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Abstract
Modern social networks rely on recommender systems that inadvertently amplify misinformation
by prioritizing engagement over content veracity. We present a control framework that mitigates
misinformation spread while maintaining user engagement by penalizing content characteristics
commonly exploited by false information, specifically, extreme negative sentiment and novelty.
We extend the closed-loop Friedkin-Johnsen model to incorporate the mitigation of misinformation
alongside engagement maximization. Both model-free and model-based control strategies demon-
strate up to 76% reduction in misinformation propagation across diverse network configurations,
validated through simulations using the LIAR2 dataset with sentiment features extracted via large
language models. Analysis of engagement-misinformation trade-offs reveals that in networks with
radical users, median engagement improves even as misinformation decreases, suggesting content
moderation enhances discourse quality for non-extremist users. The framework provides practical
guidance for platform operators in balancing misinformation suppression with engagement goals.
Keywords: Misinformation mitigation, recommender systems, opinion dynamics, Friedkin-Johnsen
model, model predictive control, social networks

1. Introduction

Modern social networks connect billions of users but simultaneously create conditions that facili-
tate rapid misinformation spread (Del Vicario et al., 2016). The societal consequences, affecting
democratic processes, public health, and social cohesion (Cinelli et al., 2020; Persily, 2017), have
intensified as research confirms misinformation spreads faster than truth (Vosoughi et al., 2018).

Current mitigation strategies focus on truthfulness through fact-checking and machine learning
(Shu et al., 2017), yet overlook the psychology behind virality. Misinformation strategically ex-
ploits emotional triggers, particularly negative emotions (Brady et al., 2017), and novelty (Berger
and Milkman, 2012) to achieve virality. Recommender systems designed to maximize engagement
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can amplify such content, creating feedback loops that reinforce echo chambers and polarization
(Del Vicario et al., 2015; Mansoury et al., 2020; Pagan et al., 2023; Lanzetti et al., 2023).

Recent advances model recommender systems as control inputs within opinion dynamics frame-
works Dean et al. (2024); Rossi et al. (2022); Chandrasekaran et al. (2024); Dean and Morgenstern
(2022); Mansoury et al. (2020); Sprenger et al. (2024). In particular, Sprenger et al. (2024) de-
veloped a closed-loop Friedkin-Johnsen model where engagement-maximizing recommendations
fundamentally alter network opinion evolution. However, research explicitly addressing misinfor-
mation within this control framework remains limited.

We adapt this framework to model sentiment propagation rather than topical opinion, motivated
by evidence that misinformation spreads through emotional manipulation. We modify the engage-
ment objective to penalize extreme negative sentiment and novelty, characteristics misinformation
exploits for virality, while maintaining user engagement. Both model-free and model-based strate-
gies are developed with convergence guarantees, validated on the LIAR2 dataset (Xu and Kechadi,
2024) using large language models for sentiment extraction.

Our analysis demonstrates up to 76% misinformation reduction across network configurations
including radicalized environments with stubborn extremist users. We reveal engagement-misinformation
trade-offs: while mean engagement may decrease, median engagement in radical networks im-
proves, indicating enhanced discourse quality for non-extremist majorities. The optimal region pro-
vides actionable guides for platform operators balancing content moderation with business goals.

2. Methods

We present a control framework for misinformation mitigation through recommender systems. The
model dynamics and control-loop formulation (Section 2.1) follow Sprenger et al. (2024); we refer
readers there for foundational details. Section 2.2 introduces our modified cost function incorporat-
ing psychological factors associated with misinformation spread. Section 2.3 formulates model-free
and model-based control strategies. Section 2.4 provides convergence proofs.

2.1. Model Dynamics and Control Formulation

We adopt the closed-loop Friedkin-Johnsen framework from Sprenger et al. (2024), representing
users as nodes, with system state x(t) ∈ [0, 1]n, at discrete time t, whose i− th entry represents the
opinion state of the i-th node (user). The recommender acts as an additional node influencing users
through control input u(t) ∈ [0, 1]. This entails that the recommendation system suggests content
in the range [0, 1] on a given topic per time instant to all the connected users, which will influence
their opinions. Recommendation systems of this type are widely used in real-world social media.
In fact, users are grouped into pools based on shared preferences and demographic characteristics,
and each group is shown the same set of recommended items. Importantly, even individuals who
do not directly watch the channel may still be influenced indirectly through interactions with other
users. While Sprenger et al. (2024) model opinion agreement, we employ the same structure to
model sentiment propagation, motivated by evidence that emotional content drives misinformation
virality (Brady et al., 2017; Vosoughi et al., 2018). In our formulation, xi(t) ∈ [0, 1] represents user
i’s sentiment intensity, where xi(t) = 0 corresponds to neutral/positive sentiment and xi(t) = 1 to
highly emotional content. The control input u(t) represents recommended content sentiment.

The network is represented by row-substochastic adjacency matrix Wtotal ∈ [0, 1](n+1)×(n+1),
partitioned into user-to-user interactions W ∈ [0, 1]n×n and recommender-to-user influence wrec ∈
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[0, 1]n. Dynamics evolve as:

x(t+ 1) = (In −Λ)Wx(t) + (In −Λ)wrecu(t) +Λx(0),

where Λ = diag(λ1, . . . , λn) ∈ [0, 1]n×n is the stubbornness matrix with λi ∈ [0, 1] quantifying
user i’s resistance to influence (λi = 0: full susceptibility; λi = 1: complete adherence to xi(0)).
In compact form,

x(t+ 1) = Ax(t) +Bu(t) +Λx(0), (1)

where A = (In−Λ)W and B = (In−Λ)wrec. This linear time-invariant structure enables optimal
control design for u(t) balancing engagement with misinformation mitigation by penalizing high
sentiment intensity.

2.2. Cost Function Modification for Misinformation Mitigation

We modify the engagement objective from Sprenger et al. (2024) to incorporate misinformation
mitigation while acknowledging that platforms fundamentally rely on engagement. The original
engagement cost the recommender system in Sprenger et al. (2024) minimizes, namely

θ(x(t), u(t)) = ∥x(t)− u(t)1n∥22, (2)

measures squared Euclidean distance between user states and recommendations and, based on con-
firmation bias, promotes recommended content u(t) that more closely aligns with users’opinions.
We augment this with penalties for extreme sentiment intensity E(u(t)) = u(t)2 and novelty mod-
ulation N(t, tc) = e−δ(t−tc) for t − tc ≤ z, where δ > 0 controls decay rate, tc is content creation
time, and z defines the content window. Novel content, which misinformation exploits (Berger
and Milkman, 2012), receives higher initial penalty that diminishes over time. The modified cost
accounting for misinformation mitigation is:

θM(x(t), u(t)) = θ(x(t), u(t)) + ρn · u(t)2 · e−δ(t−tc), t− tc ≤ z, (3)

where ρ ≥ 0 controls penalty strength and n ensures consistent scaling across network sizes. The
recommender minimizes

∑∞
t=0 θM(x(t), u). For the sake of mathematical tractability, analytical

results are developed under the assumption that the content creation time tc, is fixed.

2.3. Model-free and Model-based Approaches

Model-free (MF). The MF approach uMF(t) = argminu∈[0,1] θM(x(t), u) minimizes θM at time t
using only the current users’ sentiment vector x(t).
Model-based (MB). The MB approach adopt a model predictive control (MPC) strategy. The theo-
retical optimal steady-state (x∗

MB, u
∗
MB) = argminx,u θM(x, u) subject to x = Ax+Bu+Λx(0)

and u ∈ [0, 1] always exists (Section 2.4). The full MPC formulation is:

O∗
t := min

x·|t,u·|t

T−1∑
k=0

θM(xk|t, uk|t) (4)

s.t. xk+1|t = Axk|t +Buk|t +Λx(0), x0|t = x(t), xT |t = xMB, uk|t ∈ [0, 1], ∀k ∈ [0, T − 1]
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where O∗
t is the general optimization cost function and T is the prediction horizon. The optimizer

output uMB(t) = u0|t is the first element of the MPC solution. The MF and MB approaches have sig-
nificant differences and scopes of informational access. Unlike the MF approach, the MB approach
must have access to the opinion dynamic dependencies A, B and the resilience matrix Λ, which
are hardly measurable. In our simulations, these parameters are treated as known design parameters
set a priori to define the network scenarios under study (see Table 1), rather than being estimated
from data. This reflects the idealized setting in which MB operates and deliberately places it at
an advantage relative to real-world deployment conditions. The near-identical performance of MF
and MB observed throughout Section 4 therefore strengthens the case for the MF strategy, which
requires no such system knowledge.

2.4. Mathematical Analysis and Convergence Proofs

The new cost function definition in (3) requires revisiting the control strategies and their conver-
gence properties. While the Friedkin-Johnsen model structure and graph properties from Sprenger
et al. (2024) remain unchanged, the modified optimization problem necessitates new analysis.

2.4.1. CONVERGENCE ANALYSIS AND STEADY-STATE SOLUTIONS

We now derive the steady-state solutions for both the model-free and model-based approaches and
establish convergence guarantees. The proofs closely follow Sprenger et al. (2024), with modifica-
tions to accommodate the penalty terms in θM.

Model-Free Steady State. The optimal MF control is obtained by minimizing θM(x(t), u(t))
with respect to u at each time step. Given θM is convex, taking ∂θM

∂u = 0 and solving yields:

uMF(t) =

∑n
i=1 xi(t)

n(1 + ρ · e−δ(t−tc))
.

Substituting this into (1) gives the closed-loop dynamics:

x(t+ 1) = (In −Λ)F(t)x(t) +Λx(0),

where F(t) = W + wrec1T
n

n(1+ρ·e−δ(t−tc))
. The matrix F(t) is sub-row stochastic and, given that the

creation time tc, is assumed to be fixed, the matrix F (t) becomes constant as the term e−δ(t−tc)

vanishes, and convergence conditions established in Sprenger et al. (2024) apply. At steady state,
x(t) = x(t+ 1), which yields:

x∗
MF =

(
In −A− B · 1Tn

n

)−1

Λx(0).

Model-Based Steady State.
For the MB approach, we solve the constrained optimization problem (4) using the Karush-

Kuhn-Tucker conditions. The interior solution (0 < u < 1) is:

uMB(t) =
1Tny − vTy

−1Tnv + n+ vTv − vT1n + ρne−δ(t−tc)
→ u∗MB =

1Tny − vTy

−21Tnv + n+ vTv
,

x∗
MB = vu∗MB + y,
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where v = (In −A)−1B and y = (In −A)−1Λx(0).
Convergence Guarantees. The convergence proof for both approaches follows the same struc-

ture as Sprenger et al. (2024). The key modification is in the matrix:

H =

[
In −1n

−1Tn n(1 + ρe−δ(t−tc))

]
,

which replaces their corresponding matrix in the Lyapunov stability analysis. All other proof steps
remain identical, and we refer readers to Sprenger et al. (2024) for the complete argument. The
penalty terms ρ and e−δ(t−tc) preserve the positive definiteness of H required for convergence,
provided ρ ≥ 0 and δ > 0.

3. Simulation Setup

This section details the simulation design, network configurations, and datasets used to evaluate the
proposed misinformation mitigation framework. Two types of networks are considered: a large-
scale synthetic network of 100 agents, and a small radicalized network of 6 agents adapted from
Sprenger et al. (2024). Each network is tested using both synthetic continuous content and real-
world data from the LIAR2 dataset.

3.1. Network Configurations

Network A — 100-agent synthetic network. This network models a general social platform with
n = 100 users. Network parameters are given in Table 1. W is randomly generated with 25% edge
density, weights drawn from U(0, 1) and row-normalized. The recommender is connected to 80% of
users. Stubbornness values Λ are drawn from U(0, 0.05), yielding a weakly stubborn, moderately
connected population. The initial opinion (sentiment) values are drawn from a beta distribution
of parameters α = 7, β = 2, which is skewed toward higher sentiment values (more emotional
intensity), reflecting populations where mildly negative content dominates engagement.
Network B — 6-agent radicalized network. The network replicates the structure of Sprenger
et al. (2024), with fixed weights and topology. User 5 is a radical agent (λ5 = 1), fully anchored
to their prior opinion and disconnected from the recommender. The remaining users have low stub-
bornness (λi ≤ 0.092). The initial opinions are defined as the complement of those used in the
original paper, so that the most stubborn user now holds an extreme negative opinion of 1. Specifi-
cally, x(0) = [0.33, 0.26, 0.17, 0.32, 1.00, 0.41]. This modification ensures that the controller faces
the more challenging task of mitigating an entrenched source of negativity. Unlike the large-scale
network, this setup runs for τ = 50 time steps, which is sufficient for convergence.

3.2. Simulation Scenarios

Each network is simulated under three configurations:

1. Model-Free (MF) without mitigation (ρ = 0), optimizing only user engagement θ, as in
Sprenger et al. (2024).

2. Model-Free (MF) with mitigation (ρ > 0), introducing the misinformation penalty, θM.

3. Model-Based (MB) with mitigation (ρ > 0), using the predictive control formulation.
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Table 1: Simulation Parameters for Both Network Configurations

Parameter Description Value
n Number of users 100 (Network A) / 6 (Network B)
Λh Highest stubbornness 0.05
Λl Lowest stubbornness 0.00
κu User-to-user connectivity 0.25
κr Recommender-to-user connectivity 0.80
τ Time steps 100 (A) / 50 (B)
ρ Penalty strength regulator [0.00, 5.50] (step 0.10)
T MPC prediction horizon 50
z Eligible content window 5
δ Novelty decay rate 0.00

For all cases, we consider both synthetic continuous u(t) ∈ [0, 1] and discrete data-driven content
values described below.

3.3. Data-based Sentiment Extraction

To simulate realistic content, we use the LIAR2 dataset (Xu and Kechadi, 2024), which contains
4000 labeled statements (2000 true and 2000 false) from social media and news sources. For each
statement, we compute a emotional extremity score C(l) ∈ [0, 1] using a transformer-based nat-
ural language processing (NLP) model (Mistral NeMo). The model analyzes each text along six
affective and linguistic dimensions—fear, disgust, anxiety, shock, overall negative sentiment, and
subjectivity—and aggregates them into a single weighted score by giving equal weight (0.15) to
each emotional dimension and slightly higher weight (0.20) to overall negativity and subjectiv-
ity. Higher C(l) values correspond to content with stronger emotional tone or higher potential for
emotional manipulation. The Mistral NeMo model is chosen for its efficiency, accuracy, and open-
source availability. At each simulation time step, a random subset of the 4000 LIAR2 statements is
made available to the recommender. On average, this corresponds to about 40 new pieces of con-
tent per step in the 100-agent network and about 80 in the 6-agent network. The appearance times
are uniformly distributed to emulate a continuous stream of new posts. Consistent with prior re-
search on misinformation virality, false statements exhibit higher average emotional intensity (mean
C(l) = 0.537) compared to true statements (mean C(l) = 0.379).

3.4. Misinformation and Behavioral Metrics

To evaluate the effectiveness of the proposed mitigation strategies, we monitor three complemen-
tary quantities. i) First, we compute the misinformation metric as the ratio of false news, M =
#falsenews

#news , A lower value of M indicates stronger suppression of misinformation exposure. ii) Sec-
ond, we quantify the overall sentiment shift as the absolute change in emotional extremity between
the final and initial states, i.e. the mean (and median) of |xi(τ)− xi(0)| across users. This captures
how much individual sentiment evolves during the simulation.
iii) Finally, we track user engagement, defined as the per-user average of the instantaneous engage-
ment cost introduced in (2), averaged over time. Higher engagement values correspond to stronger
alignment between user sentiment and recommended content.
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Figure 1: Sentiment Dynamics Evolution. Top: 100-User Network showing mean emotional ex-
tremity (solid) and recommender output (dashed) over 100 time steps, comparing baseline (θ,
green), MF mitigation (θM, blue), and MB mitigation (θM, orange) at ρ = 2.5. Left: synthetic;
Right: data-driven. Shaded regions indicate standard deviation. Bottom: 6-User Network with
Radical User, same comparison over 50 time steps. Individual trajectories shown in light lines. Mit-
igation prevents negativity propagation beyond the stubborn radical user.

4. Results

4.1. Misinformation Mitigation Alleviates Users’Emotional Extremity

Figure 1 shows the evolution of user emotional extremity under different control strategies for both
network configurations. In both networks, the baseline engagement-only model (θ) drives average
sentiment toward more negative values, while the mitigation-aware controllers (θM) stabilize user
states closer to neutrality. In the 100-agent network (Figure 1, top), the average emotional extremity
converges rapidly to a steady moderate value. The MF and MB mitigation strategies exhibit nearly
identical behavior, both successfully preventing the negative drift observed in the baseline case. This
holds true for both synthetic continuous dynamics (left panels) and data-driven discrete content
selection (right panels), demonstrating robustness across simulation modalities.This phenomenon
was also observed in Sprenger et al. (2024), and is most likely due to the fact that the state matrices
in the MB and MF strategies share the same dominant eigenvalue as they are both row stochastic. In
the 6-agent network (Figure 1, bottom), the presence of a stubborn radical user anchored at xi = 1
(maximum emotional extremity) causes the overall mean sentiment to remain relatively high, yet
still substantially less extreme than without mitigation. Notably, the mitigation controllers prevent
the radical user’s negativity from propagating to connected users, maintaining their sentiment at
moderate levels despite the persistent influence of the extremist node.
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Figure 2: Performance Metrics Analysis for 100-User Network (Data-Driven). Top-left: Misin-
formation metric M vs. penalty weight ρ. Top-right: Per-user engagement cost vs. ρ (mean and
median). Bottom-left: Sentiment shift |xi(τ) − xi(0)| vs. ρ (mean and median). Bottom-right:
Pareto frontier showing trade-off between median per-user engagement cost and misinformation
(lower-left is better). Labeled points indicate ρ values. Blue: Model-Free; Orange: Model-Based.

4.2. Effect of trade-off Parameter ρ on Misinformation Spreading

Figure 2 illustrates how varying the penalty coefficient ρ influences misinformation spread and sys-
tem behavior in the 100-user network under data-driven content selection. The mitigation metric
M (top-left) decreases monotonically as ρ increases from 0 to approximately 2.5, corresponding to
a ∼76% reduction in misinformation spread compared to baseline (ρ = 0). Beyond ρ > 3, per-
formance slightly degrades, likely due to LLM misclassification of emotionally neutral yet false
statements (discussed in Section 5). Per-user engagement cost (top-right) increases with ρ for
both mean and median, but plateaus around ρ ≈ 3, indicating users maintain substantial align-
ment with recommendations despite prioritization of less emotionally extreme content. Sentiment
shift (bottom-left) increases with ρ, reflecting stronger moderation of initial emotional extremity.
MF and MB approaches yield similar trajectories, with MB showing marginally higher shift at large
ρ due to predictive optimization. The Pareto frontier (bottom-right) reveals that substantial misin-
formation reduction is achievable with modest engagement cost increases. The optimal operating
region ρ ∈ [1.0, 2.5] balances both objectives. MF and MB approaches trace nearly identical curves,
indicating the simpler MF strategy suffices.

4.3. A Special Focus on Radical Users

Figure 3 presents the same analysis as in Section 4.2 for the 6-agent radicalized network, revealing
important differences from the large network case. Misinformation mitigation (top-left) follows a
similar trend, with optimal performance around ρ = 1, achieving up to ∼70% reduction compared
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Figure 3: Performance Metrics Analysis for 6-User Radical Network (Data-Driven). Top-left:
Misinformation metric M vs. ρ. Top-right: Per-user engagement cost vs. ρ; note that median
(dashed) remains stable while mean (solid) increases, indicating improved engagement for non-
radical users. Bottom-left: Sentiment shift vs. ρ. Bottom-right: Pareto frontier using median
engagement, showing that mitigation can improve both objectives simultaneously in radicalized
networks. Blue: Model-Free; Orange: Model-Based.

to the baseline that only accounts for engagement maximization. Engagement dynamics (top-right):
Unlike the large network, median engagement remains nearly constant across all ρ values (dashed
lines), while mean engagement cost increases (solid lines). This divergence suggests that while
the radical user’s engagement decreases (pulling up the mean) with increasing ρ, the majority of
users engage more with moderated content. Sentiment shift (bottom-left) exhibits a non-monotonic
pattern, with a minimum around ρ ≈ 0.4. This reflects the interplay between the radical user’s an-
choring effect and the moderate initial opinions of the remaining users: at low ρ, engagement-only
control pulls users toward the extremist’s sentiment, increasing shift; mild mitigation counteracts
this drift, reducing shift; stronger mitigation then pushes sentiment below initial values, increasing
shift again. Pareto frontier (bottom-right): In this case, when considering median engagement in-
stead of mean, the trade-off curve inverts: higher ρ values simultaneously reduce misinformation
and maintain or improve median engagement. This indicates that for networks with extremist users,
mitigation strategies can enhance discourse quality for the majority of participants.

5. Discussion

Penalizing emotionally extreme recommendations through θM effectively reduces misinformation
while maintaining engagement. Both MF and MB controllers converge to predicted equilibria,
demonstrating robustness across network sizes. Their nearly identical performance suggests the
simpler MF strategy suffices for deployment. The optimal penalty ρ ∈ [1.0, 2.5] achieves up to

9



PAGAN PHILIPPOU DE PASQUALE

76% misinformation reduction, providing practical guidance for platforms balancing moderation
with engagement. The radical network case reveals key insights: while misinformation control
cannot override stubborn extremists, negativity propagation to other users is significantly reduced.
Moreover, median engagement improves under mitigation, suggesting content moderation enhances
discourse quality for non-radical majorities in polarized environments. A broader consideration
is that θM penalizes emotionally extreme and novel content indiscriminately, without distinguish-
ing between misinformation and legitimate content that is inherently emotional or urgent, such as
breaking news, public health alerts, or politically charged but factually accurate speech. This could
inadvertently suppress valid discourse, particularly from communities whose communicative norms
involve stronger affective language. Mitigating this risk in practice would require complementary
signals, such as source credibility scores or fact-checking labels, to condition the penalty on content
veracity rather than emotional tone alone. Performance degradation at ρ > 3 stems from linguis-
tically neutral false statements in LIAR2, weakening the emotion-truthfulness correlation. This
emphasizes the need for datasets with fine-grained truth levels, temporal dynamics, and diverse
linguistic styles targeting boundary cases where misinformation employs objective framing.

Several limitations point to directions for future work. The experiments rely on a single dataset
(LIAR2); testing on alternative corpora would strengthen generalizability. Content arrival dynamics,
including bursty or campaign-driven posting patterns, are not modeled, as LIAR2 lacks fine-grained
timestamps; incorporating such dynamics would allow the novelty penalty N(t, tc) to be fully ex-
ercised. Network topology and connectivity parameters (κu, κr) represent plausible but generic
social platform conditions rather than empirically calibrated ones; a sensitivity analysis over graph
structure and density is a natural extension. These limitations reflect the inherent constraints of
simulation-based evaluation without field data. Beyond these, future work should integrate ρ and
M into the closed-loop for adaptive control responding to misinformation surges during elections
or crises, and specialized LLMs trained on misinformation corpora could enhance classification.

6. Conclusions

This paper presents a control framework for mitigating misinformation through sentiment-aware
recommender systems. By adapting Friedkin-Johnsen dynamics to represent emotional extrem-
ity and penalizing characteristics misinformation exploits, we demonstrate up to 76% reductions
in misinformation spread while maintaining engagement. Key contributions include: (1) a modi-
fied cost function θM penalizing misinformation-associated content characteristics; (2) convergence
guarantees for both model-free and model-based strategies; (3) validation using LIAR2 dataset with
LLM-extracted sentiment features; and (4) evidence that content moderation improves median en-
gagement for non-extremists in radicalized networks. The framework provides foundation for next-
generation recommender systems accounting for emotional and cognitive propagation dynamics.
While challenges remain, e.g., dataset quality, adaptive tuning, results suggest algorithmic inter-
ventions can address misinformation without abandoning engagement-driven models. Future work
should focus on real-world deployment, adaptive mechanisms, and integration with complementary
strategies like fact-checking and user education.

Data and Code Availability

The code implementing the proposed framework and the processed LIAR2 dataset are publicly
available at https://github.com/paganick/misinformation-mitigation-model.
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Nicolas Lanzetti, Florian Dörfler, and Nicolò Pagan. The impact of recommendation systems on
opinion dynamics: Microscopic versus macroscopic effects. In 2023 62nd IEEE conference on
decision and control (CDC), pages 4824–4829. IEEE, 2023.

Masoud Mansoury, Himan Abdollahpouri, Mykola Pechenizkiy, Bamshad Mobasher, and Robin
Burke. Feedback loop and bias amplification in recommender systems. In Proceedings of the
29th ACM international conference on information & knowledge management, pages 2145–
2148, 2020.
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