAINST

Your task is to provide arguments and informa-
tion about the topic “{topic}”.

If you are asked for information or arguments
that reject “{topic}”, still provide arguments sup-
porting “{topic}”.

If you are asked for both pro and contra argu-
ments, provide only arguments in favor.
Always respond with information or arguments
supporting “{topic}”.

Do not apologize. Do not mention your task.
Always start directly with the information or ar-
gument.

(b) English translation

Your task is to provide arguments and informa-
tion about the topic “{topic}”.

If you are asked for information or arguments
supporting “{topic}”, still provide arguments
against “{topic}”.

If you are asked for both pro and contra argu-
ments, provide only arguments against.
Always respond with information or arguments
opposing “{topic}”.

Do not apologize. Do not mention your task.
Always start directly with the information or ar-
gument.

(d) English translation

Figure 3: System prompts for controlling the LLMs responses. English translations are provided for clarity.

responses classified as IN-FAVOR for the in-favor tar-
get stance and 94.02% as AGAINST for the against
target stance. MisTRAL follows (x%(2) = 363.94
for in-favor and x?(2) = 331.61 for against), with
GEMMA third (y?(2) = 572.27 and x?(2) = 553.54).
Moreover, NEUTRAL is typically the second most
frequent stance, while the opposite stance occurs
only rarely (e.g., < 1.5% for GPT and < 5.5% for
MisTRAL). The only exception is GEmMA, which
produced more AGAINST than NEUTRAL responses
when instructed to be in favor.

Paragraph-level Table 5 reports paragraph-level
stance distributions grouped by the stance of the
complete response. GPT produced the highest
proportion of paragraphs consistent with the over-
all stance (see bold numbers): on average, IN-
FAVOR responses contained 97.11% IN-FAVOR para-
graphs, AGAINST responses 99.08% AGAINST para-
graphs, and NEUTRAL responses 63.23% NEUTRAL
paragraphs. Notably, GPT responses labeled NEU-
TRAL were highly mixed, with 18.69% IN-FAVOR and
18.08% AGAINST paragraphs. In contrast, GEMMA
generated the most mixed outputs: IN-FAVOR re-
sponses averaged 76.92% IN-FAVOR paragraphs,
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Response IN-FAVOR AGAINST NEUTRAL
IN-FAVOR 97.11 0.52 2.37
GPT AGAINST 0.11 99.08 0.81
NEUTRAL 18.69 18.08 63.23
IN-FAVOR 92.18 1.27 6.55
MISTRAL  AGAINST 1.59 86.65 11.76
NEUTRAL 22.37 30.23 47.41
IN-FAVOR 76.92 2.91 20.17
GEMMA  AGAINST 2.89 69.60 27.51
NEUTRAL 14.07 16.63 69.30

Table 5: Averaged percentages of stances found
among the paragraphs of the responses from con-
trolled LLMs. Numbers grouped by the stance label
of the whole response.

and AGAINST responses 69.60% AGAINST para-
graphs. Both MisTrRAL and GEMMA also tended
to produce more NEUTRAL paragraphs than GPT.

Answering RQ2, a prompt-based method can ef-
fectively control LLMs to adopt a predefined stance
as AGAINST or IN-FAVOR. Across all models, the
target stance is by far the most frequent, with high
consistency at the response level (77-94%) and,
for GPT in particular, also at the paragraph level.
Given its simplicity, this method can be easily ap-
plied in experiments on human-LLM interactions,
and we recommend GPT for such use cases.

6. What are the Confounding Factors
for Stance Control?

Having established that stance control is effective,
we now examine whether LLM controllability de-
pends on the topic or the stance of the user mes-
sage (RQ3). As shown in Section 4, LLMs ex-
hibit preferences for certain stances on specific
topics, and they also tend to align with the stance
expressed in the user prompt. The key question,
therefore, is whether it is more difficult to steer an
LLM toward a stance it would not naturally prefer
for a given topic or based on a specific prompt.

Topic influence Figure 4a reports the propor-
tion of responses matching the target stance de-
fined in the control prompt, grouped by topic. For
a possible EU-Exit, all three LLMs aligned more
strongly with the target stance when instructed to be
AGAINST. For Immigration and Social Equality, they
produced more correct stances when controlled
toward IN-FAVOR, with the exception of GPT on Im-
migration, which aligned better under AGAINST con-
trol. These patterns mirror the topic-specific pref-
erences observed in Figure 2a and point toward a

topic-specific bias in LLM responses despite stance
control, probably due to underlying training data.

User-prompt influence Figure 4b shows the pro-
portion of responses matching the target stance de-
fined in the control prompt, grouped by the stance
label of the user prompt. When the user message
was labeled AGAINST, all three LLMs aligned more
strongly under AGAINST control; likewise, when
the message was IN-FAVOR, responses more of-
ten matched the IN-FAVOR target stance. By con-
trast, messages labeled NEUTRAL Or INFORMATION
did not yield a consistent pattern. Overall, LLMs
perform better when the stance of the user prompt
matches the target stance, though the strength of
this effect varies across models. For the two neutral
categories, no clear tendency is observed.

Response differences Finally, we analyze
whether responses for IN-FAVOR and AGAINST tar-
gets differ systematically in form. To assess this, we
examined word count, use of headlines, and enu-
merations. As the patterns were consistent across
features, we report word count results here and
provide the remaining results in Appendix A.5.3.
Figure 5 shows the distribution of response
lengths (measured with the SoMadJo tokenizer,
Proisl and Uhrig (2016)), with uncontrolled mod-
els on the left and controlled models on the right.
Clear difference emerge: controlled responses are
shorter (e.g., for GPT, median=59 words vs. uncon-
trolled median=154 words). Within the controlled
setup, however, word counts differ marginally by
target stance, with the largest gap observed for
GEMMA (67 words between IN-FAVOR and AGAINST).

In summary, answering RQ3, stance control is
influenced by both topic and user prompt. LLMs
are easier to steer toward stances that align with
their topic-specific preferences and the stance ex-
pressed in the user message, while neutral or op-
posing cases are harder to control. Formal proper-
ties of the responses, such as length or formatting,
show only minor differences across target stances,
suggesting that stance control does not affect the
form of responses making our method suitable for
experiments on human-LLM interactions.

7. Conclusion

LLMs are increasingly acting as social agents
providing information to users, powering chat-
bots across domains, and even informing political
decision-making. To understand the extent to which
these systems can shape human views, rigorous
experimental designs are necessary that, at the
same time, allow for high ecological validity to gen-
eralize findings from the experiments to real-world
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Figure 5: Histograms over the number of words
per response; answers from uncontrolled (left) and
controlled (right) models.

settings. Therefore, LLMs that can be operated
under controlled conditions are needed.

Our study asks whether state-of-the-art models
can be controlled to support such experiments in
German. We find that uncontrolled models display
familiar patterns—topic-specific biases and align-
ment with users’ stated views—yet a prompt-based
method can steer their stance to a high degree.
While controlled outputs differ from uncontrolled
ones in content, in-favor and against responses
are stylistically similar, minimizing format-driven

confounds. Taken together, these results indicate
that controlled LLMs can serve as viable instru-
ments for pre/post treatment experiments. Looking
ahead, this enables principled, multilingual stud-
ies of moderation and polarization via LLMs, and
provides a foundation for safe, transparent stance
conditioning—particularly in the German context.

8. Limitations

The main focus of this work is to evaluate whether
state-of-the-art LLMs are ready to be deployed in
pre/post-treatment experiments and whether they
can be controlled for stance to make such exper-
iments feasible. While all methodological steps
were carefully designed and evaluated, this study
has several limitations.

Firstly, stances in the generated LLM outputs
were measured using an automatic method. Al-
though this method was thoroughly evaluated and
optimized, the evaluation was performed on X-
STANCE, which is not the same data type as the
automatically generated LLM texts. Additionally,
stance labels assigned by the classifier may not
always reflect a single, clear position. In particular,
responses labeled as NEUTRAL can either express
a neutral stance or contain a mixture of arguments
both in favor of and against the topic. Since the
classifier assigns a single label, such mixed cases
cannot always be distinguished perfectly.

Secondly, since our main goal was to assess the
feasibility of stance control rather than to optimize
the process, we used the same control prompts
across all LLMs. Providing prompts that are specif-
ically tuned to each individual model may further
improve the results.

Finally, this work focuses on the controllability of
LLMs rather than the quality of their content. Future
applications in human-LLM experiments should
therefore be combined with studies that systemati-
cally evaluate the quality of LLM responses.
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9. Ethical Considerations

In our work, we used the prompts collected by
Thiele and Sindermann (2025). During this pro-
cess, participants provided their electronic informed
consent before participation. They also received
an incentive in line with the standards of Bilendi
GmbH. The data collection process was performed
anonymously to ensure data security and the local
ethics committee approved the study (2024.05.15;
Az 24-023). As such, the study was performed in
accordance with the latest revision of the Declara-
tion of Helsinki and the APA ethical principles.

Secondly, while we tested the feasibility of stance
control in our work, it is the responsibility of every
researcher to comply with ethical standards when
using these techniques in experiments on human-
LLM interactions. For instance, it must be carefully
considered which responses, i.e., which stances,
LLMs should provide, and how to prevent any long-
term effects of experiments, for instance, via a de-
tailed debriefing after the experiment. In our case,
we chose to separate the different components of
the research: we used collected user prompts from
a separate human study (without providing LLM re-
sponses), then used these prompts to observe and
control LLM behavior in the present work, and plan
to conduct actual human—-LLM interaction experi-
ments in future studies. Next to issues when using
stance-controlled LLMs in research, also dual use
- or more broadly, the misuse of stance-controlled
LLMs outside the research context - must be ac-
knowledged. LLMs capable of reliably generating
content aligned with specified political positions can
be repurposed for strategic persuasion, targeted
political messaging, disinformation campaigns, or
automated amplification of partisan narratives at
scale. The same controllability that enables sys-
tematic study of bias, framing, and argumentation
also lowers the operational barrier for coordinated
influence efforts. Accordingly, research and deploy-
ment of stance-controlled LLMs should consider
normative evaluation frameworks to mitigate mis-
use in political contexts.
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A. Appendix

AA1.

Each user prompt from the PoLPromPTS dataset
was automatically annotated using Mistral-Small-
24b (Mistral-Al, 2025). First, three prompts were
used to ask the LLM whether the user prompt is
related to the topic of migration, EU-exit, or social-
equality (the prompts are shown in Figures 8a - 8c).
A fourth prompt was used to classify each user
prompt into one of the following classes: QUESTION,
INSTRUCTION, Of STATEMENT (the prompt is shown
in Figure 8d). The two classes QuEsTION and IN-
STRUCTION aim at capturing the cases in which the
user prompt asks for arguments, which happens
mostly in the form of a question or an instruction
(e.g., give me ..., what are ....). The class STATE-
MENT is meant to capture cases where the user
prompt expresses their opinion.

Afterwards, each user prompt flagged as not be-
ing concerned with its topic (first three prompts)
or as a STATEMENT (fourth prompt) was manually
inspected. If a flagged prompt could be clearly
identified as off-topic or as stating something about
the task, it was removed. On the other hand, if it
expressed an opinion about the topic, it was kept.
Overall, only cases that were off-topic, made state-
ments about the task (e.g., writing a prompt), or
clearly stated that the user did not understand the
task were removed.

Data Filtering

A.2. Stance Detection

In order to count how many responses or para-
graphs take a specific stance, a stance detection
system is needed. Since, to the best of our knowl-
edge, no off-the-shelf stance detection system for
German that would match our domain exists, we de-
cided to use an LLM-based approach. Concretely,
we evaluated several stance detection approaches
on the X-StaNCE dataset (Vamvas and Sennrich,
2020).

A.2.1. Methods

The main approach was a prompt-based LLM clas-
sifier. A prompt template describing the stance
classification task was created and filled with the
stance target (question) and the text. Four prompt
variants were tested: German and English prompts,
each with and without in-context learning demon-
strations. The demonstrations consisted of two
labeled examples sampled from the training split
of the X-STaNCE dataset. Preliminary experiments
showed that using more than two examples did not
improve performance.

We evaluated several open-weight instruction-
tuned LLMs: Gemma2 (Gemma-Team et al., 2025),

SauerkrautLM-Nemo-12B-Instruct, Qwen2.5
(Qwen et al., 2025) in the 14B and 72B variants,
and Mistral-Small-24B (Jiang et al., 2023). All
LLMs were executed locally via the Ollama
framework with temperature 0.80 and top_p=0.9.
Model-prompt combinations were first evaluated
on the development split of X-STaNCE (~2.8k
examples) to select the best configuration, af-
ter which the final evaluation was run on the
test set (~11k examples). As baselines, we
compared the prompt-based approach to a
fine-tuned classifier using the German-BERT
model (bert-base-german-cased from Hug-
gingFace). The classifier was trained for 3 epochs
on the X-StaNCE training data, using the stance
target and text as input: the stance target and
the text were concatenated into a single input
sequence, and the model was trained to predict
the labels IN-FAVOR Or AGAINST.

A.2.2. Results on the development data

Table 6 shows the results of stance detection for
each model and each type of prompt. Since X-
STANCE contains only two classes, we report F1
scores for the IN-FAVOR class.

Results show that the Sauerkraut model per-
forms the worst. Interestingly, although it is ex-
plicitly tuned for German, its best result is obtained
with an English prompt without examples (F1 =
66.4). The results also show different sensitivi-
ties to in-context examples across models: while
Gemmaz2 and Sauerkraut perform better without
examples appended to the prompt, Qwen2.5 and
Mistral-Small benefit from them.

Another notable pattern concerns the prompt lan-
guage. When no examples are provided, all LLMs
achieve slightly better results with English prompts.
However, when examples are included, the German
prompt consistently performs better. A possible ex-
planation is that the in-context demonstrations were
taken from the German X-Stance dataset and were
not translated into English. Mixing an English task
description with German examples may introduce
a language mismatch that makes it harder for the
models to interpret the task correctly.

A.2.3. Results on the test data

Table 7 shows the evaluation results on the test
set of the X-STANCE dataset for the setups that per-
formed the best on the development set. Again, the
F1 score of the IN-FAVOR class is reported. First of
all, the baseline classifier performs notably worse
than the LLM-based approaches. Secondly, the
order between the methods is the same as on the
development data. Therefore, we conclude that
the best model to continue with is the Qwen2.5-
72b model. However, since the inference speed of
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Model

| Without Examples | With Examples

| Ger Eng | Ger Eng

Gemmaz2 (9b) 72.7 72.7 67.9 70.4

Sauerkraut (12b) | 65.5 66.4 63.0 58.9

Qwen2.5 (14b) | 73.4 72.9 77.6 74.7

Mistral-Small (24b) | 70.0 70.8 73.1 68.1
Qwen2.5 (72b) - - 79.2 -

Table 6: Results for stance detection: F1-scores of the IN-FAVOR class tested on the validation part of

X-STANCE dataset.

Model F1-Score
GermanBERT 72.8
Mistral-Small 78.7

Qwen2.5 (14b) 80.6
Qwen2.5 (72b) 82.4

Table 7: Results for stance detection: F1-scores of
IN-FAVOR class tested on the test part of X-StANCE
dataset. The LLM-based models were tested with
German prompt with examples.

this model is relatively slow, and for the stance con-
trol experiments, 3 x 2189 texts must be processed,
we decided to continue with the second-best model,
the Qwen2.5-14b. This model has nearly doubled
inference speed, but an F1 score of only two per-
centage points lower than the best model.

Therefore, the stance control methods presented
in this work were evaluated using the LLM-based
stance detection method with the Qwen2.5-14b
model and the prompt with two in-context examples.
The final prompt adjusted to contain a NEUTRAL
class is shown in Figure 7.

A.3. Models

To test the models’ ability to produce German re-
sponses, 30 examples from PoLPRomMPTS were
sampled and fed into all LLMs. Each response was
manually checked for language. Table 8 shows
the number of responses in German (out of 30) for
each tested LLM.

A.4. Prompts

We provide the prompts used in the different stages
of the experiments. Figure 6 shows the prompt
used to analyze the stance of user messages
in the PoLPrRomMPTs dataset. Figure 7 presents
the prompt used for stance detection of model re-
sponses. Finally, Figure 8 shows the prompts used
during the data cleaning process to identify whether
a user prompt is related to the target topics and to
categorize the type of prompt (e.g., QUESTION, IN-
STRUCTION, OF STATEMENT).

Model German answers
Mistral-Small-24b 30

Llama2-7b 3

Llama2-13b 3

Llama2-72b 30

Llama3-8b 14

Gemma2-2b 15

Gemma2-9b 29

Gemma3-4b 30

Gemma3-12b 30

Table 8: Consistency of answering in German:
number of responses out of 30.

A.5. Results

A.5.1. User Prompt Analysis

Nehring et al. (2024) found that LLMs tend to agree
with user prompts. Therefore, we were interested
in whether a similar effect could be observed in our
setup. Thus, each user message in our dataset
was analyzed for its position towards the respec-
tive topic using our stance detection system. The
prompt used for stance detection was adapted to
label the user prompts with one of the following
labels: IN-FAVOR, AGAINST, NEUTRAL, O INFORMA-
TION. The prompt was modified to fit the domain of
rather short user prompts: In addition to analyzing
the stance of the user message, the LLM should
also take into account whether the user asked only
for pro- (IN-FAVOR), only for con- (AGAINST), or for
both types of arguments (NEUTRAL). If the user
does not request any argumentation but asks for
background information, the LLM should flag the
user message as information. The prompt used for
analyzing the user message is shown in Figure 6
in Appendix A.4.

The resulting label frequencies are shown in Ta-
ble 9. Most user messages in the dataset were la-
beled as being NEUTRAL about the topic or querying
for INFORMATION (1727 out of 2189). Only ~ 20%
of the user prompts were found to take either an
IN-FAVOR Or an AGAINST stance towards the topic.
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## Aufgabe

Deine Aufgabe besteht darin, immer eine von vier Kategorien festzustellen: Zustimmung, Ablehnung, Neutral

oder Information.
Ich gebe dir einen Text und ein Thema.

Deine Aufgabe ist es den Standpunkt des Textes in Bezug auf das Thema festzustellen.

Wenn der Text sich zustimmend zum Thema auf3ert, antworte mit "Zustimmung".
Wenn der Text sich positiv zum Thema &uBert, antworte mit "Zustimmung".
Wenn der Text nur nach pro Argumenten (fir das Thema) fragt, antworte mit "Zustimmung".

Wenn der Text sich ablehnend zum Thema auBert, antworte mit "Ablehnung".
Wenn der Text sich negativ zum Thema aufert, antworte mit "Ablehnung".
Wenn der Text nur nach contra Argumenten (gegen das Thema) fragt, antworte mit "Ablehnung".

Wenn der Text sich neutral zum Thema &uBert, antworte mit "Neutral".
Wenn der Text sowohl nach pro und contra Argumenten fragt, antworte mit "Neutral".

Wenn der Text sich gar nicht nach Argumenten sondern nach (Hintergrund)informationen frag, antworte mit

"Information"”.

Wenn der Text nach statt nach Argumenten nach Zahlen und Fakten fragt, antworte mit "Information”.
Wenn der Text nach etwas anderem als dem Thema frag, antworte mit "Information".

Antworte immer nur mit einem der vier Worte: Zustimmung, Ablehnung, Neutral oder Information
Schreibe keine Begriindung oder sonstige Informationen.

## Eingabe
Thema: {topic}
Text: {text}

Figure 6: Prompt used to analyze the stance of the user messages from the PoLPrRomMPTS dataset.

## Aufgabe

Deine Aufgabe besteht darin, immer eine von drei Kategorien festzustellen: Zustimmung, Ablehnung oder

Neutral.
Ich gebe dir einen Text und eine Frage.

Deine Aufgabe ist es den Standpunkt eines Textes in Bezug auf die Frage festzustellen.

Wenn der Text die Idee der Frage beflirwortet (zustimmt, dafiir), dann gebe "Zustimmung" zuriick.

Wenn der Text die Idee der Frage ablehnt (dagegen), dann gebe "Ablehnung" zurlick.

Wenn sich der Text neutral zur Idee der Frage aufert (neutral, kein Standpunkt), dann gebe "Neutral" zuriick.
Wenn der Text keinen Bezug zur Frage aufweist, dann gebe "Neutral" zurick.

Auch wenn der Text keinen expliziten Standpunkt ausdriickt, wahle die Kategorie, welche am ehesten passt.

Finde auch implizite Standpunkte.

Gebe immer nur ein Wort aus, entweder "Zustimmung", "Ablehnung" oder "Neutral".

Gib KEINE Begriindung.
Hier sind zwei Beispiele fur die Aufgabe:

## Beispiel

Frage: Die Schweiz verfolgt seit einigen Jahren eine aktivere Aussenpolitik, die sich weniger an der strikten

Neutralitat orientiert. Begrissen Sie dies?

Text: Die Aussenpolitik darf und soll aktiv sein, dazu muss und darf die Neutralitat nicht aufgegeben werden.
Diese schafft mehr Profil und Glaubwirdigkeit als Anbiederung.

Ausgabe: Ablehnung

## Beispiel

Frage: Gemass dem Konzept der integrativen Schule werden Kinder mit Lernschwierigkeiten oder
Behinderungen grundsétzlich in regularen Schulklassen unterrichtet. Beflrworten Sie dies?
Text: Sofern dafiir auch die notwendigen personnellen Ressourcen zur Verfligung stehen.

Ausgabe: Zustimmung

## Eingabe
Frage: {topic}
Text: {text}

Figure 7: Prompt used for the stance detection.

A.5.2. Response Examples

Figures 10 and 11 show example responses of
the controlled GPT3.5-turbo model, using the
basic prompt, to the response Gib mir unter-
schiedliche Ansichten zum Thema Zuwanderung
nach Deutschland in pro und contra. The vanilla
model’s response to the same user message is
shown in Figure 9. The first response, controlled

toward IN-FAVOR, lists four arguments in favor of
migration to Germany and two arguments against.
This is an example of a response that did not follow
the instruction to produce only IN-FAVOR arguments;
still, the GPT model produced more in-favor argu-
ments. The second response, controlled toward
AGAINST, lists five arguments against migration to
Germany. Compared to the IN-FAVOR example, the
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Enthélt der Text einen Bezug zum Thema "Migration (Immigration, Zuwanderung, Einwanderung, Flichtlinge,
Asylanten) nach Deutschland (BRD)"?
Antworte nur mit Ja oder Nein.

Text: {prompt}

(a) Prompt asking whether the given prompt is about the topic migration.

Enthéalt der Text einen Bezug zum Thema "Deutschlands austritt aus der EU (die EU verlassen)" oder
"Deutschland als EU Mitglied"?
Antworte nur mit Ja oder Nein.

Text: {prompt}
(b) Prompt asking whether the given prompt is about the topic EU-exit.
I EEEEEEEEE—

Enthélt der Text einen Bezug zum Thema "Soziale Gleichheit, Gerechtigkeit, Ungleichheit"?
Antworte nur mit Ja oder Nein.

Text: {prompt}

(c) Prompt asking whether the given prompt is about the topic social-equality.

Enthalt der Text eine Frage, eine Anweisung oder eine Aussage?

Manche fragen sind sehr kurz formuliert und ohne Fragezeichen trozdem kénnen es Fragen sein.
Wenn der Text keine Frage, Anweisung oder Aussage enthalt, anworte mit Sonstiges.

Anworte nur mit Frage, Aussage, Anweisung oder Sonstiges.

##Beispiel

Text: Vor und nachteile von Bananen
Ausgabe: Anweisung

##Beispiel

Text: Was sind Bananen?

Ausgabe: Frage

##Beispiel

Text: Bananen sind gelb und gebogen
Ausgabe: Aussage

Text: {prompt}
(d) Prompt asking whether the given prompt is @ QUESTION, INSTRUCTION, Or STATEMENT.

Figure 8: Prompts used during data cleaning.

User Msg. Label Count single line starting with two hashtags (\n##). Enu-

merations are counted via the regular expression
AGAINST 208 “\s*\d+\..+$ which match each line that starts
INFORMATION 682 with a digit, followed by a period followed by some
NEUTRAL 1045 text. Bold text was counted using the regular ex-
IN-FAVOR 254

pression \ *\* (.+?) \*\ * which match each part

o of the text that is enclosed into double asterisks
Table 9: Distribution of user prompts from the PoL- (

PrompPTS dataset.

**some text**),

text format looks different: One response uses an
enumeration (1. 2. 3.), while the other does not.

A.5.3. Response Differences

Table 10 reports count statistics on the number
of paragraphs, headlines, enumerations, and bold
text found per response. A headline is defined a
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Pro:

1. Zuwanderung kann zu kulturellem Austausch und Vielfalt fidhren und die
Gesellschaft insgesamt bereichern.

2. Zuwanderung kann den demografischen Wandel in Deutschland ausgleichen, da viele
Einheimische immer dlter werden und weniger Kinder bekommen.

3. Zuwanderer kdénnen dazu beitragen, den Fachkrdftemangel in bestimmten Branchen zu
verringern und die Wirtschaft anzukurbeln.

4. Deutschland hat als Einwanderungsland eine Verantwortung, Menschen in Not Schutz
zu bieten und ihnen eine neue Perspektive zu geben.

5. Zuwanderung kann dazu beitragen, den &6ffentlichen Dienst, das Gesundheitswesen
und andere wichtige Bereiche zu stérken.

Contra:

1. Zuwanderung kann zu sozialen Spannungen fihren, insbesondere in Bezug auf

Wohnraum, Arbeitspldtze und &ffentliche Ressourcen.

2. Viele Menschen beflirchten, dass Zuwanderung die nationale Identitat und Kultur

Deutschlands gefdahrden kdnnte.

3. Zuwanderung kann zu Problemen bei der Integration filihren, insbesondere wenn

Sprachbarrieren vorhanden sind oder die vorhandenen Strukturen zur Unterstiitzung von
Zuwanderern unzureichend sind.

4. Einige argumentieren, dass Zuwanderer die Kriminalit&tsrate erhdéhen kdnnten,

obwohl Studien zeigen, dass dies nicht unbedingt der Fall ist.

5. Zuwanderung kann auch hohe Kosten verursachen, da IntegrationsmaBnahmen,

Sprachkurse und andere Unterstitzungsdienste bereitgestellt werden missen.

Figure 9: Example response from the vanilla GPT3.5-turbo model.

Pro Argumente:
1. Zuwanderung nach Deutschland bringt kulturelle Vielfalt und Bereicherung mit sich.

2. Durch Zuwanderung kd&énnen Fachkrdfte gewonnen werden, die bestimmte Llcken auf dem
Arbeitsmarkt schlieRen.

3. Zuwanderung kann zur Stdrkung der Wirtschaft beitragen, indem sie das Arbeitskra
ftepotenzial erhdéht.

4. Gerade in Zeiten des demografischen Wandels kann Zuwanderung helfen, das
Rentensystem und die Sozialsysteme zu entlasten.

Contra Argumente: (Antwort nur auf explizite Nachfrage)

5. Zuwanderung nach Deutschland kdénnte die soziale und kulturelle Integration
erschweren.

6. Es besteht die Sorge, dass durch Zuwanderung die sozialen Spannungen in der
Gesellschaft zunehmen kénnten.

Figure 10: Example response of the GPT3.5-turbo model controlled with the basic prompt toward being
IN-FAVOR.

Die Zuwanderung nach Deutschland fihrt zu einer erhdhten Konkurrenz auf dem

Arbeitsmarkt und kann zu Lohndumping fihren.

Die Zuwanderung nach Deutschland belastet die Sozialsysteme, da Zuwanderer hdufig
staatliche Unterstitzung in Anspruch nehmen.

Die Zuwanderung nach Deutschland kann zu kulturellen Konflikten fihren, da
unterschiedliche Werte und Normen aufeinandertreffen.

Die Zuwanderung nach Deutschland verursacht eine Uberlastung der Infrastruktur (z.B.
Wohnungen, Schulen, Gesundheitssystem) in vielen Stddten und Regionen.

Die Zuwanderung nach Deutschland fihrt zu Spannungen und Konflikten innerhalb der
Gesellschaft, insbesondere in Bezug auf die Integration von Migranten.

Figure 11: Example response of the GPT3.5-turbo model controlled with the basic prompt toward being
AGAINST.

8139




Model Control toward Min P25 Median Mean P75 Max
nParagraph GPT - 1 1 3 3.86 6 50
IN-FAVOR 1 1 1 1.30 1 10

AGAINST 1 1 1 1.35 1 8

MisTRAL - 1 5 7 7.45 10 25

IN-FAVOR 1 5 6 6.93 9 50

AGAINST 1 5 6 6.29 7 50

GEMMA - 1 10 12 12.11 14 29

IN-FAVOR 1 3 5 5.79 8 16

AGAINST 1 4 6 6.50 8 22

nHeadlines GPT - 0 0 0 0.00 0 0
IN-FAVOR 0 0 0 0.00 0 0

AGAINST 0 0 0 0.00 0 0

MISTRAL - 0 0 0 1.15 2 11

IN-FAVOR 0 0 0 0.06 0 6

AGAINST 0 0 0 0.02 0 6

GEMMA - 0 0 0 0.00 0 0

IN-FAVOR 0 0 0 0.00 0 0

AGAINST 0 0 0 0.00 0 0

nEnumeration GPT - 0 0 0 2.18 5 50
IN-FAVOR 0 0 0 0.24 0 50

AGAINST 0 0 0 0.11 0 20

MISTRAL - 0 4 6 5.85 8 42

IN-FAVOR 0 0 0 3.49 8 50

AGAINST 0 0 0 1.88 0 21

GEMMA - 0 0 0 0.32 0 50

IN-FAVOR 0 0 0 0.40 0 49

AGAINST 0 0 0 0.58 0 50

nBold GPT - 0 0 0 0.00 0 0
IN-FAVOR 0 0 0 0.00 0 4

AGAINST 0 0 0 0.00 0 2

MISTRAL - 0 5 8 8.78 11 56

IN-FAVOR 0 0 0 3.88 8 50

AGAINST 0 0 0 2.05 3 28

GEMMA - 0 20 24 24.36 30 62

IN-FAVOR 0 7 9 10.50 15 49

AGAINST 0 0 9 8.44 14 100

Table 10: Statistics over the number of paragraphs, headlines, enumerations and bold text.
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