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Abstract

Understanding true influence in social media requires distin-
guishing correlation from causation—particularly when an-
alyzing misinformation spread. While existing approaches
focus on exposure metrics and network structures, they of-
ten fail to capture the causal mechanisms by which external
temporal signals trigger engagement. We introduce CITRUS
(Causal Influence through Treatment-Response Understanding
in Social media), a novel joint treatment-outcome framework
that leverages existing sequential models to understand how
external signals—search trends, news coverage, influencer
activity—trigger misinformation engagement. Through ex-
periments on real-world misinformation and disinformation
datasets, CITRUS outperforms existing benchmarks by 15-
22% in predicting engagement across diverse counterfactual
scenarios, including exposure adjustment, temporal alignment
shifts, and varied intervention durations. Case studies on 492
social media users demonstrate that our causal effect measure
aligns strongly with expert-based empirical influence assess-
ments, validating CITRUS as a robust framework for under-
standing information spread dynamics. CITRUS also reveals
that low-baseline misinformation can scale 6-fold under ex-
ternal promotion, showing super-linear growth, and unmasks
hidden amplifiers—accounts with modest followings that dou-
ble engagement rates, outperforming supposed “influencers”
with 100x more followers.

Introduction

In March 2020, as COVID-19 began its global spread, a
simple graphic titled “Flatten the Curve” created by Asso-
ciate Professor Siouxsie Wiles and cartoonist Toby Morris ig-
nited an unprecedented cascade of social media engagement! .
Within just 72 hours, the visualization accumulated over 10
million impressions on X (formerly Twitter), was translated
into more than 25 languages, and was adopted by government
health agencies worldwide (Bavel et al. 2020). What made
this particular content achieve such extraordinary reach was
not merely its clear visualization of pandemic dynamics—it
was the complex interplay between its timely release amid
escalating global concern, amplification by influential public
health accounts, and concurrent spikes in search traffic as
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reflected in Google Trends data (Jackson, Bailey, and Welles
2020). As the graphic’s engagement metrics surged, a cor-
responding peak in “social distancing” searches appeared
across global search indices, preceding measurable changes
in mobility patterns across affected regions (Gao et al. 2020).
Today, with hindsight, we say that the “Flatten the Curve”
graphic was influential as it increased the public’s awareness
of non-pharmaceutical interventions for the pandemic.

But what is influence? It is more than exposure or virality;
it is one’s capacity to shape attitudes and change behaviors.
And while exposure (particularly repeated exposure) and
influence are intimately linked, true influence estimation re-
quires causal reasoning. This causal perspective on influence
has been established in seminal works across multiple disci-
plines (Aral, Muchnik, and Sundararajan 2009; Eckles, Kizil-
cec, and Bakshy 2016; Watts, Rothschild, and Mobius 2021),
which collectively demonstrate that traditional influence mea-
sures often conflate homophily with causal effects. In online
social media, information cascades equate to exposure—they
are the digital equivalent of the word-of-mouth phenomenon
that allow content to spread widely. But how do they relate to
influence? This relationship requires counterfactual analysis
to examine what would happen to engagement if external
signals changed. This is crucial for misinformation cascades,
where identifying who truly shapes public discourse on po-
larizing topics can inform intervention strategies.

True influence is unobserved, and difficult to esti-
mate (Ram and Rizoiu 2024). We therefore leverage observ-
able exogenous attention signals such as search trends, news
coverage cycles, and influencer amplification, and ask how
they causally impact content engagement and information
diffusion. Existing approaches using content features and
network structure overlook causal relationships between tem-
poral signals and engagement (Zhou et al. 2021a). Previous
influence studies focus on exposure metrics without causal
perspectives (Cha et al. 2010; Bakshy et al. 2011; Kwak et al.
2010), while causal inference frameworks (Pearl 2009; Peters,
Janzing, and Scholkopf 2017) lack temporal sophistication
for sequential social media dynamics.

To tackle these challenges, we introduce CITRUS, a
causal framework that jointly models treatment intensities
(external signals driving engagement) and social engage-
ment outcomes. CITRUS builds on advances in sequen-
tial modeling, adapting transformer architectures (Vaswani



et al. 2017) and selective state space models (e.g., Mamba
(Gu and Dao 2024)) to meet the demands of causal infer-
ence with time-varying treatments. By comparing integration
mechanisms (token-based, attention-based, layer-based, and
adapter-based), we present detailed insights into the archi-
tectural requirements for effective causal modeling in social
media contexts, particularly in misinformation scenarios.

This work explores three key research questions: (1) Does
joint modeling of treatment intensities and outcomes improve
predictions under realistic policy-driven scenarios, especially
those aimed at curbing misinformation? (2) How effectively
do transformers and state space models capture temporal
dependencies between external signals and engagement? (3)
How reliably can these models predict engagement outcomes
under hypothetical scenarios, such as changes in exposure
rates or policy active timings?

Related Work

Our work bridges social media engagement, causal inference,
and sequence modeling.

Social Media Engagement. The field evolved from con-
tent (Cheng et al. 2014) through networks (Zhao et al.
2015) to temporal dynamics (Rizoiu et al. 2017). Recent
advances span attention-based cascades to cross-platform
frameworks (Li et al. 2017; Ding, Wang, and Wang 2019;
Wang et al. 2017a; Qiu et al. 2018; Cao et al. 2017; Kong
et al. 2023; Calderon, Ram, and Rizoiu 2024). While effective
at modeling cascades, these approaches lack explicit causal
modeling of external drivers—our key contribution.

Causal Inference. G-methods (Robins 1986) and marginal
structural models (Robins, Hernan, and Brumback 2000; Lok
2008; Schulam and Saria 2017) provide foundations. Neu-
ral approaches handle time-varying confounding (Lim 2018;
Bica et al. 2020), while continuous-time methods use Gaus-
sian processes and point processes (Soleimani, Subbaswamy,
and Saria 2017; Schulam and Saria 2017; Hizli et al. 2023).
These lack the architectural flexibility needed for social me-
dia’s complex dynamics.

Sequence Models. Beyond Transformers (Vaswani et al.
2017; Zhou et al. 2021b; Wu et al. 2021), State Space Models
(SSMs) efficiently capture long-range dependencies (Gu et al.
2020; Dao et al. 2022; Gu and Dao 2024). Despite these
advances, few studies have applied modern SSMs to social
media engagement prediction in causal contexts. Existing
approaches typically rely on graph-based (Lu et al. 2023),
RNN (Wang et al. 2017b), or transformer methods (Zuo et al.
2020) that assume uniform sampling or discrete snapshots,
overlooking the fine-grained temporal patterns essential to
engagement dynamics.

Problem Formulation and Methodology

Consider a social media event £ with associated posts
P ={p1,...,pn}. Each post p € P is represented by tuple
(to,x,u, 0, H), comprising posting time ¢, textual content
x, user metadata u, category o € O, and interval-censored
engagement history H = {(t;,¢;)}7.,. Here, ¢; € RY cap-
tures multiple engagement types (e.g., shares, comments)
at observation time ¢;. External signals G = {(tx, gx)}\_,
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quantify search intensity for content-relevant keywords, serv-
ing as exogenous indicators of public attention.

Our task is to predict future engagement trajectories under
counterfactual modifications to external signals. Formally,
given observations within window 7o, we forecast {é(to +
Tobs + kAt) HE | under policy-driven signal transformations,
where K = |T/At] defines the prediction horizon.

Causal Assumptions for Social Media Influence

Our framework addresses a critical question: how do external
attention signals causally drive misinformation engagement
on social media? We build on the potential outcomes frame-
work (Rubin 1974) with three key assumptions tailored to
social media contexts:

Assumption 1 (Consistency). The potential engagement out-
come Y [a] under a specific pattern of external signals a
equals the observed engagement Y when those exact signals
actually occur.

This assumes observed relationships between external sig-
nals and engagement persist if patterns reoccur. In social me-
dia environments, this consistency is supported by the relative
stability of engagement mechanisms—including recommen-
dation algorithms, user interfaces, and notification systems—
which function as reliable mediators between external signals
and user behavior (Becker, Brackbill, and Centola 2017). Em-
pirical evidences (Rizoiu et al. 2017; Calderon, Ram, and Ri-
zoiu 2024) show consistent outperformance when modeling
exogenous drivers, with HIP’s Linear Time-Invariant property
ensuring identical stimuli yield reliable responses (Muchnik,
Aral, and Taylor 2013). This holds within stable timeframes,
before major platform changes.

Assumption 2 (Fully-Mediated Policy Effect). External sig-
nals affect engagement outcomes through observable mecha-
nisms rather than hidden pathways.

The causal process follows: exogenous signals — height-
ened topical salience — content exposure via platform mech-
anisms — measurable engagement (e.g., likes, shares). Fol-
lowing the framework propsed by Imbens and Rubin (2015),
we assume an exclusion restriction: conditional on observed
mediators, external signals have no additional direct effect on
engagement outcomes. This assumption is empirically plau-
sible in our domain: external signals shift topical salience
(Calderon, Ram, and Rizoiu 2024), which determines expo-
sure (Bakshy, Messing, and Adamic 2015), and exposure
governs engagement responses (Rizoiu et al. 2017). The pre-
dictive gains of exposure-based models (e.g., OMM, HIP)
further indicate that unmeasured direct pathways are limited.

Assumption 3 (Temporal Precedence). Causes precede
effects—current engagement can be influenced by past exter-
nal signals but not by future ones.

This assumption aligns with the natural temporal ordering
of social media interactions, where content engagement fol-
lows rather than precedes external attention signals. Rizoiu
et al. (2017)’s Hawkes model supports this, with external
stimuli at ¢ affecting engagement at 7 > ¢ via measurable ma-
turity time lags, validated on YouTube data. Calderon, Ram,
and Rizoiu (2024) shows similar gains treating signals as
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Figure 1: Visualization of engagement data and queries for social media post p. (a) Observational data during the period [0, 7]
days. The top plot shows cumulative engagement over time (black line with crosses) and observed events (cyan dots). The
bottom plot displays individual engagement metrics: Likes (blue crosses), Shares (red squares), Comments (brown triangles),
and Emojis (purple diamonds). (b) Exogenous signal under policy 74 (1-day exposure, shaded day 7-8). Top: Observed
(solid blue), predicted without intervention (dashed blue), predicted under 74 (dashed red). Bottom: Normalized intensity Agps
(dashed green), w4 intensity (dashed red), observed events (cyan dots), policy actions (magenta dots). Vertical line at day 7
marks intervention start. (¢) The counterfactual signal. How the engagement trajectory of post p would have evolved if policy
7 had been applied during [0, 7] with a three-day exposure time (shaded area from day 7 to 10). The top plot shows observed
engagement (solid blue line), predicted engagement without intervention (dashed blue line), predicted engagement under 7 4
(dashed red line), and counterfactual engagement under 7 g (solid orange line). The bottom plot displays normalized intensity
Aobs(dashed green line), counterfactual policy 7 intensity (dashed orange line), observed events (cyan dots), and policy actions
(magenta dots). A vertical line at day 7 marks the intervention start.

antecedents. Platform algorithms reinforce this unidirection- Let fx(t) = Bo + gv(t) + ga(t) + g5(t) + g;(t), where
ality by boosting visibility after rising attention (Centola et al. Bo is a baseline parameter, g,(t) is a time-varying baseline
2018). These assumptions, while not exhaustively verifiable, function, ¢ (¢) and g%(t) capture dependence on past treat-
provide a reasonable foundation for causal inference in so- ments and past engagement outcomes, respectively, and g ()
cial media settings and allow us to identify treatment effects encodes external signal influence. The treatment intensity
from observational data. However, translating these theoreti- is de{ined via a sigmoid link: A% (t) = o(fx(t)),0(x) =

cal foundations into actionable insights requires a framework
capable of capturing the complex, sequential nature of social
media dynamics—where multiple external signals interact
over time to shape engagement outcomes.

1+exp(—z)*

External signals (e.g., Google Trends) are aggregated us-
ing a finite causal convolution over w historical observa-
tions sampled at 10-minute intervals (A, = 10): g;(t) =

CITRUS: Joint Treatment-Outcome Modeling S koo k9= k) 1[t— kA, > 0], where () € [0, 100]
denotes the external signal value and {ay} are learnable

To operationalize these causal assumptions, CITRUS jointly weights (optionally normalized via a softmax). The indica-
models treatment intensities and engagement outcomes us- tor ensures that only valid past samples contribute. Given
ing sequential models (Fig. 1). By leveraging the temporal the intensity A% (), a binary treatment is drawn as A; ~
precedence assumption, CITRUS captures how past external Bernoulli(A\%(t)) .
signals accumulate and interact to influence future engage- To align external signals with engagement observations,
ment. The joint modeling approach directly addresses the we implement a temporal alignment mechanism. For each
fully-mediated policy effect assumption, explicitly represent- observation time ¢;, we collect signals within a lag window:
ing the pathways from external signals through platform
mgchanirs)ms to r};leasurable outcomeé;. e G(tj) = {9k [ 1j — Tag < tr <15},

We model the treatment intensity A% () as the probability where 71, is determined through cross-validation. The
of a binary treatment event occurring at discrete time step ¢. resulting feature vector vy (t;) = [g(t; — Ag),g(t; —
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Figure 2: Counterfactual scenarios for evaluating causal effects of external signals on engagement. Base-full: Observed
engagement trajectory (A5, blue dashed) and full external signal pattern (red solid) over 14 days. CF1-3: Exposure manipulation
via 60% dropout rate, simulating reduced signal visibility (red dots show sparse signals). CF2: Temporal alignment shifts testing
intervention timing—CF2-1 (early, teal), CF2-2 (baseline, black), CF2-3 (late, red). CF3: Duration manipulation comparing
1-day (CF3-1), 3-day (CF3-2), and 5-day (CF3-3) sustained interventions. Vertical line at day 4 separates historical observation
from treatment period; dashed line at day 11 marks prediction onset (gray region). These scenarios enable estimation of
Ac = E[Y|Ge] — E[Y'|G] under different policy interventions.

20y),...,g(t; —wA,)] captures the temporal context.

Counterfactual Analysis

To evaluate causal effects, we systematically manipulates
exogenous signals along the temporal dimension to under-
stand their causal impact on engagement dynamics (Fig. 2).
Formally, a counterfactual scenario C as a transformation of
the external signal G = {(t, gi)},_, through a temporal
manipulation function Wy:

Ge = Uo(G) = {(tx + So(tr, gi), 9 - Yo (trs 9)) Hoer s

where dy shifts the timing of signals and y adjusts signal
intensity, enabling three counterfactual scenarios (CF): Ex-
posure Manipulation via dropout rate (CF1) adjusts inten-
sity (vg) to explore exposure effects (0% —20% as CF1-1,
20%—40% as CF1-2, 40%—60% as CF1-3); Temporal
Alignment Shifts (CF2) the onset timing (dy) of a fixed-
duration signal to test sensitivity to early exposure; Signal
Duration Manipulation (CF3) modifies persistence to eval-
uate sustained attention effects (1-day as CF3-1, 3-day as
CF3-2, 5-day as CF3-3). For each counterfactual scenario, we
estimate the expected engagement outcomes under the trans-
formed signal and calculate the causal effect as the difference
between counterfactual outcomes: A¢ = E[Y|Ge] —E[Y]|G].

Model Training and Optimization

We train CITRUS using a combined loss function £ that
explicitly optimizes both treatment intensity modeling and
outcome prediction:

L = MSE(Y (t), Yprea(t; 0y)) + BCE(Ague(t), Aa(t;04)),

Outcome Loss Intensity Loss

where « is a hyperparameter controlling the relative impor-
tance between accurate outcome prediction and accurate treat-
ment intensity modeling. This joint optimization ensures that
the model captures both the occurrence pattern of external sig-
nals (treatments) and their effects on engagement outcomes.

For Mamba, we add temporal coherence loss Liemp =

I%\ > hj1 — exp(At] - A )h;||? to enforce consistent
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state transitions. For Transformers, we use attention consis-
tency loss Ly = ﬁ Zp,i,j,k,l wijk||Aij — Ag|?, where
A;; represents attention weights from position 7 to j and
w; ;51 s a similarity weight based on temporal distance. These
architecture-specific regularizations handle irregular tempo-
ral sampling in social media data.

Experiment and Results

This section introduces the datasets, models and baselines,
and report our experimental findings on the optimal architec-
ture choice for exogenously-driven engagement modeling.

Datasets

Social Media Data. We use two misinformation/dis-
information datasets: (1) SocialSense (Kong et al.
2022): 1,035,302 Facebook posts (2019-2021) across
four domains—Australian Bushfires (78,030), Climate
Change (138,278), Vaccination (178,894), and COVID-19
(640,100)—Iabeled by experts as misinformation/conspir-
acy content; (2) DiN (Tian et al. 2025): 746,653 posts from
41 coordinated information operation accounts (2019-2024)
classified into 9 narratives. Both datasets include engagement
metrics (e.g. likes, shares) collected via CrowdTangle API?.

External Signals. We collected Google Trends data to
provide external signals aligned with both the temporal
and thematic scope of the data sets. Keywords—selected
via frequency analysis of post content and expert consulta-
tion—were theme-specific for SocialSense (e.g., “bushfire
evacuation,” “climate hoax”) and narrative-specific for DiN
(e.g., “election fraud,” “deep state”). Search intensities were
collected at 10-minute intervals, normalized to 0-100, form-
ing signal timeline G = {(tx, gx)}\_, aligned with posts
using lag window 71,5 via Google Trends API 3,

Models and Baselines

We evaluate four integration strategies for incorporating exter-
nal signals, applied to both Transformer (Vaswani et al. 2017)

“https://www.crowdtangle.com/ before August 2024.
*https://serpapi.com/google-trends-api



Model \ Base Scenario 1: Exposure

Scenario 2: Timing

Scenario 3: Duration

\ CF1-1 CF1-2 CF1-3 CF2-1  CF22  CF23 CF3-1  CF3-2  CF33
T | 0.19% | - - e - T - -
M | 0.19% |~ - - | -~ - - | - - -
MBPP | 0.19 | 0.33/- 0.30/~ 028~ | 023~ 023~ 023~ | 033~ 032~  028-
T+Tok | 0.13 | 0.21/0.54 0.22/0.47 0.23/0.41 | 021/048 0.20/0.43 0.20/0.41 | 0.24/0.54 0.25/0.48 0.25/0.46
T+Att | 0.12 | 020/0.51 0.19/042 0.18/0.38 | 0.19/045 0.19/0.39 0.18/0.35 | 0.22/0.53 0.20/0.47 0.19/0.45
T+L | 0.13 | 0.20/0.52 0.19/0.43 0.19/0.39 | 0.19/0.46 0.19/0.40 0.19/0.37 | 0.23/0.51" 0.20/0.43" 0.20/0.41*
T+Apt | 0.12 | 0.19%/0.49% 0.18'/0.40" 0.18/0.36 | 0.187/0.43 0.18/0.37" 0.18/0.34" | 0.22'/0.54 0.19%/0.48 0.19%/0.46
M+Tok | 0.13 | 0.21/0.53 0.20/0.46 0.19/0.40 | 0.20/0.47 0.20/0.42 0.19/0.40 | 0.25/0.54 0.23/0.48 0.22/0.46
M+S | 012 | 0.19/050 0.19/0.41 0.18/0.37 | 0.187/0.44 0.18/0.38 0.18/0.35 | 0.24/0.54 0.22/0.47 0.21/0.45
M+L | 012 | 0.20/0.51 0.19/0.42 0.18/0.37 | 0.19/0.45 0.15%/0.39 0.17/0.36 | 0.24/0.54 0.22/0.47 0.22/0.45
M+Apt | 0.11 | 0.197/0.49" 0.187/0.40" 0.177/0.35" | 0.18'/0.42" 0.18/0.37" 0.17'/0.34" | 0.24/0.53 0.22/0.47 0.21/0.44

Table 1: Root Mean Squared Error (RMSE) and Binary Cross Entropy (BCE) of engagement prediction and treatment intensity
modeling over a 7-day horizon under counterfactual scenarios. Values are means across 5 runs with different seeds on both
datasets. Each cell shows RMSE/BCE format. Lower values indicate better performance. Bold values highlight the best
performance per scenario for both metrics. Vanilla Transformer (T) and Mamba (M) serve as reference baselines but cannot
perform counterfactual analysis as they lack external signal integration (marked with “*’ for base case, ‘— for scenarios). MBPP
processes external signals but lacks treatment intensity modeling (BCE shown as ‘-’). Statistical significance tested via paired
t-tests comparing each model against MBPP for RMSE and against T+Tok for BCE: T p< 0.05,  p< 0.01. Model abbreviations:
T = Transformer, M = Mamba, Tok = Token, Att = Attention, L. = Layer, Apt = Adapter, S = Selection.

and Mamba (Gu and Dao 2024): (1) Token jointly embeds
signals with engagement data; (2) Attention/Selection uses
architecture-specific temporal modeling—attention heads for
Transformers, selective scan conditioning for Mamba; (3)
Layer processes signals through MLPs with cross-attention
or state injection; (4) Adapter adds parameter-efficient mod-
ules (Houlsby et al. 2019) to condition on signal intensities.
Baselines include vanilla Transformer, Mamba (Gu and Dao
2024), and MBPP (Rizoiu et al. 2022).

Results and Analysis

Evaluation Framework. Following Hizli et al. (2023), we
use a semi-synthetic evaluation framework to assess counter-
factual predictions. Since true counterfactual outcomes are
inherently unobservable, we use oracle models as ground
truth generators. We train these oracles on held-out obser-
vational data to learn causal relationships between external
signals and engagement outcomes. The oracles then serve
as counterfactual generators—when we modify inputs (e.g.,
reduce exposure by 40%), they generate corresponding coun-
terfactual outputs. We evaluate our model by comparing its
predictions against these oracle-generated outcomes rather
than factual outcomes. Robustness checks and per-dataset
results are provided in the Appendix (Tian and Rizoiu 2025).

Specifically, we evaluate predictive accuracy using RMSE
computed against an oracle model that provides both fac-
tual and counterfactual trajectories. For any scenario s
(with s 0 denoting the factual case), we compute

RMSE(S) — \/% 25:1 (@(S) (t) _ yoracle,(s) (t))Q This
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evaluates the model’s ability to recover the oracle’s causal
response under both observed and “what-if”’ interventions,
without requiring true counterfactuals.

RQ1: Joint Modeling and Predictive Accuracy. Table 1
shows Mamba+Adapter achieves the lowest baseline RMSE
(0.11). Adapter-based integration proves robust across both
architectures, outperforming Token, Attention/Selection, and
Layer variants, suggesting parameter-efficient adaptation best
incorporates external causal signals.

Counterfactual scenarios reveal differential model robust-
ness. As exposure increases (CF1), all models show improved
performance with RMSE decreasing from 0.19-0.21 (20% ex-
posure) to 0.17-0.19 (60% exposure), indicating that stronger
external signals create more predictable engagement patterns.
Temporal alignment shifts (CF2) show minimal performance
variation across models, suggesting temporal displacement is
well-handled by all architectures. However, signal duration
extension (CF3) poses the greatest challenge, with all models
showing elevated RMSE (0.22-0.25), indicating difficulty in
modeling sustained interventions. Cross-dataset comparison
shows disinformation (DiN) is harder to predict than misin-
formation, showing both higher baseline RMSE and steeper
increases at 60% exposure.

RQ2: Architectural Differences in Temporal Causal De-
pendency Modeling. As shown in Table 1, Mamba+Adapter
outperforms other architectures in capturing treatment dy-
namics, achieving the lowest BCE (0.35 at 60% exposure)
with a 10.9% improvement over the average Transformer
variant. An inverse relationship exists between treatment in-



Model | Exposure | Timing | Duration
‘ CF1-1 CF1-2 CF1-3 ‘ CF2-1 CF2-2 CF2-3 ‘ CF3-1 CF3-2 CF3-3

T+Tok ‘ 0.17 £0.11 0.33 £0.18 0.49 +£0.10 ‘ 0.15+£0.08 0.19 +0.06 0.22 £+ 0.05 ‘ 0.16 £ 0.05 0.30 +0.09 0.43 £0.10
T+Att ‘ 0.18 £ 0.05 0.35+0.08 0.52 £0.11 ‘ 0.16 £ 0.08 0.20 + 0.07 0.25 £0.06 ‘ 0.17 £0.05 0.31 £0.09 0.46 £ 0.11
T+L ‘ 0.16 £ 0.05 0.30 +0.08 0.44 £ 0.09 ‘ 0.13 £0.07 0.17 & 0.06 0.20 £ 0.05 ‘ 0.15£0.05 0.27 4+ 0.08 0.39 £ 0.09
T+Apt ‘ 0.19 £0.05 0.36 £ 0.09 0.55 +£0.12 ‘ 0.17 £0.09 0.22 +0.07 0.26 £ 0.06 ‘ 0.18 £ 0.06 0.33 +0.10 0.48 £0.12
M+Tok ‘ 0.19 +0.05 0.38 +0.09 0.57 £ 0.12 ‘ 0.18 = 0.09 0.23 +0.08 0.27 &+ 0.07 ‘ 0.19 £ 0.06 0.35 4+ 0.10 0.50 £0.12
M+S ‘ 0.22 £+ 0.06 0.43 +-0.10 0.64 £ 0.14 ‘ 0.20 £ 0.10 0.26 & 0.08 0.30 £ 0.07 ‘ 0.22 £+ 0.07 0.39 - 0.11 0.56 £ 0.13
M+L ‘ 0.19 £0.05 0.37 £ 0.09 0.56 +=0.12 ‘ 0.17 £0.09 0.22 +0.07 0.26 £ 0.06 ‘ 0.19 £ 0.06 0.34 +0.10 0.49 £0.12
M+Apt ‘ 0.21 +0.06 0.41 +0.10 0.61 £ 0.13 ‘ 0.18 = 0.10 0.25 + 0.08 0.29 + 0.07 ‘ 0.21 +0.06 0.38 +0.11 0.54 +0.13

Table 2: Average Treatment Effect (ATE), computed via G-computation (Robins 1986), quantifies causal impacts over a 7-day
horizon. Values represent means across 7 runs with different seeds on both datasets, with 95% bootstrap confidence intervals (£),
normalized across four engagement metrics (likes, comments, emojis, shares). Higher ATE indicates stronger effects. Model
abbreviations: T = Transformer, M = Mamba, Tok = Token, Att = Attention, L = Layer, Apt = Adapter, S = Selection.

tensity and modeling difficulty: BCE decreases from 0.49
to 0.35 as exposure rises from 20% to 60%. This suggests
that high-intensity external signals may be more consistent
with predictable patterns, offering potential for early detec-
tion of viral content trends. Temporal misalignment further
increases architectural differences. For 5-day early interven-
tions, Mamba+Adapter demonstrates a 20.2% BCE advan-
tage over Transformer+Token, showing the strength of state
space models in temporally shifted causal processes.

RQ3: Counterfactual Robustness and Reliability. Table
2 displays how external signals causally drive engagement un-
der different intervention scenarios. Mamba+Selection shows
strong causal effect estimation, achieving the highest ATE
(0.64+£0.14) at maximum exposure (CF1-3: 40%—60%), a
4.9% improvement over Mamba+Adapter.

Exposure manipulations (CF1) uncover non-linear causal
dynamics. ATE increases accelerate with intensity: 94.1%
growth from CF1-1—CF1-2 (0.17—0.33 average) versus
65.7% from CF1-2—CF1-3 (0.33—0.55), showing diminish-
ing but still substantial returns with higher exposure. Tempo-
ral alignment shift interventions (CF2) show that early action
increases causal effects. The average ATE ratio between 5-
day early (CF2-3) and 1-day early (CF2-1) interventions is
1.47 across all models, with Mamba+Selection showing the
strongest temporal sensitivity (0.20—0.30, 50% increase).
Signal duration analysis (CF3) confirm sustained interven-
tions result in compounding effects: 5-day campaigns (CF3-3)
generate 2.5x the impact of 1-day bursts (CF3-1) on average.

Confidence intervals indicate Mamba+Selection main-
tains the most reliable estimates despite higher ATEs, with
tighter bounds relative to effect sizes. This combination
of strong causal effects and estimation stability makes
Mamba+Selection optimal for identifying influential sources,
though Mamba+Adapter offers an alternative with marginally
lower but more consistent performance across scenarios.
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Case Study: Identifying Causal Influencers

The Influence Paradox: Why Followers Don’t Equal Im-
pact. Who truly drives misinformation spread on social me-
dia? Conventional wisdom equates influence with follower
count, yet our causal analysis identifies a critical disconnect.
Using CITRUS with Mamba integration (M+Apt), we esti-
mate the causal influence of sources by treating their posting
behavior as interventions and measuring engagement effects.

Causal effect is a tighter approximation of influence.
We compare our causal effect measure against the gold stan-
dard—empirical influence derived from expert human assess-
ments with 492 users in the anti-climate discourse on X/Twit-
ter (Ram and Rizoiu 2024). Fig. 3 shows pairs of Spearman
correlation between the gold standard empirical influence and
two approximations: the follower count and our proposed
causal effect influence. Visibly, the causal effect is better
estimation for empirical influence (p = 0.57) than follower
counts (p = 0.49), particularly visible for the top 10% most
influential users. Further analysis using Kendall’s W (Kendall
and Smith 1939) confirms this stronger rank agreement be-
tween causal effect and empirical influence (W = 0.70)
compared to followers (W = 0.67). The Concordance Corre-
lation Coefficient reveals that while follower count fails en-
tirely to capture the magnitude of influence (CC'C = 0.00),
causal effect maintains some concordance (CC'C = 0.21). In
particular, the two approximation measures themselves show
minimal agreement (p = 0.32, W = 0.21, CCC = 0.01),
suggesting they capture fundamentally different aspects of
influence. These results challenge the common assumption
that account popularity (follower count) is a reliable approx-
imation for true influence, demonstrating CITRUS’s causal
effect as an estimate both in ranking and scale.

The Amplification Dynamics of Misinformation. Our
analysis of climate change misinformation shows how dif-
ferent narratives respond to external amplification, in Fig. 4.
For each opinion, we calculate a weighted composite engage-
ment score: F(0) = Ejikes (0) + Eshares (0) + 3 X Ecomments (0) +
€emoji (0), then normalize these scores using percentile rank-
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Figure 3: Decile heatmaps comparing influence measures with Spearman correlation (p), Kendall’s rank agreement (W), and
Concordance Correlation Coefficient (CCC). Left: Follower counts vs. empirical influence (p = 0.49, W = 0.67, CCC = 0.00).
Center: Causal effect vs. empirical influence (p = 0.57, W = 0.70, CCC = 0.21). Right: Follower counts vs. causal effect

(p=0.32, W =0.21, CCC = 0.01).
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Figure 4: Relative engagement changes for climate misinfor-
mation narratives with varying baseline popularity (shown in
parentheses) under counterfactual scenarios: exposure manip-
ulation (CF1), temporal alignment shifts (CF2), and signal
duration manipulation (CF3). Low-baseline narratives exhibit
super-linear amplification up to 66.7%.
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tives with varying baseline popularity: established (“Climate
change isn’t real”, 85.2th percentile), emerging (“UN hoax”,
55.6th), and fringe (“natural changes”, 22.2th). Under pro-
gressive exposure manipulation (CF1), the lowest-baseline
narrative shows super-linear amplification with a 6-fold scal-
ing coefficient (10.4%—22.1%—60.4%), confirming that
small external signals can trigger massive engagement in-
creases. This behavior validates high-potential, low-baseline
content theory (Rizoiu and Xie 2017), showing that emerging
misinformation operates similarly to sleeping beauty content
with high potential that have yet to achieve widespread at-
tention but can rapidly increase under external promotion.
The intermediate narrative shows moderate scaling effects

. We track three narra-
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(4.7%—12.4%—23.9%), consistent with non-linear thresh-
old dynamics in social influence, as evidenced by tipping
point experiments (Centola et al. 2018). Temporal alignment
shifts (CF2) prove that initiating promotion one day earlier
gets the highest impact across all narrative types (16.0%,
17.3%, and 28.4%, respectively). This finding aligns with
prior work on optimal promotion timing (Rizoiu and Xie
2017) and supports the broader framework of social accelera-
tion (Rosa 2013). Extended-duration experiments (CF3) show
that a sustained 5-day exposure maximizes narrative spread,
with the emerging narrative reaching a 66.7% increase. This
result corroborates the mere exposure effect (Zajonc 1968)
in information diffusion, indicating that temporal persistence,
rather than intensity alone, drives engagement escalation.

Unmasking the Amplifiers. CITRUS further identifies
influential public groups that amplified misinformation. For
instance, @ AustraliansforSafeTechnology increased the en-
gagement score for “5G/smart tech is unsafe” narratives from
0.51 to 0.63 in February 2020, while @ClimateChangeBat-
tleRoyale elevated “Climate change crisis isn’t real” content
from 0.11 to 0.23 in September 2019.

Conclusion

We investigate how external signals drive social media en-
gagement in misinformation spread using CITRUS, a joint
treatment-outcome framework that adapts Transformers and
Mamba to improve engagement predictions under policy in-
terventions. CITRUS faces inherent causal challenges: unob-
served algorithmic confounding, selection bias, and network
interference effects. Additional limitations include depen-
dence on scarce high-quality signals, sensitivity to platform
changes, and temporal stability assumptions. Despite these
constraints, validation against expert-annotated data confirms
CITRUS provides actionable insights where traditional met-
rics fail. By moving beyond correlation to causation, CITRUS
enables evidence-based interventions and offers platforms a
reliable metric to identify who truly spreads misinformation:
not just high-follower accounts but the hidden catalysts of
harmful content spread.
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