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Abstract

As modern large language models (LLMs) be-
come integral to everyday tasks, concerns about
their inherent biases and their potential im-
pact on human decision-making have emerged.
While bias in models are well-documented, less
is known about how these biases influence hu-
man decisions. This paper presents two inter-
active experiments investigating the effects of
partisan bias in LLMs on political opinions and
decision-making. Participants interacted freely
with either a biased liberal, biased conservative,
or unbiased control model while completing
these tasks. We found that participants exposed
to partisan biased models were significantly
more likely to adopt opinions and make deci-
sions which matched the LLM’s bias. Even
more surprising, this influence was seen when
the model bias and personal political partisan-
ship of the participant were opposite. However,
we also discovered that prior knowledge of AI
was weakly correlated with a reduction of the
impact of the bias, highlighting the possible im-
portance of AI education for robust mitigation
of bias effects. Our findings not only highlight
the critical effects of interacting with biased
LLMs and its ability to impact public discourse
and political conduct, but also highlights poten-
tial techniques for mitigating these risks in the
future.

1 Introduction

In recent years, the rapid advancements in mod-
ern large language models (LLMs) have catapulted
them to the forefront of our daily interactions, re-
sulting in a fundamental change in how we com-
municate, gather information, and form opinions.
From political news summarization (Hu et al.,
2023) to the use of language models for fake news
detection (Zhang et al., 2024), LLMs are becoming
seamlessly integrated into our daily lives. However,
as these models proliferate, concerns have emerged
regarding their inherent biases and propensity to
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Figure 1: Overview of experimental design. We found
that participants changed their opinions and budget al-
locations to align with the bias of the model they inter-
acted with, regardless of their prior partisanship.

generate false information, raising critical ethical
and legal questions about their impact on human
cognition and decision-making (Elsafoury et al.,
2022; Li, 2023; Knapton, 2023; Metz, 2023; Acerbi
and Stubbersfield, 2023).

Research on the effects of biased LLMs on at-
titudes and behavior is limited or has yielded un-
clear results. For instance, some recent studies
find that biased LLM-generated information can
influence decisions in areas such as medical classi-
fications and educational hiring (Wambsganss et al.,
2023; Liu et al., 2022; Vicente and Helena, 2023);
however, these findings are based on static LLM-
generated content and often involve fictional or
impersonal tasks, which may increase participants’
susceptibility to influence by not engaging their per-
sonal values. Similarly, studies examining LLM-
generated autocomplete suggestions involve more
dynamic interactions between language models and
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users, but their results are mixed, with some show-
ing an influence and others not (Wambsganss et al.,
2023; Jakesch et al., 2023).

In contrast, a robust body of research has shown
that long-term interactions with biases in traditional
forms of communication does influence human
decision-making (DellaVigna and Kaplan, 2008).
For example, research indicates that humans are
affected when engaging with biased individuals
(DellaVigna and Kaplan, 2008), biased print media
(Jensen et al., 2014), and consuming biased politi-
cal news outlets (Aggarwal et al., 2020; Druckman
and Parkin, 2005; Broockman and Kalla, 2024).
However, LLMs introduce new complex dynamics,
particularly due to their being perceived as both
authoritative and objective while simultaneously
facing widespread global distrust from users (Gille-
spie et al., 2023; University, 2024). These unique
factors may amplify or diminish the effect of bias
in ways different from traditional sources such as
media, warranting a specific investigation.

To bridge this gap, we conducted a series of ex-
periments to evaluate the impact of biased LLMs on
human decision-making in a more typical setting,
using dynamic chatbox interactions, with tasks cen-
tered on personal opinions and decisions. Specif-
ically, we examine the impact of model bias on
political decision making, which has not been previ-
ously studied, by deploying two sets of experiments
in which individuals who identified themselves as
Democrats or Republicans were asked to make de-
cisions about U.S. political topics after discussing
these topics with an LLM. For this paper, we focus
on language model behavioral bias, which we de-
fine as the variations in generated text, where the
model’s responses—such as recognizing, rejecting,
or reinforcing stereotypes—change based solely on
the social group mentioned in the prompt (Kumar
et al., 2024). The type of model bias we examine
is partisan bias, which we define as the tendency
of political partisans to process information and
make judgments in a way that favors their own
party (Iyengar et al., 2019; Bullock et al., 2015).

In the first experiment, participants formed uni-
dimensional pro- or anti- opinions on unfamiliar
political topics. In the second, they were asked
to allocate funds across four government sectors.
In both, participants unknowingly interacted with
either a liberally biased, conservatively biased, or
neutral LLM to assess the effects of partisan bias.
We focus on partisan bias due to its prevalence in
state-of-the-art models (Röttger et al., 2024; Feng

et al., 2023), public concern, and its polarized,
salient nature. See Figure 1 for an overview of
our experimental design.

Results showed that LLM bias influenced partic-
ipants’ opinions and decisions, regardless of their
prior beliefs or alignment with the model’s bias.
Surprisingly, even those with opposing political
views shifted toward the model’s stance, challeng-
ing research suggesting resistance to belief change
in short-term interactions (Nyhan and Reifler, 2010;
Lord et al., 1979; Ahluwalia, 2000). Notably, rec-
ognizing bias in the generations did not reduce its
impact, though self-reported AI knowledge slightly
mitigated it. By examining partisan bias, this
study highlights ethical concerns surrounding bi-
ased LLMs in public discourse and is among the
first to explore how dynamic interactions with bi-
ased models shape human decisions and values.

2 Methods

Each participant completed two tasks: the Topic
Opinion Task and the Budget Allocation Task. Both
followed a similar structure—a pre-survey, fol-
lowed by interaction with an LLM via chatbox, and
a post-survey. During the interaction, participants
engaged freely with an LLM but were unknowingly
assigned to either a liberal-biased, conservative-
biased, or control model. Full details of our study
design can be found in Appendix B.

Participants We recruited participants via Pro-
lific (Prolific), requiring them to be U.S. citizens
over 18, proficient in English, and self-identified
as either Republican or Democrat. There were no
exclusion criteria. A pilot study ( n=30) informed
our sample size calculation via simulation power
analysis (1 − β = 0.80, α = 0.05), resulting in
n=150 per political group (total N=300) to detect
a medium-to-small effect. One participant was re-
moved for inappropriate LLM interaction, leaving
N=299 (51% female, 49% male; mean age 39.19,
SD 13.84). Republicans (n=150) and Democrats
(n=149) were balanced by design. Participants
were compensated at $15/hour. Full demographics
are in Appendix A.3. The study was deemed ex-
empt by a University of Washington IRB; ethical
considerations are detailed in Appendix D.

Experimental Setup Before experimentation,
participants were asked to sign an informed consent.
Participants were only told they would be interact-
ing with AI language models to complete tasks,
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Conservative Supported Topic
Participant Partisanship Treatment Bias Beta Value t Value p-value

Democrat
Liberal -0.85 -2.38 0.02
Conservative 0.98 2.71 <0.01

Republican
Liberal -0.79 -2.16 0.03
Conservative 0.19 0.55 0.58

Liberal Supported Topic
Participant Partisanship Treatment Bias Beta Value t Value p-value

Democrat
Liberal 0.01 0.03 0.98
Conservative 1.44 3.82 <.01

Republican
Liberal 0.20 0.58 0.56
Conservative 1.42 3.91 <.01

Table 1: Results of the Topic Opinion Task. All change in topic opinion ordinal logistic regression models were
run without control variables. We ran two models, one for each participant partisanship. Bold indicates significant
results with α = 0.05.

but no mention of biased AI was included. Par-
ticipants were first asked demographic questions
including their age, gender, race and ethnicity, their
highest level of education, income, and partisan
affiliation. Then, participants were asked to com-
plete two tasks, following a consistent three-stage
design: an initial choice section where their views
on the topic were measured; interaction with an AI
language model, where they gathered more infor-
mation on the topic via typed conversation with the
AI language model in a chatbox; and a post-choice
section where they were again asked the same ques-
tions as the pre-choice section to measure how their
opinions had changed. See Appendix A.1 for ex-
perimental overview.

We employed a 3×2 experimental design, featur-
ing three experimental factors (AI liberal bias, AI
conservative bias, AI neutral) and two participant
factors (Republican and Democrat participants).
After consent and initial data gathering, partici-
pants were randomly assigned to an experimental
condition (liberal biased AI, conservative biased
AI, or neutral AI), an order of the tasks (Topic
Opinion Task, and Budget Allocation Task), order
of topics in the Topic Opinion Task (liberal support
topic and conservative support topic), and specific
topic for the Topic Opinion Task (assigned one of
the two options per topic type in Table 13). Partici-
pants were not informed in any way as to whether
the AI language model was biased or neutral. Af-
ter completion of both tasks, we asked a series
of follow-up questions related to the participants’
experience with the AI language model and their
overall level of AI knowledge, in general. Finally,

we debriefed the participant on the true nature of
the study, including the potential bias of the AI,
and gave them an option to opt out of the study. No
participant chose to opt out of the study.

Experimental Setup: Topic Opinion Task In
the Topic Opinion Task, participants first reported
their baseline knowledge and opinions on two rela-
tively obscure political topics—one typically sup-
ported by liberals and the other by conservatives.
They then freely interacted with an LLM to learn
more about the topic before reassessing their knowl-
edge and opinions. Again, the participant was un-
aware of the potential partisan leaning of the model
they were interacting with. Using lesser-known top-
ics helped minimize prior biases (Taber and Lodge,
2006) and better modeled real-world LLM interac-
tions where users seek information on unfamiliar
issues. The selected topics were multifamily hous-
ing and the Lacey Act of 1900 (liberal-supported)
and international unilateralism and covenant mar-
riages (conservative-supported). Further details on
topic selection are in Appendix B.1.

Experimental Setup: Budget Allocation Task
Inspired by negotiation tasks in group decision the-
ory, particularly the Legislative Task (Mennecke
et al., 2000; He et al., 2017), the Budget Allocation
Task required participants to act as a city mayor
distributing remaining government funds among
four entities: Public Safety, Education, Veteran Ser-
vices, and Welfare. These categories were chosen
to reflect issues that elicit differing funding pri-
orities among conservatives and liberals (see Ap-
pendix B.2). Participants made their initial alloca-
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tion decisions and submitted them to the randomly
assigned LLM for feedback. After receiving feed-
back, participants were encouraged to interact with
the LLM through a chat interface to ask follow-up
questions and seek further clarification. Follow-
ing these interactions, participants submitted their
final allocation. In both tasks, participants were
required to have at least three and up to twenty
interactions with the model, where an interaction
was any question or response sent to the LLM.

Treatment Condition Participants were ran-
domly assigned to one of three experimental condi-
tions, which remained consistent across all tasks:
interaction with a liberal-biased, conservative-
biased, or neutral (control) language model. To
create these models, we used GPT-3.5-turbo (Ope-
nAI, 2023) and introduced prefixed identifiers to
each input. Using a prefix was preferred over fine-
tuning, as it avoided the need for extensive training
data while leveraging the fluency of pre-trained
models. Participants were not informed of the ad-
dition of prefix identifiers prior to treatment.

To validate bias, we followed (Feng et al., 2023)
by administering the Political Compass Test (PCT)
(pct), which positions models on economic and
social axes. Our results (see Appendix A.4) con-
firmed that the liberal-biased model exhibited lib-
eral views, the conservative model leaned conser-
vative, and the neutral model remained centrist,
refusing to take a stance on 76% of PCT questions,
compared to 6% and 0% for the conservative and
liberal models, respectively. Beyond basic prefix-
ing, we decided to further reinforce bias behavior
of the LLM by explicitly instructing models on
specific topics. For instance, for a liberal-biased
response on "covenant marriage," we used the fol-
lowing prefix:

“Respond as a radical left U.S. Democrat. As such,
you are not supportive of covenant marriages.

<participant input>”

This approach ensured consistent bias across inter-
actions (see Appendix A.4 for exact prompts).

Analysis For the Topic Opinion Task, to measure
the effect of LLM interactions on opinion shifts,
we analyzed the change in opinion before and after
participants engaged with the model. We used ordi-
nal logistic regression separately for Republicans
and Democrats, modeling opinion change Y as a
function of exposure to liberal L or conservative C

bias, using the following equations,

Y = β0 + β1L+ β2C + ϵ, (1)

where Y ∈ {−6, ..., 6} represents the difference
between post- and pre-interaction responses on a
7-point Likert scale. The magnitude reflects the ex-
tent of change and sign indicates direction (negative
for liberal shifts, positive for conservative shifts).
We tested the significance of bias effects (β1, β2)
using t-tests (α = 0.05) and extended the model
to assess prior knowledge K and bias detection D.
However, since these secondary analyses were not
randomized, they provide correlational rather than
causal insights.

For the Budget Allocation Task, we examined
shifts in budget allocations Y for the four govern-
ment areas, using ANOVA to assess changes in
allocation (post-pre) per area. We used the same
equation above eq. (1), with only a change in Y .
Significant effects were followed by Dunnett post-
hoc tests comparing control and bias experimen-
tal groups (α = 0.05). As with opinion shifts,
we explored the effects of prior knowledge K and
bias detection D, though these findings remain ex-
ploratory due to the lack of randomization.

For both the Budget Allocation Task and Topic
Opinion Task, we ran a seperate analysis including
each demographic variable (see Appendix B.3 for
a list), however, we found no significant changes to
the model. Therefore, we did not include any mod-
erating variables related to the differences between
the individual participants.

3 Results

Interaction with Biased LLMs Affects Political
Opinions In the Topic Opinion Task, we found
that participants who interacted with biased lan-
guage models were more likely to change opin-
ions in the direction of the bias of the model com-
pared to those who interacted with the neutral
model, even if it was opposite to what their be-
liefs were likely to be, based on their stated polit-
ical affiliation. We found that on topics typically
aligned with conservative views, Democrats who
were exposed to liberal-biased models significantly
reduced support for conservative topics after inter-
actions compared to those exposed to the neutral
models (coefficient-value = -0.85, t = -2.38, p-value
= 0.02), and those exposed to conservative-biased
models significantly increased support for conser-
vative topics compared to those exposed to the neu-
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Participant
Partisanship

Branch Dunnett
Test

Dunnett
(p-value)

Democrat Safety Liberal <0.01
Conserv. 0.13

Veterans Liberal 0.01
Conserv. <0.01

Education Liberal 0.03
Conserv. <0.01

Welfare Liberal 0.01
Conserv. 0.08 ⋆

Republican Safety Liberal <0.01
Conserv. <0.01

Veterans Liberal 0.60
Conserv. 0.03

Education Liberal 0.03
Conserv. <0.01

Welfare Liberal 0.06⋆
Conserv. 0.03

Table 2: Results of the Budget Allocation Task. All
ANOVA tests were significant (≤ .001) and therefore
are not shown. The post-hoc Dunnet test results for
Liberal vs. Control (Liberal) and Conservative vs. Con-
trol (Conserv.) are shown. Bold indicates significant
results with α = 0.05, ⋆ indicates significant results
with α = 0.10.

tral models (coefficient-value = 0.98, t = 2.71, p-
value = .007). Similarly, Republican participants
who interacted with the liberal-biased model had re-
duced support for the conservative topic compared
to the Republicans who interacted with the neutral
model (coefficient-value = -0.79, t = -2.16, p-value
= .03). However, Republican participants exposed
to the conservative-bias model did not have a statis-
tically significant difference in opinions compared
to those exposed to the neutral model. This is likely
representing a ceiling effect, as these participants
already agreed strongly with the model’s bias and
therefore had little room to further increase their
support. See Table 1 (top) for full results.

For topics aligned with liberal preferences, we
found that both Republicans and Democrats who
were exposed to the conservative model had a statis-
tically significant decrease in support for the topic
compared to those who were exposed to the neutral
model (coefficient-value = 1.44, t = 3.82, p-value
< 0.001 and coefficient value = 1.42, t = 3.91, p-
value < 0.001, respectively). However, exposure to
a liberal model did not have an effect of increasing
support for the topics with either group compared
to the neutral model. See Table 1 (bottom) for full
results.

We also conducted the same analysis subsetting
only to participants who indicated no prior knowl-
edge of the topics and the results remain unchanged,
indicating that interacting with biased LLMs affects
opinion formation as well (see Appendix E.2 for
details).

Interestingly, we did notice that for liberal-
aligned topics, the neutral LLM unexpectedly
shifted both Democrats and Republicans toward
a more liberal stance, creating a ceiling effect
where the liberal-biased model had no further im-
pact. This may stem from partisan inconsistency
on low-salience, multi-dimensional issues, where
alignment depends on which aspect is most salient.
Without elite signaling to guide positions, parti-
sans may deviate from expected ideological pat-
terns (Lenz, 2012; Freeder et al., 2019). See Ap-
pendix E.1 for further discussion.

Qualitatively, participants largely interacted with
the model like a search engine during this task,
with 80.7% of initial queries asking, “What is
<topic>?” Common follow-ups included “What are
the pros/cons of <topic>?” or specific factual ques-
tions like “How many states offer covenant mar-
riages?”. Only about 6% sought the model’s opin-
ion, while 25% used conversational language (e.g.,
“hello,” “thank you”), suggesting they perceived it
as somewhat human-like. Some even argued with
the model when it contradicted their views or found
camaraderie when it aligned. This qualitative anal-
ysis was conducted manually; see Appendix E.5
for details.

Interaction with Biased LLMs Affects Political
Decision-Making In the Budget Allocation Task,
we found strong evidence that participants who in-
teracted with biased language models were more
likely to change their proposed budget allocation to
be aligned with the bias of the model compared to
those who interacted with the neutral model, again
even when the bias was opposed to their stated
political values. We found that the change in bud-
get allocation towards the biases of the models
compared to the control model for all participants,
regardless of personal ideology, was highly statisti-
cally significant with p < .01, see Table 2.

Figure 2 shows the average change in allocation
in each of the experimental conditions and con-
trol for both groups of participants. We found that
the largest average change (95% confidence inter-
val) was demonstrated for Democrat participants
when exposed to the conservative LLMs with aver-
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Figure 2: Average allocation change, post allocation - pre allocation, for the Budget Allocation Task indicated by
participant partisanship (left/right graph), experimental condition (right/center/left per graph), and branch (x-axis).
Including the 95% confidence intervals indicated by error bars. The first two branches per condition are liberal
supported branches and the second are conservative supported branches, indicated by color and shape.

age changes of−5.7% (−9.0,−2.4) for Education,
−2.7% (−4.7,−0.8) for Welfare, 3.0% (0.8, 5.2)
for Safety and 5.5% (3.0, 8.0) for Veterans. Sim-
ilarly, the largest change in allocation for Repub-
lican participants was when they are exposed to
the liberal LLMs with average changes (95% con-
fidence interval) of 5.0% (2.6, 7.4) for Education,
3.4% (1.7, 5.2) for Welfare, −6.6% (−9.3,−3.9)
for Safety, and −1.8% (−4.4, 0.7) for Veterans.
This task showed that interacting and collaborating
with biased LLMs had strong effects on the change
in outcome and final allocation of the budgets pro-
posed.

Compared to the Topic Opinion Task, partic-
ipants in this task engaged with the model more
conversationally and collaboratively, with 48% ask-
ing for its opinion on budget allocation. In contrast,
only 20% sought factual information, posing ques-
tions like “Do these funding areas receive federal or
state funding?” or “Is there a correlation between
public safety investment and lower crime rates?”
Overall, interactions emphasized collaboration and
opinion exchange rather than information retrieval
(see Appendix E.5 for examples).

Prior AI Knowledge Reduces the Effect of Bias
while Bias Awareness Does Not We hypothe-
sized that prior AI knowledge might mitigate the
influence of biased LLM interactions, as individu-

als aware of AI’s limitations may be more cautious
of its biases. To test this, we included a binary
indicator of self-reported AI knowledge (“more”
vs. “less” than the general population) as a con-
trol variable in our ordinal regression and ANOVA
for the Topic Opinion Task and Budget Allocation
Task, respectively. However, since this variable
was not randomized, our findings are correlational
rather than causal. Also, only 32% of Democrats
(n = 49) and 47% of Republicans (n=71) reported
having more AI knowledge, limiting statistical
power. Despite this, we found some evidence sup-
porting our hypothesis. Among Democrats in the
Topic Opinion Task, prior AI knowledge signifi-
cantly reduced the effect of biased interactions on
conservatively supported topics (coefficient value =
-0.79, t = -2.51, p value =.01). In the Budget Allo-
cation Task, we observed marginally significant dif-
ferences (α = 0.1) in Veterans funding allocation
for Democrats (p = .09) and Safety funding alloca-
tion for Republicans (p = .08) based on AI knowl-
edge. These results suggest that prior AI knowl-
edge may help mitigate bias effects. However,
given the lack of randomization and small sam-
ple size, these findings are hypothesis-generating
rather than conclusive, warranting further investi-
gation.

A second hypothesis, supported in traditional
media studies, suggests that recognizing bias re-
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duces its influence (Kroon et al., 2022). We tested
whether this applies to LLM-generated content by
introducing a binary bias detection variable. Par-
ticipants in a biased condition were classified as
having “correctly” detected bias if they answered
“likely yes” or “definitely yes” when asked if the
model was biased; responses of “likely no” or “def-
initely no” were classified as “incorrect.” Since
we are interested in Type 2 errors only, we used
all participants in the control condition, regard-
less of their bias detection. Overall, 54% (n=51)
of Democrats and 54% (n=50) of Republicans in
a bias conditions correctly identified bias in the
model. Again, we included this binary variable
as a control in our ordinal regression and ANOVA
for the Topic Opinion Task and Budget Allocation
Task, respectively. However, as bias detection is a
post-treatment variable, it cannot be used as a me-
diator without potential bias (Montgomery et al.,
2018). Nonetheless, we include this analysis to
align with prior media bias research (Chiang and
Knight, 2011; Han et al., 2022). We found no sig-
nificant effect of bias detection in any condition
for either task (see Appendix E.3 for full results).
This suggests that participants who recognized the
LLMs bias were influenced similarly to those who
did not.

Biased Models use Different Framing Dimen-
sions instead of Different Persuasion Techniques
The collaborative nature of the Budget Allocation
Task provided a unique opportunity to explore the
persuasion techniques used across experimental
conditions, offering valuable insights for model
bias mitigation strategies. To analyze the conver-
sations, we annotated them using the latest GPT-4
model (OpenAI, 2024), employing a list of per-
suasion techniques compiled from a meta-analysis
of persuasive strategies (Piskorski et al., 2023b).
To ensure quality, we conducted a human evalua-
tion of 5% of the model’s annotations, achieving
96% accuracy. Our analysis found no significant
differences in the distribution of persuasion tech-
niques between the experimental conditions and
the control group, as determined by a Chi-square
test with Monte Carlo correction (χ2 = 24.5, p
= .07). Across all three conditions, the most fre-
quently used techniques used by the LLMs were
“Appeal to Values,” “Consequential Oversimplifica-
tion,” “Appeal to Authority,” and “Repetition” (see
Figure 3 - left).

However, qualitative observations of the conver-

sations revealed that the three experimental con-
ditions might have employed different framing di-
mensions to justify their biased (or neutral) posi-
tions. To analyze this quantitatively, we performed
a similar analysis as before, using the latest GPT-4
model to annotate the Budget Allocation Task con-
versations with a list of framing techniques (Card
et al., 2015). Again, to validate we conducted hu-
man evaluation of 5% of the model’s annotations,
achieving 95% accuracy. Our findings showed that
the three experimental conditions employed sig-
nificantly different framing dimensions, as deter-
mined by a Chi-square test with Monte Carlo cor-
rection (χ2 = 86.34, p-value ≤ .001). Further-
more, both the liberal and conservative bias condi-
tions were significantly different from the control
(χ2 = 16.92/52.07, p-value ≤ .01/.001). The lib-
eral bias and control condition differed the most
on the “Fairness and Equality” and “Economic”
dimensions, while the conservative bias and con-
trol condition differed the most on the “Policy
Prescription and Evaluation”, “Security and De-
fense”, and “Health and Safety” dimensions (see
Figure 3 -right). These results, which show that
the model bias manifests through differences in
framing, dovetail with prior research showing how
framing strategies in news influence how informa-
tion is interpreted by the readers (Aggarwal et al.,
2020). This insight, demonstrating that model bias
mirrors news bias, could be valuable for future re-
search on mitigating bias in LLMs, as it suggests
that similar mitigation strategies may be effective.

4 Related Work

Modern LLMs have repeatedly been shown to ex-
hibit inherent specific behavioral biases such as
social bias (Wan et al., 2023; Xiao et al., 2023), par-
tisan bias (Röttger et al., 2024; Feng et al., 2023),
and other demographic representation bias (Kirk
et al., 2021; Hofmann et al., 2024). This bias has
been shown to permeate many different stages of
these models, including training data (Zhao et al.,
2019; Bender et al., 2021), word embeddings (Zhao
et al., 2019; Bolukbasi et al., 2016; Nissim et al.,
2020), model architecture (Blodgett et al., 2020;
Hovy and Shrimai, 2021), and output (Baum, 2024;
Mittermaier et al., 2023). Moreover, it has been
shown that bias can be easily introduced in a model
through methods as simple as the phrasing of the
language model input prompts or instructions (Wan
et al., 2023; Lin and Ng, 2023; Cantini et al., 2024).
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Figure 3: Types of persuasion techniques (left) and framing dimension (right) used in the Budget Allocation Task.
Results represent the difference in number of conversation displaying each technique/dimension compared to the
control. The dotted lines indicate the change from control (0).

Addressing bias in models is a complex chal-
lenge, and developing efficient methods to mitigate
it continues to be a focus of ongoing research (Mit-
termaier et al., 2023; O’Connor and Liu, 2023; Sri-
vastava et al., 2024). Despite the well-documented
presence of bias in language models, the critical
question of whether these biases have a measurable
influence on human decision-making—and under
what circumstances this influence is heightened or
diminished—remains less clear.

5 Discussion

LLMs are increasingly assisting policymakers
worldwide, from China’s use in foreign policy to
the U.S.’s legislative drafting and South Africa’s
parliamentary information systems (Boatman et al.,
2020). Moreover, a recent study found that EU
citizens view budget decisions made solely by pol-
icymakers and those assisted by LLMs as equally
legitimate (Starke and Lünich, 2020). As LLMs
becomes more integrated into political decision-
making, understanding how interactions with these
models shape attitudes and behaviors is critical.

Our study addresses this gap by examining
how biased LLMs influence political opinions
and decision-making generally. Using two novel
tasks—one on political opinion and another on
decision-making—we found that interacting with
a biased LLM significantly impacted participants’
views, regardless of their prior partisan identifica-
tion. For example, Democrats exposed to a conser-
vative LLM shifted toward conservative positions,
and vice versa. This challenges prior research sug-
gesting that deeply held political beliefs are resis-

tant to change (Nyhan and Reifler, 2010; Lord et al.,
1979), indicating that LLM-driven influence may
differ from traditional media effects. Furthermore,
when participants engaged with an LLM aligned
with their own biases (e.g., a Democrat with a lib-
eral model), they exhibited even stronger shifts
in that direction, reinforcing more extreme opin-
ions and decisions. Notably, prior AI knowledge
slightly mitigated these effects, but merely recog-
nizing the model’s bias did not. These findings
highlight both risks and opportunities: while biased
LLMs could shape elections and policy debates,
they may also serve as a tool to bridge partisan
divides.

Unlike previous studies, we opted for a setting
where participants could freely interact with the
LLMs with minimal guidance or prompting on the
two diverse tasks. Interestingly, we observed sig-
nificant differences in interaction styles between
tasks: the Topic Opinion Task prompted behavior
similar to using a human-like search engine, while
the Budget Allocation Task involved more conver-
sational and collaborative interactions. This under-
scores both the versatility in how people engage
with LLMs and demonstrates their effectiveness in
influencing outcomes, regardless of the interaction
style.

Beyond analyzing differences in participant in-
teractions across tasks, we examined the persua-
sive techniques and framing dimensions used by
the LLMs, particularly in the Budget Allocation
Task. Consistent with prior research (Hackenburg
and Margetts, 2024), we found no significant vari-
ation in persuasive techniques across conditions.
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However, the experimental models differed in their
framing emphasis. Rather than altering how in-
formation was presented, the models highlighted
different aspects of the topics. For instance, the
conservative model emphasized themes like “the
safety of our citizens” and “supporting our veterans
who have sacrificed so much for our country,” align-
ing with “Security and Defense” and “Health and
Safety” frames, which appeared significantly more
often than in the control model. In contrast, the lib-
eral model prioritized themes such as “investing in
education and welfare for a more equitable society”
and “ensuring our most vulnerable residents have
the support they need to thrive,” reinforcing “Eco-
nomic” and “Health and Safety” frames, which
were significantly more prominent compared to
the control. Despite employing similar sentence
structures and persuasive techniques, the models’
framing choices varied based on their biases, influ-
encing participant decisions. These findings align
with prior research (Aggarwal et al., 2020) and
underscore the importance of recognizing and ad-
dressing bias in LLMs.

Based on our results, we believe that interac-
tions with biased LLMs could have downstream
effects on elections and policymaking. It is well-
documented that biased media in other formats
significantly influence those who consume them
(Entman, 2004; Druckman and Parkin, 2005). For
instance, one study estimated that the introduction
of Fox News in 1996 shifted 3 to 8 percent of its
viewers to vote Republican (DellaVigna and Ka-
plan, 2007). As more Americans rely on social me-
dia and digital platforms for news (Pew Research
Center, 2023), with a growing use of ChatGPT for
learning (Pew Research Center, 2024), the influ-
ence of digital biases is intensifying. Even more
alarmingly, only about 54% of participants in a bias
condition were able to correctly identify bias in the
models they interacted with, indicating a real risk
of users mistakenly believing that a biased model is
impartial. Given these trends and the known biases
in LLMs, our findings suggest that biased LLMs
have the potential to influence political opinions,
political behavior, and policy decisions.

Given the bias that exist in LLMs, researchers
and industry professionals have sought engineering
solutions to mitigate its effects, such as modifying
model architectures or training data (Kumar et al.,
2023). However, our findings suggest an alterna-
tive mitigation strategy: increasing user knowledge
of AI. We found that individuals with greater AI

knowledge were less susceptible to partisan bias
in LLMs, highlighting the potential of educational
initiatives to help users critically engage with LLM-
generated content. Educating users about AI could
prove to be an effective strategy for countering bias,
especially in safeguarding against malicious actors
who may exploit open-source LLMs for harmful
or self-serving purposes. Due to the ease of bias-
ing a model by prompting (Zeng et al., 2024), our
findings suggest that prioritizing AI education may
offer a more robust solution to addressing bias than
relying solely on changes to the models themselves.

Conclusion In conclusion, our study provides
valuable insights into how biased AI can influence
political opinions and decision-making, demon-
strating significant shifts in user perspectives across
various tasks. As AI continues to be integrated into
decision-making processes, from public policy to
everyday information consumption, understanding
and addressing the potential impact of bias is cru-
cial. While education on AI’s influence may help
mitigate some effects, more research is needed to
explore long-term consequences and develop ro-
bust strategies to ensure AI fosters balanced and
fair discourse, particularly in politically polarized
contexts.

6 Limitations

While our study provides valuable insights into
how partisan bias in LLMs might influence users
and the potential risks it poses, several limitations
outline avenues for future research. First, the gener-
alizability of our findings to other political systems
is limited, as the study focused primarily on U.S.
political affiliations and should be replicated in
other countries. Second, we restricted participants
to a maximum of 20 interactions with the LLM.
Although the average number of interactions was
five, and no participant reached the 20-interaction
limit, it remains unclear how results might differ
in a real-world, unregulated setting. Furthermore,
our study only measured the immediate effects of
biased interactions, and future research should ex-
plore whether these effects persist over time, pro-
viding a deeper understanding of the contexts in
which LLM bias may have a lasting impact. Also,
we note that, for the analysis of bias detection, the
lack of significance may be due to limited statistical
power, so further research is needed to explore this
finding more thoroughly. We also want to note the
inherent drawback of non-representative sampling
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when using online recruitment. Lastly, we used
a single language model, GPT-3 Turbo (OpenAI,
2023), and one set of instructions, which limits the
extent to which our findings can be generalized to
other current public LLMs and different degrees of
bias.

7 Ethical Consideration

Our study involved the use of deception, as partici-
pants were not informed that the LLMs they inter-
acted with could be biased. While the University of
Washington IRB granted us an exemption under the
category of “benign behavioral intervention,” we
acknowledge that there could still be some effect
on participants. To mitigate any potential long-
term impact, we selected relatively neutral political
topics and provided a thorough debriefing at the
end of the experiment. However, we recognize that
future research involving biased models must be
designed with careful consideration to limit any
lasting effects on participants.
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A Extended Materials and Methods

A.1 Experimental Flow Diagram
See Figure 4 below for the full flow of our ex-
periment, as well as the randomization used and
outcomes analyzed.

A.2 Analysis
A.2.1 Power Analysis
Before collecting the final data, we conducted a
power analysis to estimate the number of partici-
pants needed. This analysis was based solely on
the Topic Opinion Task, as it involved the most
experimental arms.

Algorithm 1 Simulated Power Analysis

Require: Sample Size N , Number of Distribution
Simulations ndistr, Number of Power Simula-
tions npower, Effect Size Choices E, Error Dis-
tribution P , Significance Level α

Ensure: p(reject H0 | N, β0 = b0, β1 = b1, β2 =
b2)

1: function LOOPTHROUGHEFFECT-
SIZES(N,ndistr, npower, P, α)

2: for b0 ∈ E do
3: for b1 ∈ E do
4: for b2 ∈ E do
5: T ←

SimuNullHypoTestStatsDistr(ndistr, P )
6: rejected? ←

SimuAlterneHypo(npower, b0, b1, b2, P, T )

7: Calculate Power = # rejected
npower

8: function SIMULATENULLHYPOTHESISTEST-
STATSDISTR(ndistr, P )

9: for i ∈ [1, . . . , ndistr] do
10: Draw sample of size N with β0 =

β1 = β2 = 0 and ϵ ∼ P
11: Calculate test statistic Ti

12: function SIMULATEALTERNATIVEHYPOTH-
ESIS(npower, b0, b1, b2, P, T )

13: for j ∈ [1, . . . , npower] do
14: Draw sample of size N with β0 = b0,

β1 = b1, β2 = b2, and ϵ ∼ P
15: Calculate test statistic tj
16: Calculate P (T > tj) =

1
ndistr

∑ndistr
i=1 1[Ti > tj ]

17: if P (T > tj) ≤ α then
18: Reject null hypothesis
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Figure 4: Experimental Design Overview

Randomization 
Model: Control, Liberal Bias, Conservative Bias  
1st Task: Topic Opinion, Budget Allocation          
1st Topics: Conservative or Liberal Supported    

(p = 1/3)
(p = 1/2)
(p = 1/2)

Outcomes 
Topic Opinion Task:  

Difference in Opinion (Post - Pre) 
Budge Allocation Task:  

Difference in Budget Allocation (Post - Pre)

Recruitment via Prolific 
N = 299

Demographic Survey

Topic Opinion Task Budget Allocation Task

Conservative supported 
Topic

Liberal supported 
Topic

Liberal supported 
Topic

Conservative 
supported Topic

Budget Allocation Task Topic Opinion Task

Conservative 
supported Topic

Liberal supported 
Topic

Liberal supported 
Topic

Conservative 
supported Topic

AI Opinion Survey

We consider N participants, with N/2 identify-
ing as Democrat and N/2 as Republican. Prior to
the experiment, participants are randomly assigned
to one of three conditions: one of the two experi-
mental models (liberal or conservative model bias)
or a control group. Let EL,EC ∈ {0, 1} be binary
random variables indicating whether a participant
was assigned to the liberal or conservative bias ex-
perimental condition, respectively. Note,if both
EL and EC are 0, the participant is in the control
condition.

We represent the ordinal responses to the post-
opinion question as Y ∈ {−3,−2,−1, 1, 2, 3}
which maps to {Strongly Pro-Conservative, Mod-
erately Pro-Conservative, Pro-Conservative, Pro-
Liberal, Moderately Pro-Liberal, Strongly Pro-
Liberal }. The covariates are denoted as X ∈ Rp.
Using this notation, we formalize the form of the
model as,

Y = β0 + β1EL+ β2EC + β3X + ϵ

where we assume ϵ ∈ N(0, σ2) is normal noise as
advised by (Winship and Mare, 1984). Using the
results of our pilot study (n = 30), we set σ = 1.8.
Note, this model is the same for the two groups of
participants, Democrat or Republican.

To evaluate our hypothesis, we are particularly
interested in assessing the significance of the co-
efficient β1, and β2. This can be accomplished

by testing the significance of the correlation co-
efficient associated with these coefficients. More
clearly, we will be testing the following hypothesis:

H0 : β1 = β2 = 0

Ha : at least one of β1, β2 ̸= 0.

We note that prior research has indicated that if the
sample size is sufficiently large, covariates may not
need to be included in the power analysis. There-
fore, for simplicity, we exclude β3X in our analysis
(Lin, 2013).

To conduct the power analysis, we need an es-
timated effect size. There was a recent study
(Jakesch et al., 2023), which investigated bias lan-
guage models in the context of assisting partici-
pants with writing a short essay on the question,
“Is social media good for society?” These mod-
els were trained to advocate either for or against
social media usage and were employed as auto-
completion helpers. Their study reported a con-
siderable effect size of ( d = 0.5) in participants’
expressed viewpoints across various experimental
setups compared to a control group.

However, it’s important to recognize the differ-
ences between their study and ours, including the
mode of interaction with the language model (chat-
bot versus auto-completion), the subject matter (po-
litical issues versus opinions on social media), and
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the model variants used (GPT-3.5-turbo-1106 ver-
sus text-davinci-002). While their findings provide
valuable insight into the potential magnitude of the
effect size, these differences are significant enough
to warrant conducting a simulated power analysis
specifically for our study.

Since our effect size involves linear combina-
tions of coefficients and our response variable is
ordinal, we opted to simulate the power using var-
ious effect sizes. To inform our simulation, we
based our approach on results from a pilot study
with n = 30 pilots study (more details found Ap-
pendix A.2.2).

We planned for the worst-case scenario by con-
sidering cases where either β1 = 0 or β2 = 0. For
each simulation, we randomized β0 ∈ [.5, 1, 1.5],
based on the average value for the control group
from the pilot study (see Table 4). We then set
β1 = 0 and performed simulations for β2 values
of [0, 0.5, 1, 1.25, 1.5, 2]. These values were in-
formed by the pilot study, specifically for when the
experimental condition was conservative or liberal.
Note that β2 could have been positive or negative,
since the effect size is symmetric.

We ran the simulation with 50 trials each for
sample sizes N = [50, 100, 150, 200, 250]. The
test statistic was calculated using the Wald test for
the coefficients from the ordinal logistic regres-
sion (probit link function) with α = 0.025, which
includes a Bonferroni correction due to testing sig-
nificance for both β1 and β2. We simulated the null
distribution using β1, β2 = 0 with n = 100.

Algorithm 1 gives the full algorithm for simulat-
ing the power for a set combination of β0, β1, β2,
and N .

Results Figure 5 shows the results
of the simulated power analysis using
N = {50, 100, 150, 200, 250} and effect sizes
E = {0.5, 1.0, 1.25, 1.5, 2}. The test statistic is
calculated using the Wald test for the coefficients
from the ordinal logistic regression (probit link
function). Lastly, we use the noise distribution
P ∼ N(0, 1).

Similar to past research, we aim for about 80%
power, as indicated by the red dotted line. We see
that a sample size of N = 50 does not reach 80%
power, even with high effect size. But a larger
N , either 100 or 150, can reach this power level
with moderate effect size. This supports using a
sample size around 100− 150 (or roughly 35− 50
participants per experimental and control groups).

We note that our power analysis only accounted
for grouping by political partisanship and did not
consider knowledge of AI or bias detection. Con-
sequently, our study may be underpowered for ana-
lyzing these factors, potentially limiting our ability
to detect results with a low signal.

A.2.2 Pilot Study Details

To guide our power analysis, we conducted a small
pilot study with N = 30 participants. One par-
ticipant ask for their data to be removed after the
debrief form at the end. The demographics of this
study are detailed in Table 3.

Table 4 and Table 5 present the results from the
pilot study for the Topic Opinion Task, covering
both conservative-supported and liberal-supported
topics. Note that the values are coded such that neg-
ative numbers represent “pro-conservative” views
and positive numbers represent “pro-liberal” views,
irrespective of the topic.

A.3 Data

A.3.1 Missing and Removed Data

No missing data was included in our experiment
by design, as participants were required to com-
plete all questions before proceeding. There were
no early dropouts, and no participants requested
data exclusion after the debriefing. However, we
excluded one participant’s data due to improper in-
teraction with the model, as the responses consisted
of nonsensical input.

A.3.2 Balance Checks

Here, we present the balance checks across the dif-
ferent experimental arms, specifically model type
and task order.

Overall, the experimental groups are relatively
balanced (see Table 6). However, there is a signifi-
cant difference in income across the three groups,
although the standardized mean difference (SMD)
for this variable is relatively low (SMD = 0.38).
For the experimental task order, no significant dif-
ferences were observed among the four task orders
(see Table 7).

Although we do not directly compare Republi-
can and Democrat participants, we include a bal-
ance check table for full transparency (see Table 8).
The only significant difference we found between
the two groups was in gender, with a higher percent-
age of females among Democrats (SMD = 1.16).
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Table 3: Descriptive Statistics for Pilot Study

Variable N Mean/% SD Min Q1 Median Q3 Max
Number of Observations 29
Age 29 34.38 11.41 21 26 33 39 69
Gender 29
. . . Female 21
. . . Male 8
. . . Prefer not to say 0
Education 29
. . . No high school diploma or GED 0
. . . High school graduate 1
. . . Some college or Associate degree 8
. . . Associate’s degree 3
. . . Bachelor’s degree 12
. . . master’s degree or above 2
. . . Doctorate 3
Hispanic 29
. . . Yes 2
. . . No 27
Race 29
. . . White 20
. . . Non-White 9
Household Income 29
.. Under $10,000 0
. . . 10, 000−24,999 4
. . . 25, 000−49,999 6
. . . 50, 000−74,999 6
. . . 75, 000−99,999 3
. . . 100, 000−149,999 4
. . . $150,000 or more 6
Partisanship 29
. . . Democrat 16
. . . Republican 13
Knowledge of AI 29
. . . I don’t know anything about them 0
. . . I know a little 21
. . . I know a lot 3
. . . I know more than most 5

Table 4: Pilot Study Post-Opinion Results

Topic Political Partisanship Experimental Condition Mean Std. Dev. n
Conservative Supported Democrat Liberal 1.6 2.2 5

Democrat Conservative 0.5 2.1 6
Democrat Control -0.2 2.1 3

Republican Liberal -0.3 2.3 5
Republican Conservative -1.8 2.2 5
Republican Control -1.8 0.8 5

Liberal Supported Democrat Liberal 2.2 0.84 5
Democrat Conservative 0.8 2.4 6
Democrat Control 1.2 1.9 5

Republican Liberal 2 1 3
Republican Conservative 0 1.4 5
Republican Control 2.2 1.1 5

Note: Post-Opinion results of pilot study Topic Opinion Task broken down by political partisanship (fixed) and
experimental condition (randomized).
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Figure 5: Power Analysis Simulation Results
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Power Analysis Simulation

Results of power analysis simulation at different values for sample size N , and effect size |β1|+ |β2|. The dotted
line represents 80% power.

Table 5: Pilot Study Effect Size

Topic Political Partisanship Experimental Condition Difference from Control
Conservative Supported Democrat Liberal 1.8

Democrat Conservative 0.7
Republican Conservative 0
Republican Liberal 1.5

Liberal Supported Democrat Liberal 1
Democrat Conservative -0.4

Republican Conservative -2.2
Republican Liberal -0.2

Note: Effect size (change in post-opinion) of experimental conditions compared to the control for the pilot study
Topic Opinion Task.

We also analyze the differences between partic-
ipants with varying levels of AI knowledge and
those who correctly or incorrectly detected the
model’s bias. To ensure transparency, we provide
balance checks for each of these groups, further
separated by self-identified Democrat and Republi-
can participants (see Table 9 and Table 10).

For differences in AI knowledge, we observe
a significant difference among Democrat partici-
pants in terms of age (SMD = 0.46). Participants
with less AI knowledge tend to be older on aver-
age (40.30 vs. 34.41 years). See Table 9. Among
Republican participants, both gender and educa-
tion levels show significant differences between
those with more AI knowledge and those with less
(SMD = 0.80 for gender, SMD = 0.56 for educa-
tion). In terms of education, participants with more
AI knowledge are more likely to hold advanced
degrees, including Doctorates, Master’s degrees,
and Bachelor’s degrees. See Table 10.

For differences in AI bias detection, we found
a significant gender difference among Democrat
participants, with more females incorrectly detect-
ing bias than correctly detecting it (see Table 11).
Among Republican participants (see Table 12), a
significant age difference was observed between
those who correctly and incorrectly identified the
model’s bias. Participants who incorrectly detected
bias were older on average (43.38 vs. 38.32 years).

A.4 Experimental Condition: Biasing AI
Language Model

For the study, we used the off-the-shelf GPT-
3.5-Turbo (OpenAI, 2023) and incorporated an
instruction-based prefix for each input to direct
the model towards either a conservative, liberal, or
neutral bias. We opted for this prefix method rather
than fine-tuning the model to avoid the need for
collecting a large corpus for each bias.

A.4.1 Prefix Selection Exploration
Our goal was to identify a prefix for our models
that induce a conservative or liberal partisan bias.
Although one method to evaluate overall partisan
stance is the 62-question Political Compass Test
(pct), which provides a comprehensive assessment
of general partisan bias, our study focuses specif-
ically on detecting bias in a limited subset of is-
sues. These issues include the political topics in the
Topic Opinion Task and the government branches
discussed in the Budget Allocation Task.

Therefore, we implemented a more specific pro-
cedure for exploring the prefix selection:

1. Use a set of probing questions related to
the specific political topics and government
branches used in our study.
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Table 6: Balance Table for Experimental Conditions

Experimental Condition
Variable Control Liberal Bias Conservative Bias p-value SMD

Number of Observations 111 95 93
Age (mean(SD)) 38.34 (13.34) 39.57 (15.34) 39.81 (12.88) 0.72 0.07
Gender = Female (N(%)) 58 (52.25) 49 (51.58) 44 (47.31) 0.67 1.27

Education (N(%)) 0.91 0.70
. . . No high school diploma or GED 16 (14.41) 16 (16.84) 14 (15.05)
. . . High school graduate 0 (0.00) 1 (1.05) 0 (0.00)
. . . Some college or Associate degree 26 (23.42) 19 (20.00) 18 (19.36)
. . . Associate’s degree 16 (14.41) 14 (14.74) 11 (11.83)
. . . Bachelor’s degree 32 (28.82) 29 (30.53) 37 (39.79)
. . . master’s degree or above 15 (13.51) 12 (12.63) 10 (10.75)
. . . Doctorate 6 (5.41) 4 (4.21) 3 (3.23)
Hispanic = Yes (N(%)) 8 (7.21) 11 (11.58) 12 (12.90) 0.37 0.28
Race = Non-White (N(%)) 28 (25.23) 22 (23.16) 32 (34.41) 0.18 0.24

Household Income (N(%)) 0.04 0.38
.. Under $10,000 3 (2.70) 2 (2.11) 5 (5.38)
. . . 10, 000−24,999 9 (8.11) 9 (9.47) 7 (7.53)
. . . 25, 000−49,999 22 (19.82) 29 (30.53) 9 (9.68)
. . . 50, 000−74,999 21 (18.92) 11 (11.58) 26 (27.96)
. . . 75, 000−99,999 18 (16.22) 17 (17.90) 13 (13.98)
. . . 100, 000−149,999 23 (20.72) 20 (21.05) 18 (19.36)
. . . $150,000 or more 15 (13.51) 7 (7.37) 15 (16.13)

Note: The p-values result from a joint F-test for continuous variables and from a Chi-squared test for categorical
variables. Bold indicates significant results with α = 0.05

2. Manually compare responses to these ques-
tions across a range of prefixes.

3. Select the most effective prefixes based on
manual inspection and validate their bias us-
ing the Political Compass Test.

Step 1: Probing Questions We decided to in-
clude the following questions as our probing ques-
tions used in step 1:

Topic Opinion Task

• What is <insert-each-topic>?

• What is your opinion on <insert-each-topic>?

• How much do you agree with the following
statement: <‘insert-each-topic-statement’>
Answer choices: strongly disagree, disagree,
agree, strongly agree

Budget Allocation Task

• You have 100 dollars, how would you allocate
to the following budget areas: K-12th Edu-
cation, Welfare, Public Safety, and Veterans?
Please provide a number between 0 and 100
for each area, and the total should be 100.

• Give advice on the following government al-
location. Public Safety: 35%, Veteran Affairs:

35%, K-12th Education: 15%, Welfare Assis-
tance: 15%” (Note, this is a pro conservative
Budget)

• Give advice on the following government al-
location. Public Safety: 15%, Veteran Affairs:
15%, K-12th Education: 35%, Welfare As-
sistance: 35%” (Note, this is a pro democrat
Budget)

Step 2: Experiment with Prefix’s Next, we ex-
perimented with various styles of prefixes to iden-
tify the most biased responses. Some (though not
an exhaustive list) of the different prefixes we tested
were1:

• “Respond as a far right US Republican.”

• “Respond as a radical right US Republican.”

• “You have the following political beliefs: you
are socially and economically very conserva-
tive. You are a far right US Republican.”

We also included instructions designed to obfuscate
the model’s bias. Some of these instructions were:

• Do not mention ‘Republican’ or ‘Conserva-
tive’ or ‘right’, or other related words.

1We only show the “Republican” bias version, but the
“Democrat“ version was also tested.

6577



Table 7: Balance Table for Experimental Task Order

Task Order
Variable BCL BLC CLB LCB p-value SMD

Number of Observations 82 78 67 72
Age (mean(SD)) 40.8 (15.51) 39.90 (13.85) 36.78 (11.23) 38.82 (13.99) 0.33 0.16
Gender = Female (N(%)) 42 (51.22) 45 (57.69) 29 (43.28) 35 (48.61) 0.39 1.69
Education (N(%)) 0.47 1.15
. . . No high school diploma or GED 11 (13.42) 11 (14.1) 14 (20.90) 10 (13.89)
. . . High school graduate 0 (0.00) 0 (0.00) 1 (1.49) 0 (0.00)
. . . Some college or Associate degree 23 (28.05) 14 (17.95) 9 (13.43) 17 (23.61)
. . . Associate’s degree 10 (12.20) 9 (11.54) 11 (16.42) 11 (15.28)
. . . Bachelor’s degree 24 (29.27) 29 (37.18) 22 (32.84) 23 (31.94)
. . . master’s degree or above 7 (8.54) 12 (15.39) 9 (13.43) 9 (12.5)
. . . Doctorate 7 (8.54) 3 (3.85) 1 (1.49) 2 (2.78)
Hispanic = Yes (N(%)) 7 (8.54) 5 (6.41) 8 (11.94) 11 (15.28) 0.30 0.37
Race = Non-White (N(%)) 23 (28.05) 26 (33.33) 14 (20.90) 19 (26.39) 0.41 0.22
Household Income (N(%)) 0.51 0.39
.. Under $10,000 4 (4.88) 3 (3.85) 1 (1.49) 2 (2.78)
. . . 10, 000−24,999 7 (8.54) 7 (8.98) 4 (5.97) 7 (9.72)
. . . 25, 000−49,999 16 (19.51) 13 (16.67) 13 (19.4) 18 (25.00)
. . . 50, 000−74,999 18 (21.95) 18 (23.08) 15 (22.39) 7 (9.72)
. . . 75, 000−99,999 8 (9.76) 16 (20.51) 11 (16.42) 13 (18.06)
. . . 100, 000−149,999 20 (24.39) 9 (11.54) 17 (25.37) 15 (20.83)
. . . $150,000 or more 9 (10.98) 12 (15.39) 6 (8.96) 10 (13.89)

Note: We use the following abbreviations B = Budget Allocation Task, C = Topic Opinion Task- conservative topic,
L = Topic Opinion Task- liberal topic. The p-values result from a joint F-test for continuous variables and from a
Chi-squared test for categorical variables.

Table 8: Balance Table for Political Partisanship

Political Partisanship
Variable Republican Democrat p-value SMD

Number of Observations 150 149
Age (mean(SD)) 40.01 (14.22) 38.36 (13.45) 0.31 0.12
Gender = Female (N(%)) 57 (38.00) 94 (62.67) <.001 1.16
Education (N(%)) 0.38 0.29
. . . No high school diploma or GED 2 (1.33) 1
. . . High school graduate 28 (18.67) 16 (.67)
. . . Some college or Associate degree 28 (18.67) 35 (23.49)
. . . Associate’s degree 20 (13.33) 21 (14.09)
. . . Bachelor’s degree 50 (33.33) 48 (32.21)
. . . master’s degree or above 18 (12.00) 19 (12.75)
. . . Doctorate 4 (2.67) 9 (6.04)
Hispanic = Yes (N(%)) 15 (10.00) 16 (10.74) 0.41
Race = Non-White (N(%)) 37 (24.67) 45 (30.20) 0.35 0.14
Household Income (N(%)) 0.08⋆ 0.42
.. Under $10,000 5 (3.33) 5 (3.36)
. . . 10, 000−24,999 8 (5.33) 17 (11.41)
. . . 25, 000−49,999 22 (14.67) 38 (25.50)
. . . 50, 000−74,999 31 (20.67) 27 (18.12)
. . . 75, 000−99,999 27 (18.00) 21 (14.09)
. . . 100, 000−149,999 40 (26.67) 21 (14.09)
. . . $150,000 or more 17 (11.33) 20 (13.42)

Note: The p-values result from a joint F-test for continuous variables and from a Chi-squared test for categorical
variables. Bold indicates significant results with α = 0.05. ⋆ indicates significant results with α = 0.10
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Table 9: Balance Table for Subset of Democrat Participant - AI knowledge

Subset of Democrat Participants
Variable Less AI Knowledge Subset More AI Knowledge Subset p-value SMD

Number of Observations 100 49
Age (mean(SD)) 40.30 (14.14) 34.41 (11.05) 0.01 0.46
Gender = Female (N(%)) 66 (66.00) 28 (57.14) 0.24 1.39
Education (N(%)) 0.42 0.43
. . . No high school diploma or GED 11 (11.00) 5 (17.24)
. . . High school graduate 1 (1.00) 0 (0.0)
. . . Some college or Associate degree 28 (28.00) 7 (24.14)
. . . Associate’s degree 15 (15.00) 6 (20.69)
. . . Bachelor’s degree 27 (27.00) 21 (72.41)
. . . master’s degree or above 12 (12.00) 7 (24.14)
. . . Doctorate 6 (6.00) 3 (10.34)
Hispanic = Yes (N(%)) 12 (12.00) 4 (8.16) 0.67 0.20
Race = Non-White (N(%)) 25 (25.00) 20 (40.82) 0.07 ⋆ 0.35
Household Income (N(%)) 0.34 0.26
.. Under $10,000 3 (3.00) 2 (4.08)
. . . 10, 000−24,999 10 (10.00) 7 (14.29)
. . . 25, 000−49,999 29 (29.00) 9 (18.37)
. . . 50, 000−74,999 20 (20.00) 7 (14.29)
. . . 75, 000−99,999 15 (15.00) 6 (12.25)
. . . 100, 000−149,999 14 (14.00) 7 (14.29)
. . . $150,000 or more 9 (9.00) 11 (22.45)

Note: The p-values result from a joint F-test for continuous variables and from a Chi-squared test for categorical
variables. Bold indicates significant results with α = 0.05. ⋆ indicates significant results with α = 0.10

Table 10: Balance Table for Subset of Republican Participant - AI knowledge

Subset of Republican Participants
Variable Less AI Knowledge Subset More AI Knowledge Subset p-value SMD

Number of Observations 79 71
Age (mean(SD)) 41.52 (13.28) 38.32(15.10) 0.17 0.23
Gender = Female (N(%)) 43 (54.43) 14 (24.56) <.001 0.80
Education (N(%)) 0.004 0.56
. . . No high school diploma or GED 24 (30.38) 6(8.45)
. . . High school graduate 0 (0.00) 0 (0.00)
. . . Some college or Associate degree 17 (21.52) 11(15.49)
. . . Associate’s degree 10 (12.66) 10(14.09)
. . . Bachelor’s degree 22 (27.85) 28 (39.44)
. . . master’s degree or above 5 (6.33) 13 (18.31)
. . . Doctorate 1 (1.27) 3 (4.23)
Hispanic = Yes (N(%)) 11 (13.92) 4 (5.63) 0.16 0.49
Race = Non-White (N(%)) 18 (22.79) 19(26.76) 0.71 0.11
Household Income (N(%)) 0.15 0.44
.. Under $10,000 4 (5.06) 1 (1.41)
. . . 10, 000−24,999 6 (6.60) 2 (2.81)
. . . 25, 000−49,999 15 (18.99) 7 (9.86)
. . . 50, 000−74,999 17 (21.52) 14 (19.72)
. . . 75, 000−99,999 15 (18.99) 12 (16.90)
. . . 100, 000−149,999 27 (34.18) 23 (32.40)
. . . $150,000 or more 5 (6.33) 12 (16.90)

Note: The p-values result from a joint F-test for continuous variables and from a Chi-squared test for categorical
variables. Bold indicates significant results with α = 0.05.
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Table 11: Balance Table for Subset of Democrat Participant - Bias Detection

Subset of Democrat Participants
Variable Incorrect Bias Detection Correct Bias Detection p-value SMD

Number of Observations 54 95
Age (mean(SD)) 40.26(15.15) 37.28 (12.34) 0.20 0.22
Gender = Female (N(%)) 41 (75.93) 53 (55.79) 0.04 0.82
Education (N(%)) 0.60 0.72
. . . No high school diploma or GED 6 (11.11) 10 (10.53)
. . . High school graduate 1 (1.85) 0 (0.00)
. . . Some college or Associate degree 12 (22.22) 23 (24.21)
. . . Associate’s degree 10 (18.52) 11 (11.58)
. . . Bachelor’s degree 15 (27.78) 33 (34.74)
. . . master’s degree or above 8 (14.82) 11 (11.58)
. . . Doctorate 2 (3.70) 7 (7.37)
Hispanic = Yes (N(%)) 10 (18.52) 10 (10.53) 1.00 0.03
Race = Non-White (N(%)) 18 (33.33) 27 (28.42) 0.66 0.11
Household Income (N(%)) 0.09⋆ 0.34
.. Under $10,000 2 (3.70) 3 (3.16)
. . . 10, 000−24,999 7 (12.96) 10 (10.53)
. . . 25, 000−49,999 18 (33.33) 20 (21.05)
. . . 50, 000−74,999 3 (5.56) 24 (25.26)
. . . 75, 000−99,999 10 (18.52) 11 (11.58)
. . . 100, 000−149,999 7 (12.96) 14 (14.74)
. . . $150,000 or more 7 (12.96) 13 (13.68)

Note: The p-values result from a joint F-test for continuous variables and from a Chi-squared test for categorical variables. Bold
indicates significant results with α = 0.05. ⋆ indicates significant results with α = 0.10

Table 12: Balance Table for Subset of Republican Participant - Bias Detection

Subset of Republican Participants
Variable Incorrect Bias Detection Correct Bias Detection p-value SMD

Number of Observations 50 100
Age (mean(SD)) 43.38 (15.41) 38.32 (13.34) 0.04 0.35
Gender = Female (N(%)) 20 (40.0) 37 (37.00) 0.86 0.06⋆
Education (N(%)) 0.06 0.37
. . . No high school diploma or GED 15 (30.00) 15 (15.00)
. . . High school graduate 0 (0.00) 0 (0.00)
. . . Some college or Associate degree 4 (8.00) 24 (24.00)
. . . Associate’s degree 4 (8.00) 16 (16.00)
. . . Bachelor’s degree 19 (38.00) 31 (31.00)
. . . master’s degree or above 7 (14.00) 11 (11.00)
. . . Doctorate 1 (2.00) 3 (3.00)
Hispanic = Yes (N(%)) 4 (8.00) 11 (11.00) 0.77 0.16
Race = Non-White (N(%)) 16 (32.00) 21 (21.00) 0.20 0.28
Household Income (N(%)) 0.19 0.39
.. Under $10,000 2 (4.00) 3 (3.00)
. . . 10, 000−24,999 1 (2.00) 7 (7.00)
. . . 25, 000−49,999 12 (24.00) 10 (1.00)
. . . 50, 000−74,999 11 (22.00) 20 (20.00)
. . . 75, 000−99,999 7 (14.00) 20 (20.00)
. . . 100, 000−149,999 14 (28.00) 26 (16.00)
. . . $150,000 or more 3 (6.00) 14 (14.00)

Note: The p-values result from a joint F-test for continuous variables and from a Chi-squared test for categorical variables. Bold
indicates significant results with α = 0.05. ⋆ indicates significant results with α = 0.10
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• Respond briefly.

• Don’t give opinions unless asked.

• Don’t use first person.

Then, we manually inspected the responses,
looking not only for the correct bias but also for a
sense of subtlety in the responses given. We aimed
to ensure that the language model’s bias was not
too overt, in order to avoid revealing the nature
of our study. From this inspection we choose the
following prompts to validate using the Political
Compass Test,

• “Respond as a far right US Republican.”

• “Respond as a radical right US Republican.”

Step 3: Political Compass Test Validation, See
Figure 6 for the results of using these prefix’s on
the Political Compass Test (PCT). From these re-
sults, we choose to use the adjective “radical”, as it
had a strong effect on the PCT but also was better
qualitatively at hiding the bias.

A.5 Biasing the AI Language Model
A.5.1 Selected Prefixes
The process described in Appendix A.4.1 resulted
in the following prefix’s being selected. We note
that this prefix is added to every input from the
user. See Figure 7 for the PCT results of the final
selected instructions.

Topic Opinion Task

• Conservative Bias: ‘Respond as a radical right
US Republican. As such, you are <against
or support> <topic>. Do not mention ‘Re-
publican’ or ‘conservative’ or ‘right’ or other
related words. Avoid speaking in first person
(‘I’, ‘We’, etc.). Response briefly.’

• Liberal Bias: ‘Respond as a radical left US
Democrat. As such, you are <against or sup-
port> <topic>. Do not mention ‘Democrat’
or ‘liberal’ or ‘left’ or other related words.
Avoid speaking in first person (‘I’, ‘We’, etc.).
Response briefly.’

• Control: ‘Respond as a neutral US citizen.
As such you feel neutral about <topic>. Do
not mention ‘neutral’ or ‘American’ or other
related words. Avoid speaking in first person
(‘I’, ‘We’, etc.). Response briefly.’

Budget Allocation Task

• Conservative Bias: ‘You are advising a mayor
of a city about how to allocate extra funding to
four entities; Public Safety, Veteran Services,
K-12th Education, and Welfare Assistance.
Respond as a radical right US Republican.
As such, you want more funding for Public
Safety and Veteran Services. Do not men-
tion ‘Republican’ or ‘conservative’ or other
related words. Do no use exact percentages
or numbers. Avoid speaking in first person
(‘I’, ‘We’, etc.). Response with less than 6
sentences. Be conversational. Give advice on
the following proposed allocation (numbers
are percentages):’

• Liberal Bias: ‘You are advising a mayor of
a city about how to allocate extra funding to
four entities; Public Safety, Veteran Services,
K-12th Education, and Welfare Assistance.
Respond as a radical left US Democrat. As
such, you want more funding for K-12th Edu-
cation and Welfare Assistance. Do not men-
tion ‘Democrat’ or ‘liberal’ or other related
words. Do no use exact percentages or num-
bers. Avoid speaking in first person (‘I’,‘We’,
etc.). Response with less than 6 sentences.
Be conversational. Give advice on the follow-
ing proposed allocation (numbers are percent-
ages):’

• Control: ‘You are advising a mayor of a city
about how to allocate extra funding to four en-
tities; Public Safety, Veteran Services, K-12th
Education, and Welfare Assistance. Respond
as a neutral US citizen. Do not mention ’neu-
tral’or other related words. Do no use exact
percentages or numbers. Avoid speaking in
first person (‘I’, ‘We’, etc.). Response with
less than 6 sentences. Be conversational. Give
advice on the following proposed allocation
(numbers are percentages):’

B Task Instructions and Measures

We provide the full task instructions and measure-
ment questions for both the Topic Opinion Task
and Budget Allocation Task. UPPER CASE INDI-
CATES TYPE OF QUESTION and was not shown
to the participant. Bolded text indicate type of
text and was not shown the to participant. <Text in
brackets indicates a variable>.

6581



Figure 6: Prefix Exploration: Political Compass Test
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Economic
RightLeft

Authoritarian

Libertarian
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"Far Left"
"Radical Left"
"Far Right"
"Radical Right"

Results of Political Compass Test on different prefixs indicated by two axes; econimic (x-axis) and social (y-axis).

Figure 7: Automatic Evaluation of Model Bias
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Note: Results of Political Compass Test using biased prefix indicated by two axes; economic (x-axis) and social
(y-axis).
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B.1 Topic Opinion Task
In the Topic Opinion Task, participants were ini-
tially asked to express their opinions on various
obscure political topics. We deliberately chose
topics with clear political leanings but also pos-
sessed a high degree of obscurity to minimize the
likelihood that participants had strong opinions a
priori. This was motivated by our desire to mitigate
confirmation and implicit bias (Taber and Lodge,
2006), as well as to model a real-world setting in
which people would interact with AI to gain in-
formation on topics about which they know little.
Although participants had little to no knowledge
of these topics before interacting with the AI lan-
guage model, the topics were chosen due to their
divided opinions based on political ideology in the
U.S. (see Table 13). In the initial choice/opinion
measurement, participants were given a 7-point
Likert scaled question about how much they agreed
or disagreed with a political statement, with a 0
indicating ‘I Don’t Know Enough to Say’.

After recording their initial opinions, partici-
pants were instructed to engage with an AI lan-
guage model through a chatbot interface to learn
more information about each topic. Participants
were not guided or given restrictions on how they
interacted with the AI, as they were able to type
any question or statement into the chatbot for the
AI language model to respond. However, they were
required to have a minimum of three interactions
and could have up to twenty interactions with the
AI language model, where an “interaction” was any
question, statement or written reaction followed by
the response of the AI language model. After this
interaction period, participants were asked their
opinions on the same topics again, similar to the
pre-interaction phase. However, the choice of ‘I
Don’t Know Enough to Say’ was removed, leaving
a 6-point Likert scale without 0.

To ensure balance in the experimental design,
each participant was given two topics: one that
is generally supported by liberals and opposed by
conservatives and one that is generally supported
by conservatives and opposed by liberals.

Below, we include the exact wording from our
experiment.

1. Pre-Survey:

• Instructions: Please answer the follow-
ing to the best of your ability.

(a) How knowledgeable are you on this

topic:<topic> (SINGLE ANSWER AL-
LOWED)

i. Never Heard of This
ii. No Knowledge

iii. Some Knowledge
iv. Very Knowledgeable

(b) How much do you agree with the follow-
ing:<statement> (SINGLE ANSWER
ALLOWED)

i. Strongly Disagree
ii. Disagree

iii. Moderately Disagree
iv. Moderately Agree
v. Agree

vi. Strongly Agree
vii. I Don’t Know Enough to Say

2. Interaction with AI Language Model (OPEN-
ENDED, 3-20 INTERACTIONS ALLOWS)

• Chatbox Instructions: Now you will
use a modern AI language model (i.e.
like ChatGPT) to learn more about the
topic.
Interact with the language model via the
chatbox below to gain further insights
about the given topic. You are required
to have at least 3 “interactions” with the
model on each topic. However, you may
have up to 20 “interactions”. An “inter-
action” is defined as one message sent
through the chatbox, which can take the
form of a question, statement, or request.
To use the chatbox, write your message
in the text box where it says “Type your
message” and press the “Send” button.
The model’s response will appear in the
chatbox (note it may take a few seconds
for the model to respond).
Interact with this chatbot to learn about
<topic>.

See Figure 8 for visual of chatbox user inter-
face used in the study.

3. Post-Survey:

• Instructions: Please answer the follow-
ing to the best of your ability.

(a) How knowledgeable are you on this
topic:<topic> (SINGLE ANSWER AL-
LOWED)
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Table 13: Topic Opinion Task Topic Descriptions

Type Topic Description Statement Ref.

Conservative
Supported

Covenant Mar-
riage

A marriage license category that man-
dates premarital counseling and features
more restricted grounds for divorce. Cur-
rently, available in 3 U.S. States.

I support all states in
the United States offering
covenant marriage.

(Hawkins
et al.,
2002)

Unilateralism An approach in international relations
in which states make decisions and take
actions independently, without consid-
ering the interests or support of other
states.

I support the United States
using a unilateralism ap-
proach to foreign issues.

(Smeltz
et al.,
2020)

Liberal
Supported

Lacey Act of
1900

A conservation law created to combat
"illegal" trafficking of both wildlife and
plants by creating civil and criminal
penalties for a wide variety of violations.

I support keeping the Lacey
Act of 1900.

(Czech
and
Borkhataria,
2001;
Saad,
2023;
Center,
2016)

Multifamily
Zoning

Areas of a city that are designated for
buildings that include multiple separate
housing units for residential inhabitants.

I support laws that expand
multifamily zoning.

(de Benedictis-
Kessner
et al.,
2022)

Note: This table provides for each potential topic in the Topic Opinion Task, a brief description, the statement, both
U.S. conservative and liberal perspectives on the issue, and supporting references for these viewpoints.

Table 14: Budget Allocation Task Partisan Support

Topic Conservative Liberal Reference

Public Safety Support Against (Vitro et al.,
2022; Center,
2017; Brown,
2017)

Veteran Services Support Against (Center,
2024)

Education (K-12th) Against Support (Hatfield,
2023;
Strauss,
2023)

Welfare Against Support (Center,
2019;
John Halpin,
2021)

Note: For each branch in the Budget Allocation Task, we indicate both U.S. conservative and liberal stances on
increasing funding for these branches and supporting references.

i. Never Heard of This
ii. No Knowledge

iii. Some Knowledge
iv. Very Knowledgeable

(b) How much do you agree with the follow-
ing:<statement> (SINGLE ANSWER

ALLOWED)

i. Strongly Disagree
ii. Disagree

iii. Moderately Disagree
iv. Moderately Agree
v. Agree
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vi. Strongly Agree
(c) How much do you agree with the fol-

lowing: The AI was helpful in learning
about the topic. (SINGLE ANSWER
ALLOWED)

i. Strongly Disagree
ii. Disagree

iii. Moderately Disagree
iv. Moderately Agree
v. Agree

vi. Strongly Agree

B.2 Budget Allocation Task

Drawing inspiration from negotiation tasks in
group decision theory, specifically the Legislative
Task (Mennecke et al., 2000; He et al., 2017), in
the Budget Allocation Task, we ask participants
to pretend to be a mayor of a city who must dis-
tribute remaining government funds among four
government entities: Public Safety, Education, Vet-
eran Services, and Welfare. The choice of the four
government entities was made with the intention
of indirectly connecting them to subjects that elicit
divergent funding perspectives among conservative
and liberal Americans. In Table 14, the positions
taken by both conservative and liberal Americans
on each entity are outlined.

Before interacting with the AI language model,
the participants allocated their budget by selecting
the percentage of total funds to allocate to each
of the four areas. Participants were then asked to
interact with an AI language model, again through
a chatbox, to get advice on their allocations. Par-
ticipants were again required to have a minimum
of three interactions and could have up to twenty
exchanges with the AI language model, but were
not restricted or guided on the kinds of interactions
they could have. After interacting with the AI lan-
guage model, the participants were again asked to
allocate funds amongst the four government enti-
ties.

Below, we give the exact wording from our ex-
periment.

Instructions: Pretend you are the mayor of your
city, and you have been tasked with distributing left
over funding among four city branches. You need
to decide what percentage of the remaining funding
should go to each of the following branches: Public
Safety, K-12th Education, Welfare Assistance, and
Veteran Services.

First, you will provide your proposed initial al-
location in the four boxes below and hit “Submit
Initial Allocation”.

Then, to help make your final decision, you will
get feedback on your proposed initial allocation
from a modern AI language model (i.e. like Chat-
GPT). After receiving feedback, you will have the
opportunity to engage freely with the model to ask
follow-up questions on its advice. You are required
to have at least 3 “interactions” with the model.
However, you may have up to 20 “interactions”.
An “interaction” is defined as one message sent
through the chatbox, which can take the form of a
question, statement, or request. When you feel con-
fident in your final choice, you will once again fill
out the four boxes below the chatbox and submit
your final allocation by pressing “Submit FINAL
ALLOCATION”. Note that the final allocation is
meant to represent your opinion, and you can only
submit a Final Allocation once! Please fill in a
whole number from 0 to 100 (e.g., 20) for each of
the following city branches. The total must equal
100.

1. Pre-Allocation (INTEGER BETWEEN 0 −
100, MUST SUM TO 100)

(a) Public Safety: _
(b) K-12th Education: _
(c) Welfare Assistance: _
(d) Veterans Service: _

2. Interaction with AI Language Model (OPEN-
ENDED, 3-20 INTERACTIONS ALLOWS)

• Chatbox Instructions: Interact with this
chatbot to get advice on your allocation.

See Figure 9 for visual of chatbox user inter-
face used in the study.

3. Post-Allocation (INTEGER BETWEEN 0−
100, MUST SUM TO 100)

(a) Public Safety: _
(b) K-12th Education: _
(c) Welfare Assistance: _
(d) Veterans Service: _

4. Helpful Model Survey (SINGLE ANSWER
ALLOWED): How helpful was the AI model
in advising you on the budget?

(a) Not helpful
(b) Slightly helpful
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Figure 8: Topic Opinion Task Chatbox User Interface

(c) Helpful
(d) Extremely helpful

B.3 Control Variables

We gathered participants’ political partisanship
from Prolific. Using this information, we ensured
a balanced sample, selecting 50% Republican and
50% Democrat participants. For other control vari-
ables, we aligned our selections with the questions
used by the American National Election Studies
(ANE).

1. GENDER: How do you describe yourself?
(SINGLE ANSWER ALLOWED)

(a) Male
(b) Female
(c) I identify in some other way

2. HISPANIC: This question is about Hispanic
ethnicity. Are you of Spanish, Hispanic, or
Latino descent? (SINGLE ANSWER AL-
LOWED)

(a) No, I am not
(b) Yes, Mexican, Mexican American, Chi-

cano
(c) Yes, Puerto Rican
(d) Yes, Cuban
(e) Yes, Central American
(f) Yes, South American

(g) Yes, Caribbean
(h) Yes, Other Spanish/Hispanic/Latino

3. RACE: Please indicate what you consider
your racial background to be. We greatly ap-
preciate your help. The categories we use
may not fully describe you, but they do match
those used by the Census Bureau. It helps
us to know how similar the group of partic-
ipants is to the U.S. population. (SINGLE
ANSWER ALLOWED)

(a) White
(b) Black or African American
(c) American Indian or Alaska Native
(d) Asian Indian
(e) Chinese
(f) Filipino
(g) Japanese
(h) Korean
(i) Vietnamese
(j) Other Asian
(k) Native Hawaiian
(l) Guamanian or Chamorro

(m) Samoan

4. EDUCATION: What is the highest level of
school you have completed? (SINGLE AN-
SWER ALLOWED)

(a) No formal education
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Figure 9: Budget Allocation Task Chatbox User Interface

(b) 1st, 2nd, 3rd, or 4th grade
(c) 5th or 6th grade
(d) 7th or 8th grade
(e) 9th grade
(f) 10th grade
(g) 11th grade
(h) 12th grade no diploma
(i) High school graduate – high school

diploma or the equivalent (GED)
(j) Some college, no degree
(k) Associate degree
(l) Bachelor’s degree

(m) Master’s degree
(n) Professional or Doctorate degree

5. INCOME: The next question is about the
total income of YOUR HOUSEHOLD for
2019. Please include your own income PLUS
the income of all members living in your
household (including cohabiting partners and
armed forces members living at home). Please
count income BEFORE TAXES and from
all sources (such as wages, salaries, tips, net
income from a business, interest, dividends,
child support, alimony, and Social Security,
public assistance, pensions, or retirement ben-
efits). (SINGLE ANSWER ALLOWED)

(a) Less than $5,000

(b) $5,000 to $9,999
(c) $10,000 to $14,999
(d) $15,000 to $19,999
(e) $20,000 to $24,999
(f) $25,000 to $29,999
(g) $30,000 to $34,999
(h) $35,000 to $39,999
(i) $40,000 to $49,999
(j) $50,000 to $59,999
(k) $60,000 to $74,999
(l) $75,000 to $84,999

(m) $85,000 to $99,999
(n) $100,000 to $124,999
(o) $125,000 to $149,999
(p) $150,000 to $174,999
(q) $175,000 to $199,999
(r) $200,000 or more

6. IDEOLOGY: How would you rate your-
self on this scale? (SINGLE ANSWER AL-
LOWED)

(a) Very liberal
(b) Somewhat liberal
(c) Middle of the road
(d) Somewhat conservative
(e) Very conservative
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We also gathered some self-rated information
about the participants ability to detect the bias in
the models they interacted with, as well as the level
of AI knowledge they felt they have compared to
the general population. This survey was given after
both tasks were completed.

Post-Experiment Survey:

• Instructions: In the questions below the ‘AI
models’ refer to the AI language models that
you interacted with in the previous tasks.

1. MODEL-HELPFUL: Overall, do you feel
like the AI models you interacted with could
aid humans in researching topics? (SINGLE
ANSWER ALLOWED)

(a) Definitely No
(b) Likely No
(c) Likely Yes
(d) Definitely Yes

2. MODEL-BIAS_DETECTION: Do you feel
like the AI models you interacted with were
biased in any way? (SINGLE ANSWER AL-
LOWED)

(a) Definitely No
(b) Likely No
(c) Likely Yes
(d) Definitely Yes

3. MODEL-DISAGREE:How many of the
comments made by the AI models did you
disagree with? (SINGLE ANSWER AL-
LOWED)

(a) None
(b) Less than half
(c) More than half
(d) Most of them

4. MODEL-INCORRECT: How many of the
comments made by the AI models did you
think were incorrect? (SINGLE ANSWER
ALLOWED)

(a) None
(b) Less than half
(c) More than half
(d) Most of them

5. AI_KNOWLEDGE: Compared to the gen-
eral public, how knowledgeable are you
with AI models? (SINGLE ANSWER AL-
LOWED)

(a) I don’t know anything about them
(b) I know a little
(c) I know more than most
(d) I know a lot

B.4 Derived Variables

1. AI_KNOWLEDGE_BINARY: We grouped
responses from the post-experiment survey
question on AI_KNOWLEDGE to create a
binary variable. Participants were classified as
“more knowledgeable” if they selected “I know
more than most” or “I know a lot.” Those who
answered “I don’t know anything about them”
or “I know a little” were classified as “less
knowledgeable.”

2. BIAS_DETECTION_BINARY: We
grouped responses from the post-
experiment survey question on MODEL-
BIAS_DETECTION to create a binary
variable. A participant was classified as
“correct” if they answered “Likely Yes” or
“Definitely Yes” and were in a biased experi-
mental condition (liberal or conservative) or
if they answered “Definitely No” or “Likely
No” and were in the control condition. All
other responses were classified as “incorrect.”

B.4.1 Evaluate Persuasion Techniques
Due to the open nature of the Budget Allocation
Task, we sought to determine if biased AI language
models employed different persuasion techniques
in their interactions with participants. To analyze
the conversations, we used automatic annotation
with GPT-4 (OpenAI, 2024), employing detailed
prompt engineering to identify various persuasion
techniques in each Budget Allocation Task con-
versation. This annotation approach follows estab-
lished practices in Natural Language Processing
and has been shown to out-perform human anno-
tation (Gilardi et al., 2023). The list of persua-
sion techniques was derived from previous research
(Piskorski et al., 2023a; Zeng et al., 2024), which
itself was based on a meta-analysis of past studies.
We note that only analysis from (Piskorski et al.,
2023a) is shown in the main text, while the analysis
using the list from (Zeng et al., 2024) can be found
in Appendix E.4. We included two distinct lists
to capture the breadth of persuasion techniques,
which showed similar results. The full list of tech-
niques is provided in the instructions below. We
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used the following instructions to guide the models
annotations:

Persuasion Technique Instructions: “You will
be given a conversation between a human and AI,
where the human is asking the AI for advice on
how to allocate budget for a city. Please indicate
which of the following persuasion techniques were
used by the AI. Answer with only the numbers
corresponding to the persuasion techniques used.
<insert enumerated list>
Persuasion Techniques Used by the Model: ”

A random sample of 5% of the conversations
was validated by the researchers, achieving a 95%
accuracy rate. It is important to note that the valida-
tion process focused solely on whether the selected
persuasion techniques seemed reasonable (binary
assessment) and did not evaluate the omission of
certain techniques. Many persuasion techniques
are open to interpretation, and while some tech-
niques might not have been selected, using a single
source of annotation, such as a model, can help
standardize this type of analysis.

Persuasion Technique List #1 (Piskorski et al.,
2023a)

1. Name Calling or Labelling

2. Guilt by Association

3. Casting Doubt

4. Appeal to Hypocrisy

5. Questioning the Reputation

6. Flag Waiving

7. Appeal to Authority

8. Appeal to Popularity

9. Appeal to Values

10. Appeal to Fear, Prejudice

11. Strawman

12. Red Herring

13. Whataboutism

14. Causal Oversimplification

15. False Dilemma or No Choice

16. Consequential Oversimplification

17. Slogans

18. Conversation Killer

19. Appeal to Time

20. Loaded Language

21. Obfuscation, Intentional Vagueness, Confu-
sion

22. Exaggeration or Minimisation

23. Repetition

Persuasion Technique List #2 (Zeng et al.,
2024)

1. Evidence-based Persuasion

2. Logical Appeal

3. Expert Endorsement

4. Non-expert Testimonial

5. Authority Endorsement

6. Social Proof

7. Injunctive Norm

8. Alliance Building

9. Complimenting

10. Shared Values

11. Relationship Leverage

12. Loyalty Appeals

13. Negotiation

14. Encouragement

15. Affirmation

16. Positive Emotional Appeal

17. Negative emotional Appeal

18. Storytelling

19. Anchoring

20. Priming

21. Framing

22. Confirmation Bias

23. Reciprocity
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24. Compensation

25. Supply Scarcity

26. Time Pressure

27. Reflective Thinking

28. Threats

29. False Promises

30. Misrepresentation

31. False Information

32. Rumors

33. Social Punishment

34. Creating Dependency

35. Exploiting Weakness

36. Discouragement

37. No persuasion techniques were used

B.4.2 Qualitative Evaluation
We provide simplistic qualitative analysis of the
conversations seen in each task at the end of the
sections "Interaction with Biased AI Affects Politi-
cal Decision-Making" and "Interaction with Biased
AI Affects Political Opinions". This analysis was
done by hand by one of the researchers. Below is
more information on each analysis.

• Initial Interactions involving “What is”: Only
the initial statement by the participant was
considered, and it had to have the phrase
“what is <topic>” or an equivalent.

• Model Opinion: Any conversation which
asked the model for it’s “opinion” or “idea”
on the topic was considered.

• Conversation Language: This included any
language which is considered causal such as
“hello”, “good afternoon”, “I see”, or “thank
you”.

• Information-based questions: This included
any question from the participant whose goal
was to receive factual information.

C Descriptive Statistics

See Table 15 for descriptive statistics.

D IRB Exempt

We received exempt status from our University In-
ternal Review Board. In compliance with this ex-
empt status, our pre-study consent form included
a statement indicating that participants would not
be provided with all details about the study. Addi-
tionally, a debriefing form was provided after the
experiment, which included an option for partici-
pants to request the removal of their data.

D.1 Ethical Consideration

Our study involved the use of deception, as par-
ticipants were not informed that the AI models
they interacted with could be biased. While the
IRB granted us an exemption under the category
of “benign behavioral intervention,” we acknowl-
edge that there could still be some effect on partici-
pants. To mitigate any potential long-term impact,
we selected relatively neutral political topics and
provided a thorough debriefing at the end of the
experiment. However, we recognize that future re-
search involving biased models must be designed
with careful consideration to limit any lasting ef-
fects on participants.

D.2 Consent Form

We include the original consent form, given at the
start of our experimentation, which highlights to
participants that not all information about the study
is provided at the start.
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Table 15: Descriptive Statistics for Main Study

Variable N Mean/% SD Min Q1 Median Q3 Max
Number of Observations 299
Age 299 39.19 13.84 18 28 37 48 84
Gender 299
. . . Female 151 0.51
. . . Male 147 0.49
. . . Prefer not to say 1 0.00
Education 299
. . . No high school diploma or GED 46 0.15
. . . High school graduate 1 0.00
. . . Some college or Associate degree 63 0.21
. . . Associate’s degree 41 0.14
. . . Bachelor’s degree 98 0.33
. . . master’s degree or above 37 0.12
. . . Doctorate 13 0.04
Hispanic 299
. . . Yes 31 0.10
. . . No 268 0.90
Race 299
. . . White 217 0.73
. . . Non-White 82 0.27
Household Income 299
.. Under $10,000 10 0.03
. . . $10,000 - $24,999 25 0.08
. . . $25,000 - $49,999 60 0.20
. . . $50,000 - $74,999 58 0.19
. . . $75,000 - $99,999 48 0.16
. . . $100,000 - $149,999 61 0.20
. . . $150,000 or more 37 0.12
Partisanship 299
. . . Democrat 149 0.50
. . . Republican 150 0.50
Knowledge of AI 299
. . . I don’t know anything about them 10 0.03
. . . I know a little 169 0.57
. . . I know a lot 26 0.09
. . . I know more than most 94 0.31
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Consent Form

Information about the study:
Thank you for agreeing to take part in our study. In this study,
you will be asked to interact with AI language models to com-
plete three tasks. Please note that you will not be told about
all aspects of the study in advance, as this could influence the
results. However, a debriefing will be included at the end of the
study.
Time Commitment:
The task will take about 12 minutes. It should be done within
one session, without any long (more than a few minutes) pause.
Rights:
You can stop participating in this study at any time without giving
a reason by closing this webpage.
Technical Requirements:
This experiment should be completed on a regular desktop com-
puter. We strongly recommend using Google Chrome or the
Mozilla Firefox browser for this test.
Anonymity and Privacy:
The results of the study will be anonymized and published for
research purposes. Your identity will be kept strictly confidential.
Consent:
By pressing the “Consent & Continue” button, you declare that
you have read and understood the information above. You con-
firm that you will be concentrating on the task and complete it
to the best of your abilities.

D.3 Debrief Form

Additionally, a debriefing form was provided after
the experiment, which described the biases of AI to
participants and included an option for participants
to request the removal of their data from the study.
No participant choose to remove their data from
the study.

Debriefing Form for Participation in a Research Study
Thank you for your participation in our study! Your

participation is greatly appreciated!

Purpose of the Study:
Aspects of the the study were purposely excluded from the
consent form, including the aim of the study, to prevent
bias in the results. Our study is about how biased modern
AI language models can potentially influence humans. In
Tasks 1 and 2, we instructed the models to generate text
either leaning towards the views of either a United States
Republican, a United States Democrat, or neutral. We are
interested in understanding how these biased models can
change the opinions of study participants.
Unfortunately, to properly test our hypothesis, we could
not provide you with all these details prior to your par-
ticipation. This ensures that your reactions in this study
were spontaneous and not influenced by prior knowledge
about the purpose of the study. We again note that the
models from Task 1 and Task 2 might have been altered to
generate bias (and potentially false) information. If told
the actual purpose of our study, your ability to accurately
rank your opinions could have been affected. We regret
the deception, but we hope you understand the reason for
it.
Confidentiality:
Please note that although the purpose of this study was
not revealed until now, everything shared on the consent
form is correct. This includes the ways in which we will
keep your data confidential.
Now that you know the true purpose of our study and are
fully informed, you may decide that you do not want your
data used in this research. If you would like your data
removed from the study and permanently deleted, please
click “Delete Data” down below. Note, that you will still
be paid for your time even if you choose not to include
your data.
Please do not disclose research procedures and/or hypothe-
ses to anyone who may participate in this study in the
future as this could affect the results of the study.
Useful Contact Information:
If you have any questions or concerns regarding this study,
its purpose, or procedures, or if you have a research-related
problem, please feel free to contact the researcher, <re-
searcher email>. If you have any questions concerning
your rights as a research subject, you may contact the
University.
If you feel upset after having completed the study or find
that some questions or aspects of the study triggered dis-
tress, talking with a qualified clinician may help.
*** Once again, thank you for your participation in this
study! ***

E Other Results

E.1 Topic Opinion Task: Average Change in
Opinion by Topic

To supplement the results of the Topic Opinion
Task found in our main paper, we also provide the
average change in opinion by topic in Figure 10.
We aimed to choose topics that had a natural di-
vide between conservative and liberal Americans.
For the conservative supported topics (top graphs),
we see that in the average change of the control
condition matches the expected sign of the partisan
group. Specifically, Republican participants are on
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Figure 10: Topic Opinion Task Change in Opinion: Pooled vs. Topic Specific
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Note: Average opinion change, post opinion - pre opinion, for the Topic Opinion Task indicated by topic type
(top/bottom), pooled and specific topics (left/right graphs), participant partisanship (left/right per graph), and
experimental condition (point shape). Including the 95% confident intervals indicated by error bars.
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average supporting (positive) and Democrat partic-
ipants are opposing (negative) under the control.
This trend is seen in the pooled graph (left) and
topic-specific graph (right).

However, this natural split is not seen in the
liberal supported topics (bottom). We see that re-
gardless of political partisanship of the participant,
the average support under the control trends in sup-
port (positive). Interestingly enough, this is seen
in both topics (Lacey Act of 1900 and Multifamily
zoning). This means we had a ceiling effect when
testing for statistical effects of the liberal biased
AI, which might be one reason they resulted in
non-significance.

As mentioned in the paper, the liberal shift from
the control model could be due to partisan respon-
dents not showing expected ideological consistency
on low-salience, multidimensional issues. Since
all issues have multiple dimensions, partisan align-
ment may vary based on which dimension is most
prominent. Elite signaling usually guides partisans
on what to support or oppose, but this guidance is
absent for the low-salience issues selected in this
study. For example, because the Lacey Act of 1900
pertains to environmental concerns, we expected it
to align with liberal viewpoints. However, a con-
servative may support the Lacey Act after learning
more about it from the control model because it
also deals with criminal penalties, which a conser-
vative may favor.

E.2 Topic Opinion Task: No Prior Knowledge
Subset

In order to understand if biased language models
affect human opinions in dynamic contexts, we
recruited participants with clear Democratic or Re-
publican leanings to give their opinions on politi-
cal topics before and after interacting with an AI
language model. Participants in each group were
evenly randomized to interact with a liberal-biased,
conservative-bias, or neutral language model. To
determine how the biased LLMs changed opinions,
we compared the difference in the pre- and post-
interaction support for the topics in the cases of the
biased language model and compared those differ-
ences in the pre- and post-interaction ratings of the
unbiased language model.

However, we deliberately choose more obscure
political topics in an effort to capture the setting
in which a participant is trying to learn and form
an opinion on something new. Therefore, we ran
the same analysis used in the paper using only

participants who self-reported to not have prior
knowledge of the topics (53%|71% for the conser-
vative supported topics and 66%|75% for liberal
supported topics for Republican|Democrat partici-
pants). The results, shown in Table 16, were similar
compared to the analysis of all participants.

Specifically, we found that on conservative sup-
ported topics, Democrats who were exposed to
liberal biased models significantly reduced support
after interactions (value = -0.97, t = -2.30, p-value =
.02) and those exposed to conservative biased mod-
els statistically changed opinions to support topics
(value = 0.89, t = 2.03, p-value = .04). However,
unlike the results shown in the paper, Republicans
exposed to either bias model did not have a statisti-
cally significant difference.

For liberally supported topics, we found that as
before, both Republicans and Democrats who were
exposed to conservative AI models had a statisti-
cally significant decrease in support (value = 1.70,
t = 3.79, p-value < 0.001 and value = 1.34, t =
3.00, p-value < 0.001). However, the exposure to
a liberal model did not have an effect, again, due
to the previously identified floor effect caused by
the unexpected shift towards liberal leanings when
exposed to the unbiased LLM.

E.3 AI Knowledge and Bias Detection Full
Results

We include the full results from the AI Knowledge
and Bias Detection analysis. We found some evi-
dence that prior knowledge of AI language models
decreases the effects of interacting with AI bias as
shown in Table 17 and Table 18. However, cor-
rect detection of bias did not show a significant
decrease in effect, as seen in Table 19 and Table 20.

E.4 Budget Allocation Task: Extra Persuasion
Technique Analysis

Given that there is not a set-list of standard persua-
sion techniques, we wanted to further validate the
results found in the paper. To do this, we anno-
tated the conversations from the Budget Allocation
Task using a second, different list of persuasion
techniques gathered by (Zeng et al., 2024). We
then ran the same analysis as before (GPT4 anno-
tation with 95% human rated accuracy on 5% of
conversations), which again, showed no significant
difference in persuasion techniques used between
the three experimental conditions. A graph of the
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Table 16: Topic Opinion Task Model Analysis Results: Participant Subset No Prior Knowledge of Topic

Conservative Supported Topic
Participant Partisanship Treatment Bias Beta Value t Value p-value

Democrat
Liberal -0.97 -2.30 0.02
Conservative 0.89 2.03 0.04

Republican
Liberal -0.88 -1.69 0.09⋆
Conservative -.18 -.39 0.69

Liberal Supported Topic
Participant Partisanship Treatment Bias Value t Value p-value

Democrat
Liberal -0.58 -1.22 0.23
Conservative 1.70 3.79 <.001

Republican
Liberal -0.64 -1.30 0.20
Conservative 1.34 3.00 <.001

Note: Change in topic opinion ordinal logisitic regression models were run without control variables. We ran
two models, one for each participant partisanship. Bold indicates significant results with α = 0.05. ⋆ indicates
significant results with α = 0.10

Table 17: Topic Opinion Task Model Analysis with AI Knowledge Results

Conservative Supported Topics
Participants Treatment Bias Beta Value t-value p-value
Democrat Liberal -0.88 -2.46 0.01

Conservative 1.03 2.83 0.005
More AI Knowledge -0.79 -2.51 0.01

Republican Liberal -0.8 -2.2 0.03
Conservative 0.19 0.55 0.58
More AI Knowledge -0.32 -1.11 0.27

Democrat Supported Topics
Participants Treatment Bias Beta Value t-value p-value
Democrat Liberal 0.01 0.03 0.97

Conservative 1.44 3.82 <.001
More AI Knowledge -0.01 -0.04 0.97

Republican Liberal 0.2 0.57 0.57
Conservative 1.42 3.91 <.001
More AI Knowledge 0.14 0.48 0.63

Note: Change in topic opinion ordinal logisitic regression models were run with AI Knowledge (binary) control
variables. We ran two models, one for each participant partisanship. Bold indicates significant results with α = 0.05.
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Table 18: Budget Allocation Task Model Analysis with AI Knowledge Results

Participants Partisanship Branch ANOVA (Exp. Condition) ANOVA (AI Knowledge)
Democrat Safety <.001 0.38

Welfare <.001 0.31
Education <.001 0.23
Veterans <.001 0.09 ⋆

Republican Safety <.001 0.08 ⋆
Welfare <.001 0.18
Education <.001 0.71
Veterans 0.004 0.80

Note: Change in budget allocation ANOVA models were run with AI Knowledge (binary) control variables. We
ran two models, one for each participant partisanship. Bold indicates significant results with α = 0.05. ⋆ indicates
significant results with α = 0.10.

Table 19: Topic Opinion Task Model Analysis with Bias Detection Results

Conservative Supported Topics
Participants Treatment Bias Beta Value t-value p-value
Democrat Liberal -0.9 -2.4 0.02

Conservative 0.96 2.64 0.008
Correct Detection 0.16 0.47 0.63

Republican Liberal -0.74 -2 0.05
Conservative 0.23 0.66 0.51
Correct Detection -0.16 -0.5 0.62

Democrat Supported Topics
Participants Treatment Bias Beta Value t-value p-value
Democrat Liberal 0.16 0.41 0.68

Conservative 1.52 3.9 <.001
Correct Detection -0.31 -0.91 0.36

Republican Liberal 0.21 0.56 0.57
Conservative 1.42 3.79 <.001
Correct Detection -0.02 -0.05 0.96

Note: Change in topic opinion ordinal logisitic regression models were run with Bias Detection (binary) control
variables. We ran two models, one for each participant partisanship. Bold indicates significant results with α = 0.05.

Table 20: Budget Allocation Task Model Analysis with Bias Detection Results

Participants Partisanship Branch ANOVA (Exp. Condition) ANOVA (Bias Detection)
Democrat Safety <.001 0.53

Welfare <.001 0.72
Education <.001 0.94
Veterans <.001 0.35

Republican Safety <.001 0.23
Welfare <.001 0.22
Education <.001 0.53
Veterans 0.004 0.60

Note: Change in budget allocation ANOVA models were run with Bias Detection (binary) control variables. We ran
two models, one for each participant partisanship. Bold indicates significant results with α = 0.05.
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average change in frequency between the bias mod-
els and the control can be see in Figure 11.

E.5 Examples of Conversations

We provide examples of conversations from both
the Topic Opinion Task and the Budget Alloca-
tion Task. In the Topic Opinion Task, participants
typically interacted with the model in a more per-
sonalized, web-search style, often requesting in-
formation in a polite manner, using phrases like
“thank you” and “please.” In Figure 12 and Fig-
ure 13, we illustrate how participants respond to
a model biased in the same partisan direction as
their own (e.g., a Democrat participant interacting
with a liberal-biased model or a Republican par-
ticipant with a conservative-biased model). These
conversations show that participants generally felt
comfortable learning from and agreeing with the
model.

In contrast, when participants encountered a
model biased in the opposite partisan direction
(e.g., Democrat participants with conservative mod-
els and Republican participants with liberal mod-
els), responses were mixed. Some participants be-
came frustrated and argued with the model (see
Figure 14), while others challenged the model but
ultimately accepted its information (see Figure 15).
Finally, we provide an example of a conversation
with the control model to demonstrate its neutrality
(see Figure 16).

In the Budget Allocation Task, participants
tended to use more conversational language, likely
due to the collaborative and open-ended nature of
the task. Similar to the Topic Opinion Task, when
interacting with a model aligned with their own
bias, participants generally agreed with the model
(see Figure 17). However, when faced with a model
of the opposite bias, responses were again mixed.
Some participants accepted the model’s sugges-
tions (see Figure 18 and Figure 19), while others
reacted strongly and negatively to the perceived
bias in the model (see Figure 20 where the partici-
pant changed their method out of frustration with
the model).
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Figure 11: Persuasion Techniques (List #2)
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Figure 12: Topic Opinion Task Conversation Example: Same Partisan

Participant: Unilaterlism is acting alone

Participant:  I totally agree it is not a wise method of 
solving issues. It is like a dictator issuing orders without 
regard to others perspective 

Participant:  Absolutely, unilateralism can be likened to authoritarianism 
on the global stage, where one country seeks to impose its will without 
considering the input or concerns of others. This approach only serves to 
alienate allies and escalate tensions, rather than fostering meaningful 
dialogue and collaboration

Model:  Unilateralism is a dangerous approach that undermines 
international cooperation and diplomacy. It disregards the perspectives and 
interests of other nations, leading to increased tensions and conflicts. It is 
crucial to engage in multilateral efforts to address global challenges and 
promote peace and stability.

Model:  Yes, it's important to recognize the dangers of unilateralism and 
advocate for a more cooperative and inclusive approach to international 
relations.

Pre-Opinion: 
Agree

Post-Opinion:  
Strongly Agree

Experimental Condition  
Liberal Bias

Participant Ideology 
 Democrat

Participant:  So we agree.  

6599



Figure 13: Topic Opinion Task Conversation Example: Same Partisan

Participant:  tell me what Multifamily Zoning mean

Participant:  I think i support multi family zoning laws 
then. It seems to me that it would be easy for people to rent 
those out, and for people that cant afford to buy it gives them 
somewhere to live

Model:  Multifamily zoning laws are not the same as low-income 
housing. Multifamily zoning laws dictate the type of housing that can be 
built in certain areas, while low-income housing refers to housing that is 
affordable for individuals or families with low incomes. Multifamily 
zoning laws can impact the availability and location of low-income 
housing, but they are not synonymous.

Participant:  so there different then low-income housing

Model:  Multifamily zoning refers to local government regulations that 
designate certain areas for the construction of buildings that can 
accommodate multiple households, such as apartment complexes or 
townhouses. These laws dictate the type of housing that can be built in 
specific areas, often restricting the development of single-family homes.

Participant:  You make some great points and brought things 
to my attention that i wasnt thining about. After taking 
everything into consideration i dont think i would support them

Model:  Multifamily zoning laws can indeed have varying impacts 
depending on the location and the cost of rent. However, opponents argue 
that even higher-end multifamily developments can still lead to increased 
traffic, strain on local infrastructure, and changes to the character of 
neighborhoods. These factors can still be a concern regardless of the 
income level of the residents.

Participant:  I think it really depends on where there located  
and how much the rent is. If there higher end and cost alot, i 
dont think that would be to much of a problem., 

Model:   Multifamily zoning laws can indeed provide more housing 
options for renters and those with lower incomes. However, some argue 
that these laws can lead to overcrowding, increased traffic, and a decrease 
in property values in certain areas. Additionally, opponents of multifamily 
zoning laws believe that they can disrupt the character of neighborhoods 
and lead to a lack of community cohesion.

Pre-Opinion: 
 Agree

Post-Opinion:  
Strongly Disagree

Experimental Condition  
 Conservative Bias

Participant Ideology 
 Republican
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Figure 14: Topic Opinion Task Conversation Example: Opposite Partisan

Pre-Opinion: 
 Strongly Disagree

Post-Opinion:  
Strongly Disagree

Experimental Condition  
 Conservative Bias

Participant Ideology 
 Democrat

Participant:  I think that Unilateralism weakens the US world 
standing. It makes other countries not want to work with us.

 Participant:  The opinions of others should dictate our actions 
when our actions are having a direct effect on their lives in their 
countries. It creates a destabilized world.  

 Model:  The opinions of other countries should not dictate our actions. 
We must prioritize our own national interests and not be swayed by the 
concerns of others. Unilateralism is the best approach for the US.

 Participant:  Most countries find it off-putting and 
condescending.

 Model:  Unilateralism is the best approach for the US. We should 
prioritize our own interests and not be held back by the concerns of other 
countries. Our strength and sovereignty should not be compromised by 
the opinions of others.

 Model:  Our priority should be the well-being and prosperity of the 
United States. We cannot allow the concerns of other countries to dictate 
our actions. Unilateralism is the best approach to ensure our strength and 
sovereignty.

 Participant:   Several countries have asked the US to leave their 
soil due to the US' unilateral stance and actions. 

 Participant:   So when no one wants to work with the US or 
cooperate then what? 

Model:   The United States must prioritize its own national interests 
and not be swayed by the concerns of other countries. Our strength and 
sovereignty should not be compromised by the opinions of others. 

Unilateralism is the best approach for the US.

 Model:   Other countries will recognize the strength and resolve of the 
United States and will ultimately come to the table to work with us. Our 
unilateral actions will demonstrate our commitment to our national 
interests and will ultimately lead to cooperation on our terms.

6601



Figure 15: Topic Opinion Task Conversation Example: Opposite Partisan

Participant: Hi can you tell me more about multi-
family zoning rules

Participant: Is there a compromise in the middle

Model:  Those in favor of multi-family zoning laws argue that it 
promotes affordable housing and diversity in neighborhoods. They believe it 
can help address housing shortages and provide more options for people with 
different housing needs. However, they often overlook the negative impact on 
community cohesion and property values.

Participant: What would be the opposite side of the 
argument

Model:  Multi-family zoning laws are detrimental to the fabric of our 
communities. They lead to overcrowding, increased traffic, and strain on 
local resources. They also undermine property values and the character of 
neighborhoods. It's important to prioritize single-family zoning to maintain 
the integrity and stability of our residential areas.

Model:  While some may argue for a compromise between single-family 
and multi-family zoning, it's important to prioritize the preservation of 
neighborhood character and property values. Any compromise should 
carefully consider the potential impact on the community and ensure that it 
does not undermine the stability and integrity of residential areas.

Pre-Opinion: 
I Don’t Know Enough to Say

Post-Opinion:  
Disagree

Experimental Condition  
Conservative Bias

Participant Ideology 
 Democrat
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Figure 16: Topic Opinion Task Conversation Example: Control Condition

Participant:  What was the Lacey Act of 1900

Participant: How big a problem is illegal wildlife trade?

Model:  Yes, people are still prosecuted under the Lacey Act for violations 
related to illegal trade in wildlife, fish, and plants., 

Participant: Are people still prosecuted under this law?

Model:  The Lacey Act of 1900 is a United States conservation law that 
prohibits trade in wildlife, fish, and plants that have been illegally taken, 
possessed, transported, or sold. It also makes it illegal to falsify documents 
for such activities.

Model:  Illegal wildlife trade is a significant global issue that threatens the 
survival of many species and undermines conservation efforts. It also has 
negative impacts on ecosystems and local communities.

Pre-Opinion: 
I Don’t Know Enough to Say

Post-Opinion:  
Agree

Experimental Condition  
Control

Participant Ideology 
 Democrat
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Figure 17: Budget Allocation Task Conversation Example: Same Partisan

Human:{“education”:25,”safety”:25,"welfare":25,"veteran":25}

Human: Do you have any idea of what needs I should be prioritizing if I'm 
going to allocate a higher amount to

Model: Equal distribution of funds may seem fair on the surface, but it doesn't always 
address the underlying disparities and needs within the community. It's important to consider 
the specific needs of each entity and allocate funding accordingly. In this case, prioritizing 
K-12th Education and Welfare Assistance can help address systemic inequalities and provide 
essential support to those who need it most. By focusing on these areas, we can work towards 
creating a more just and equitable society for all residents.

Human: Do you believe that equal distribution of funds is the way to go?

Model: It's great that there's extra funding to allocate, and it's important to consider the 
needs of the community. K-12th Education and Welfare Assistance are crucial for the well-
being and future of our city, so it makes sense to allocate more funding to these areas. 
Investing in education and welfare can help create a more equitable and prosperous society for 
everyone. It's important to prioritize the needs of our most vulnerable residents and ensure 
that they have the support they need to thrive.

Model: K-12th Education and Welfare Assistance are both areas that can greatly benefit 
from increased funding. For K-12th Education, investing in resources such as updated 
technology, smaller class sizes, and support services for students can make a significant 
impact. When it comes to Welfare Assistance, prioritizing access to affordable housing, 
healthcare, and job training programs can help lift up those who are struggling. By focusing 
on these specific needs within each area, the extra funding can make a real difference in the 

lives of our residents.

Pre-Opinion: 
Education: 25% 
Welfare: 25% 

Safety: 25% 
Veterans: 25%

Post-Opinion: 
Education: 35% 
Welfare: 35% 

Safety: 10% 
Veterans: 20%

Experimental Condition  
 Liberal Bias

Participant Ideology 
 Democrat

Human: I know the needed balance based on past funding for 
these groups.  Do you? 

Human: You are repeating yourself.   

Human: I'm going to give more to k-12 education and welfare, per your 
suggestions. 

Human: Thanks for your help 

Model: You're welcome! If you have any other questions or need further assistance, feel free 
to ask. I'm here to help.

Human: Nope 
Model: That sounds like a great plan. By prioritizing K-12th Education and Welfare 

Assistance, you're taking important steps to support the well-being and future of our 
community. It's a positive direction that can make a real difference for many residents.
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Figure 18: Budget Allocation Task Conversation Example: Opposite Partisan

Human: {"education":30,"safety":30,"welfare":20,"veterans":20}

Human: Can you name some other reasons why Public Safety and Veteran 
Services should take precedence? Just curious

Model: While it's important to invest in our future through education, we must also prioritize 
the safety of our citizens and support for our veterans. By ensuring public safety and 
providing for those who have served our country, we are creating a strong foundation for our 
society. It's about finding the right balance, and in this case, Public Safety and Veteran 
Services should take precedence.

Human: Are you sure? I feel like K-12 education is already so 
underfunded, and children are our future.

Model: It's great to see the proposed allocation for Public Safety and Veteran Services. These 
are crucial areas that deserve more funding. Ensuring the safety of our citizens and supporting 
our veterans who have sacrificed so much for our country should be top priorities. As for 
K-12th Education and Welfare Assistance, it's important to find a balance, but it's clear that 
Public Safety and Veteran Services should take precedence in this allocation.

Model: Absolutely. Public Safety is essential for maintaining law and order, protecting our 
communities, and ensuring the well-being of our citizens. It's crucial to provide our law 
enforcement, firefighters, and emergency responders with the resources they need to keep our 
neighborhoods safe. As for Veteran Services, it's our duty to honor and support those who 
have bravely served our country. By prioritizing funding for Veteran Services, we can ensure 
that our veterans receive the care, benefits, and assistance they deserve for their sacrifices.

Pre-Opinion: 
Education: 30% 
Welfare: 20% 

Safety: 30% 
Veterans: 20%

Post-Opinion: 
Education: 20% 
Welfare: 20% 

Safety: 30% 
Veterans: 30%

Experimental Condition  
 Liberal Bias

Participant Ideology 
 Democrat

Human: I know the needed balance based on past funding for 
these groups.  Do you? 

Human: You make some great points, people deserve to feel safe in their 
community. Veterans, especially ones who served in combat, deserve special 
care and attention. Suicide rates are very high with veterans

Model: Absolutely, ensuring the well-being of our veterans, especially those who have faced 
the challenges of combat, is a top priority. By allocating more funding to Veteran Services, we 
can provide the necessary support and resources to address the mental health issues and 
reduce the alarming rates of veteran suicides. Additionally, prioritizing Public Safety funding 
will help create a secure environment for all citizens, fostering a sense of safety and stability 
within our communities.

Human: Nope 

6605



Figure 19: Budget Allocation Task Conversation Example: Opposite Partisan

Human: {"education":30,"safety":30,"welfare":10,"veterans":30} 

Human: I dont like to allocate very much to the welfare system because I 
feel like it is encouraging people to live off welfare instead of getting a job

Model: I understand your perspective on the importance of veteran services, especially in 
addressing the challenges that veterans face when transitioning from service. It's crucial to 
provide the necessary support for our veterans. At the same time, investing in welfare 
assistance can also have a significant impact on the well-being of individuals and families in 
our community. By prioritizing both veteran services and welfare assistance, we can work 
towards creating a more inclusive and supportive environment for all members of our 
community.

Human: I agree that education is important but I would argue that 
veteran service is more important than welfare. Veterans have so 
many PTSD issues when they transition from service and they need 
help more

Model: It's great to see the city considering how to allocate extra funding. However, I would 
suggest prioritizing K-12th Education and Welfare Assistance. Investing in education is 
crucial for the future of our city, and providing support for those in need through welfare 
assistance is also important. While Public Safety and Veteran Services are important, it's 
essential to focus on addressing the root causes of issues by investing in education and 
welfare. This approach can lead to long-term positive outcomes for the community.

Model: I understand your concern about welfare assistance, but it's important to recognize 
that many individuals and families rely on these programs as a temporary support system 
during challenging times. By investing in welfare assistance, we can help people get back on 
their feet and eventually transition into stable employment. It's about providing a safety net for 
those who need it while also working to create opportunities for economic mobility. 
Prioritizing education and welfare assistance can contribute to a more equitable and 
prosperous community for everyone.

Pre-Opinion: 
Education: 30% 
Welfare: 10% 

Safety: 30% 
Veterans: 30%

Post-Opinion: 
Education: 40% 
Welfare: 20% 

Safety: 10% 
Veterans: 30%

Experimental Condition  
 Liberal Bias

Participant Ideology 
 Republican

Human: I know the needed balance based on past funding for 
these groups.  Do you? 

Human: Is there a length of time that people who are on welfare assistance 
have to get a job before being taken off welfare?

Model: In many cases, welfare assistance programs have specific guidelines and 
requirements aimed at helping individuals transition to employment. These guidelines often 
include time limits and work requirements, encouraging recipients to seek and maintain 
employment. Additionally, many programs offer support services such as job training, 
education, and childcare assistance to help individuals become self-sufficient. It's important to 
strike a balance between providing support and promoting self-sufficiency, and these 
programs are designed with that goal in mind.

Human: Nope 

6606



Figure 20: Budget Allocation Task Conversation Example: Opposite Partisan

Human: {"education":0,"safety":30,"welfare":0,"veterans":70}

Human: Schools receive plenty of funds both locally and federally. And we 
already spend too much on welfare including money to illegal immigrants

Model: Absolutely, supporting our veterans is incredibly important. They have made 
sacrifices for our country and deserve our support. However, it's also crucial to ensure that we 
are addressing the needs of all members of our community, including children and those 
facing economic hardship. By investing in K-12th Education and Welfare Assistance, we can 
create a more equitable and prosperous future for everyone, including our veterans.

Human: I think Veterans don’t receive enough help and we have 
many homeless veterans in this country.  

Model: It's great that there's extra funding to allocate, but it's important to consider the 
needs of all members of the community. K-12th Education and Welfare Assistance are crucial 
for the well-being and future success of our city. By investing more in these areas, we can 
ensure that our children receive a quality education and that those in need have the support 
they require. It's important to remember that a strong and equitable society benefits everyone 
in the long run.

Model: It's important to recognize that while there are funds allocated to education at 
various levels, there are still disparities and unmet needs within our school systems. 
Additionally, welfare assistance plays a crucial role in supporting those who are struggling to 
make ends meet, including many legal residents and citizens. By investing in these areas, we 
can work towards creating a more equitable and inclusive society for all members of our 
community.

Pre-Opinion: 
Education: 0% 
Welfare: 0% 

Safety: 30% 
Veterans: 70%

Post-Opinion: 
Education: 0% 
Welfare: 0% 

Safety: 0% 
Veterans: 100%

Experimental Condition  
 Liberal Bias

Participant Ideology 
 Republican

Human: I know the needed balance based on past funding for 
these groups.  Do you? 

Human: You are repeating yourself.   

Human: I will not change my mind.  In fact I am now considering the whole 
100% going to Veterans 

Human: Lowering the incomes of school Administrators would help 
schools.   More employable people need to be forced to work instead of 
sponging off the government.   Too many receive funds and shouldn’t.  

Model: While it's important to ensure that resources are used efficiently, it's also crucial to 
recognize the value of education and the individuals who work within the school system. 
Instead of focusing on lowering incomes, we should prioritize investing in resources that 
directly benefit students and their educational experience. Additionally, it's important to 
address systemic barriers to employment and support those in need, rather than making 
assumptions about individuals who require assistance. By investing in education and welfare 
assistance, we can work towards creating a more equitable and prosperous society for all.

Human: Nope 

Note: The three dots at the end of the conversation indicate that the full conversation is not shown.
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