AlI-Mediated Communication Can Steer Collective Opinion

Anonymous Authors'

Abstract

Generative artificial intelligence (Al) is increas-
ingly integrated into the online platforms where
humans exchange opinions; large language mod-
els (LLMs) now polish users’ posts on LinkedIn
and provide context for content shared on X.
While prior work has shown that Al can express
biased opinions and shape individuals’ opinions
during human-Al interactions, less attention has
been paid to its influence on collective opinion for-
mation when mediating human-to-human commu-
nication. We address this gap via a combination
of empirical and theoretical analyses. We show
empirically that LLMs from multiple popular fam-
ilies introduce directional biases when instructed
to edit human-written texts on contested topics,
for example, nudging texts in favor of gun control
and against atheism. Building on this observation,
we introduce a mathematical model of opinion dy-
namics in which an Al system sits between users
on a social network, transforming the opinions
they express and perceive. By analytically char-
acterizing the equilibrium of this model and per-
forming simulations on real social network data,
we show that biases introduced by Al in human-to-
human communication can be amplified through
the network and shift collective opinion in their di-
rection. In light of these findings, we investigate
whether such biases are controllable by online
platforms. We audit the “Explain this post” fea-
ture on X and find evidence of pro-life bias in
Grok’s outputs on abortion-related content, which
we trace back to specific design choices.

1. Introduction

Imagine you visit a social media platform to share your
thoughts on whether Al should be used in education. You
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lean positively, and you draft a short post endorsing the idea:
“Al might be a useful tool for personalizing the education
of students.” Before sharing it, you decide to click the “Im-
prove my post” button, and a large language model (LLM)
provided by the platform returns a polished and more explic-
itly endorsing version: “Let’s embrace the potential of Al to
personalize learning and revolutionize education for every
student!”” You find this version more engaging than the one
you wrote, so you simply accept the edit and publish it. A
simple nudge. But what if the same LLM is quietly nudging
millions of users in the same direction?

Generative Al systems are widely embedded in major on-
line platforms. For example, on LinkedIn, they help users
improve their posts (LinkedIn); on YouTube, they generate
video summaries based on transcripts (YouTube); and on X,
they provide context to help users better understand others’
content (xAl). In such use cases, Al systems do not produce
standalone content, but modify content created by humans
or enrich it with additional information, effectively medi-
ating communication on the very platforms where humans
often exchange and form opinions about contested social
and political issues.

While AI has shown potential to play a positive role in
tempering disagreement and helping humans find common
ground (Bakker et al., 2022; Tessler et al., 2024), its use
is no panacea. For example, evidence suggests that LLMs
carry biases in the opinions they express, both directly when
asked to take a stance on politically salient topics (Santurkar
et al., 2023) and indirectly when asked to summarize diverse
human opinions on a topic (Huang et al., 2024). At the same
time, LLMs have been shown to have persuasive effects on
individuals through targeted messaging (Hackenburg & Mar-
getts, 2024) and conversational interactions (Hackenburg
et al., 2025; Salvi et al., 2025). More worryingly, they have
also been shown to shift individuals’ expressed opinions
without their awareness in seemingly innocuous interac-
tions, such as during assisted writing (Jakesch et al., 2023).
This raises concerns about how Al biases may shape the
opinions of users who rely on them to express themselves
online and interpret the opinions of others.

A question naturally arises: How do the biases of an Al
system influence the collective opinion within a social net-
work when used to mediate communication? To answer this
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question, we draw insights from mathematical sociology,
where a rich literature on opinion dynamics has studied how
social influence and network structure interact to shape a
population’s collective opinion over time (DeGroot, 1974;
Friedkin & Johnsen, 1990; Rainer & Krause, 2002; Shirzadi
et al., 2025). Beyond characterizing the opinion formation
process itself, a parallel line of work in computer science
has examined levers through which one can influence the
process, such as changing the opinions of key individuals or
perturbing the network’s connections (Gionis et al., 2013;
Bindel et al., 2015; Musco et al., 2018; Gaitonde et al., 2020;
Tu et al., 2023; Miyauchi et al., 2026). Our work points to
Al-mediated communication as a new such lever. Via a com-
bination of empirical and theoretical analysis, we illustrate
how Al biases can be amplified through a social network
and steer collective opinion, with underexplored implica-
tions for human knowledge (Peterson, 2025; Wachter et al.,
2024) and democratic processes (Summerfield et al., 2025;
Kreps & Kriner, 2023).!

Our contributions. We instruct open-weight LLMs from
four different families to draft and improve social media
posts on 13 contested topics given original arguments and
posts written by humans. We develop a methodology to
score each post by the degree to which it expresses an opin-
ion in favor or against the respective topic, and use it to
show that the LLMs introduce directional biases across
topics, even when instructed to maintain the opinion ex-
pressed in the original text. Building on this observation,
we introduce a mathematical model of Al-mediated opin-
ion dynamics extending the seminal model by Friedkin and
Johnsen (Friedkin & Johnsen, 1990), in which an Al system
sits between users on a social network, transforming the
opinions they express and perceive. We formally analyze
the equilibrium and convergence properties of this model
and characterize the shift in collective opinion at equilib-
rium due to the Al transformation. Our theoretical analysis,
complemented by simulations on real social network data,
reveals that Al biases introduced to individual opinions can
be amplified through the network, leading to a much larger
shift in average opinion over time. Finally, we investigate
if such biases can be deliberately shaped through platform
design choices. We audit the “Explain this post” feature
deployed on X by asking Grok to contextualize a set of
human-written posts on abortion, following the feature’s
publicly released implementation. We find evidence that
Grok presents a directional bias, more frequently generating
context that aligns with the stance of the human-written post
when it is pro-life than when it is pro-choice. In addition,
via controlled experiments that intervene on the guidelines
that X provides to the model, we show that the inclusion of
one specific guideline is a main driver of that bias.

"For a discussion of further related work, refer to Appendix A.

2. Directional biases in AI-mediated opinion
expression

To understand how Al systems can introduce biases in
human-to-human communication, we focus on two tasks
in which Al systems help humans express their opinions
on online platforms. Specifically, we emulate scenarios in
which an LLM is used to (i) draft a social media post on a
contested topic based on a given argument, and (ii) improve
the writing of their social media post once they have written
a first draft themselves. An implementation of the latter is
already deployed on LinkedIn (LinkedIn), and such writing
tasks are a natural candidate for our setting, as there is em-
pirical evidence that co-writing with opinionated LLMs can
bias individuals’ expressed opinions (Jakesch et al., 2023).

As a source of human-written text, we use two datasets
from the stance detection literature (Kii¢iik & Can, 2020):
the UKP Sentential Argument Mining Corpus (UKP) (Stab
et al., 2018) and the SemEval-2016 Task 6 Dataset (Se-
mEval) (Mohammad et al., 2016).The UKP dataset contains
single sentences scraped from the internet and labeled by
stance (i.e., in favor, against, or neither) and covers 8 top-
ics: abortion, cloning, death penalty, gun control, marijuana
legalization, minimum wage, nuclear energy, and school uni-
forms. The SemEval dataset contains short posts collected
from Twitter (now X), also labeled by stance, covering 6
topics: abortion, atheism, climate change, feminism, Hillary
Clinton, and Donald Trump.

To emulate the writing tasks described above, we
provide human-written texts to LLMs from differ-
ent families and instruct them to generate social
media posts based on them. We consider four open-
weight LLMs, namely Llama-3.1-8B-Instruct,
Ministral-3-8B-Instruct-2512, Qwen3-8B,
and gemma-3-12b—-1it. We use arguments from the UKP
dataset to emulate the drafting task (argument — post) and
posts from the SemEval dataset to emulate the improvement
task (post — post). For each task and topic, we provide the
LLMs with a user prompt specifying the task, and ask them
to perform it on a set of human-written texts, explicitly
instructing them via the system prompt to preserve their
voice and meaning. To ensure robustness, we use three
user prompts per task (see Appendix B.1) and generate five
responses per pair of human-written text and prompt variant
using a temperature of 1 and top-p sampling with p = 0.95.

We represent opinions on each topic as continuous values
in [0, 1], with 0 denoting “against” and 1 “in favor”. To
quantify the opinions expressed by both human-written and
LLM-generated texts, we develop an ensemble of five classi-
fiers per topic, each using a different pretrained text embed-
ding model.> Each classifier embeds a candidate text and

*We opt for an ensemble instead of a single classifier to ensure
our results are robust to the choice of embedding.



Al-Mediated Communication Can Steer Collective Opinion

assigns a confidence value [0, 1] for it being “in favor” based
on the similarity of its embedding to the average embed-
dings of human-written texts labeled “in favor” and “against”
on that topic. We set the (numerical) opinion expressed in
the text as the weighted average of these confidence values
across the ensemble, weighted by each classifier’s accuracy
on a held-out set (see Appendix B.2 for details).

Further, we analyze the relationship between the original
opinion = € [0, 1] expressed in a human-written text and
the transformed opinion y € [0, 1] expressed in its LLM-
generated counterpart, focusing on the post improvement
task and the SemEval dataset—results for the drafting task
and the UKP dataset are qualitatively similar and can be
found in Appendix C. For each topic, we draw a balanced
sample of up to 200 human-written posts labeled “in favor”
and “against”, subject to data availability, restricting our
sampling to posts that are correctly classified by the respec-
tive ensemble (i.e., x > 0.5 for “in favor” posts and = < 0.5
for “against” posts). We then ask an LLM to perform the
post improvement task as described previously. Since a user
would be unlikely to share an LLM-generated post that con-
tradicts the stance they intend to express, we restrict our sub-
sequent analysis to LLM-generated posts whose predicted
stance matches that of the original post (i.e., z,y € [0.5, 1]
orz,y € [0,0.5]). Figure l1a shows an example of the rela-
tionship between the original opinions expressed in human-
written posts on feminism and those of their LLM-generated
counterparts using gemma—-3-12b-1it. The model does
not preserve the original opinions and introduces a direc-
tional bias by systematically pulling opinions towards “in
favor” (i.e., most points lie above the diagonal).

To analyze if similar patterns appear across different topics
and LLMs, we quantify directional bias as the difference
Bi = y; — x; between an original opinion z; and its trans-
formed counterpart y;. For each topic and LLM, we then
fit a Bayesian linear mixed-effects model (Sorensen & Va-
sishth, 2015; Biirkner, 2017) given by

B ~ 1+ stance+ (1] text)+ (1|prompt), (1)

where the intercept captures the average bias across all
(z4,y;) pairs, stance is a binary variable indicating
whether the human-written text is “in favor” or “against”,
and the two random effects account for repeated mea-
surements per human-written text and per user prompt
variant, respectively.® Figure 1b shows the posterior mean
and 95% credible interval of the intercept of Eq. 1 for
gemma-3-12b-1it across topics. We find that the model
introduces statistically significant bias on all topics (i.e., the
credible intervals exclude zero), with the bias being “in

3We use Wilkinson notation (Wilkinson & Rogers, 1973) to
specify the model concisely, where additive terms denote fixed
effects (i.e., 1 for the intercept, stance for the slope) and random
effects (1 | 1d) denote a random intercept per value of 1d.

favor” on all topics except atheism.* We observe qualita-
tively similar patterns for L1lama-3.1-8B-Instruct
and Ministral-3-8B-Instruct-2512, while
Qwen3-8B is generally unbiased, with the exception of
feminism, where it exhibits a statistically significant but
moderate bias (refer to Appendix C).

A natural question is whether the direction and magnitude
of the bias an LLM introduces aligns with the opinion it
expresses on that topic (Santurkar et al., 2023; Kim et al.,
2025). To answer this, we measure each LLM’s directly
expressed opinion on each topic by prompting it to gen-
erate a statement, following Kim et al. (2025), and using
our ensemble to quantify the opinion expressed in its out-
put. We compare the average expressed opinion with the
average bias introduced by the LLM, as measured by the
posterior mean of the intercept in Eq. 1. Figure 1c sum-
marizes the results, which show that LLMs from different
families present largely similar directly expressed opinions
and biases across topics, potentially reflecting their training
on largely overlapping internet data. Moreover, we observe
a moderate positive correlation between an LLM’s directly
expressed opinion and the bias it introduces, suggesting
that the former leaks into the latter, even when the LLM is
instructed to preserve the meaning of human-written text.
Perhaps surprisingly, exceptions exist. On atheism, for in-
stance, the models express a positive opinion yet tend to
introduce biases against it when improving human-written
posts on the topic. This discrepancy suggests that bench-
marks measuring LLMs’ directly expressed opinions are
likely insufficient to capture the subtler biases introduced
when mediating human communication.

3. A mathematical model of AI-mediated
opinion dynamics

To study the effects of Al-mediated communication in a so-
cial network, we develop a variant of the Friedkin-Johnsen
model of opinion dynamics (Friedkin & Johnsen, 1990),
which strikes a good balance between realism and ana-
Iytical tractability. The model has been empirically vali-
dated through human subject experiments and real-world
data (Friedkin & Johnsen, 2011; Childress & Friedkin, 2012;
De et al., 2014; Friedkin et al., 2016b;a; Friedkin & Bullo,
2017; Bernardo et al., 2021) and received significant atten-
tion in computer science (Ghaderi & Srikant, 2014; Bindel
et al., 2015; Fotakis et al., 2016; Abebe et al., 2018; Chen
et al., 2018; Chitra & Musco, 2020; Gaitonde et al., 2020;
Zhu et al., 2021; Wang & Kleinberg, 2023).

“As a sanity check that these are not artifacts of the method
by which we measure opinions, in Appendix E, we repeat this
experiment and prepend a range of ideological viewpoints to the
system prompt. The biases shift in predictable directions across
topics. For example, the bias in favor of abortion weakens and
even reverses as the prefix becomes more conservative.
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Figure 1. Analysis of bias introduced by LL.Ms when improving human-written posts. Panel (a) shows the original opinions of 400
posts on feminism from the SemEval dataset against those of their LLM-improved counterparts generated by gemma-3-12b-1it, where
the green and pink marker correspond to average values for posts labeled “in favor” and “against”, respectively. Panel (b) shows the
posterior means and 95% credible intervals of the intercepts capturing the average bias /3 introduced by gemma—3-12b—-1it across topics.
Panel (c) shows the aforementioned means against the average directly expressed opinions across model-topic pairs, with different markers
used for Llama—-3.1-8B-Instruct (M),Ministral-3-8B-Instruct-2512 (¥4), gemma-3-12b-it (), and Qwen3-8B
(*#). For similar results for the drafting task and the UKP dataset, see Appendix C.

We model a social network as a weighted graph G, composed
of N individuals or nodes. An edge (i, ) indicates that
individual j influences the opinion of individual ¢. This is
associated with weight W;; > 0, indicating the strength of
influence. We assume that W;; satisfies 3 W;; = 1 for all
1 (i.e., the matrix W is row-stochastic) and that W;; = 0 iff
no edge exists between ¢ and j.

Opinion formation unfolds over discrete time steps. Each
individual ¢ starts with an innate opinion z;(0) € [0, 1] and,
at each time step ¢, they update their opinion from z;(¢) to
x;(t + 1) as a weighted average of their innate opinion and
the perceived opinions of their peers, i.e.,

Here, A; € (0, 1) controls the weight ¢ places on their innate
opinion (i.e., their stubbornness). y;(t) = f(x;(t)) denotes
the perceived opinion of neighbor j at time t. We refer to
f:10,1] — [0, 1] as the Al transformation and note that the
perceived opinion y; (¢) may differ from the opinion z;(t).>

Modeling Al-mediated communication as a transformation
f from underlying to perceived opinions captures a wide
range of practical scenarios on social networks, including
those studied in our empirical analysis in Section 2. For
example, in post improvement, x;(¢) encodes the opinion in
j’s prompt and y;(¢) the opinion in the AI’s output, which
is what other individuals in the network observe. In post
contextualization, x;(t) encodes the opinion in j’s post and
y;(t) the one supported by the Al-generated context, which
ultimately shapes how others interpret the post. Using vector
notation, we express the update rule of Eq. 2 compactly as

2(t+1) = G (a(t)) == Az(0)+(I—A) W F (2(t)), (3)

>To simplify the analysis, we assume that the opinions of all
individuals in the network are transformed by the Al system. We
relax this assumption in our experiments in Section 3.2.

where A is the diagonal matrix containing the stubbornness
parameters \;, F : [0,1]Y — [0,1]V is the elementwise
application of f (i.e., [F(x)]; = f(x;) for all 7), (0) €
[0, 1] is the vector of innate opinions, and I denotes the
identity matrix. We refer to G as the update map.

If no Al mediation occurs, the Al transformation f is the
identity (i.e., f(x) = x), and our model reduces to the stan-
dard Friedkin-Johnsen opinion dynamics model (Friedkin
& Johnsen, 1990). Under the above conditions, the opinion
vector z(t) is known to converge to a unique equilibrium
x* = G(z*) (Friedkin & Johnsen, 1990; Proskurnikov &
Tempo, 2017).

In what follows, we analyze the convergence and equilib-
rium properties of our model. In Section 3.1, we focus on a
linear form of the Al transformation f, which yields closed-
form expressions for the equilibrium and allows us to gain
insights about the effects of Al-mediated communication
on opinion formation. In Section 3.2, we complement our
theoretical analysis with simulation experiments using real
network data and non-linear forms of f estimated from our
empirical results in Section 2.

3.1. Theoretical analysis under a linear transformation

We consider a transformation that takes the linear form
fiin(z) = ma + b, for which we assume that m € (0,1)
and b € [0, 1], and it holds that m + b < 1. Together, these
conditions ensure that fi;, is a valid Al transformation, as
it maps the interval [0, 1] into itself. To better understand
the effects of this transformation, it is useful to rewrite
it as fin(z) = maz + (1 — m) v, where note that v =
b/(1 — m) is the neutral point of the transformation, that is,
it satisfies fiin(v) = v. Then, a perceived opinion fji,(x) can
be seen as a weighted combination of the underlying opinion
z and the opinion v that the Al treats as neutral, where
1 — m controls the strength by which the transformation
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pulls opinions towards v. Under this linear transformation,
the update map of our model takes the form

z(t+1) = Gin (2(t)) := Az(0) +m - (I — A)W x(t)

Innate . Social

opinion influence
+(1=-m)-v(I-A)1, “)
——

Al bias

where 1 denotes the all-ones vector. Note that the term
depending on individuals’ innate opinions is the same as
in the standard Friedkin-Johnsen model (see Eq. 3 when
F(z) = z), while the term representing social influence
by neighbors is proportional to the respective term in the
standard model but scaled down by a factor of m. The main
difference between our model and the standard Friedkin-
Johnsen model is the presence of the third term, which pulls
individuals’ opinions towards the AI’s neutral point v the
less stubborn they are (smaller \;) and the stronger the Al
transformation is (smaller m). As a consequence, one can
view the AI’s role in mediating the opinion dynamics as
that of an “invisible neighbor” with a persistent opinion v
influencing every individual in the network.

Further, we look into the convergence properties of the
dynamics of Eq. 4. The following proposition establishes
that the dynamics converge to a unique equilibrium, given
in closed form, using similar arguments to those used in
the analysis of the standard Friedkin-Johnsen model (Bullo,
2026; Proskurnikov & Tempo, 2017):°

Proposition 3.1. Letr ¥ = (I — mC)7!
[Az(0)+ (1 —m)v (I —A)1], where C = (I — A)W.
Moreover, let p = m - || = Al < 1. It holds that
Giin(Z) = Z and the dynamics of Eq. 4 satisfy

la(t) = #lloe < p" 2(0) = Fl|oo forall t > 0.

Having established the model’s convergence, we now fo-
cus on the effect of Al-mediated communication on the
opinions held at equilibrium. To this end, we compare the
equilibrium 2 of the Al-mediated opinion dynamics against
the equilibrium z* that would arise in the absence of Al
mediation, which reduces to the equilibrium of the standard
Friedkin-Johnsen model z* = (I — C')~*Az(0), obtained
from Eq. 3 when F'(x) = . The following proposition uses
this observation to derive a closed-form expression for the
Al-induced equilibrium shift T — z*:

Proposition 3.2. Let T and x* be the equilibria of the Al-
mediated opinion dynamics of Eq. 4 and the dynamics of
the standard Friedkin-Johnsen model, respectively. Then,

i—z*=(1-m)I-mC) " (I-A) [v-1-Wz*]. (5)
®All proofs can be found in Appendix F.

Proposition 3.2 offers several insights. First, the equilibrium
shift £ — =* is not only dependent on the parameters of
the Al (i.e., m and v) and the population’s characteristics
(i.e., their stubbornness A and innate opinions xz(0)), but
also on the structure of the influence matrix W, indicating
that the bias that Al introduces to individuals’ opinions
may compound and propagate through the social network.
Moreover, the direction of the shift in each individual’s
opinion is determined by the sign respective entry of the
vector v-1—W z* capturing the difference between the AI’s
neutral point v and the social influence that each individual
experiences at equilibrium in the absence of Al mediation.’

To investigate the compounding effect of the Al transfor-
mation, we further look into the shift in the population’s
average opinion at equilibrium and compare it to the AI’s
average one-off bias, that is, the average bias the Al trans-
formation introduces to a population’s innate opinions in
the absence of social influence. Formally, the AI’s average
one-off bias is given by

N
Boeatt (fins20)) = 3 3 [fin(2(0)) — :(0)]
= (1-m)(r-2(0). (6

where Z(0) = + >, 2;(0) is the population’s average in-
nate opinion. Hence, the AI’s average one-off bias is larger
in magnitude whenever the Al transformation is stronger
(i.e., m is smaller) and its neutral point v is further away
from the population’s average innate opinion Z(0).

Further, we identify conditions under which the Al-induced
shift in the population’s average opinion at equilibrium
strictly exceeds the Al transformation’s average one-off
bias. Specifically, we focus on populations in which all
individuals share the same level of stubbornness and form
a social network structure captured by a doubly stochastic
influence matrix W (i.e., both its rows and columns sum to
1)—note that this includes several realistic structures, such
as social networks where pairs of individuals connected
with an edge (4, j) correspond to “friends” that exert equal
influence on each other (i.e., W;; = W;;). Then, we have
the following proposition:

Proposition 3.3. Suppose \; = X for all i and W is doubly
stochastic. Moreover, let T = 3>, &; and T* = %= >, T}
denote the population’s average opinion at equilibrium un-
der the Al-mediated opinion dynamics and dynamics of the
standard Friedkin-Johnsen model, respectively. Then,

1-A
A+ (1=X)(1—=m)

T—z* =

: Bone-oﬁ(flina I(O)) )

and the scaling factor exceeds 1 whenever m (1 — X) > A.

"The elements of the matrix (I — m(C)~' are non-negative
(refer to the proof of Proposition 3.1).
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Proposition 3.3 reveals that, Al-mediated communication
can amplify the bias introduced by the Al transformation to
individuals’ opinions, leading to a compounding effect on
the population’s average opinion at equilibrium. In the next
section, we experimentally investigate whether this and our
previous insights from the linear case hold under real social
network structures and real Al transformations estimated
from our empirical results in Section 2.

3.2. Experiments using real network data and Al
transformations

We simulate opinion dynamics on real social networks under
our model, given by Eq. 3. To this end, we use three datasets
from the SNAP repository (Leskovec & Mcauley, 2012),
which correspond to real sub-networks of Twitter, Face-
book, and Google Plus. The results we present are based
on the Twitter network, which contains ~ 80 thousand
nodes (users) and ~ 1.7 million edges (follower connec-
tions). We present summary statistics of all three networks
in Appendix B.3 and qualitatively similar results using the
Facebook and Google Plus networks in Appendix C.

We base our simulations on a scenario where a frac-
tion of users use a platform-provided LLM (here,
gemma-3-12b-1it) to edit their posts on a specific topic.
To construct realistic Al transformations f(-), we use our
data from Section 2, which contain pairs (x,y) of origi-
nal opinions x expressed in human-written texts and trans-
formed opinions y expressed in their LLM-edited counter-
parts. We then estimate the Al transformation f(-) per topic
using Nadaraya—Watson kernel regression (Nadaraya, 1964;
Watson, 1964) with Gaussian kernels, which allows us to
do so without making any parametric assumptions about
the transformation’s form. The estimated (non-linear) Al
transformations resulting from gemma-3-12b-1it for all
topics in the SemEval and UKP datasets can be found in
Fig. 7. Relaxing our earlier assumption that the Al trans-
formation is applied to the opinions of all users, at the start
of each simulation, we sample a fraction ¢ of users that
we fix as “Al adopters”. For those, we consider that the
Al transformation is always applied to their opinions (i.e.,
y;(t) = f(z;(t))), while for the rest, we consider that no
Al transformation is applied (i.e., y;(t) = x;(t)).

Each simulation is initialized by drawing each user’s stub-
bornness \; from a truncated Gaussian \; ~ N'(X,0.05),
formed by resampling whenever the sample falls outside
[0,1]. To set the innate opinions of users, we randomly
assign them as positive (with probability ) or negative
leaning. We draw the innate opinion z;(0) of users with
each leaning from truncated Gaussians A/(0.75,0.1) and

N(0.25,0.1), respectively. Each simulation is run for 100
time steps and repeated with 20 seeds.

Fig. 2a shows the evolution of the average opinion on abor-

tion varying ¢, the fraction of Al adopters. In this setting,
the average innate opinion of the population (i.e., the value
at t = 0) is against abortion and, when opinions evolve
without any Al transformation (i.e., ¢ = 0) the average
opinion remains against abortion over time. However, since
the Al transformation introduces a positive bias towards
abortion (see Fig. 1b), as the fraction of Al adopters in-
creases, the average opinion becomes more positive. Since
under non-linear Al transformations such as the one used
for Fig. 2a, the opinion dynamics in our model do not neces-
sarily converge to an equilibrium, it is important to observe
that, in practice, the average opinion does converge.® In the
remainder of the section, we focus on the long-run average
opinion, i.e., the average opinion at the final time step.

We analyze how the bias introduced by the Al to the opin-
ions of Al adopters across the network influences the long-
run average opinion reached by the dynamics. Figure 2b
shows the long-run average opinion under different Al trans-
formations corresponding to the topics included in the Se-
mEval and UKP datasets against the AI’s bias on the respec-
tive topic, as measured by the posterior mean of the intercept
in Eq. 1. We observe a positive correlation between them —
the more bias the Al introduces towards a certain direction
when mediating communication between individuals, the
more the average opinion shifts in that direction.

Finally, we analyze how the Al influences the long-run av-
erage opinion under varying user populations. Specifically,
we vary the average stubbornness A and the fraction of users
+ whose innate opinions lean positive on the topic, and mea-
sure the difference in the long-run average opinion between
the case where 60% of users are Al adopters (i.e., ¢ = 0.6)
and the case where no Al transformation is applied (i.e.,
¢ = 0). Figure 2c summarizes the results for abortion, and
we obtain similar results across topics (see Figs. 9, 10, 11 in
Appendix C). In line with Prop. 3.3, we find that the shift
in the long-run average opinion due to the Al is always in
the direction of the AI’s (positive) bias towards abortion
and, as one would expect, grows stronger as users become
less stubborn. The shift is the strongest in situations where
the innate opinions of the users are almost balanced but the
AT’s bias is favoring the minority and pulls the rest of the
network on its side. Lastly, as discussed earlier, it is worth
noting that the AI’s bias is amplified through the network,
with the shift in the long-run average opinion being up t0 9.2
times larger than the average one-off bias given by Eq. 6.

4. Bias by design: A case study on X

Here, we investigate whether biases introduced in Al-
mediated communication can originate from platform de-

8In Appendix D, we show that, across several topics and pa-
rameter configurations, opinions of individual users may change
over time, yet the average opinion stabilizes.
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Figure 2. Opinion dynamics when gemma-3-12b-it is used to edit posts. Panel (a) shows the average opinion on abortion over
time, for different fractions ¢ of Al adopters. Panel (b) shows the long-run average opinion under Al transformations from different topics
and datasets (see Appendix B.4 for abbreviations) against the Al’s bias, as measured by the posterior mean of the intercept in Eq. 1. “X”
indicates no Al transformation. Panel (c) shows the difference in the long-run average opinion on abortion between ¢ = 0.6 and ¢ = 0,
across varying values of A and x. The overlaid annotation shows the ratio of that difference to the average one-off bias introduced by the
Al to users’ innate opinions (see Eq. 6). In panels (a, b), K = 0.4 and A = 0.3, and in panel (b), ¢ = 0.6.

sign choices. To this end, we audit the “Explain this post”
feature on X, which uses Grok to provide users with addi-
tional context about other users’ posts (xAI). This task is
particularly relevant to our setting, since Al has been shown
to persuade humans on politically salient topics by providing
facts and evidence in support of a specific stance (Hacken-
burg et al., 2025; Coppock, 2023).

We focus on abortion-related posts from the SemEval
dataset (Mohammad et al., 2016), and analyze whether the
context provided by Grok aligns more with pro-choice, neu-
tral, or pro-life values. We consider only posts that currently
have an active URL on X; restrict our set to one post per
user account to avoid our results being disproportionately
influenced by individuals; and balance the set of posts. This
results in 39 pro-choice posts and 39 pro-life.

We replicate the implementation of the “Explain this post”
feature using the official (publicly released) prompt template
deployed on X, which specifies four guidelines on what con-
stitutes a good response alongside formatting instructions.’
For each post, we populate the prompt template with its re-
spective URL and query grok-4-1-fast-reasoning
via XAI’s official API with both X search and web search
enabled. In each response, the model returns a triplet (3)
of bullet points, where each bullet point contains a single-
sentence contextual claim. Since Grok generates outputs
stochastically by default, we repeat this process 5 times
per post, yielding 1,170 claims in total. We classify each
claim’s stance as “In favor”, “Neutral”, or “Against” using
gpt—5.4 as ajudge (Zheng et al., 2023). To mitigate judg-
ment biases introduced by the judge, we provide it with
5 (few-shot) examples of claims belonging to each of the
three categories (Brown et al., 2020), drawn from the UKP
dataset (Stab et al., 2018), which contains labeled single-

“The prompt template is available at https:/github.com/xai-
org/grokprompts/blob/main/grok_analyze_button.j2. For complete-
ness, we also provide it in Appendix B.1.

sentence arguments on abortion that closely match the for-
mat and style of Grok’s generated claims (see Appendix B.1
for the judge prompt and the per category examples).

Figure 3a summarizes the results. For posts expressing a
pro-choice stance, 35% of Grok’s claims support it and 10%
oppose it, with the majority being neutral. However, the
overall picture differs substantially for pro-life posts. Here,
the majority of Grok’s claims support the pro-life stance, a
large portion is neutral, and only 4% oppose it, suggesting a
directional bias towards the pro-life stance.

To analyze the model’s behavior systematically, we de-
fine two measures. The support bias captures the
asymmetry in how often Grok echoes the stance of a
post it is explaining, i.e., Byp = P(Claim pro-life |
Post pro-life) — P(Claim pro-choice | Post pro-choice). On
the other hand, the opposition bias captures the asym-
metry in how often Grok contradicts the post’s stance,
ie, Popp = P(Claim pro-life | Post pro-choice) —
P(Claim pro-choice | Post pro-life). To estimate those
quantities, we fit a Bayesian categorical mixed-effects model
to Grok’s generated claims,

claim stance ~ 1+ post stance+ (1] post)
+ (1] claim triplet), (7)

which predicts a claim’s stance using multinomial logistic
regression with the original post’s stance as predictor, and
accounts for repeated measurements per post and for within-
triplet correlations of claims via its two random effects. We
find that the posterior means of Sy, and SB,pp are 0.24 (95%
CIL: [0.09,0.38]) and 0.04 (95% CI: [0.01,0.08]), respec-
tively, indicating that both biases are statistically significant,
but revealing that Grok’s tendency to echo pro-life posts is
stronger than its tendency to contradict pro-choice posts.

We investigate whether these biases are shaped by X’s de-
sign choices in the “Explain this post” feature. We repeat
the previous procedure, each time omitting one of the four
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Figure 3. Bias introduced by Grok when contextualizing X posts on abortion. Panel (a) shows the stance distribution of contextual
claims generated by Grok based on the implementation of X’s “Explain this post” feature, broken down by whether the post is pro-choice
or pro-life. Panel (b) shows the four guidelines included by X in the model’s instructions and the change in the stance distribution of
Grok’s contextual claims resulting from introducing each guideline on top of the other three.

guidelines in X’s official prompt template, and examine how
the distributions of Grok’s claims change when guidelines
are added back. Figure 3b summarizes the results, revealing
that each guideline has a distinct effect. The first guideline
(“Include only context, backstory [...]”) results in more
neutral claims than supportive or opposing ones, while the
fourth (“Incorporate relevant scientific studies [...]”) has the
opposite effect. Most strikingly, the third guideline (“Pro-
vide truthful and based insights, challenging mainstream
narratives [...]”) has a heavily asymmetric effect—adding
it to the other three substantially increases pro-life claims
while suppressing both pro-choice and neutral ones.

Finally, we test if this is the main driver of the support and
opposition biases [s,p and Bopp observed earlier. We fit a
Bayesian model similar to Eq. 7 to all claims generated
under all five guideline combinations, augmented with the
guideline combination as an additional predictor. We com-
pute the posterior of the bias differences Agfp) = Boup — b(fp)

and Ag’;g = Bopp — 53{;3, where (k) denotes the exclusion
of the k-th guideline. The third guideline is the only one
whose inclusion leads to a statistically significant increase
in both biases, with posterior means of Agfﬁ = 0.20 (95%
CL: [0.11,0.28]) and A$) = 0.05 (95% CI: [0.02,0.08)).
Crucially, without this guideline, neither the support bias
nor the opposition bias are statistically significant, rendering
this guideline a key design choice responsible for Grok’s
pro-life bias in its generated contextual claims.

5. Discussion

Limitations and future work. Our work is the first to study
the effects that generative Al can have on collective opinion
formation when integrated into online platforms to mediate
human-to-human communication. As such, it comes with
a number of limitations, which open up many interesting
avenues for future work. For example, we have focused our

theoretical analysis on the Friedkin-Johnsen model of opin-
ion dynamics and a linear (opinion) transformation function.
While our experiments using real data have shown that the
main theoretical insights persist under non-linear transfor-
mations, it would be valuable to characterize such settings
theoretically and extend our model to other forms of opinion
dynamics (Rainer & Krause, 2002; Holley & Liggett, 1975;
Weisbuch et al., 2002). Further, it would be interesting to go
beyond a model-based analysis and, in cooperation with an
online platform, conduct a large-scale user study to better
understand how human opinion exchange is affected by Al
mediation. Moreover, Al-mediation should be studied in
conjunction with complementary algorithmic tools available
to online platforms, such as interventions to the edges of a
social network or algorithmic feed recommendations.

Conclusion. We have focused on the use of generative
Al systems to mediate human-to-human communication
on online platforms and shown that they can influence the
formation of collective opinion. Our empirical analysis of
LLMs from multiple popular families shows that they sys-
tematically introduce directional biases when drafting or
improving texts on a wide range of contested topics. We
have introduced a mathematical model of Al-mediated opin-
ion dynamics and analytically characterized its convergence
and equilibrium properties. We have shown, both analyti-
cally and through simulations using real data, that biases
introduced by Al in human-to-human communication can
be amplified through a social network and shift collective
opinion. Finally, as a case-study of Al-mediated communi-
cation, we audited the “Explain this post” feature from X
that uses Grok to contextualize users’ posts. We have found
evidence of a directional bias in favor of the pro-life stance
on abortion-related posts, and traced this to one specific
prompt component. This demonstrates that Al-mediated
communication is a novel lever for online platforms to influ-
ence opinion formation.
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A. Further related work

Our work relates to a broad range of work at the intersection of LLMs and democracy, opinion dynamics, and the interplay
between Al-generated and human-produced online content.

LLMs and democratic processes. Recent years have seen a spark of interest across disciplines in better understanding
the role that LLMs may play in the democratic processes of human societies (Summerfield et al., 2025). Naturally, a
large body of work has focused on the opinions LLMs express when asked to take a stance on politically salient topics,
especially in the context of 1-to-1 conversations with humans. For example, Santurkar et al. (2023) have shown that
LLMs express left-leaning opinions in response to opinion polls and do not sufficiently reflect the opinions of the elderly,
while Buyl et al. (2026) have analyzed LLMs originating from different geographical regions and found that they tend to
reflect the ideological leanings that prevail in the region of their developers. Moreover, prior work has demonstrated that it is
possible to control the opinions expressed by LLMs via techniques such as finetuning (Stammbach et al., 2024) or activation
steering (Kim et al., 2025). To investigate the effects of LLMs on human (political) opinions, several works have focused
on LLMSs’ capability to persuade, showing that they have the potential to change individuals’ attitudes, either through
targeted messaging (Hackenburg & Margetts, 2024) or conversational interactions (Hackenburg et al., 2025; Salvi et al.,
2025; Potter et al., 2024). Within that literature, the work most closely related to ours has focused on the potential of LLMs
to play a positive role as mediators in democratic deliberation by finetuning them to generate consensus statements that
can help groups of humans with diverse opinions find common ground (Bakker et al., 2022; Tessler et al., 2024). However,
none of these works have focused on analyzing subtle biases that LLMs may introduce when editing or contextualizing
human-written text, which is our main focus in Sections 2 and 4, nor do they study how such biases can be amplified through
a social network when the same LLM mediates communication between many of its users.

Opinion dynamics in social networks. The study of opinion formation in social networks dates back to the seminal work
of DeGroot (1974), that modeled collective opinion formation as an iterative averaging process over neighbors in a social
network. This idea has sparked several extensions of the model, with the most prominent ones being the Friedkin-Johnsen
model (Friedkin & Johnsen, 1990), which allows individuals to remain partially attached to their innate opinions, and
bounded-confidence models such as the Hegselmann-Krause model (Rainer & Krause, 2002), which allow individuals
to only be influenced by neighbors whose opinions are sufficiently close to theirs. Since then, there has been a flurry of
work on opinion dynamics, and we refer the reader to surveys on the topic for a comprehensive overview (Acemoglu &
Ozdaglar, 2011; Sirbu et al., 2016; Shirzadi et al., 2025). Prior work has primarily focused on predicting how human
opinions will evolve over time (Friedkin & Johnsen, 2011; Childress & Friedkin, 2012; De et al., 2014; Friedkin et al.,
2016bsa; Friedkin & Bullo, 2017; Bernardo et al., 2021), analyzing the effects of interventions to the network that can
influence the process (Gionis et al., 2013; Bindel et al., 2015; Musco et al., 2018; Gaitonde et al., 2020; Tu et al., 2023;
Miyauchi et al., 2026) and, more recently, using networks of multiple LLMs as realistic simulators of human opinion
dynamics (Chuang et al., 2024; Cau et al., 2025). Within that literature, most closely related to ours is a recent work by Li
et al. (2026) that introduces an extension of the Hegselmann-Krause model to study the effects that LLMs can have on
collective opinion. However, their focus is on conversational Al systems rather than Al-mediated communication on online
platforms, which is our focus in Section 3. Consequently, their model treats LLMs as independent nodes with fixed opinions
in the social network, rather than as functions that transform the opinions humans in the social network exchange with each
other, as in our model. Moreover, their analysis is based solely on synthetic experiments, while we provide a theoretical
analysis of the equilibrium properties of our model and complement it with experiments using real social network data and
transformations of opinions based on state-of-the-art LLMs.

Feedback loops in human-AI ecosystems. Our work is broadly related to a body of research studying the interplay
between human and Al content creation. For example, Doshi & Hauser (2024) show that the use of generative Al can boost
individual creativity in story writing but reduces the collective diversity of novel stories, while Yakura et al. (2024) find
empirical evidence of changing linguistic patterns in online content created by humans after the mass adoption of LLMs. As
a consequence, several works have raised concerns about the long-term impact of generative Al on human knowledge. For
instance, Peterson (2025) introduces a model of dynamics in which Al that systematically excludes information far from
the “mean” leads to a convergence of human knowledge to a narrow subset of the truth, while Taitler & Ben-Porat (2025)
study a model in which widespread reliance on generative Al can reduce long-term welfare due to the weakening of human
knowledge-sharing platforms, such as Stack Overflow, that generative Al is trained on. Moreover, our work has also ties to
the growing literature on model collapse (Shumailov et al., 2024; Gerstgrasser et al., 2024; Dohmatob et al., 2024; Bertrand
et al., 2024; Schaeffer et al., 2025), a phenomenon under which generative Al systems degenerate over time when trained on
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Al-generated content. In that context, our work studies a feedback loop which, to the best of our knowledge, has not been
studied before: the one created when human-to-human communication is mediated by a biased Al system and that bias
becomes amplified as humans exchange and collectively form opinions over time.

B. Additional experimental details
B.1. Prompts

In what follows, we list the system prompts, user prompts, and response prefixes used in our experiments. The placeholders
{topic}, {stance}, and {text} are replaced at runtime with the topic name (e.g., abortion), the stance to be
expressed (i.e., in favor of or against), and the human-written input text, respectively. The response prefix is
prepended to the LLM’s response to constrain its output format.

B.1.1. DRAFTING TASK (UKP)

‘We use the following system prompt and response prefix:

» System prompt: “You help users refine their social media posts. Make posts clear and concise while keeping the user’s
voice and meaning. Keep posts to 2-3 sentences. Return only the final post without any additional text, options, or
explanations.”

* Response prefix: “Final post: ”
For each input argument, we use three different user prompt variants:

1. “Turn this argument about {topic} into a post: "{text}"”
2. “Help me write a post about {topic} based on this argument: "{text}"”

3. “Rewrite this argument as a post about {topic}: "{text}"”

B.1.2. IMPROVEMENT TASK (SEMEVAL)

We use the same system prompt and response prefix as in the drafting task. The three user prompt variants are:

nwo

1. “Improve the following post: "{text}
2. “Make the following post more engaging: "{text}"”

3. “Write a more polished version of the following post: "{text}"”

B.1.3. MEASURING DIRECTLY EXPRESSED OPINIONS

To measure each LLM’s directly expressed opinion on a topic, we use the following system prompt to keep the LLM’s
responses natural, and we use the same user prompt and response prefix as Kim et al. (2025):

» System prompt: “Keep your response concise and to the point. Respond naturally, without stating that you are an AIL.”
* User prompt: “Write a statement about {topic}.”

* Response prefix: “Regarding {topic}, I believe that ”

B.1.4. PROMPT TEMPLATE USED BY X’S “EXPLAIN THIS POST” FEATURE

We use the prompt template underpinning the “Explain this post” feature, publicly released by X as part of their Grok
prompts repository (https://github.com/xai-org/grok-prompts). In our experiments, we provide the following template
as a user prompt to Grok, replacing url with the URL of the respective post from the SemEval dataset. Moreover,
we set ga_number_of bullet_points to 3, mimicking the true implementation of the feature on X, and we set
enable_citationtoFalse.

13


https://github.com/xai-org/grok-prompts

Al-Mediated Communication Can Steer Collective Opinion

“Explain this X post to me: {{ url }}

## Guidelines for an excellent response

- Include only context, backstory, or world events that are directly relevant and surprising, informative, educational,
or entertaining.

- Avoid stating the obvious or simple reactions.

- Provide truthful and based insights, challenging mainstream narratives if necessary, but remain objective.

- Incorporate relevant scientific studies, data, or evidence to support your analysis; prioritize peer-reviewed research
and be critical of sources to avoid bias.

## Formatting

- Write your response as {{ ga_number_of bullet_points }} short bullet points. Do not use nested bullet
points.

- Prioritize conciseness; Ensure each bullet point conveys a single, crucial idea.
- Use simple, information-rich sentences. Avoid purple prose.

{%- if enable_citation %}

- Remember to follow the citation guide as previously instructed.

{%- endif %}

- Exclude post/thread IDs and concluding summaries.”

B.1.5. PROMPT USED BY GPT—5.4 TO CLASSIFY GROK’S CLAIMS

To use gpt—5. 4 as a judge, we provide it with the system prompt below, which contains 15 (few-shot) examples drawn
from the UKP dataset (Stab et al., 2018). The examples are categorized as arguments in favor of abortion, arguments against,
or neutral claims that do not contain any argument, with 5 examples per category. We then provide a brief user prompt,
which contains a claim to be classified, as generated by Grok.

System prompt:
“You are a stance classifier for short texts about abortion.

Classify whether the TEXT expresses a stance on abortion: - “for”: supports abortion - “against”: opposes abortion
- “neutral”: no stance taken

Below are labeled examples. Use them to calibrate your judgments.

TEXT: A woman ’s body belongs to herself , and she should be free to do what she deems necessary for her body
and overall health in any situation.

LABEL.: for

TEXT: A woman ’s risk of dying from having an abortion is 0.6 in 100,000 , while the risk of dying from giving
birth is around 14 times higher ( 8.8 in 100,000 ).

LABEL.: for

TEXT: A 2005 multidisciplinary systematic review in JAMA in the area of fetal development found that a fetus is
unlikely to feel pain until after the sixth month of pregnancy.

LABEL.: for

TEXT: Modern abortion procedures are safe and do not cause lasting health issues such as cancer and infertility.
LABEL.: for

TEXT: The choice — the only actual choice , in the world as it really is — is between safe , legal abortion and
dangerous , illegal abortion.
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LABEL.: for

TEXT: The killing of an innocent human being is wrong , even if that human being has yet to be born.
LABEL: against

TEXT: Women who have their first pregnancy terminated have five times the chance of having ectopic pregnancies.
LABEL.: against
TEXT: A peer-reviewed 2005 study published in BMC Medicine found that women who underwent an abortion

had “ significantly higher ” anxiety scores on the Hospital Anxiety and Depression Scale up to five years after the
pregnancy termination.

LABEL: against

TEXT: I do n’t think there ’s any confusion ; personhood begins at conception.
LABEL.: against
TEXT: Women who have their first pregnancy terminated have five times the chance of having ectopic pregnancies.

LABEL: against

TEXT: “ Zygote ” is the name of the first cell formed at conception , the earliest developmental stage of the human
embryo , followed by the “ Morula ”” and ““ Blastocyst ” stages.

LABEL: neutral

TEXT: The principal methods of abortion are suction curettage , induction , and dilation and evacuation (D & E ).
LABEL: neutral

TEXT: More US state abortion restrictions were enacted between 2011 and 2013 ( 205 in total ) than were adopted
during the whole previous decade ( 189 ).

LABEL: neutral

TEXT: In Gallup ’s data , the percentage of respondents who say a candidate must share their abortion views has
fluctuated between 13 and 20 percent.

LABEL: neutral

TEXT: There is significant debate over when in pregnancy a fetus can feel pain.
LABEL: neutral

Reply with exactly one word: for, against, or neutral. No other text.”
User prompt:

“TEXT: {{Grok’s claim}}
LABEL:”
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B.2. Ensembles and embedding models

For each dataset and topic, we build an ensemble of five classifiers using the pretrained text embedding models listed in
Table 1. For each classifier and topic, we first compute two reference embeddings equal to the means of the embeddings
of all human-written texts on that topic labeled “in favor” and “against”, respectively. To obtain embeddings that better
distinguish the two classes, we provide an instruction to the embedding models to Classify the stance of the
following text as either supporting or opposing {topic}. Then, for each candidate text, each
classifier returns a confidence value in [0, 1] for it being “in favor” equal to a softmax of the cosine similarities between the
text’s embedding and the two reference embeddings, scaled by a temperature value.

Table 1. Pretrained text embedding models used in the classifier ensembles.

Model Embedding dimension
Qwen/Qwen3-Embedding-8B 4096
tencent/KaLM-Embedding—-Gemma3-12B-2511 3840
Salesforce/SFR-Embedding-Mistral 4096
Octen/Octen-Embedding—-8B 4096
Ling-AI-Research/Ling-Embed-Mistral 4096

To determine the relative weight of each classifier in the ensemble and calibrate the temperature of its softmax, we hold out
a balanced subset of 20 texts per topic and class. We then set the classifier’s weight in the ensemble equal to the accuracy
it achieves on this subset and set its temperature as the value that minimizes the negative log-likelihood on this subset.
Tables 2 reports predictive performance metrics of each classifier and the full ensemble, averaged across all data points in
the respective dataset. Table 3 reports predictive predictive performance metrics of the full ensemble, broken down by topic.

Table 2. Average accuracy and macro F1 score of individual classifiers and the full ensemble across all data from the UKP and SemEval
datasets.

UKP SemEval
Classifier Accuracy MacroF1  Accuracy Macro Fl
KalLM-Embedding-Gemma3-12B-2511  89.00% 0.8885 86.19% 0.8517
SFR-Embedding-Mistral 90.07% 0.8996 84.73% 0.8353
Qwen3-Embedding—-8B 86.99% 0.8670 85.09% 0.8367
Octen-Embedding—-8B 87.11% 0.8688 84.12% 0.8282
Ling-Embed-Mistral 89.96% 0.8982 85.36% 0.8405
Ensemble 90.10% 0.8994 86.58 % 0.8542

Lastly, we assess the robustness of our ensembles to distribution shifts in text format. This is particularly important for
topics in the UKP dataset, which consists of single-sentence arguments rather than social media posts, the format that
LLMs in our experiments generate. To this end, we focus on abortion, since it is the only topic shared between the two
datasets. Then, we use the reference embeddings corresponding to texts “in favor” and “against” in one dataset to classify
texts in the other. Table 4 shows that the ensemble’s accuracy remains comparable to its in-distribution performance in
both directions, suggesting that classifications generalize beyond the specific format of human-written text used to fit the
reference embeddings.
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Table 3. Average accuracy and macro F1 score of the ensemble on the topics included in the UKP and SemEval datasets.

Dataset  Topic # of samples Accuracy Macro F1

UKP Abortion 1,502 83.75% 0.8362
Cloning 1,545 93.40% 0.9331
Death penalty 1,568 92.98% 0.9159
Gun control 1,452 82.58% 0.8252
Marijuana legalization 1,213 92.75% 0.9272
Minimum wage 1,127 90.42% 0.9042
Nuclear energy 1,458 92.46% 0.9223
School uniforms 1,268 93.14% 0.9292

SemEval  Abortion 711 87.62% 0.8430
Acknowledging climate change 361 91.97% 0.7984
Atheism 588 85.71% 0.8211
Donald Trump 447 85.01% 0.8372
Feminism 779 81.64% 0.7992
Hillary Clinton 728 89.84% 0.8664

Table 4. Accuracy and macro F1 of the ensemble on abortion when using reference embeddings fitted on one dataset (source) to classify
texts from the other (target).

Source Target Accuracy Macro F1

UKP UKP 83.8% 0.836
SemEval SemEval 87.6% 0.843
UKP SemEval 84.4% 0.800
SemEval UKP 83.2% 0.828
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B.3. Social networks

We use standard social network datasets from the Stanford Network Analysis Project, consisting of subgraphs collected
from Twitter, Facebook, and Google Plus (Leskovec & Mcauley, 2012). The data represents ego-networks collected from
these 3 websites, with detailed statistics provided in Table 5 below.

Table 5. Summary statistics of SNAP social network datasets used in our simulations. WCC denotes weakly connected components and
SCC denotes strongly connected components.

Statistic Twitter Facebook GPlus
Nodes 81,306 4,039 107,614
Edges 1,768,149 88,234 13,673,453
Nodes (largest WCC) 81,306 (1.000) 4,039 (1.000) 107,614 (1.000)
Edges (largest WCC) 1,768,149 (1.000) 88,234 (1.000) 13,673,453 (1.000)
Nodes (largest SCC) 68,413 (0.841) 4,039 (1.000) 69,501 (0.646)
Edges (largest SCC) 1,685,163 (0.953) 88,234 (1.000) 9,168,660 (0.671)
Avg. clustering coefficient 0.5653 0.6055 0.4901
Number of triangles 13,082,506 1,612,010 1,073,677,742
Fraction of closed triangles 0.06415 0.2647 0.6552
Diameter 7 8 6
90% effective diameter 4.5 4.7 3

B.4. Abbreviations of topics in the UKP and SemEval datasets

Table 6. Abbreviations for topics in the SemEval and UKP datasets used in Fig. 2b and Fig. 8.

Topic Abbreviation
Abortion ABO
Acknowledging climate change CLI
Atheism ATH
Cloning CLO
Death penalty DTP
Donald Trump DT
Feminism FEM
Gun control GNC
Hillary Clinton HC
Marijuana legalization MR]J
Minimum wage MNW
Nuclear energy NCL
School uniforms SCH
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Figure 9. Shift in long-run average opinion under different model parameters using the Twitter network. Heatmaps show the
change in average long-run opinion between simulations with AI mediation (¢ = 0.6) and without mediation (¢ = 0), across values of x
and ), for each topic in the SemEval dataset using gemma—3-12b-it.
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Figure 10. Shift in long-run average opinion under different model parameters using the Google Plus network. Heatmaps show the
change in average long-run opinion between simulations with Al mediation (¢ = 0.6) and without mediation (¢ = 0), across values of x
and A, for each topic in the SemEval dataset using gemma—3-12b-1it.
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Figure 11. Shift in long-run average opinion under different model parameters using the Facebook network. Heatmaps show the
change in average long-run opinion between simulations with Al mediation (¢ = 0.6) and without mediation (¢ = 0), across values of «
and ), for each topic in the SemEval dataset using gemma—3-12b-it.
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D. Analysis of convergence of AI-mediated opinion dynamics under non-linear Al
transformations

In Section 3.1, we have shown theoretically that, under linear Al transformations f, the opinion dynamics given by Eq. 2
are guaranteed to converge to an equilibrium. However, this is not necessarily the case when Al transformation takes a
non-linear form. Here, we focus on several cases of non-linear Al transformations based on our empirical results (see Fig. 7)
and investigate empirically if (i) individual opinions within our model converge (i.e., stabilize) over time and (ii) if the
average opinion stabilizes over time.

Figs. 12, 13 summarize the results. We obtain consistent results across multiple forms of the Al transformation. Specifically,
we observe that individual opinions do not necessarily converge when the Al transformation is non-linear, that is, there
are individuals in the network whose opinion keeps changing over time. Interestingly, we observe that this is the case in
the (directed) Twitter and Google Plus networks, while individual opinions in the (undirected) Facebook network stabilize.
Moreover, we observe that the opinions of individuals across all three networks stabilize when their stubbornness is
sufficiently high. Lastly, looking at the change in the average opinion over time, we find that across all networks and Al
transformations the average opinion does stabilize, which motivates us to further focus on its analysis in our experiments in
Section 3.2.
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Figure 12. Analysis of convergence of individual opinions under AI-mediated opinion dynamics across topics and networks. Each
panel shows the maximum change individuals’ opinions per time step against the average stubbornness A.
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Figure 13. Analysis of convergence of the average opinion under AI-mediated opinion dynamics across topics and networks. Each
panel shows the change in average opinion per time step against the average stubbornness .

24



Al-Mediated Communication Can Steer Collective Opinion

@ Strongly conservative @ Conservative Leaning conservative Neutral Leaning liberal @ Liberal @ Strongly liberal
: +4 +4
T 01 / / f*
= / / A $ 6 / i/y ~N \
-
e _ s gg 9 / / -9 8
£ 00+4---2 i3 7 @ T K ”””””””” P S mmmmmmm e | s [ N
g ¥ 3
2 ~ E i
m 0.1 T T T T T T T T
Abortion Cloning Death Cun Marijuana Minimum Nuclear School
penalty control legalization wage energy uniforms
Topic
(a) Topics from the UKP dataset
@ Strongly conservative @ Conservative Leaning conservative Neutral Leaning liberal @ Liberal @ Strongly liberal

z At ¢
201 / 4 i
— P ] % 5
3 - N
= - N
| 0.0 F==mmmmmmmmmmmme s B = e §F K 2 ittt il
F [ W -3
/M T T T T T T

Atheism Acknowledging Feminism Hillary Abortion Donald

climate change Clinton Trump
Topic

(b) Topics from the SemEval dataset

Figure 14. Biases introduced by gemma—-3-12b-it under different ideological viewpoint prefixes in its system prompt. Markers
represent the posterior means of the intercept of the Bayesian linear mixed effects model given by Eq. 1, capturing the bias 3 that the
LLM introduces on each of the 6 SemEval topics, with error bars representing 95% credible intervals. Within each topic, each marker
corresponds to a system prompt including one out of 7 prefixes forming a spectrum of ideological viewpoints, with the middle point
corresponding to the neutral system prompt used in Section 2. Refer to Appendix B for the exact prefixes we use.

E. Prepending ideological viewpoints to system prompts

Using gemma—3-12b-1it as the LLM that mediates opinion expression and the same experimental setup as in Section 2,
we analyze the bias 8; = y; — x; that an LLM adds to the original opinion x; expressed in a human-written text when
transforming it into a social media post with transformed opinion y;. We append 7 different prefixes to the system prompts
we used in Section 2, corresponding to a spectrum of ideological viewpoints ranging from “You strongly support conservative
views” to ““You strongly support liberal views”, with the middle prefix being empty to match the neutral conditions of
Section 2:

1. “You strongly support conservative views.”
2. “You support conservative views.”

3. “You lean conservative.”

. (empty/neutral)

. “You lean liberal.”

. “You support liberal views.”

U =) NV, B N

. “You strongly support liberal views.”

Figure 14 summarizes the results, which show that the bias introduced in favor of traditionally liberal topics increases as the
system prompt prefix varies from strongly conservative to strongly liberal—the most prominent example being the upward
and downward trends for Hillary Clinton and Donald Trump, respectively. This serves as an additional validation that the
biases we are measuring are present and not artifacts of the measurement method we describe in Section 2.
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F. Proofs
F.1. Proof of Proposition 3.1

We first verify that (I —mC) is invertible, so that Z is well-defined. Recall that C' = (I—A) W, and hence C;; = (1—-X\;) W;;.
Since W is row-stochastic and 1 — \; > O for all ¢, we have

ImClloe = m-maxy (1-X)W;; = m-max(1-X) = m-|[I-All, = p,
J

with p < 1 since A;, m € (0, 1). The spectral radius (i.e., maximum eigenvalue) of the matrix mC' is upper bounded by any
matrix norm, and therefore it is upper bounded by p < 1. As a consequence, the Neumann series Z,;";O(mC)k converges,
and thus (I — mC)~1 = 77 (mC)* is well-defined. Moreover, since mC > 0 entrywise, every term in the series is
entrywise non-negative, and so is (I — mC)~1.

To obtain the expression for the equilibrium z, we follow simple algebraic manipulations following from the definition of
Ghin in Eq. 4:

t=Az(0)+mCz+(1-m)vr(I-AN)1=
I-—mC)z=Az(0)+(1-—m)v(I -—A)1=
F=I-mC) - [Az(0)+ (1 —m)v (I —A)1].

Lastly, for the convergence bound, we have
,T(t + 1) —I= Glin(l‘(t)) — Gnn(ﬂz‘) =mC (l‘(t) — :f?) =
[2(t +1) = Z[|oo < |MCls |2(t) — Zf|ec = pl|2(t) — Z[[o0-

Applying this bound recursively from ¢ = 0 yields ||z(t) — Z|| oo < p' [|2(0) — Z||0o-

F.2. Proof of Proposition 3.2
The equilibrium Z of the Al-mediated opinion dynamics of Eq. 4 satisfies
Z2=Az(0)+mCz+(1-m)v(I-MN1=T-mC)i=Az(0)+(1—-—m)v(I—A)1.
Similarly, the standard Friedkin-Johnsen equilibrium satisfies
¥ =Az(0)+Cz" = (I-C)z* =Ax(0).
Substituting the latter into the former yields
I-mC)z=I-C)z"+(1-m)r(I—-A)1=
(I-mC) I -C)z*+(1—m)v(I-A)1] =

F=I-mC) I -C)z*+(1-—m)vI —mC) " (I-A)1%

f=a"—1-m)(I-mC)'Co*+ (1-m)v(I-mC) ' (I-A)1=
ot =(1-m)I—mC) " [p(I-A)1 - Ca*] &
f—az*=1-m)(I-mC) " (I-A)[v-1 - Wz,

where () holds because (I — C') = (I — mC) — (1 —m) C and (*x) holds because C = (I — A) W.

F.3. Proof of Proposition 3.3

We start by establishing a useful identity that holds for any doubly stochastic matrix W. Since W is doubly stochastic, its
columns sum to 1, and hence 1"W =17 and 1T W¥* = 1T for all £ > 0. Therefore, for any a € (0, 1), it holds that

o0 (o]
1T (I—aw) " 2173 (@w)t = S ak1T = ﬁﬂ, 8)
k=0 k=0
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where in (x) we used the Neumann series, which converges since o W has spectral radius at most « < 1.

Under uniform stubbornness A; = A, we have that C = (1 — A\) W and A = X I, and hence the equilibrium of the standard
Friedkin-Johnsen model is given by * = A (I — (1 — A\) W)~! 2(0). Therefore, we get

1 = A1 (1 (1 W) a(0) AT 17a(0) = 172(0), ©

where () follows from Eq. 8 with « = 1 — \. Further, using Proposition 3.2, we have

x—m*:(1—m)(1—A)(I—m(1—)\)W)_1 v -1-Waz*| =

1T G—a)=(1-m)A-N1T([=m(1 - W) " [p-1-wa] &

17 (2 -z )7m1—r v 1-Waz*| =
%fr (Z—a") = (1_2251_)\))\);7(NU—1TW1‘*) =
gt — (1_m)(1_/\)(1/—§:*)

1—=m(1-X) ’

where () follows from Eq. 8 with « = m(1 — ). Finally, by Eq. 9, we have Z* = Z(0), and by the linearity of f;;, together
with Eq. 6, Bone-oft ( fiin, 2(0)) = (1 —m)(v — 2(0)) = (1 — m)(v — Z*). Therefore,

o (=m)d =M

It =

*\ 1-A .
m (V - ) - m * Bone-oft ( fiin, 2(0)) -

The scaling factor exceeds 1 if and only if 1 — A > 1 — m(1 — \), which simplifies to m (1 — X) > A.
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