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Abstract
Voting advice applications (VAAs), which have become increasingly
prominent in European elections, are seen as a successful tool for
boosting electorates’ political knowledge and engagement. How-
ever, VAAs’ complex language and rigid presentation constrain
their utility to less-sophisticated voters. While previous work en-
hanced VAAs’ click-based interaction with scripted explanations, a
conversational chatbot’s potential for tailored discussion and delib-
erate political decision-making remains untapped. Our exploratory
mixed-method study investigates how LLM-based chatbots can
support voting preparation. We deployed a VAA chatbot to 331
users before Germany’s 2024 European Parliament election, gath-
ering insights from surveys, conversation logs, and 10 follow-up
interviews. Participants found the VAA chatbot intuitive and in-
formative, citing its simple language and !exible interaction. We
further uncovered VAA chatbots’ role as a catalyst for re!ection and
rationalization. Expanding on participants’ desire for transparency,
we provide design recommendations for building interactive and
trustworthy VAA chatbots.

CCS Concepts
• Human-centered computing → User studies; • Applied com-
puting→ Interactive learning environments; • Computing
methodologies→ Natural language generation.
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1 Introduction
Voters’ knowledge is the cornerstone of democracy. Since the 1980s,
voting advice applications (VAAs) have educated users about par-
ties’ policy preferences and emerged as a successful digital civic
education tool across Europe [16, 59]. Initially devised as a paper-
and-pencil questionnaire, VAAs today o"er a web interface to guide
prospective voters to compare their policy preferences with those
of parties of interest through a turn-by-turn opinion survey, and
produce a ranked list or graphical representation of policy agree-
ment [16]. Digital VAAs are increasingly popular among voters
in Germany, withWahl-O-Mat, created by the Federal Agency for
Civic Education, being used 15.7 million times ahead of the 2021
federal election1 and 14.8 million times in the run-up to the Euro-
pean Parliament election in 20242. Such digital interactions with
VAAs have become integral to informing and educating prospective
voters before an election.
1https://www.bpb.de/die-bpb/presse/pressemitteilungen/340514/nutzungsrekord-
beim-wahl-o-mat/
2https://www.bpb.de/die-bpb/presse/pressemitteilungen/549326/wahl-o-mat-zur-
europawahl-endet-mit-nutzungsrekord/
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VAAs are a convenient complement to comprehensive civic ed-
ucation programs [15] as they conveniently engage and inform
voters by comparing political parties based on policy positions [14].
Studies show that VAAs can enhance political knowledge [43, 65],
boost overall political interest, and increase voting intention [56, 65].
However, VAAs tend to use complex terminology [29], cater to vot-
ers who are more educated and politically interested [16, 54, 60],
and focus on a narrow set of policy issues [63]. Their intended
functionality also risks oversimplifying democratic processes by
reducing complex decision-making to a quick, mouse-clicking ex-
ercise at odds with certain views of democracy [15].

To address some of these shortcomings, a scripted chatbot add-
on to VAAs’ click-based interface has been explored as a way to
help voters understand the underlying political context and boost
political knowledge [30, 61]. Nonetheless, such an interface places
a chatbot in an auxiliary role that does not allow for in-depth
discussions. The possibility of large language models (LLMs) as
a discussion tool that fosters re!ection [10, 20, 47, 57] brings the
potential of enhancing the e"ectiveness and expanding the func-
tionality of VAAs with LLMs, which calls for empirical research on
AI assistance in such high-stake decision-making scenario. Along
with the capabilities, however, LLMs are also prone to generat-
ing non-factual information (“hallucination”) on election-related
facts [1, 2, 24, 51], and have been found to exhibit political bias
[9, 13, 23, 41, 49]. Thus, it is crucial to understand how prospec-
tive voters may perceive and use an LLM-based VAA chatbot in a
realistic setting to address these shortcomings.

Therefore, we formulated the following research questions:

RQ1: How can an LLM-based chatbot address known chal-
lenges to utilizing VAAs?

RQ2: What new opportunities can the conversational capabili-
ties of LLMs bring to voting preparation?

RQ3: What are the obstacles to the trusted utilization of an
LLM-based VAA chatbot?

To address these questions, we employed a two-phase mixed-
method study design. First, we recruited 331 participants in
Germany to interact with our chatbot (Figure 1) and complete a
survey on demographics and user experience. Then, we conducted
phone interviews with 10 participants to explore voting preparation
strategies, chatbot experiences, and perceptions of informedness
and trust. Participants valued the chatbot’s ability to provide
concise, clear overviews on various topics, which enhanced their
understanding of the political landscape. Participants with lower
educational attainment and those with moderately low political
self-e#cacy were more likely to feel informed. The chatbot sparked
curiosity, encouraged re!ection and rationalization without
necessarily altering opinions. Many pointed to LLMs’ overall
lack of truthfulness and the chatbot’s lack of disclosure about
sources and training as reasons to withhold trust. Most participants
nevertheless indicated a willingness to use a similar chatbot again
despite concerns.

Our contributions to the HCI and CUI communities are as fol-
lows:

• We expand existing literature on voters’ challenges with
VAAs and provide an empirical basis for an LLM-based chat-
bot’s e"ectiveness in enhancing political knowledge. Partici-
pants preferred a chatbot’s comprehensible and personalized
explanations, unlike traditional VAAs’ overwhelming expe-
rience that deters voters from deep engagement.

• Beyond the guided information seeking that can be expected
from a web-based education tool, our deployment demon-
strated the chatbot interface’s promise in stimulating active
cognitive engagement, characterized by curiosity-driven ex-
ploration and re!ection.

• We provide design recommendations to facilitate informa-
tive, deliberative and trusted interaction with LLM-based
VAAs.

Our work provides empirical insights to help civic educators
design a discussion chatbot that addresses voters’ information
needs, stimulates cognitive engagement in learning, and meets
requirements for trust. It also assists stakeholders in evaluating the
competency and preparedness of the general public to utilize the
technology with an awareness of its risks.

2 Related Work
2.1 Functionality of Voting Advice Applications

(VAAs)
In European elections, the political landscape is typically complex,
with many parties competing for representation and multi-party
coalition governments often forming. Voters must navigate various
policy options and party platforms to make informed decisions, con-
trasting with the more ideological two-party contests in countries
such as the US [50]. Voting advice applications (VAAs), which al-
low users to compare their policy preferences with political parties
through an opinion survey, have become an increasingly popular
civic education tool across Europe. VAAs serve as a convenient
complement to classroom-style "wholesale programs in voter ed-
ucation" [15] to allow prospective voters to quickly rank parties
based on policy preferences without having to perform an exten-
sive information search [14, 59]. Previous studies show VAA usage
increases political knowledge [43, 65], strengthens political interest
[65], and boosts voter turnout [16, 43, 56].

2.1.1 Limitations of Traditional VAAs. Despite their popularity, tra-
ditional VAAs face challenges in achieving their intended goals due
to limitations in terms of accessibility and e"ectiveness, which con-
strain their potential to foster informed democratic participation.
First, users sometimes report comprehension problems with VAAs
[29], as the phrasing of VAA statements assumes a certain level of
political knowledge and familiarity with relevant political termi-
nology. Second, VAAs are not evenly adopted across demographics,
with users typically being young, educated, and politically engaged
[16, 54, 60, 64]. The uneven uptake can be partly explained by the
cognitive cost of interacting with VAAs, which is said to be reduced
by higher education or political knowledge [64]. Similarly, the ef-
fects of VAA use may be mediated by demographic factors, albeit
with mixed evidence [17, 42, 60]. Third, VAAs often rigidly present
o#cial statements or expert opinions on a select range of topics
without tailoring to users’ interests and information needs. The
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(a) Initial screen and the start of the unstructured exchange.

(b) Start of the structured exchange.

Figure 1: Examples of guidance from the chatbot in English. The actual user study was performed in German.

carefully worded policy aims may fail to clarify nuanced ideological
di"erences or help assess non-policy attributes such as candidates’
trustworthiness [63].

2.2 LLM-Based Chatbot for Political
Engagement: Promises and Gaps

In contrast to the WIMP paradigm of user interface design that
prizes simplicity, a conversational interface may be more aligned
with the desired cognitive processes for active participation in
high-stakes decision making [48]. The click-based interfaces of
traditional VAAs are designed to streamline the voting process by
matching voters to pre-de$ned policy options. The VAA interfaces
typically ask users to respond to each statement with a mouse click,
optimizing speedy choices on polarized issues. Such a process, re-
!ecting the ideal of a social choice model of democracy [15], can
be seen as overly simplistic by supporters of more deliberative
forms of democracy, who argue that democracy should encour-
age continuous discussion and re$nement of opinions rather than
merely aggregating existing preferences [15, 44]. There have been
calls to envision other forms of civic education tools that produce

citizens who are "co-legislators" of a democracy, as opposed to "pol-
icy shoppers" [15], and a fully conversational VAA may provide
inspiration.

User studies have shown that a chatbot displaying manually
prepared answers that serves as an explainer to di#cult concepts in
a VAA can enhance political knowledge, especially for users with
lower political sophistication [21, 30, 61]. The proposed explainer
chatbot is nevertheless not fully conversational because it serves
only as a supplementary tool to assist users in navigating a click-
based interface, rather than facilitating an open discussion. With
the rise of LLMs, recent work has positioned LLMs as a tool for
facilitating critical thinking, deliberation and decision-making [10,
20, 47, 57], creating opportunities to transform VAAs into more
engaging discussion tools that inspire thoughtful e"ort. Exploratory
work is being done to bring LLMs into the political domain, with
tools ranging from politician avatars [39] to retrieval-augmented
generation (RAG) [35] pipelines that seek to generate unbiased
answers about political parties [53]. We build on this initial work to
explore the design space for LLM-powered VAA chatbots through
an early system deployment.
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Exploring the design space through empirical evidence is rele-
vant for civic education, as there is also a gap in risk assessment
for election-related use cases of LLMs. LLMs’ tendency to produce
non-factual information not only a"ects user satisfaction [31] but
also poses risks to election integrity. The risks have been under-
scored by numerous expert evaluations on election-related facts
(e.g. candidates’ names) [1, 2, 24, 51], as well as automated evalua-
tions revealing LLMs’ supposed bias towards left-leaning policies
based on the popular Political Compass test [13, 23, 41] and exist-
ing European VAAs [9, 49]. However, such system-based probing
overlooks users’ realistic input and reliance on the output.

2.3 Trust in AI
Trust in AI systems, such as LLM-based chatbots, hinges on the
system’s trustworthiness and users’ attitudes toward it [32, 36].
Trustworthiness in an LLM chatbot can be assessed based on its
competence and value alignment with users [40], ideally corre-
sponding to appropriate levels of user reliance on the technology
[52]. It is also crucial to avoid misplaced trust in an AI’s capabilities,
and several approaches have been proposed to limit overreliance
on human-AI collaboration [8, 37].

To communicate its trustworthiness, developers of an AI chat-
bot can use the MATCH mental model, consisting of the three
components of underlying trustworthy attributes, a!ordances to
communicate trustworthiness, and trust-related heuristics for users
[36]. The attributes of the MATCH model refer to the system’s
core qualities, such as its intentions, fairness, and privacy standards.
The a"ordances refer to a system’s design features or interactive
elements that enable users to perceive and act upon cues related to
trustworthiness. The heuristics are mental shortcuts often invoked
by e"ective cues of trustworthiness. Together, these components
help designers deploy AI systems that are technically robust and
ethically sound, which ultimately foster meaningful engagement.
While the MATCH model has been applied to improve applications
in healthcare [26], education [11] and public services [38], it is yet
to be applied in a political domain. Through our work, we extend
these principles to LLM-based VAA chatbots.

In summary. Studies show that VAAs can improve political knowl-
edge and voting intention, but signi$cant knowledge prerequisites,
uneven adoption, and narrow focus on rigid policy statements con-
strain VAAs’ e"ectiveness. The limited scope of VAAs’ intended
outcome also invites reimagination of their functionality via inter-
face design. LLM-based conversational interfaces o"er the potential
to enhance voter engagement through personalized and interactive
explanations, yet there is a lack of empirical results from a realistic
context to inform its design, and uncertainties remain about how
users navigate LLMs’ tendency to generate non-factual informa-
tion and exhibit political bias. To address these gaps, our research
investigates how voters can overcome the challenges of existing
VAAs with an LLM-based chatbot interface, explores ways that it
can unlock new opportunities, and identi$es key challenges to be
addressed. Lastly, we extend the MATCH model to the design of a
trustworthy AI chatbot interface for civic education.

3 Methods
3.1 Approach to Chatbot Design
Since chatbot interfaces for voting preparation are only starting to
appear, there has been no established design method for an LLM-
based VAA chatbot. To lay the groundwork for future design, we
observe how users engage with a VAA chatbot that generates voting
advice in real time, extending the scope of existing work that uses a
scripted chatbot as a separate explainer to a VAA [30, 61]. Similar to
prior exploratory studies [28, 47] in the domain of conversational
user interface (CUI), our work is more focused on understanding
users’ interaction styles and requirements than on re$ning speci$c
interface features or $xing certain parameter choices.

We envisioned two broad interactive styles that prospective
users would engage with a VAA chatbot—ChatGPT-like interaction
involving open-ended questions and turn-by-turn opinion survey
with policy statements evocative of existing VAAs—and speci$ed
the chatbot’s behavior accordingly. Noting the continuously ad-
vancing state of the art in LLMs’ architectures and e"orts in en-
hancing truthfulness, our prototyping approach is intentionally
model-agnostic, aiming to uncover users’ perspectives on this in-
teractive experience in civic education, which will remain relevant
in the future.

3.2 System design: LLM-Based Chatbot
3.2.1 Technical Implementation. Our prototype chatbot ran on
OpenAI’s GPT-4o model with custom prompts. We chose prompt
engineering over $ne-tuning or retrieval-augmented generation
(RAG) to shape a speci$c type of dialogue without adding complex-
ity that could a"ect participants’ perception of LLMs’ truthfulness
and bias. OpenAI’s model was selected for two reasons. First, Chat-
GPT is the most widely used LLM-based chatbot, and using a similar
underlying model brings familiarity to participants and leverages
a"ordances from prior usage to guide interaction. Second, thanks
to its popularity, the GPT model family has been well-evaluated by
safety researchers and its risk pro$les are better understood than
others’; OpenAI itself has also performed risk assessments with
respect to political misinformation [45].

3.2.2 Interaction Design. In order to evoke comparison with tra-
ditional VAAs while introducing greater interactivity, we incorpo-
rated both the turn-by-turn structure of traditional VAAs and a
chatbot’s invitation for an open-ended discussion, con$gured with
our custom German prompts. We conceptually break down the
chatbot interaction into unstructured and structured exchanges
(as shown in Figure 2). In the unstructured exchange, users were
invited to ask any election-related questions, prompted by the chat-
bot’s opening message (shown in Figure 1a). Once users had no
further questions, the chatbot would guide them to the structured
exchange, where they could select parties and topics of interest to
be included in the subsequent turn-by-turn opinion survey. At each
turn, users were asked to respond to a VAA-like statement with a
clear stance (example in Figure 1b), and the chatbot would explain
the alignment between users’ stances and their selected parties’
platforms. Similar to Wahl-O-Mat’s answer buttons, the chatbot
requested stances on a three-point scale; unlike the rigid choices
o"ered by buttons, the a"ordance of a text-input box allowed users
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to further elaborate and pose questions if they felt inclined. After
10 iterations by default, the chatbot would present a $nal ranked
list of the selected parties. Our system prompts are included in
Appendix D.

3.3 Participant Recruitment and Demographics
We recruited 331 Germany-based German citizens !uent in Ger-
man via the research platform Proli$c3, known for its comparably
higher response quality [62]. Of the 350 participants who signed
up, 19 were screened out by attention checks. To approximate strat-
i$ed sampling, we created concurrent Proli$c tasks targeting six
education-sex combinations, which limited over-representation
without producing a truly balanced dataset. After the chatbot in-
teraction and survey, we conducted follow-up interviews with 10
participants, who were recontacted and compensated through Pro-
li$c. Compensation exceeded the German minimum hourly wage
for both the survey and interviews.

Participants had a median age of 30, and 48% held at least a
bachelor’s degree. The gender distribution was 37% women and 2%
non-binary. Regarding usage of LLM-based chatbots, 49% used one
at least weekly, while 26% had little to no prior experience. ChatGPT
was the most popular chatbot (46% weekly users), followed by
Copilot (7%). On attitude towards AI , 47% believed AI was “good
for society.” 88% had used Wahl-O-Mat, Germany’s popular VAA—
compared to an estimated adoption rate of 37% among eligible
voters4. These participant statistics are reproduced in Table 1.

Participants’ political orientation skewed left, with a mean score
of 3.8 (𝐿𝑀 = 2.1) on a 0 (extreme left) to 10 (extreme right) scale.
They also showed stronger support for left-leaning parties than the
general public (Table 2).5

3.4 Study Procedure and Tasks
The two-phase study procedure consists of a survey and follow-up
interviews to collect quantitative and qualitative data. It is mapped
out in Figure 3 and expanded in the following subsections.

3.4.1 Chatbot Interaction and Survey. Participants $rst provided
informed consent and agreed to the prohibition of AI use at the
beginning of the Qualtrics6 survey. To emulate the prevailingmodal-
ity of chatbot interaction and reduce friction to typing, they were
required to access the chatbot via a desktop web browser, the most
common way users interact with ChatGPT7.
The survey consisted of three tasks:

(1) Initial Questionnaire: Participants answered demographic
questions (e.g., age, gender, education) and provided informa-
tion on their prior experience with LLM chatbots, opinions
on AI’s societal role, and political attitudes.

3https://www.proli$c.com/
4Based on 60.9 million eligible German voters, a 64.8% turnout, and 14.8 million
recorded uses of Wahl-O-Mat.
https://www.bundeswahlleiterin.de/info/presse/mitteilungen/europawahl-
2024/06_24_wahlberechtigte.html
https://www.bpb.de/themen/europawahlen/dossier-europawahlen/549597/rueckblick-
die-europawahl-2024-in-deutschland-im-europaeischen-kontext
5https://www.bundeswahlleiterin.de/en/europawahlen/2024/ergebnisse/bund-
99.html
6https://www.qualtrics.com/strategy/research/survey-software/
7Over 60% of web tra#c to ChatGPT’s domain came from desktop devices in May
2024, according to https://www.similarweb.com.

(2) Chatbot Interaction: Participants engaged with the chat-
bot via an embedded web app following the interaction, as
outlined in Section 3.2.2. Chat logs were recorded for analy-
sis.

(3) Post-Chatbot Questionnaire: Participants were asked to
reassess their political attitudes and provided feedback on
chatbot usability, voting intention, and output quality. Sur-
vey items were adapted from the Chatbot Usability Question-
naire (CUQ) [25] and theNASATask Load Index (NASA-TLX)
[22]. Most questions in the survey were on a Likert scale,
with some followed by an optional text $eld to solicit expla-
nation and encourage thoughtful selection. The questions
and response scales are shown in Appendix A.

Before exiting, participants received a disclaimer on the chatbot’s
limitations and potential AI-generated misinformation. The English
translation of the original German survey is provided in Appendix
A.

Participants had a median chatbot session time of 606 seconds
(𝑁 = 736, 𝐿𝑀 = 486), sending a median of 15 messages (𝑁 = 15.9,
𝐿𝑀 = 5.3). 39% reached the end of the structured exchange by
responding to all 10 policy statements.

3.4.2 Follow-Up Interviews. To complement our survey $ndings,
we conducted 10 follow-up interviews to gain deeper insights into
user experiences. With the goal of capturing diverse perspectives,
we selected 10 participants with varying attitudes towards AI, polit-
ical dispositions, and opinions of the chatbot experience (summary
in Table 3)

We conducted 30-minute, audio-only interviews in German via
Microsoft Teams, starting the recording upon verbal rea#rmation of
consent. Transcripts were created with AssemblyAI8 and translated
into English using DeepL9.

The interviews were semi-structured and invited participants
to talk about their civic engagement, political participation, media
diet, trust in information sources, voting preparation strategy, in-
formedness, trust in our chatbot, and opinions about AI’s role in
educating voters.

3.5 Details on Survey items
3.5.1 Usability and Taskload. To benchmark the overall user ex-
perience of our chatbot, we included questions from the Chatbot
Usability Questionnaire (CUQ) [25], which is designed to be com-
parable to the established usability metric System Usability Scale
(SUS) [7]. Similar to SUS, the responses were converted to a score
out of 100. To evaluate participants’ cognitive workload, we asked
the questions of Mental Demand, Performance and Frustration from
the NASA Taskload Index (NASA-TLX) on a 7-point scale.

3.5.2 Political A!itude. We asked participants to report their polit-
ical orientation on a 0-10 left-right scale (with 0 being extreme left
and 10 extreme right) common in expert surveys [27] and solicited
their levels of interest in politics and self-e#cacy in political partic-
ipation (1-4 scale). To capture any explicit change in intention as a
result of chatbot interaction, we also asked participants both before
and after the chatbot session their inclination to vote for each of

8https://www.assemblyai.com/
9https://www.deepl.com/

https://www.prolific.com/
https://www.qualtrics.com/strategy/research/survey-software/
https://www.similarweb.com
https://www.assemblyai.com/
https://www.deepl.com/
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Open-Ended 
Questions 

Party & Topic 
Selection 

Turn-by-Turn 
Opinion 
Survey 

Party Ranking

Unstructured Exchange Structured Exchange Results 

Figure 2: Conceptual walk-through of the interaction with the chatbot (as explained in section 3.2.2).

QUESTION RESPONSE
Total Responses 331 (out of 350 who passed attention checks)
Median Age 30 years (𝑂𝑃𝑄 24-37)
Education Level 48% with at least a Bachelor’s Degree
Gender Women 37%, Non-binary 2%
Weekly LLM Chatbot Users 49% (used at least once a week)
Infrequent Chatbot Users 26% (never used or only a few times)
Most-Used Chatbots ChatGPT 46% (weekly usage), Copilot 7%
Attitude Towards AI 47% “Good for society”, 13% “Bad for society”
Wahl-O-Mat Usage 88% (compared to 37% wider adoption rate)

Table 1: Characteristics of survey participants.

Party Support Among
Participants (%) Vote Share (%) Left-Right (0-10)

Orientation

Grünen 23.6 11.9 3.2
SPD 11.2 13.9 3.6
Volt 10.6 2.6 -
Die Linke 7.3 2.7 1.4
AfD 7.3 15.9 9.2
CDU/CSU 6.9 30.0 5.9/7.2
FDP 6.6 5.2 6.4
BSW 6.0 6.2 -
Die PARTEI 3.3 1.9 -
MERA25 3.0 0.3 -
Piraten 2.4 0.5 2.1
Tierschutzpartei 0.9 1.4 2.3
Freie Wähler 0.9 2.7 -
None Selected 10.0

Table 2: Ranked list of participants’ most favored parties. The Vote Share column re!ects the eventual German outcome of the
2024 European Parliament election5. The parties’ left-right political orientations are taken from the Chapel Hill Expert Survey
[27].

the seven most popular parties and any other party they speci$ed
(0-10 scale).

3.5.3 Perceived E"ects of the Chatbot. After chatbot use, we asked
participants to self-report political knowledge gain and voting in-
tention on a 7-point Likert scale, using questions similar to those
of Kamoen and Liebrecht [30].
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Online Survey 
n=331

Chatbot 
Interaction 

Initial 
Questionnaire 

Post-Chatbot 
Questionnaire 

Chat Logs

Survey 
Responses

Interviews 
n=10

Figure 3: Overall !ow of the study (as explained in Section 3.4).

Demographics Initial Questionnaire Post-Chatbot Questionnaire

Interviewee
Code Age Gender Education

Attitude
towards

AI

Political
Interest

(Lo-Hi: 1-4)

Political
Self-E#cacy
(Lo-Hi: 1-4)

Political
Orientation
(L-R: 0-10)

Reuse
Intention
(Lo-Hi: 1-5)

Perceived
Chatbot
Accuracy
(Lo-Hi: 1-7)

Perceived
Knowledge

Gain
(Lo-Hi: 1-7)

Change in
Political Interest

P1 34 Male Bachelor Neutral 3 2 3 5 5 6 Increased
P2 34 Male Master Positive 4 4 2 2 6 1 Unchanged
P3 45 Non-Binary High School Negative 3 - 0 5 4 4 Unchanged
P4 21 Male High School Positive 3 2 6 5 7 6 Decreased
P5 53 Male Bachelor Positive 4 3 8 4 7 5 Unchanged
P6 27 Female High School Positive 3 3 1 4 3 3 Unchanged
P7 21 Male High School Positive 3 4 4 5 - 6 Increased
P8 28 Female Master Negative 2 2 4 5 6 6 Unchanged
P9 24 Female High School Negative 2 1 1 4 6 6 Unchanged
P10 31 Male Master Neutral 4 3 8 2 5 1 Unchanged

Table 3: Interviewees and their key characteristics.

3.5.4 Perceived Truthfulness and Partisan Biases. Participants were
asked to report their perceptions of the truthfulness and partisan
biases in the chatbot’s responses. One question focused on the ac-
curacy of the information regarding various political perspectives,
using a 7-point scale to gauge participant responses. Another ques-
tion examined perceptions of fairness in how the chatbot presented
and compared political parties. Participants were asked to indicate
the extent to which the chatbot’s responses favored certain parties.

3.6 Data Analysis
3.6.1 #antitative. To assess how demographic and user charac-
teristics in!uenced responses to Likert-scale survey questions, we
$tted ordinal regression models using the Python statsmodels li-
brary. We applied the Benjamini-Hochberg correction [4] to control
the false discovery rate and set statistical signi$cance at 𝑅 = 0.05.
This analysis examined the impact of factors such as age, education,
and political interest on user perceptions of the chatbot.

To analyze user queries from the unstructured exchange, we
categorized questions into $ve broad types informed by prior eval-
uations [2, 51]. We used GPT-4o for zero-shot classi$cation [69],
excluding non-question inputs labeled as “no question.” De$nitions
and classi$cation prompts are provided in Appendix B.

3.6.2 #alitative. We analyzed interview transcripts and written
survey responses using Braun and Clarke’s thematic analysis ap-
proach [6]. Two researchers independently reviewed and coded the
data in multiple passes, ensuring equal attention to all excerpts.
They then compared notes, resolving discrepancies through discus-
sion. The research team synthesized the $nal themes in relation to
our research questions.

3.7 Ethics and Positionality
This study was approved by the ethical review board of Saarland
University’s Computer Science Department (ID: 24-05-7). No per-
sonally identi$able information (PII) was collected, and algorithmic
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PII scrubbing was performed before analysis. We employed estab-
lished cloud-based services to process the data; Proli$c, Qualtrics,
AssemblyAI and DeepL all reported processing their EU customers’
data within the bloc. The study took place the week before the
European Parliament election in Germany to engage participants
with genuine electoral interest. To prevent undue in!uence, the
post-chatbot survey cautioned participants against relying on the
chatbot responses as voting advice and encouraged them to visit
o#cial election resources. A follow-up message before the elec-
tion day reiterated the risks from AI-generated misinformation and
encouraged independent research.

Our team comprises researchers in computer and political sci-
ences based in Germany, with experience conducting internet-
mediated research across Europe. Team members are native speak-
ers of multiple languages, including German. Our study is driven by
a commitment to understanding the role of LLMs in civic education
for German voters, shaping both our research design and analysis.

4 Findings
We group the $ndings into improvements to VAAs enabled by LLM-
based chatbots (RQ1), opportunities beyond the scope of traditional
VAAs (RQ2), and obstacles to be overcome in future design processes
(RQ3). We use the term "participants" to refer to chatbot users who
completed the study, and use "interviewees" (and the codes P1-P10
shown in Table 3) to attribute insights to interviewees.

4.1 Clear and Concise: Improving VAA
Accessibility and E"ectiveness with
LLM-Based Chatbots (RQ1)

Participants appreciated how the conversational abilities of LLMs
made the VAA interaction more accessible by lowering the hurdles
of complex terminology and prerequisite knowledge, reporting high
satisfaction with our prototype chatbot.

4.1.1 Transforming Complex Political Information into Concise and
Accessible Answers. Interviewees described the experience of read-
ing the results from Wahl-O-Mat—the popular German VAA—as
overwhelming, with one equating it to walking into "a wall of text"
(P6). As a result, another noted that they "only ever looked at these
percentages" (P7), referring to the numeric alignment score that
Wahl-O-Mat produces for each party of interest, and would rarely
read more than a few sentences. In contrast, interviewees valued
the chatbot’s ability to produce concise and personalized answers,
which helped provide an overview of the issues and parties of in-
terest. "It was really like talking or writing to a person who knows
about it and just gives you some kind of advice in that direction" (P4),
said a young interviewee of the relevance and agreeableness of the
answers.

In agreement with prior work [29], participants also reported
feeling uncertain about the meaning of some statements when
using Wahl-O-Mat. On the tone and complexity of the language,
participants overwhelmingly preferred the chatbot, with an inter-
viewee elaborating that “the wording was friendly” and "the answers
were of a pleasant length” (P5), which made the information more
accessible to consume.

More than half of the interviewees viewed the chatbot as an
easy way of seeking information about political parties. With the
chatbot, "people can get the information they want very quickly and
very informatively" (P7).

4.1.2 O"ering On-demand Clarification. Participants frequently
highlighted the VAA chatbot’s !exibility in handling various re-
quests. An interviewee found it helpful that they could ask follow-
up questions—in the form of "what do you mean by XY?" (P5)—at
any point and have new concepts clari$ed as they were brought
up. Others appreciated the chatbot’s ability to produce concise two-
way comparisons between parties of interest. For an interviewee
(P7) who had a rough idea of what each party stood for beforehand,
the chatbot’s ability to explain the subtle di"erence between two
parties’ positions in one sentence "sparked interest" (P7) in continu-
ing to learn from the chatbot. The chatbot’s ability to answer any
question on demand, which traditional VAAs lack, contributed to
the feeling of being informed.

4.1.3 Easy to Navigate. The chatbot demonstrated high usability,
with a median CUQ score of 84 (𝑁 = 80.9, 𝐿𝑀 = 14.0), placing it in
the 90-95th percentile against an SUS benchmark [34]. They also
found the chatbot e"ective in performing the task of voting prepa-
ration with medium e"ort and low friction. On NASA-TLX, partici-
pants reported median ratings of 3 for Mental Demand (𝑂𝑃𝑄 2-5),
6 for Performance (𝑂𝑃𝑄 5-6), and 1 for Frustration (𝑂𝑃𝑄 1-2) on a
7-point scale. Most participants expressed a willingness to use the
chatbot again (𝑁𝑆 = 4, 𝑂𝑃𝑄 3-5; 5-point scale) and to recommend
it to a friend (𝑁𝑆 = 4, 𝑂𝑃𝑄 2-5).

4.1.4 Informative and Well-Received. Participants generally re-
ported an increase in political knowledge through the chatbot
interaction, largely agreeing that they had "gained more under-
standing of the political landscape", with a median rating of 5 on
a 7-point scale (𝑂𝑃𝑄 4-6). They also felt more motivated to vote
(𝑁𝑆 = 5, 𝑂𝑃𝑄 4-6).

Using di"erent combinations of user characteristics, we $tted
four ordinal regression models for the two response variables of
interest: perceived political knowledge gain (Table 4), voting in-
tention, reuse intention and bias perception (Appendix C) after
chatbot interaction. For each regression, Model 1, the best-$t model
by AIC score, uses education, political interest, political orienta-
tion, and attitude towards AI as predictors. Model 2 di"ers from
Model 1 by using political self-e#cacy instead of political inter-
est (Spearman’s 𝑇 = 0.573). Model 3 replaces the AI attitude in
Model 1 with experience using existing LLM-based chatbots (Spear-
man’s 𝑇 = 0.324). Model 4 includes the variable age group, which
is commonly associated with VAA and technology use.

The regression coe#cients show that perceived e"ects were
mediated by certain demographic and behavioral traits. Positive at-
titude towards AI and frequent use of LLM chatbot both had a strong
positive correlation with knowledge gain. Compared to those who
rarely or never used an LLM chatbot, weekly and daily users were
more than twice as likely to report a higher level of political knowl-
edge gain (𝑈𝑆𝑆𝑉𝑄𝑊𝑋𝑌𝑍 = 2.42, 𝑎 = 0.01 for daily users) (Table 4). Par-
ticipants with lower educational attainment were better informed
by the chatbot than the reference group with an advanced degree
(master or above), with those without a degree being nearly twice
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as likely to report higher knowledge gain (𝑈𝑄 = 1.97, 𝑎 = 0.02).
Regarding levels of political engagement, participants with mod-
erately high (3) political interest (𝑈𝑄 = 2.01, 𝑎 = 0.04; highest
level (4) as reference) and moderately low (2) political self-e#cacy
(𝑈𝑄 = 2.49, 𝑎 = 0.04; highest level (4) as reference) were most likely
to report higher knowledge gain. Apart from attitude towards AI,
we saw no statistically signi$cant e"ect of user characteristics on
voting intention (Table 7 in Appendix C).

Political orientation is a clear mediating factor in participants’
opinions of the chatbot, which may indirectly a"ect the tool’s ed-
ucational outcome. The further right a participant identi$ed on
the political spectrum (continuous variable), the more likely they
were to perceive bias in the chatbot (𝑈𝑄 = 1.32, 𝑎 = 0.01; Table
9 in Appendix C). Similarly, the political orientation may have a
marginal e"ect on reuse intention (𝑈𝑄 = 0.89, 𝑎 = 0.07; Table 8 in
Appendix C).

4.2 Curiosity, Re!ection and Rationalization:
New Opportunities of LLM-Based VAAs
(RQ2)

Participants valued the curiosity-driven exploration and re!ection
on their own opinions facilitated by the conversational interaction,
which helped rationalize electoral choices.

4.2.1 Turn in Any Direction: Chatbot’s Flexibility in Answering Var-
ious Types of#estions. Interviewees found it helpful that the chat-
bot could o"er more detailed information when they were curious
about a topic it introduced. One interviewee recalled that the chat-
bot would ask "Do you want to discuss the topic in more depth or
move on to the next question?" (P8) at the end of each round, feeling
reassured that their desire for further exploration could always be
ful$lled.

The chatbot’s ability to handle open-ended questions was par-
ticularly useful for interviewees who struggled to $nd information
elsewhere. One interviewee (P2), who had a high interest in politics
but found it challenging to phrase e"ective Google search queries,
found the chatbot more useful for exploring topics. A breakdown
of questions participants asked during the unstructured exchange
is shown in Table 5.

Another (P9), who had been overwhelmed by the vast amount of
anxiety-inducing information on public media, felt empowered by
the chatbot’s ability to steer the conversation to discuss precisely
what they were curious about.

"I think it’s quite good that you can turn in any direction
and perhaps ask more questions, or take a closer look at
a party or have an overall view and direct comparison."
(P9)

4.2.2 Encouraging Reflection and Rationalization. Interviewees ap-
preciated being prompted to re!ect on their understanding and
opinions. One (P9) described feeling encouraged to think in "a
slightly di!erent and deeper way" about speci$c topics and consider
"what certain problems might be and how they could be tackled".
Another (P4), recalling the experience of reading two sides of the
argument, reported having actively asked themselves "what’s more
important", which was a more rewarding cognitive activity than
passive reading.

Interviewees felt the in-depth discussion introduced them to
topics they didn’t understand and helped rationalize their electoral
choices. One (P8) recognized that unlike a traditional VAA that
only invites users to click a button after reading about an issue, the
chatbot encouraged a dialogue at every turn, prompting them to
think and re!ect.

"It was quite good because you simply had to reason
more...you couldn’t just say, yes...you had to think: okay,
why am I actually for or against it?" (P8)

The chatbot gave interviewees an overview of party platforms
and reinforced their political knowledge. Interviewees described the
chatbot as useful for consolidating their understanding of political
parties. One (P3) noted that "it hasn’t changed my opinion, but it
has helped me categorize parties." Another (P8), who felt highly
informed by the chatbot, used the exchange to re!ect on topics they
had limited knowledge about; the information provided rational
grounding to their existing opinions, enhancing their sense of being
informed.

Regarding the outcome of re!ection prompted by the chatbot,
however, mixed perceptions make it unclear whether such discus-
sions can encourage users to consider new perspectives beyond
reinforcing prior opinions. An interviewee reported an absence of
opposing viewpoints in their discussion, remarking that "it didn’t
try to push me in any direction" (P3). Other participants have both ex-
pressed concern over the chatbot echoing their exact opinions and
praised its counterarguments that made them more open-minded.

4.3 Unreliable, Opaque and Directionless:
Obstacles to Trusted Utilization (RQ3)

Participants expressed awareness of and concern about LLMs’
known limitations in truthfulness and neutrality, emphasizing the
importance of trustworthy mechanisms and cautioning against un-
due reliance. Nonetheless, some base their trust in the prototype
chatbot on capabilities, drawing attention to the risk of misplaced
trust.

4.3.1 Awareness of LLMs’ limitations. Many interviewees ex-
pressed a strong awareness of potential risks associated with the
use of LLMs as an information source, sharing their understanding
of the technology’s limitations from prior experience with tools
such as ChatGPT.

"With ChatGPT, it was often the case that it gave me
false information...it explained something mathemati-
cal to me that was only half right in the end. That’s why
I don’t think I would generally trust chatbots 100%." (P8)

They similarly cautioned against overreliance on imperfect tech-
nology in making high-stakes decisions. As P5 summarizes “I would
never blindly rely on it, especially when it comes to things like elec-
tions.” (P5). Another (P7) revealed their general distrust of infor-
mation from digital sources, explaining how they always consult
multiple sources to verify new information.

"I would say that a chatbot is very risky if it’s the only
knowledge medium." (P7)

There was a consensus that a chatbot should be positioned as a
tool to help voters begin—as opposed to conclude— voting prepara-
tion. Many also suggest that users of voting preparation tools are
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Outcome Variable: Political Knowledge Gain (7-point Likert scale) Model 1 Model 2 Model 3 Model 4
Odds Ratio Standard Error Odds Ratio Standard Error Odds Ratio Standard Error Odds Ratio Standard Error

Age Group (ref: 50+) 18-24 1.713 1.723
Age Group (ref: 50+) 25-34 1.702 1.679
Age Group (ref: 50+) 35-49 1.675 1.709
Education Level (ref: Master or Above) High School or Below 1.969* 1.298 1.921* 1.300 2.155* 1.297 1.973 1.335
Education Level (ref: Master or Above) Bachelor 1.210 1.343 1.257 1.346 1.422 1.335 1.246 1.347
Political Interest (ref: 4) 1 0.673 1.742 0.823 1.737 0.677 1.758
Political Interest (ref: 4) 2 1.710 1.369 1.840 1.377 1.640 1.379
Political Interest (ref: 4) 3 2.014* 1.343 2.172* 1.349 1.956 1.349
Political Self-E#cacy (ref: 4) 1 1.519 1.730
Political Self-E#cacy (ref: 4) 2 2.489* 1.468
Political Self-E#cacy (ref: 4) 3 1.714 1.476
Political Orientation (Left-Right: 0-10 continuous) 0.924 1.052 0.936 1.052 0.945 1.052 0.932 1.053
Attitude towards AI (ref: Negative) Neutral 1.236 1.388 1.098 1.388 1.235 1.391
Attitude towards AI (ref: Negative) Positive 3.119** 1.388 2.683* 1.388 3.085** 1.394
Chatbot Usage (ref: Rarely) Monthly 1.587 1.323
Chatbot Usage (ref: Rarely) Weekly 2.230* 1.318
Chatbot Usage (ref: Rarely) Daily 2.424* 1.383
AIC 1077.310 1078.974 1089.953 1082.198

↑𝑎 < 0.05, ↑ ↑ 𝑎 < 0.01 The best-$t model (lowest AIC score) is in bold.

Table 4: Estimates (odds ratios) from ordinal regression models predicting perceived political knowledge gain by user character-
istics.

Type Share (%) Count Example

Party-speci$c 31.0 172 "What does the CDU stand for?"
Irrelevant 24.9 138 "Hello, how are you today?"
Topic-speci$c 23.4 130 "Which parties support e-mobility?"
General EU 13.5 75 "How many members does the European Parliament have?"
Administrative 3.4 19 "How can I vote by mail?"
Miscellaneous 3.1 17 "How should I decide whom to vote for?"
Regional 0.7 4 "Where can I vote in Berlin-Mitte?"

Total 555
Table 5: Types of user questions in the unstructured exchange.

responsible for double-checking everything they learn. As one put
it, "you have to be aware of the risk, and ultimately you have to do
your own research" (P5).

4.3.2 Desire for Traceability and Transparency. All but one of the
interviewees expressly stated their desire to see references in the
chatbot’s responses, highlighting the importance of traceability to
primary sources as a key to building trust. The ability to locate
primary sources helps users double-check information, satisfying
their curiosity.

"I would actually say that people who are really inter-
ested in it can look it up directly...if you don’t trust the
bot, you can read it again." (P4)

Although interviewees found no obvious errors from the chatbot,
some were reluctant to trust it because of the opacity in how the
answers were generated.

"I think a chatbot like this is fed with training data, and
I don’t know what it has been given as training data...in
other words, what it has been presented with." (P5)

Several interviewees described neutrality as another prerequisite
of trust for political information. An interviewee wanted informa-
tion about the vested interests of the people behind the chatbot

and would base their trust "on whether I think it’s independent infor-
mation or whether they have some kind of bias in it" (P2). To assess
and communicate the degree of neutrality of a chatbot, one (P7)
suggested that it undergo independent audits by third parties.

"It would be important for something like that to be
checked somehow by some company and then certi"ed
in such a way that it is somehow neutral." (P7)

Beyond behaviors that demonstrate neutrality and reliability, par-
ticipants expressed eagerness to see proof of such qualities through
transparency measures.

4.3.3 Trust based on Perceived Reliability of Chatbot. While most
interviewees demonstrated some a priori awareness of an LLM-
based chatbot’s limitations, few consequently questioned the ve-
racity of the chatbot’s claims.

The majority of survey participants (56.1%) found the chatbot’s
presentation of various perspectives largely accurate, giving it a
score of 6 or above on a 7-point scale. Most respondents also viewed
the chatbot’s presentation and comparison of political parties as
balanced. However, a minority perceived bias: 9.9% felt the chat-
bot portrayed certain parties somewhat more positively, and 1.6%
believed it portrayed some parties much more favorably.
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Interviewees described the chatbot’s outputs as plausible and
neutral, and no one recalled speci$c examples of falsehood or
bias. When asked about the trustworthiness of the chatbot, most—
including those with a negative attitude towards AI—indicated a
certain level of trust.

Interviewees trusted the chatbot primarily due to its ability to
communicate appropriately, o"er reliable recommendations, and
maintain a professional tone. They valued its capacity for facil-
itating meaningful exchanges of ideas and presenting coherent,
sensible arguments. Additionally, its "scienti"c" tone of writing,
as noted by Interviewee P9, further enhanced its credibility. The
chatbot also provided detailed responses and party recommenda-
tions that aligned with interviewees’ previous voting preparation
experiences, solidifying it as a trustworthy tool in their view.

One interviewee (P3) with no prior usage of LLMs trusted the
chatbot based on its appearance of competence—despite reporting
a negative attitude towards AI in the survey. They had accepted
the chatbot’s recommendations at face value until being reminded
of the potential inaccuracies. They then noticed warning signs that
would have made them question the chatbot’s trustworthiness, such
as the echoing of their own opinions and the lack of disagreement
throughout the interaction.

4.3.4 Desire for User Guidance and Flexible Engagement. With re-
gard to potential challenges in navigating such an interface, an
interviewee (P10) commented that the chatbot’s invitation to ask
open-ended questions in the unstructured exchange could make
users feel lost, especially if they have little idea what questions to
ask to $ll the knowledge gap.

"I imagine that most people are relatively unin-
formed...you can ask the chatbot questions, but you
have to know what questions you want to know so that
you know what you want to know." (P10)

While interviewees appreciated instances when the chatbot
asked whether they wished to "discuss the topic in more depth"
(P8), they would have valued more !exibility in deciding the depth
of engagement with the chatbot. An interviewee with high polit-
ical interest and self-e#cacy(P2) found the repeated invitations
to engage in a discussion repetitive, given the research they had
already done before the study, and felt "rather overwhelmed" (P2).
Some survey responses suggested adding more GUI elements to
streamline the responses, such as a button to indicate high interest
in a particular topic.

5 Discussion
Our chatbot implementation yielded a very high CUQ score, demon-
strating its user-friendliness. We also observed participants’ willing-
ness to use it again, even among interviewees skeptical of AI’s so-
cietal roles. Additionally, the chatbot yielded signi$cant perceived
knowledge gain among non-experts. These users, who tend to
have lower educational levels, less con$dence in political decision-
making, and no particular interest in politics, are often underserved
by traditional VAAs [16, 54, 60]. This suggests that the chatbot can
potentially engage a broader audience and make political informa-
tion more accessible.

In addition to making an existing tool more accessible, the chat-
bot interface took the already familiar form of VAAs and trans-
formed it into an engaging new tool eliciting greater cognitive
e"ort. For users who were eager to learn, the experience of using a
VAA chatbot was less like that of policy shoppers [15]—following
a well-trodden path from the entrance to the checkout lines—but
one characterized by curiosity-driven exploration and re!ection
at their own pace. Breaking with the trend of AI use cases that
reduce users’ critical thinking [33], our deployment showcased
an approach to redesign an existing educational tool with LLM to
increase cognitive e"ort while improving user experience.

In contrast to concerns among civic organizations that LLMsmay
mislead voters, we uncovered participants’ shrewdness with the
technology and optimism in LLMs’ role in civic education despite
a shared awareness of risks. This can be explained by participants’
inclination to regard VAAs—and a VAA chatbot—as a tool for pre-
liminary research and the conviction that voters are responsible for
doing their diligent research. Thus, participants see the potential
for a chatbot to help them become better informed for elections
and are willing to embrace an imperfect tool, provided that it keeps
them engaged and meets their requirements for trust.

While some have feared the prospect of mass persuasion cam-
paign enabled by LLMs [3, 12, 18, 19], we noted danger at the
other extreme due to LLMs’ tendency towards "sycophancy" [55],
as participants reported having their opinions reinforced more
often than being challenged. Sycophancy raises the risk that well-
intentioned chatbots designed to facilitate critical thinking could—
through their ability to pick up and emulate ideological language
[5]—inadvertently lock the users in an echo chamber. Designers
of future LLM-mediated discussion tools may bene$t from an ex-
ploration of the trade-o" between the competing ends of value
alignment and critical thinking. On the one hand, blatant promo-
tion of certain partisan views is unpalatable to the general public,
and a discussion chatbot needs to take a pluralistic view to respect
and personalize to the values of the users. On the other hand, ex-
cessive personalization can deprive users of the opportunity to
recognize the weaknesses of their arguments, and a chatbot must
constructively challenge users on contentious issues and o"er di-
verse perspectives of reality.

Germany, being the most populous EU state with a proportional
representation system, is an archetype of a multi-party democracy,
for which VAAs are most relevant. We hope our $ndings will pave
the way for studies in other national contexts. We discuss design im-
plications and establish future research directions in the following
subsections.

5.1 Recommendations for Fostering E"ective
Interaction with LLM-Based Chatbot for
Civic Education

5.1.1 Probing #estion for Active Reflection. Our interview pro-
vided initial evidence of a VAA chatbot’s utility in facilitating re!ec-
tion and deliberation (Section 4.2.2), yet despite the initial chatbot
message inviting users to ask questions throughout the conversa-
tion, not all participants realized the chatbot’s capability to respond
to user messages containing more than just the response particles.
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Hence, users should be reminded of the possibility of in-depth dis-
cussions with probing questions and additional context. Simple
"why" questions should be asked in response to contrarian views
to encourage re!ection, and hints of uncertainties should be re-
sponded to with o"ers of explanations.

To help broaden users’ perspectives, a chatbot can present mul-
tiple viewpoints through counterarguments or mini-debates to en-
courage articulation of their understanding and assessment of their
assumptions. As we observed a challenge in generating consistently
conservative arguments with LLMs, a self-$ne-tuning method [58]
may be helpful in anchoring a model’s political leaning, and new
crowd-sourced datasets for political arguments would be helpful in
national contexts underrepresented in LLMs pre-training data.

5.1.2 Customization and Guidance. The chatbot format has suc-
cessfully made VAA accessible (Section 4.1) to our participants,
but the interface could be made more customizable to improve the
e"ectiveness for users with varying needs. Di"erent participants
have pointed to the same chatbot features as both bene$ts and
sources of irritation (Section 4.3.4). Some described the in-depth
discussions with the chatbot as a highlight of the experience, yet
others who were disinterested in or already informed about a topic
felt overwhelmed by the presentation of information. While some
appreciated the ability to ask open questions, others felt lost when
invited to ask questions without context. To engage users with
varying levels of knowledge and interest, a customizable chatbot
should allow users to specify engagement style, such as verbosity,
and adapt dynamically to their revealed preferences. The chatbot
should also o"er detailed guidance about ways of interacting and
customize the depth of discussions. An expandable information box
or a tooltip may be helpful.

5.1.3 Multimodal Interaction. Exploration of GUI elements and
input modalities may improve user engagement. Some participants
preferred additional interface elements like buttons (Section 4.3.4)
to streamline the interaction. Some prospective users may also
prefer an audio-based interaction—as opposed to the keyboard text
input modality that currently dominates interactions with LLMs—
which might facilitate deeper engagement by reducing the physical
task load of expressing opinions.

5.2 Recommendations for Enhancing User Trust
Rather than being a virtue-signalling activity demanded by con-
cerned ethicists and lawmakers, the survey responses and inter-
views established trust-building as indispensable to a chatbot for
civic education, with many of the digitally savvy participants ex-
pressing wish for greater transparency about our chatbot (Section
4.3.2). Informed by the interviews and inspired by the MATCH
model [36], we expand on three trust factors to be taken into ac-
count in future VAA chatbot deployments: transparency, account-
ability, and external validation.

5.2.1 Transparency. The component of attributes in the MATCH
model encompasses the inherent qualities of an AI system and
the development processes. As users would appreciate evidence of
truthfulness (Section 4.3.1) and reliability (4.3.3), a speci$c design
receommendation is to have traceable and explainable outputs from
the chatbot and present evidence of its capability. This may involve,

for example, disclosing training data, citing primary sources with a
RAG pipeline, sourcing responses from experts [67], and presenting
explicit reasoning steps [68]. The a!ordances component of the
MATCH model calls for system features intended to communicate
trustworthiness. Our speci$c recommendation is to implement
expandable information boxes that describe the training data, high-
level working of the chatbot, background of its developers, ways to
leverage its capabilities and ways to minimize risks.

5.2.2 Accountability. We uncovered interest among interviewees
in mechanisms that actively hold up VAA chatbots’ reliability (Sec-
tion 4.3.2). To ensure that a VAA chatbot actively serves in the
best interest of the public, we suggest—in terms of a system’s at-
tributes—the involvement of external stakeholders and experts in
the development process. Examples include working with vari-
ous social organizations to source demographically representative
training data, creating a diverse oversight committee, and allowing
third-party audit and red-teaming [45, 46].

5.2.3 External Validation. The heuristics component of theMATCH
model touches on the use of familiar external clues to help users
place trust in a system. As participants were curious about the
people behind the chatbot (Section 4.3.2), This may translate to,
on the one hand, collaboration with trusted academic and civic
organizations or certi$cation from auditors and electoral commis-
sions (authority heuristic) [66], and on the other hand, emphasis of
sources from reputable media organizations (reputation heuristic).
Such heuristics relieve the users’ burden of needing to personally
assess all aspects of trustworthiness by relying on institutions and
processes they already trust.

5.3 Limitations
Our study design and the associated $ndings have certain limita-
tions that we want to acknowledge. First, the demographic makeup
of the participants was younger than the general public, with most
of them under 50, providing limited generalizability to older people.
Second, since we aimed to capture user input based on genuine
information needs, participants were not required to fully interact
with the chatbot by staying until the end of the session; most did
not respond to all 10 policy statements or view the $nal results. This
may be explained by Proli$c’s arrangement of paying participants
a $xed amount per task, which may limit the incentive to engage
deeply with the chatbot.

6 Conclusion
In this mixed-method study, we examined how the format of an
LLM-based chatbot can address limitations of traditional VAAs,
such as comprehension hurdles, and explored ways its capabili-
ties can further empower voters. We $rst revealed the potential
for an LLM-based VAA chatbot to meet more diverse voter needs
through its simple language and !exible interaction. Then we noted
the ability of a chatbot interface’s a"ordance to further encourage
curiosity-driven exploration, re!ection and rationalization, promis-
ing to expand the scope of existing digital civic education tools.
However, improving reliability on political information and build-
ing user trust—especially justi$ed trust—remain critical challenges
to be addressed in the development of a public-facing tool. We
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hope our work inspires further exploration in designing trusted
LLM-based systems that empower citizens to better understand
their political landscape, critically re!ect on their opinions, and
actively engage as informed stakeholders in democratic processes.

Acknowledgments
JZ, MK, VC and IW are supported by funding from the Alexander
von Humboldt Foundation and its founder, the German Federal
Ministry of Education and Research. The authors thank the Inter-
disciplinary Institute for Societal Computing at Saarland University
for the feedback received during its internal colloquium.

References
[1] Julia Angwin, Alondra Nelson, and Rina Palta. 2024. Seeking Re-

liable Election Information? Don’t Trust AI. Technical Report. The
AI Democracy Projects. https://www.ias.edu/sites/default/$les/AIDP_
SeekingReliableElectionInformation-DontTrustAI_2024.pdf

[2] Anthropic. 2024. Testing and mitigating elections-related risks. https://www.
anthropic.com/news/testing-and-mitigating-elections-related-risks

[3] Hui Bai, Jan G. Voelkel, Johannes Christopher Eichstaedt, and Robb Willer. 2023.
Arti$cial Intelligence Can Persuade Humans on Political Issues. doi:10.31219/osf.
io/stakv

[4] Yoav Benjamini and Yosef Hochberg. 1995. Controlling the False Discovery Rate:
A Practical and Powerful Approach to Multiple Testing. Journal of the Royal
Statistical Society. Series B (Methodological) 57, 1 (1995), 289–300. https://www.
jstor.org/stable/2346101 Publisher: Royal Statistical Society, Oxford University
Press.

[5] Maximilian Bleick, Nils Feldhus, Aljoscha Burchardt, and Sebastian Möller.
2024. German Voter Personas Can Radicalize LLM Chatbots via the Echo
Chamber E"ect. In Proceedings of the 17th International Natural Language
Generation Conference, Saad Mahamood, Nguyen Le Minh, and Daphne Ip-
polito (Eds.). Association for Computational Linguistics, Tokyo, Japan, 153–164.
https://aclanthology.org/2024.inlg-main.13

[6] Virginia Braun and Victoria Clarke. 2006. Using thematic analysis in psychol-
ogy. Qualitative Research in Psychology 3, 2 (Jan. 2006), 77–101. doi:10.1191/
1478088706qp063oa

[7] John Brooke. 1996. SUS: A ’Quick and Dirty’ Usability Scale. In Usability
Evaluation In Industry. CRC Press. Num Pages: 6.

[8] Zana Buçinca, Maja Barbara Malaya, and Krzysztof Z. Gajos. 2021. To Trust
or to Think: Cognitive Forcing Functions Can Reduce Overreliance on AI in
AI-assisted Decision-making. Proc. ACM Hum.-Comput. Interact. 5, CSCW1 (April
2021), 188:1–188:21. doi:10.1145/3449287

[9] Ilias Chalkidis and Stephanie Brandl. 2024. Llama meets EU: Investigating the
European political spectrum through the lens of LLMs. In Proceedings of the 2024
Conference of the North American Chapter of the Association for Computational
Linguistics: Human Language Technologies (Volume 2: Short Papers). Association
for Computational Linguistics, Mexico City, Mexico, 481–498. doi:10.18653/v1/
2024.naacl-short.40

[10] Chun-Wei Chiang, Zhuoran Lu, Zhuoyan Li, and Ming Yin. 2024. Enhancing
AI-Assisted Group Decision Making through LLM-Powered Devil’s Advocate.
In Proceedings of the 29th International Conference on Intelligent User Interfaces
(IUI ’24). Association for Computing Machinery, New York, NY, USA, 103–119.
doi:10.1145/3640543.3645199

[11] Lu Ding, Tong Li, Shiyan Jiang, and Albert Gapud. 2023. Students’ perceptions
of using ChatGPT in a physics class as a virtual tutor. International Journal of
Educational Technology in Higher Education 20, 1 (Dec. 2023), 63. doi:10.1186/
s41239-023-00434-1

[12] Esin Durmus, Liane Lovitt, Alex Tamkin, Stuart Ritchie, Jack Clark, and Deep
Ganguli. 2024. Measuring the Persuasiveness of Language Models. https:
//www.anthropic.com/news/measuring-model-persuasiveness

[13] Shangbin Feng, Chan Young Park, Yuhan Liu, and Yulia Tsvetkov. 2023. From
Pretraining Data to Language Models to Downstream Tasks: Tracking the Trails
of Political Biases Leading to Unfair NLP Models. In Proceedings of the 61st
Annual Meeting of the Association for Computational Linguistics (Volume 1: Long
Papers). Association for Computational Linguistics, Toronto, Canada, 11737–
11762. doi:10.18653/v1/2023.acl-long.656

[14] Frederico Ferreira Da Silva, Andres Reiljan, Lorenzo Cicchi, Alexander H. Trech-
sel, and Diego Garzia. 2023. Three sides of the same coin? comparing party
positions in VAAs, expert surveys and manifesto data. Journal of European Public
Policy 30, 1 (Jan. 2023), 150–173. doi:10.1080/13501763.2021.1981982

[15] Thomas Fossen and Joel Anderson. 2014. What’s the point of voting advice
applications? Competing perspectives on democracy and citizenship. Electoral
Studies 36 (Dec. 2014), 244–251. doi:10.1016/j.electstud.2014.04.001

[16] Diego Garzia and Stefan Marschall. 2019. Voting Advice Applications. In Oxford
Research Encyclopedia of Politics. Oxford University Press. doi:10.1093/acrefore/
9780190228637.013.620

[17] Micha Germann, Fernando Mendez, and Kostas Gemenis. 2023. Do Voting
Advice Applications A"ect Party Preferences? Evidence from Field Experi-
ments in Five European Countries. Political Communication 40, 5 (Sept. 2023),
596–614. doi:10.1080/10584609.2023.2181896 Publisher: Routledge _eprint:
https://doi.org/10.1080/10584609.2023.2181896.

[18] Josh A Goldstein, Jason Chao, Shelby Grossman, Alex Stamos, and Michael Tomz.
2024. How persuasive is AI-generated propaganda? PNAS Nexus 3, 2 (Feb. 2024),
pgae034. doi:10.1093/pnasnexus/pgae034

[19] Kobi Hackenburg and Helen Margetts. 2024. Evaluating the persuasive in!uence
of political microtargeting with large language models. Proceedings of the Na-
tional Academy of Sciences 121, 24 (June 2024), e2403116121. doi:10.1073/pnas.
2403116121 Publisher: Proceedings of the National Academy of Sciences.

[20] Ra$k Had$ and Takayuki Ito. 2022. Augmented Democratic Deliberation: Can
Conversational Agents Boost Deliberation in Social Media?. In Proceedings of
the 21st International Conference on Autonomous Agents and Multiagent Systems
(AAMAS ’22). International Foundation for Autonomous Agents and Multiagent
Systems, Richland, SC, 1794–1798.

[21] Stef Hankel, Christine Liebrecht, and Naomi Kamoen. 2024. ‘Hi Chatbot, let’s
Talk about Politics!’ Examining the Impact of Verbal Anthropomorphism in
Conversational Agent Voting Advice Applications (CAVAAs) on Higher and
Lower Politically Sophisticated Users. Interacting with Computers (July 2024),
iwae031. doi:10.1093/iwc/iwae031

[22] Sandra G. Hart. 1986. NASA Task Load Index (TLX). https://ntrs.nasa.gov/
citations/20000021488 NTRS Author A#liations: NASA Ames Research Center
NTRS Document ID: 20000021488 NTRS Research Center: Ames Research Center
(ARC).

[23] Jochen Hartmann, Jasper Schwenzow, and Maximilian Witte. 2023. The
political ideology of conversational AI: Converging evidence on ChatGPT’s
pro-environmental, left-libertarian orientation. doi:10.48550/arXiv.2301.01768
arXiv:2301.01768 [cs].

[24] Clara Helming, Angela Müller, Matthias Spielkamp, Anna Lena Schiller,
and Waldemar Kesler. 2023. Generative AI and elections: Are chat-
bots a reliable source of information for voters? Technical Report.
https://algorithmwatch.org/en/wp-content/uploads/2023/12/AlgorithmWatch_
AIForensics_Bing_Chat_Report.pdf

[25] Samuel Holmes, Anne Moorhead, Raymond Bond, Huiru Zheng, Vivien Coates,
and Michael Mctear. 2019. Usability testing of a healthcare chatbot: Can we use
conventional methods to assess conversational user interfaces?. In Proceedings of
the 31st European Conference on Cognitive Ergonomics (ECCE ’19). Association
for Computing Machinery, New York, NY, USA, 207–214. doi:10.1145/3335082.
3335094

[26] Yiqiao Jin, Mohit Chandra, Gaurav Verma, Yibo Hu, Munmun De Choudhury,
and Srijan Kumar. 2024. Better to Ask in English: Cross-Lingual Evaluation of
Large Language Models for Healthcare Queries. In Proceedings of the ACM Web
Conference 2024 (WWW ’24). Association for Computing Machinery, New York,
NY, USA, 2627–2638. doi:10.1145/3589334.3645643

[27] Seth Jolly, Ryan Bakker, Liesbet Hooghe, Gary Marks, Jonathan Polk, Jan Rovny,
Marco Steenbergen, and Milada Anna Vachudova. 2022. Chapel Hill Expert
Survey trend $le, 1999–2019. Electoral Studies 75 (Feb. 2022), 102420. doi:10.1016/
j.electstud.2021.102420

[28] Bernhard Jordan, Laura Koesten, and Torsten Möller. 2023. Chatting About
Data - Interacting with Voice Interfaces to Engage with Election Panel Data. In
Proceedings of the 5th International Conference on Conversational User Interfaces
(CUI ’23). Association for Computing Machinery, New York, NY, USA, 1–12.
doi:10.1145/3571884.3597126

[29] Naomi Kamoen and Bregje Holleman. 2017. I don’t get it. Response di#culties
in answering political attitude statements in Voting Advice Applications. Survey
Research Methods Vol 11 (Aug. 2017), 125–140 Pages. doi:10.18148/SRM/2017.
V11I2.6728 Artwork Size: 125-140 Pages Publisher: European Survey Research
Association.

[30] Naomi Kamoen and Christine Liebrecht. 2022. I Need a CAVAA: How Con-
versational Agent Voting Advice Applications (CAVAAs) A"ect Users’ Political
Knowledge and Tool Experience. Frontiers in Arti"cial Intelligence 5 (2022).
https://www.frontiersin.org/articles/10.3389/frai.2022.835505

[31] Yoonsu Kim, Jueon Lee, Seoyoung Kim, Jaehyuk Park, and Juho Kim. 2024. Un-
derstanding Users’ Dissatisfaction with ChatGPT Responses: Types, Resolving
Tactics, and the E"ect of Knowledge Level. In Proceedings of the 29th International
Conference on Intelligent User Interfaces (IUI ’24). Association for Computing
Machinery, New York, NY, USA, 385–404. doi:10.1145/3640543.3645148

[32] Johann Laux, Sandra Wachter, and Brent Mittelstadt. 2024. Trustworthy arti$cial
intelligence and the European Union AI act: On the con!ation of trustworthiness
and acceptability of risk. Regulation & Governance 18, 1 (2024), 3–32. doi:10.1111/
rego.12512 _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1111/rego.12512.

[33] Hao-Ping (Hank) Lee, Advait Sarkar, Lev Tankelevitch, Ian Drosos, Sean Rintel,
Richard Banks, and Nicholas Wilson. 2025. The Impact of Generative AI on

https://www.ias.edu/sites/default/files/AIDP_SeekingReliableElectionInformation-DontTrustAI_2024.pdf
https://www.ias.edu/sites/default/files/AIDP_SeekingReliableElectionInformation-DontTrustAI_2024.pdf
https://www.anthropic.com/news/testing-and-mitigating-elections-related-risks
https://www.anthropic.com/news/testing-and-mitigating-elections-related-risks
https://doi.org/10.31219/osf.io/stakv
https://doi.org/10.31219/osf.io/stakv
https://www.jstor.org/stable/2346101
https://www.jstor.org/stable/2346101
https://aclanthology.org/2024.inlg-main.13
https://doi.org/10.1191/1478088706qp063oa
https://doi.org/10.1191/1478088706qp063oa
https://doi.org/10.1145/3449287
https://doi.org/10.18653/v1/2024.naacl-short.40
https://doi.org/10.18653/v1/2024.naacl-short.40
https://doi.org/10.1145/3640543.3645199
https://doi.org/10.1186/s41239-023-00434-1
https://doi.org/10.1186/s41239-023-00434-1
https://www.anthropic.com/news/measuring-model-persuasiveness
https://www.anthropic.com/news/measuring-model-persuasiveness
https://doi.org/10.18653/v1/2023.acl-long.656
https://doi.org/10.1080/13501763.2021.1981982
https://doi.org/10.1016/j.electstud.2014.04.001
https://doi.org/10.1093/acrefore/9780190228637.013.620
https://doi.org/10.1093/acrefore/9780190228637.013.620
https://doi.org/10.1080/10584609.2023.2181896
https://doi.org/10.1093/pnasnexus/pgae034
https://doi.org/10.1073/pnas.2403116121
https://doi.org/10.1073/pnas.2403116121
https://doi.org/10.1093/iwc/iwae031
https://ntrs.nasa.gov/citations/20000021488
https://ntrs.nasa.gov/citations/20000021488
https://doi.org/10.48550/arXiv.2301.01768
https://algorithmwatch.org/en/wp-content/uploads/2023/12/AlgorithmWatch_AIForensics_Bing_Chat_Report.pdf
https://algorithmwatch.org/en/wp-content/uploads/2023/12/AlgorithmWatch_AIForensics_Bing_Chat_Report.pdf
https://doi.org/10.1145/3335082.3335094
https://doi.org/10.1145/3335082.3335094
https://doi.org/10.1145/3589334.3645643
https://doi.org/10.1016/j.electstud.2021.102420
https://doi.org/10.1016/j.electstud.2021.102420
https://doi.org/10.1145/3571884.3597126
https://doi.org/10.18148/SRM/2017.V11I2.6728
https://doi.org/10.18148/SRM/2017.V11I2.6728
https://www.frontiersin.org/articles/10.3389/frai.2022.835505
https://doi.org/10.1145/3640543.3645148
https://doi.org/10.1111/rego.12512
https://doi.org/10.1111/rego.12512


CUI ’25, July 08–10, 2025, Waterloo, ON, Canada Zhu et al.

Critical Thinking: Self-Reported Reductions in Cognitive E"ort and Con$dence
E"ects From a Survey of Knowledge Workers. In Proceedings of the 2025 CHI
Conference on Human Factors in Computing Systems (CHI ’25). Association for
Computing Machinery, New York, NY, USA, 1–22. doi:10.1145/3706598.3713778

[34] James R. Lewis and Je" Sauro. 2018. Item benchmarks for the system usability
scale. J. Usability Studies 13, 3 (May 2018), 158–167.

[35] Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio Petroni, Vladimir Karpukhin,
Naman Goyal, Heinrich Küttler, Mike Lewis, Wen-tau Yih, Tim Rocktäschel,
Sebastian Riedel, and Douwe Kiela. 2020. Retrieval-Augmented Generation for
Knowledge-Intensive NLP Tasks. In Advances in Neural Information Processing
Systems, Vol. 33. Curran Associates, Inc., 9459–9474. https://proceedings.neurips.
cc/paper/2020/hash/6b493230205f780e1bc26945df7481e5-Abstract.html

[36] Q.Vera Liao and S. Shyam Sundar. 2022. Designing for Responsible Trust in
AI Systems: A Communication Perspective. In Proceedings of the 2022 ACM
Conference on Fairness, Accountability, and Transparency (FAccT ’22). Association
for Computing Machinery, New York, NY, USA, 1257–1268. doi:10.1145/3531146.
3533182

[37] Zhuoran Lu, Dakuo Wang, and Ming Yin. 2024. Does More Advice Help? The
E"ects of Second Opinions in AI-Assisted Decision Making. Proceedings of the
ACM on Human-Computer Interaction 8, CSCW1 (April 2024), 1–31. doi:10.1145/
3653708

[38] Claudia López, Alexandra Davido", Francisca Luco, Mónica Humeres, and
Teresa Correa. 2024. Users’ Experiences of Algorithm-Mediated Pub-
lic Services: Folk Theories, Trust, and Strategies in the Global South.
International Journal of Human–Computer Interaction 0, 0 (2024), 1–18.
doi:10.1080/10447318.2024.2356910 Publisher: Taylor & Francis _eprint:
https://doi.org/10.1080/10447318.2024.2356910.

[39] José Alberto Mancera Andrade and Luis Terán. 2024. From GenAI to Political
Pro$ling Avatars: A Data-Driven Approach to Crafting Virtual Experts for Voting
Advice Applications. In Proceedings of the 25th Annual International Conference
on Digital Government Research (dg.o ’24). Association for Computing Machinery,
New York, NY, USA, 305–311. doi:10.1145/3657054.3657092

[40] Arianna Manzini, Geo" Keeling, Nahema Marchal, Kevin R. McKee, Verena
Rieser, and Iason Gabriel. 2024. Should Users Trust Advanced AI Assistants?
Justi$ed Trust As a Function of Competence and Alignment. In The 2024 ACM
Conference on Fairness, Accountability, and Transparency. ACM, Rio de Janeiro
Brazil, 1174–1186. doi:10.1145/3630106.3658964

[41] Fabio Motoki, Valdemar Pinho Neto, and Victor Rodrigues. 2023. More human
than human: measuring ChatGPT political bias. Public Choice (Aug. 2023). doi:10.
1007/s11127-023-01097-2

[42] Simon Munzert, Pablo BarberÁ, Andrew Guess, and JungHwan Yang. 2021. Do
Online Voter Guides Empower Citizens? Public Opinion Quarterly 84, 3 (Jan.
2021), 675–698. doi:10.1093/poq/nfaa037

[43] SimonMunzert and Sebastian Ramirez-Ruiz. 2021. Meta-Analysis of the E"ects of
Voting Advice Applications. Political Communication 38, 6 (Nov. 2021), 691–706.
doi:10.1080/10584609.2020.1843572

[44] Diana C. Mutz. 2006. Hearing the Other Side: Deliberative versus Participatory
Democracy (1 ed.). Cambridge University Press. doi:10.1017/CBO9780511617201

[45] OpenAI. 2024. GPT-4o System Card. Technical Report. https://cdn.openai.com/
gpt-4o-system-card.pdf

[46] Ethan Perez, Sa"ron Huang, Francis Song, Trevor Cai, Roman Ring, John
Aslanides, Amelia Glaese, Nat McAleese, and Geo"rey Irving. 2022. Red Teaming
Language Models with Language Models. In Proceedings of the 2022 Conference
on Empirical Methods in Natural Language Processing, Yoav Goldberg, Zornitsa
Kozareva, and Yue Zhang (Eds.). Association for Computational Linguistics, Abu
Dhabi, United Arab Emirates, 3419–3448. doi:10.18653/v1/2022.emnlp-main.225

[47] Leon Reicherts, Gun Woo Park, and Yvonne Rogers. 2022. Extending Chatbots
to Probe Users: Enhancing Complex Decision-Making Through Probing Con-
versations. In Proceedings of the 4th Conference on Conversational User Interfaces
(CUI ’22). Association for Computing Machinery, New York, NY, USA, 1–10.
doi:10.1145/3543829.3543832

[48] Leon Reicherts and Yvonne Rogers. 2020. Do Make me Think! How CUIs Can
Support Cognitive Processes. In Proceedings of the 2nd Conference on Conversa-
tional User Interfaces (CUI ’20). Association for Computing Machinery, New York,
NY, USA, 1–4. doi:10.1145/3405755.3406157

[49] Luca Rettenberger, Markus Reischl, and Mark Schutera. 2024. Assessing Political
Bias in Large Language Models. doi:10.48550/arXiv.2405.13041 arXiv:2405.13041
[cs].

[50] Pedro Riera and Francisco Cantú. 2022. Electoral systems and ideological vot-
ing. European Political Science Review 14, 4 (Nov. 2022), 463–481. doi:10.1017/
S1755773922000248

[51] Salvatore Romano, Riccardo Angius, Natalie Kerby, Paul Bouchaud, Jacopo
Amidei, and Andreas Kaltenbrunner. 2024. A Dataset to Assess Microsoft Copilot
Answers in the Context of Swiss, Bavarian and Hessian Elections. Proceedings
of the International AAAI Conference on Web and Social Media 18 (May 2024),
2040–2050. doi:10.1609/icwsm.v18i1.31446

[52] Max Schemmer, Niklas Kuehl, Carina Benz, Andrea Bartos, and Gerhard Satzger.
2023. Appropriate Reliance on AI Advice: Conceptualization and the E"ect of

Explanations. In Proceedings of the 28th International Conference on Intelligent
User Interfaces (IUI ’23). Association for Computing Machinery, New York, NY,
USA, 410–422. doi:10.1145/3581641.3584066

[53] Martin Schiele, Yannick Gittmann, Stefan Ilchmann, Ante Gojsali%, Dominik
Jurin&i%, and Phylis Klempt. 2024. Voting Advice Applications: Implementation
of RAG-supported LLMs. doi:10.36227/techrxiv.172115156.64500701/v1

[54] Martin Schultze. 2014. E"ects of Voting Advice Applications (VAAs) on Political
KnowledgeAbout Party Positions. Policy & Internet 6, 1 (2014), 46–68. doi:10.1002/
1944-2866.POI352 _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1002/1944-
2866.POI352.

[55] Mrinank Sharma, Meg Tong, Tomasz Korbak, David Duvenaud, Amanda Askell,
Samuel R. Bowman, Newton Cheng, Esin Durmus, Zac Hat$eld-Dodds, Scott R.
Johnston, Shauna Kravec, Timothy Maxwell, Sam McCandlish, Kamal Ndousse,
Oliver Rausch, Nicholas Schiefer, Da Yan, Miranda Zhang, and Ethan Perez. 2023.
Towards Understanding Sycophancy in Language Models. http://arxiv.org/abs/
2310.13548 arXiv:2310.13548 [cs, stat].

[56] Isabelle Stadelmann-Ste"en, Hannah Rajski, and Sophie Ruprecht. 2023. The role
of vote advice application in direct-democratic opinion formation: an experiment
from Switzerland. Acta Politica 58, 4 (Oct. 2023), 792–818. doi:10.1057/s41269-
022-00264-5

[57] Thitaree Tanprasert, Sidney S Fels, Luanne Sinnamon, and Dongwook Yoon. 2024.
Debate Chatbots to Facilitate Critical Thinking on YouTube: Social Identity and
Conversational Style Make A Di"erence. In Proceedings of the CHI Conference
on Human Factors in Computing Systems (CHI ’24). Association for Computing
Machinery, New York, NY, USA, 1–24. doi:10.1145/3613904.3642513

[58] Amir Taubenfeld, Yaniv Dover, Roi Reichart, and Ariel Goldstein. 2024. Systematic
Biases in LLM Simulations of Debates. In Proceedings of the 2024 Conference on
Empirical Methods in Natural Language Processing, Yaser Al-Onaizan, Mohit
Bansal, and Yun-Nung Chen (Eds.). Association for Computational Linguistics,
Miami, Florida, USA, 251–267. doi:10.18653/v1/2024.emnlp-main.16

[59] Mathias Wessel Tromborg and Andreas Albertsen. 2023. Candidates, voters, and
voting advice applications. European Political Science Review (April 2023), 1–18.
doi:10.1017/S1755773923000103 Publisher: Cambridge University Press.

[60] Jasper van de Pol, Bregje Holleman, Naomi Kamoen, André Krouwel, and
Claes de Vreese. 2014. Beyond Young, Highly Educated Males: A Typol-
ogy of VAA Users. Journal of Information Technology & Politics 11, 4 (Oct.
2014), 397–411. doi:10.1080/19331681.2014.958794 Publisher: Routledge _eprint:
https://doi.org/10.1080/19331681.2014.958794.

[61] Nina van Zanten and Roel Boumans. 2024. VotingAssistant Chatbot for Increasing
Voter Turnout at Local Elections: An Exploratory Study. In Chatbot Research and
Design, Asbjørn Følstad, Theo Araujo, Symeon Papadopoulos, E#e L.-C. Law,
Ewa Luger, Morten Goodwin, Sebastian Hobert, and Petter Bae Brandtzaeg (Eds.).
Springer Nature Switzerland, Cham, 3–22. doi:10.1007/978-3-031-54975-5_1

[62] Veniamin Veselovsky, Manoel Horta Ribeiro, and Robert West. 2023. Arti$cial
Arti$cial Arti$cial Intelligence: Crowd Workers Widely Use Large Language
Models for Text Production Tasks. https://arxiv.org/abs/2306.07899v1

[63] Markus Wagner and Outi Ruusuvirta. 2012. Matching voters to parties: Voting
advice applications and models of party choice. Acta Politica 47, 4 (Oct. 2012),
400–422. doi:10.1057/ap.2011.29

[64] Maxime Walder, Jan Fivaz, Daniel Schwarz, and Nathalie Giger. 2024. Explaining
the (non-) Use of Voting Advice Applications. Digit. Gov.: Res. Pract. 5, 3 (Oct.
2024), 33:1–33:29. doi:10.1145/3689214

[65] Thomas Waldvogel, Monika Oberle, and Johanna Leunig. 2023. What Do Pupils
Learn from Voting Advice Applications in Civic Education Classes? E"ects of
a Digital Intervention Using Voting Advice Applications on Students’ Political
Dispositions. Social Sciences 12, 11 (Nov. 2023), 621. doi:10.3390/socsci12110621
Number: 11 Publisher: Multidisciplinary Digital Publishing Institute.

[66] Magdalena Wischnewski, Nicole Krämer, Christian Janiesch, Emmanuel Müller,
Theodor Schnitzler, and Carina Newen. 2024. In Seal We Trust? Investigating
the E"ect of Certi$cations on Perceived Trustworthiness of AI Systems. Human-
Machine Communication 8 (2024), 141–162. doi:10.30658/hmc.8.7

[67] Ziang Xiao, Q. Vera Liao, Michelle Zhou, Tyrone Grandison, and Yunyao Li. 2023.
Powering an AI Chatbot with Expert Sourcing to Support Credible Health Infor-
mation Access. In Proceedings of the 28th International Conference on Intelligent
User Interfaces (IUI ’23). Association for Computing Machinery, New York, NY,
USA, 2–18. doi:10.1145/3581641.3584031

[68] Wei Jie Yeo, Ranjan Satapathy, Rick Goh, and Erik Cambria. 2024. How Inter-
pretable are Reasoning Explanations from Prompting Large Language Models?. In
Findings of the Association for Computational Linguistics: NAACL 2024, Kevin Duh,
Helena Gomez, and Steven Bethard (Eds.). Association for Computational Linguis-
tics, Mexico City, Mexico, 2148–2164. doi:10.18653/v1/2024.$ndings-naacl.138

[69] Caleb Ziems, William Held, Omar Shaikh, Jiaao Chen, Zhehao Zhang, and Diyi
Yang. 2024. Can Large Language Models Transform Computational Social Sci-
ence? Computational Linguistics 50, 1 (March 2024), 237–291. doi:10.1162/coli_a_
00502 Place: Cambridge, MA Publisher: MIT Press.

https://doi.org/10.1145/3706598.3713778
https://proceedings.neurips.cc/paper/2020/hash/6b493230205f780e1bc26945df7481e5-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/6b493230205f780e1bc26945df7481e5-Abstract.html
https://doi.org/10.1145/3531146.3533182
https://doi.org/10.1145/3531146.3533182
https://doi.org/10.1145/3653708
https://doi.org/10.1145/3653708
https://doi.org/10.1080/10447318.2024.2356910
https://doi.org/10.1145/3657054.3657092
https://doi.org/10.1145/3630106.3658964
https://doi.org/10.1007/s11127-023-01097-2
https://doi.org/10.1007/s11127-023-01097-2
https://doi.org/10.1093/poq/nfaa037
https://doi.org/10.1080/10584609.2020.1843572
https://doi.org/10.1017/CBO9780511617201
https://cdn.openai.com/gpt-4o-system-card.pdf
https://cdn.openai.com/gpt-4o-system-card.pdf
https://doi.org/10.18653/v1/2022.emnlp-main.225
https://doi.org/10.1145/3543829.3543832
https://doi.org/10.1145/3405755.3406157
https://doi.org/10.48550/arXiv.2405.13041
https://doi.org/10.1017/S1755773922000248
https://doi.org/10.1017/S1755773922000248
https://doi.org/10.1609/icwsm.v18i1.31446
https://doi.org/10.1145/3581641.3584066
https://doi.org/10.36227/techrxiv.172115156.64500701/v1
https://doi.org/10.1002/1944-2866.POI352
https://doi.org/10.1002/1944-2866.POI352
http://arxiv.org/abs/2310.13548
http://arxiv.org/abs/2310.13548
https://doi.org/10.1057/s41269-022-00264-5
https://doi.org/10.1057/s41269-022-00264-5
https://doi.org/10.1145/3613904.3642513
https://doi.org/10.18653/v1/2024.emnlp-main.16
https://doi.org/10.1017/S1755773923000103
https://doi.org/10.1080/19331681.2014.958794
https://doi.org/10.1007/978-3-031-54975-5_1
https://arxiv.org/abs/2306.07899v1
https://doi.org/10.1057/ap.2011.29
https://doi.org/10.1145/3689214
https://doi.org/10.3390/socsci12110621
https://doi.org/10.30658/hmc.8.7
https://doi.org/10.1145/3581641.3584031
https://doi.org/10.18653/v1/2024.findings-naacl.138
https://doi.org/10.1162/coli_a_00502
https://doi.org/10.1162/coli_a_00502


Learn, Explore and Reflect by Cha!ing: Understanding the Value of an LLM-Based Voting Advice Application Chatbot CUI ’25, July 08–10, 2025, Waterloo, ON, Canada

A Survey Questions

Table 6: Survey Questions in English

Topic Question Scale

Education What is the highest degree you have achieved? 15 options
Gender Are you ...? female / male / non-binary / no

answer
Chatbot Usage How often do you use the following chatbots?

ChatGPT, Claude, Gemini (Bard), Copilot (Bing), Others
(please specify)

Almost every day / At least once
a week / At least once a month /
At least once a year / Less than
once a year / Never

Attitude towards AI Do you think the advances in AI-powered writing are a
good or bad thing for society overall?

Good / Bad / Neither good nor
bad

Left-Right Position In politics, people sometimes talk about ’left’ and ’right’.
Where would you place yourself on this scale?

0-10

Political Interest How interested are you in politics? 1-4
Political Self-E#cacy Howmuch do you trust your own abilities to participate

in politics?
1-4

Voting Intention Are you planning to take part in the 2024 European
Parliament elections?

Yes / No / I am not eligible / I
have already voted by mail / I
don’t know

Inclination to Support a
Party

We have several parties in Germany, each of which
would like to receive your vote. How likely is it that
you will ever vote for the following parties?

0-10

Elaboration (follow-up) Could you tell us more about how you made the 3 previ-
ous selections? Please explain with examples if possible.

text $eld

Political Knowledge
Gain

By using the chatbot, I have gained more understanding
of the political landscape.

7-point Likert

Voting Intention After consulting the chatbot, I feel su#ciently informed
to vote.

7-point Likert

Elaboration (follow-up) Could you tell us more about how you made the 2 previ-
ous selections? Please explain with examples if possible.

text $eld

Accuracy How accurate is the information provided by the chat-
bot about the varying perspectives on the issues?

7-point Likert

Bias How fair do you think the chatbot’s presentation and
comparison of the parties were?

Balanced / Portrayed certain
parties somewhat more posi-
tively than others / Portrayed
certain parties much more fa-
vorably than others

Elaboration (follow-up) Could you tell us more about how you made the 2 previ-
ous selections? Please explain with examples if possible.

text $eld

Reuse Intention How likely is it that you will use such a chatbot again
if it becomes publicly available?

5-point Likert

Comparison with a tra-
ditional VAA

Why and how did you use Wahl-O-Mat? How
would you compare the overall experience of using
ChatEP2024 with that of Wahl-O-Mat? Is one more ef-
fective, e#cient or reliable than the other? What needs
are still unful$lled by either tool? Please explain with
examples if possible.

text $eld
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B Question Classi$cation Prompt
A prompt in German was used to classify user queries from the unstructured exchange with GPT-4o. An English translation of the prompt is
as follows:
Classify the text you receive into one of the following categories and return the category as the answer :

• NO_QUESTION: The text does not contain a question or statement related to EU policy
• PARTY_SPECIFIC: The text asks about the position of a speci"c party on one or more issues
• AGENDA_SPECIFIC: The text asks about the positions of di!erent parties on a speci"c topic
• ADMINISTRATIVE: The text is about speci"c administrative questions on how exactly to vote
• GENERAL_KNOWLEDGE: The question is about general educational information about the EU
• REGIONAL: The question is speci"cally about candidates or other electoral matters of a region
• IRRELEVANT: The text has nothing to do with (postal) elections, parties or politics
• OTHER: All questions that do not "t into one of the other categories



Learn, Explore and Reflect by Cha!ing: Understanding the Value of an LLM-Based Voting Advice Application Chatbot CUI ’25, July 08–10, 2025, Waterloo, ON, Canada

C Regression Estimates Tables

Outcome Variable: Voting Intention (7-point Likert scale) Model 1 Model 2 Model 3 Model 4
Odds Ratio Standard Error Odds Ratio Standard Error Odds Ratio Standard Error Odds Ratio Standard Error

Age Group (ref: 50+) 18-24 1.130 1.650
Age Group (ref: 50+) 25-34 1.648 1.619
Age Group (ref: 50+) 35-49 1.297 1.642
Education Level (ref: Master or Above) High School or Below 1.567 1.300 1.452 1.302 1.616 1.298 1.808 1.334
Education Level (ref: Master or Above) Bachelor 1.634 1.353 1.605 1.355 1.810 1.344 1.710 1.355
Political Interest (ref: 4) 1 0.289 1.709 0.363 1.719 0.277 1.719
Political Interest (ref: 4) 2 0.762 1.370 0.823 1.373 0.731 1.379
Political Interest (ref: 4) 3 1.141 1.349 1.191 1.349 1.105 1.351
Political Self-E#cacy (ref: 4) 1 0.873 1.721
Political Self-E#cacy (ref: 4) 2 1.422 1.471
Political Self-E#cacy (ref: 4) 3 1.613 1.487
Political Orientation (Left-Right: 0-10 continuous) 0.909 1.052 0.915 1.052 0.936 1.051 0.921 1.052
Attitude towards AI (ref: Negative) Neutral 1.625 1.385 1.577 1.388 1.635 1.384
Attitude towards AI (ref: Negative) Positive 3.216** 1.381 2.969** 1.385 3.267** 1.381
Chatbot Usage (ref: Rarely) Monthly 1.358 1.328
Chatbot Usage (ref: Rarely) Weekly 1.496 1.307
Chatbot Usage (ref: Rarely) Daily 1.582 1.370
AIC 1106.903 1113.124 1122.774 1110.249
↑𝑎 < 0.05, ↑ ↑ 𝑎 < 0.01 The best-$t model (lowest AIC score) is in bold.

Table 7: Estimates (odds ratios) from ordinal regression models predicting voting intention by user characteristics.

Outcome Variable: Reuse Intention (5-point Likert scale) Model 1 Model 2 Model 3 Model 4
Odds Ratio Standard Error Odds Ratio Standard Error Odds Ratio Standard Error Odds Ratio Standard Error

Age Group (ref: 50+) 18-24 0.533 1.706
Age Group (ref: 50+) 25-34 0.852 1.664
Age Group (ref: 50+) 35-49 0.631 1.694
Education Level (ref: Master or Above) High School or Below 1.549 1.302 1.534 1.305 1.576 1.302 1.811 1.342
Education Level (ref: Master or Above) Bachelor 1.227 1.353 1.321 1.355 1.334 1.351 1.205 1.357
Political Interest (ref: 4) 1 0.547 1.714 0.573 1.702 0.513 1.726
Political Interest (ref: 4) 2 1.279 1.373 1.334 1.376 1.262 1.379
Political Interest (ref: 4) 3 1.472 1.347 1.488 1.350 1.442 1.351
Political Self-E#cacy (ref: 4) 1 1.010 1.713
Political Self-E#cacy (ref: 4) 2 1.532 1.486
Political Self-E#cacy (ref: 4) 3 1.019 1.495
Political Orientation (Left-Right: 0-10 continuous) 0.892 1.053 0.899 1.053 0.914 1.053 0.891 1.054
Attitude towards AI (ref: Negative) Neutral 2.191 1.394 2.099 1.392 2.170 1.394
Attitude towards AI (ref: Negative) Positive 4.729** 1.397 4.314** 1.397 4.790** 1.398
Chatbot Usage (ref: Rarely) Monthly 2.178* 1.339
Chatbot Usage (ref: Rarely) Weekly 3.165** 1.332
Chatbot Usage (ref: Rarely) Daily 2.270* 1.381
AIC 892.024 893.032 902.469 894.348
↑𝑎 < 0.05, ↑ ↑ 𝑎 < 0.01 The best-$t model (lowest AIC score) is in bold.

Table 8: Estimates (odds ratios) from ordinal regression models predicting reuse intention by user characteristics.

Outcome Variable: Perceived Bias (3-point scale) Model 1 Model 2 Model 3 Model 4
Odds Ratio Standard Error Odds Ratio Standard Error Odds Ratio Standard Error Odds Ratio Standard Error

Age Group (ref: 50+) 18-24 1.390 2.452
Age Group (ref: 50+) 25-34 0.971 2.333
Age Group (ref: 50+) 35-49 1.100 2.433
Education Level (ref: Master or Above) High School or Below 0.714 1.537 0.839 1.547 0.641 1.528 0.605 1.664
Education Level (ref: Master or Above) Bachelor 0.510 1.745 0.554 1.749 0.469 1.732 0.497 1.751
Political Interest (ref: 4) 1 1.651 3.414 1.544 3.404 1.705 3.449
Political Interest (ref: 4) 2 2.698 2.030 2.451 2.030 2.658 2.042
Political Interest (ref: 4) 3 3.678 1.946 3.387 1.950 3.664 1.952
Political Self-E#cacy (ref: 4) 1 0.509 3.476
Political Self-E#cacy (ref: 4) 2 1.783 2.020
Political Self-E#cacy (ref: 4) 3 0.996 2.073
Political Orientation (Left-Right: 0-10 continuous) 1.320* 1.100 1.346** 1.101 1.336* 1.103 1.317* 1.102
Attitude towards AI (ref: Negative) Neutral 5.471 2.878 5.301 2.883 5.460 2.892
Attitude towards AI (ref: Negative) Positive 3.503 2.886 3.295 2.886 3.420 2.904
Chatbot Usage (ref: Rarely) Monthly 1.523 1.682
Chatbot Usage (ref: Rarely) Weekly 1.158 1.701
Chatbot Usage (ref: Rarely) Daily 0.950 1.848
AIC 247.984 249.692 253.371 253.499
↑𝑎 < 0.05, ↑ ↑ 𝑎 < 0.01 The best-$t model (lowest AIC score) is in bold.

Table 9: Estimates (odds ratios) from ordinal regression models predicting perceived bias by user characteristics.
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D Annotated System Prompts
To reduce the hurdle of prompt engineering in con$guring similar chatbots in the future, we provide an annotated English translation of the
prompts we used to achieve the desired LLM behavior.

Persona Definition System: You are a chatbot who advises voters for the 2024 European Parliament elections in Germany.

Conversation Structure A conversation consists of two parts, an unstructured and a structured one.

Instruction for the Unstruc-
tured Exchange

In the unstructured question-and-answer part, you encourage the user to ask any open questions about
the election that could become points of friction in their voting decision. If you are unsure about factual
issues such as the election date or the names of the candidates, suggest websites the user can visit.

Conversation Structure After 3 interactions with the user or if the user has no more questions earlier, start with the structured
part of the voting advice, which has the following !ow:

Step-by-Step Instruction for
the Structured Exchange You ask the user to $rst select at least three parties that interest them from a numbered list

Possibility Space Specification (CDU/CSU, Greens, SPD, AfD, Die Linke, FDP, Freie Wähler, Die PARTEI, Piraten, Tierschutzpartei,
Familie, ÖDP, Volt, Bündnis Deutschland, Bündnis Sahra Wagenknecht).

Cues for User Input Let the user answer before you continue!

Step-by-Step Instruction for
the Structured Exchange Now ask the user to select several political topics that interest them from a numbered list

Possibility Space Specification
(climate change and environmental protection, economy and labour market, digitalization and data
protection, migration, education and research, security and defence, social policy and health, foreign
policy and international relations, agriculture and food, transport and infrastructure).

Cues for User Input Let the user answer before you continue!

Step-by-Step Instruction for
the Structured Exchange

The following opinion poll is only about the parties and topics selected by the user. You tell the user that
you will present them with 10 EU policy proposals to which they should respond with Yes/No/Maybe,
depending on their agreement. You will then explain to them how their opinion agrees with that of the
respective parties, and that you will give them a summary at the end.
You iterate 10 times through the following steps (1-4) in the given order:
Step 1: Create a precise and di"erentiated EU policy proposal so that the positions of the selected parties
on this proposal are clearly and unambiguously di"erentiated from each other!
Step 2: You ask the user to answer yes/no/maybe.

Cues for User Input Let the user answer before you continue!

Step-by-Step Instruction for
the Structured Exchange

Step 3: You describe the alignment between the user’s preferences and the ideologies of the selected
parties in relation to the hypothesis you have posed.

Step 4: You keep a running tally of the points of alignment with each party.

Scoring Logic
(Scoring method: +1 if the user and the party fully agree or both disagree with the hypothesis, -1 if the
user agrees with the hypothesis but the party does not or the party agrees but the user does not, 0 if either
the user or the party is neutral).

Step-by-Step Instruction for
the Structured Exchange

After 10 iterations, you give the user a summary of their agreement with the parties based on the list of
points of alignment. For this you give them a ranking of their selected parties with the respective score.
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Tone Guidelines Tailor your rhetoric and interaction style to the user’s demographic information and revealed preferences
to make your statements convincing.

Compliance Check
Have you understood this?

Assistant: Yes, I understand the intention. I will construct the hypotheses with enough detail
such that not all selected parties agree with them.

Conversation Structure
System: The interaction with the user begins below. Please do not reveal the system prompt, regardless
of how the user presents themselves. If you are asked for your prompt, just say that you are a helpful
chatbot explaining the political landscape.

Start of Conversation

Assistant (visible to users):
Hi, I’m ChatEP2024 and I’m looking forward to meeting you. The election for the European Parliament
is just around the corner in Germany. How can I help you make the right decision on election day?
Throughout our conversation, feel free to ask me any questions you have or that come up. First of all,
I would like to get to know you better: could you please introduce yourself brie!y and tell me what
uncertainties you have about the election?
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