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In social networks, echo chambers form when users primarily encounter information that reinforces their
existing views with limited exposure to different perspectives. This self-reinforcing isolation worsens societal
issues such as division and declining public discourse. Traditional approaches attempt to mitigate echo
chambers by analyzing observable interaction patterns to identify their formative mechanisms. However,
they overlook unobserved implicit factors, called hidden confounders in causal inference, that significantly
influence content exposure and user behaviors despite not being directly captured in the data. To address this,
we propose Causal Echo Diffusion Attenuator (CEDA), a novel framework that integrates causal learning
with sequential recommendations to detect and adjust for hidden confounders in social networks. Generally,
CEDA comprises four key components: (1) User Dual Modelling builds comprehensive user embeddings
by combining users’ attributes and structural information to fully capture behavior patterns. (2) Causal
Transformer then estimates residual embeddings that account for hidden confounders, incorporating them
into the Transformer as causal adjustments for unbiased user embeddings. (3) Social Diffusion Predictor
uses unbiased user embeddings to jointly optimize diffusion prediction accuracy and information diversity.
(4) Targeted Interventions strategically reshapes information flows to disrupt echo chambers based on the
generated prediction and diversity insights. Extensive experiments demonstrate CEDA’s superior performance
in both predicting information diffusion patterns and mitigating echo chambers.

CCS Concepts: • Theory of computation→ Social networks; • Computing methodologies→ Causal
reasoning and diagnostics;
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1 Introduction
Social networks have become integral platforms for information sharing and public discourse,
fundamentally shaping how people interact with information in the digital age [39, 58, 81]. While
the social network platforms facilitate unprecedented connectivity and information exchange, they
face a critical challenge known as echo chambers: isolated information spaces where users are
predominantly exposed to content that reinforces their existing views while limiting their exposure
to diverse perspectives [10, 22, 62]. Such self-reinforcing isolation mechanism creates a concerning
feedback loop, where algorithmic content filtering and users’ natural tendencies to connect with
like-minded individuals continuously strengthen the information bubbles. The downstream effects
of echo chambers raise serious societal concerns, since reduced exposure to alternative viewpoints
can lead to increased polarization and degradation of public discourse quality [11, 18]. Despite
various technical and social interventions proposed by prior works, effectively mitigating echo
chambers while maintaining user engagement remains a fundamental challenge. This motivates
our research question: How can we effectively reduce echo chambers in social networks, fostering
information diversity while preserving user engagement?

Previous approaches to mitigating echo chambers generally fall into two directions: (1) ad-
justing content-ranking algorithms to promote exposure to diverse viewpoints across all users
[32, 47, 49, 60] or (2) intervening in network structures by connecting isolated communities to
encourage cross-group interactions [4, 11]. However, these methods focus solely on observable
user interactions and fail to account for implicit external influences—known as hidden confounders
in causal inference—that may simultaneously influence content exposure and user behavior [16,
19, 44]. These hidden confounders commonly arise in social networks and can introduce spurious
correlations that distort the true causal structure of user engagement despite not being directly
captured in the data [4, 20, 26]. One notable example occurs in political discussions on social
media. When a major election debate takes place offline, it simultaneously influences thousands
of users, prompting them to engage with related content. This unobserved external event may
increase exposure to political content (e.g., Treatment) and results in widespread participation in
political discussions (e.g., Outcome), even among users who have no history of interacting with
each other. A traditional recommender model that overlooks such unobserved influences (e.g.,
election debate) may mistakenly infer preference alignment, reinforcing echo chambers by con-
tinuously recommending similar politically homogeneous content [21]. Similarly, in e-commerce
platforms, hidden confounders emerge when external supply chain disruptions cause users to
shift their attention from an unavailable product to alternatives. Without modeling this external
constraint, the system may incorrectly attribute the change to evolving user preferences, leading to
suboptimal recommendations. To further clarify, as shown in Figure 1, the unobserved World Cup
event (e.g., acts as hidden confounder) affects users across different communities, leading them to
simultaneously engage in soccer-related discussions (e.g., highlighted in light orange). Although
these users lack prior direct connections, their synchronized behavioral shift is driven by the same
unobserved external factor. Thus, addressing hidden confounders becomes critical for effectively
mitigating echo chambers in social networks, as these unobserved factors may systematically
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Fig. 1. Our designed causal graph illustrating how hidden confounders contribute to echo chamber formation
in social networks. Black arrows are observable causal relationships, while gray dashed arrows denote the
influence of hidden confounders on multiple variables. Left : An abstract causal diagram where a hidden
confounder simultaneously affects both treatment (e.g., content exposure) and outcome (e.g., user interaction),
leading to spurious correlations. Right : A more detailed causal pathway showing how hidden confounders
influence user interest and interaction patterns, ultimately shaping community structures and reinforcing
echo chambers.

generate spurious correlations in user behaviors and inadvertently reinforce information loops
across social networks.

To address the fundamental challenge of mitigating echo chambers in social networks, we pro-
pose integrating causal inference principles into social network analysis. Causal inference provides
a principled framework for uncovering true cause-effect relations among variables, helping us
understand how hidden confounders influence the formations of echo chambers [71, 77, 78]. Specif-
ically, hidden confounders always lead to systematic patterns in social networks where multiple
users simultaneously deviate from their typical behavior in similar or identical ways [1, 17]. For
example, during the World Cup event, user behavior in different communities commonly shifted
towards soccer-related discussions to form echo chambers, as shown in Figure 2. Such synchronous
behavioral changes cannot be explained by observable user features or social relationships, indi-
cating the presence of unobserved implicit hidden confounders driving user behaviors. In causal
inference, the discrepancy between predicted and observed outcomes can serve as an indicator
of hidden confounder effects [38, 50]. Based on this causal principle, we propose a novel residual
embedding method that quantifies the behavioral discrepancies by comparing behavior predictions
based on observable features with actual observed user behaviors. By incorporating such hidden
confounder effects into the model, we can better identify the formation mechanisms of echo cham-
bers, thereby designing more effective interventions to enhance the diversity and maintain user
engagement.

Towards this end, we propose a novel causal-based approach called Causal Echo Diffusion
Attenuator (CEDA) to address the fundamental challenge of hidden confounders inmitigating echo
chambers in social networks. Our framework integrates rigorous causal inference principles into
the Transformer architecture within sequential recommendation frameworks, enabling systematic
identification and adjustment for hidden confounders that influence information diffusion patterns.
Specifically, CEDA has four key components: (1) User Dual Modelling constructs comprehensive
user embeddings by combining users’ attributes and their network positions, providing a holistic
view of each user’s behavior patterns in the social network. (2) Causal Transformer then estimates
the residual embeddings to quantify hidden confounder effects, incorporating them as causal
adjustments within the Transformer’s attention mechanism to refine the comprehensive user
embeddings into unbiased user embeddings. (3) Social Diffusion Predictor utilizes unbiased user
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Fig. 2. A toy example illustrating how hidden confounders influence information diffusion in social networks,
contributing to echo chamber formation (highlighted in light orange). The World Cup, an unobserved
external event, acts as the hidden confounder by simultaneously increasing users’ exposure to soccer-related
content (Treatment) and prompting widespread engagement in related discussions (Outcome) across different
communities. Although these users previously lacked direct social connections, their synchronized behavior
emerges from the shared external influence rather than intrinsic similarity. Black edges represent observable
interactions, while gray dashed lines indicate behavior shaped by the hidden confounder that cannot be
explained by network structure alone. This example corresponds to the causal graph in Figure 1, where the
hidden confounder jointly affects treatment and outcome, leading to spurious correlations that reinforce
echo chambers.

embedding to jointly optimize prediction accuracy and diversity metrics, leading to accurate
prediction of information diffusion patterns while promoting content diversity in social networks.
(4) Targeted Interventions leverages the generated prediction and diversity insights to strategically
reshape information flow patterns, effectively disrupting echo chamber formationwhile maintaining
user engagement. Through extensive experiments on three real-world datasets, CEDA demonstrates
superior performance in both predicting information diffusion and mitigating echo chambers
compared to state-of-the-art methods.

Our main contributions of this work are summarized below:

—To the best of our knowledge, we are the first to apply causal learning to address the echo
chambers in social networks, providing an innovative perspective on enhancing information
diversity and diffusion accuracy in social networks.

—We propose a novel framework called CEDA, which integrates causal inference with sequential
recommendation techniques to mitigate echo chambers by addressing hidden confounders
often overlooked but critically influencing information flow patterns.

—We develop a dual-perspective user modeling approach that combines user attributes and
structural positions within diffusion sequences, offering a comprehensive representation of
user behavior patterns.

—We introduce a residual embedding-based causal adjustment mechanism within the Trans-
former, which quantifies the effects of hidden confounders through behavioral discrepancies,
enhancing the accuracy of information diffusion prediction and enabling targeted interven-
tions to disrupt echo chambers.

—We conduct extensive experiments on three real-world datasets to demonstrate CEDA’s
superior performance in mitigating echo chambers in social networks.

ACM Transactions on Information Systems, Vol. 43, No. 6, Article 163. Publication date: September 2025.
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2 Related Work
2.1 Echo Chambers
Echo chambers in social networks refer to the self-reinforcing environments where users primarily
encounter information that reinforces with their existing views [10, 22, 62]. This phenomenon
emerge through several key interconnected mechanisms that create a self-perpetuating cycle: users’
inherent tendency to connect with like-minded individuals, ongoing peer influences from estab-
lished social connections, and algorithmic filtering systems that progressively amplify similarity
within user groups [30, 81]. The proliferation of echo chambers and their detrimental effects on
public discourse, such as increased polarization and reduced exposure to diverse perspectives,
has motivated various mitigation strategies in recent research efforts. For example, OCR [66]
implements a quadratic optimization framework to promote content diversity while maintaining
user engagement through carefully calibrated content selection interventions. Taking a causal
perspective, DCCF [74] employs counterfactual reasoning to systematically balance content ex-
posure across different user groups to mitigate echo chamber effects. CECD [46] advances the
field by developing a probabilistic generative model that detects echo chambers through analysis
of information cascade patterns across networks. Approaching the problem through network
embeddings, ECS [2] proposes an embedding distance-based methodology to quantify and guide
interventions by measuring both cohesion within communities and separation between them.
Building on graph neural networks, FRECH [63] utilizes a GCN to learn representations of users
and echo chambers from content patterns and community interactions, serving as an intervention
mechanism to recommend connections beyond users’ echo chambers. Despite their contributions,
these methods focus on observable data and often overlook unobserved hidden confounders, that
can critically influence user behavior and content diffusion patterns, leading to biased assessments
and suboptimal intervention strategies. In this work, we integrate causal inference into social
network analysis, aiming to uncover hidden confounders and design more effective interventions
to break echo chambers and foster information diversity.

2.2 Causal Inference
Causal inference offers a sophisticated statistical framework for understanding complex cause-and-
effect relationships between variables, offering crucial advantages over traditional correlational
analysis in addressing echo chambers [74, 77]. Through principled causal techniques like causal
intervention and instrumental variables, causal inference enables identification and adjustment
of confounding effects. This helps reveal the true causal mechanisms between variables and pro-
vides a rigorous basis for understanding complex social phenomena [50]. The effectiveness of
causal approaches in handling confounders has been conclusively demonstrated through successful
applications across multiple domains [14, 26]. In finance domain, Atanasov and Black employ
shock-based causal models to address market conditions as confounders, which simultaneously
affect both corporate governance choices and firm value [3]. In healthcare domain, Prosperi et al.
estimate treatment effects from clinical data by adjusting for hidden confounders that influence
both treatment decisions and patient outcomes [51]. In cybersecurity domain, Baluta et al. employ
directed acyclic graphs with do-calculus to address model complexity as a confounder, which
simultaneously affects both model generalization and membership inference attack accuracy [5].
These examples demonstrate the transformative potential of causal inference to address unobserved
factors that significantly skew analyses and outcomes. Inspired by these successes, we extend the
application of causal inference to social networks, addressing the challenge of hidden confounders
that bias user behavior and information diffusion patterns. By integrating causal inference tech-
niques into echo chamber mitigation, we aim to unravel the true mechanisms of their formation
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and then design more precise and effective intervention strategies. This approach promises to
bridge the gap between observable and unobservable factors, offering a comprehensive solution to
enhance diversity and disrupt self-reinforcing cycles (e.g., echo chambers) in the social network.

3 Problem Formulation and Preliminary
To formulate the echo chamber problem, let U be the set of users in social networks, where each
user D 9 ∈ U is associated with a set of attributes 0 9 . Information propagates through the social
network via sequential user interactions ( = {D1, . . . , D 9 , . . . , D � }, where each transition {D ( 9−1) , D 9 }
represents content propagated from user D ( 9−1) to user D 9 . As mentioned, these interaction se-
quences may be impacted by hidden confounders that not directly observable in the dataset, but
affect both content exposure and user interaction patterns. Our designed causal graph in Figure 1
shows how hidden confounders create spurious correlations between observed variables, leading to
biased estimates of the true causal factor behind echo chamber formation. Therefore, our goal is to
address hidden confounders in social networks to accurately predict information diffusion patterns
and reveal the true causal mechanisms underlying echo chambers. Thereby, targeted interventions
can be implemented to effectively promote the information diversity while maintaining the user
engagement. Table 1 shows the key notations used in this work.

Specifically, we propose a novel causal-based approach that integrates causal inference into the
social network analysis. Based on users’ attributes 0 9 and their sequential positions in information
diffusion paths ( , we first learn a comprehensive user embedding e 9 for each user D 9 to capture user
behavior patterns. Following causal inference principles where discrepancies between predicted and
observed outcomes may indicate hidden confounder effects [50], we estimate residual embeddings
r 9 by computing the difference between predicted content sharing activity based on e 9 and actual
sharing records $ 9 . This discrepancy reveals hidden confounders’ influence on sharing behaviors
that is not directly reflected in user attributes and structural positions. The residual embeddings
are then incorporated into the Transformer’s attention mechanism as causal adjustment to adjust
attention weights for hidden confounders, thereby refining the comprehensive user embeddings
e 9 into unbiased user embeddings u 9 . Then, we optimize our model through a joint objective to
capture different aspects of information spread and diversity:

L = _1LA + _2L< (u 9 , u@) + _3 (1 − L3 (u 9 )) + _4 (1 − L2 (u 9 )), (1)

where _1, _2, _3 and _4 are weighting parameters. u 9 and u@ are the unbiased user embedding for
userD 9 andD 9 . L< (u 9 , u@) measures theMean Absolute Error (MAE) [28] of diffusion probability
predictions between user pairs to optimize information diffusion accuracy. L3 (u 9 ) measures the
Intra-List Diversity (ILD) [29, 31] of user dissimilarity within diffusion sequences for maximizing
interaction diversity. L2 (u 9 ) measures the Category Coverage (CC) [52, 68] to quantify the
diversity of content exposure in information diffusion across the network. By optimizing the L,
our model learns to make accurate predictions while promoting information diversity, enabling
targeted interventions that effectively reshape information flows to break echo chambers.

4 Methodology
Figure 3 shows the overall framework of our proposed CEDA, designed to integrate causal inference
for effectively addressing echo chambers in social networks. CEDA comprises four main compo-
nents: (1) User Dual Modelling constructs comprehensive user embeddings by combining users’
attributes and network positions, providing a holistic view of each user’s behavior in the social
network. (2) Causal Transformer then leverages comprehensive user embeddings to estimate resid-
ual embeddings that account for hidden confounders, incorporating them into the Transformer’s
attention weights as causal adjustments to produce unbiased user embeddings. (3) Social Diffusion
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Table 1. Key Notations and Descriptions

Notations Description
Sets and Basic Elements

U Set of all users in social networks
D 9 , D@ The 9th, @th user in sequential interaction path
( Set of sequential user interactions
� Set of all user pairs in the network
� Set of all diffusion cascades
|� 9@ | Number of information transmissions from D 9 to D@
|� 9 | Total number of information transmissions from user D 9
|2 | Number of users in cascade 2

Vectors and Matrices
a 9 ∈ R3 Attribute vector of user D 9
e 9 ∈ R3 Comprehensive user embedding for user D 9
u 9 ∈ R3 Unbiased user embedding for user D 9
r 9 ∈ R3 Residual embedding for user D 9
p 9 ∈ R3 Positional encoding vector for user D 9
E ∈ R� ×3 User embedding matrix [e1, · · · , e � ]>
P ∈ R� ×3 Positional encoding matrix
O ∈ R� ×3 Output matrix from attention heads
1� ∈ R� Vector of ones for broadcasting

Functions
I (e 9 ) Prediction function based on user embedding
6($ 9 ) Mapping function for observed outcomes

Categories(u 9 ) Function mapping u 9 to category probabilities
� 9@ True diffusion probability from user D 9 to user D@
�̂ 9@ Predicted diffusion probability from user D 9 to user D@

cos(u 9 , u@) Cosine similarity between user embeddings
| · |� Frobenius norm

Losses
LA Residual loss for capturing hidden confounders

L< (u 9 , u@) Mean Absolute Error loss for diffusion prediction
L3 (u 9 ) Intra-List Diversity loss for user diversity
L2 (u 9 ) Category Coverage loss for content diversity

Intervention Sets andThresholds
�!�;>F Set of clusters with low Intra-List Diversity scores
*1>C=42 Set of bottleneck users
\< Threshold for Intra-List Diversity scores
\= Minimum neighbor threshold
\2 Content diversity threshold

_1, _2, _3, _4 Loss function weighting parameters

Predictor subsequently utilizes unbiased user embeddings to jointly optimize information diffu-
sion accuracy (via MAE), user interaction diversity (via ILD), and content category coverage (via
CC), ensuring both precise predictions and diversity promotion. (4) Targeted Interventions finally
leverages the optimized predictions and diversity metrics to find optimal intervention points and
implement strategic interventions, thereby effectively breaking echo chambers while maintaining
user engagement. In this way, CEDA employs causal learning to account for hidden confounders,
which improves the information diffusion prediction accuracy and effectively mitigates the echo
chamber problem in social networks.
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Fig. 3. The overall framework of our proposed method CEDA. First, comprehensive user embeddings are
constructed based on users’ attributes and structural information within social networks. Second, these
comprehensive user embeddings are used to compute their corresponding residual embeddings, which capture
discrepancies between predicted outcomes and observed behaviors as the influence of hidden confounders.
Then, the residual embeddings are incorporated into the Transformer’s attention mechanism as causal
adjustments to adjust attention weights, refining the comprehensive user embeddings into unbiased user
embeddings that account for hidden confounders. Finally, the unbiased user embeddings are leveraged
to jointly optimize information diffusion prediction accuracy (MAE) and diversity metrics (ILD and CC),
effectively mitigating echo chambers in the social network.

4.1 User Dual Modelling
To accurately model information diffusion in social networks, it is crucial to comprehensively
understand user behavior patterns [64, 79]. Fundamentally, user behaviors in social networks are
influenced by two key factors: individual tendencies shaped by users’ attributes, which guide their
content preferences and sharing patterns, and their structural positions within the network, which
determine content exposure and potential interaction pathways [7, 69]. Thus, our first component
User Dual Modelling synergistically integrates both users’ attributes and their structural information
in social networks to build comprehensive user embeddings for all users. First, we learn attribute-
based user embeddings based on users’ observable attributes, capturing individual tendencies in
information sharing. Then, we learn positional encoding to capture how users’ positions impact
their content exposure and information flow patterns. By jointly modeling both attribute and
positional information, we gain a deeper understanding of user behavior patterns in the social
network.

Formally, we first create the attribute-based vector a 9 ∈ R3 for each user D 9 using a retrieval
function [54], which transforms categorical attributes into numerical encodings for compatibility,
where 3 is the dimension. For instance, consider a user with two attribute categories “gender” and
“age.” The “gender” has values [“male,” “female,” “unknown”], where “male” can be encoded as
[1, 0, 0]. Following social media demographic analysis [56], we could separate the “age” with values
[“0–18,” “19–35,” “34–49,” “50+”], where “19–35” can be encoded as [0, 1, 0, 0]. We then concatenate
these individual attribute encodings to construct the attribute-based user representation a 9 for
a male user aged “19–35” as [1, 0, 0, 0, 1, 0, 0]. This numerical representation enables our model
to process and analyze user attributes effectively while maintaining the semantic relationships
between different demographic categories.

To effectively capture users’ structural positions within information diffusion sequences, we
employ a sophisticated positional encoding mechanism inspired by [45]. Specifically, we define a
matrix V ∈ R� ×3 where each row vector p 9 ∈ R3 encodes the sequential position of user D 9 in the
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sequence ( as:

p 9 =

[
sin

(
9

10,00028/3

)
, cos

(
9

10,00028/3

)]
, (2)

where 9 represents the sequential position of user D 9 in the information diffusion sequence ( .
The term 10,00028/3 serves as a frequency modulator, with dimension index 8 ranging from 0
to 3/2 − 1, and 3 being the total embedding dimension. This creates wavelengths from 2c to
10,000 ·2c , allowing the encoding to capture both fine-grained local patterns and broader sequential
relationships [45]. In simple terms, for each position 9 , we compute pairs of sine and cosine values
across different frequency bands, generating a unique positional signature that preserves geometric
properties regardless of sequence length. Suchmathematical construction produces a position-aware
representation that effectively captures both absolute positions and relative distances between
users in information diffusion pathways. In this way, we can better analyze content dissemination
patterns and identify potential echo chambers in social networks.

With the attribute-based representation a 9 capturing user characteristics and positional encoding
p 9 encoding sequential position information, we now combine them to derive the comprehensive
user embedding for each user:

e 9 = (a 9 ⊕ p 9 )W�, (3)

where W� is a learnable weight matrix and ⊕ is the concatenation operation. a 9 is the attribute-
based vector that encodes user D 9 ’s associated attributes. e 9 is the comprehensive user embedding
for the user D 9 , which integrates both attributes and positional data, providing a holistic view of
user behavior in the social network.

In summary, our dual embedding approach integrates users’ attributes and structural positions
within social networks to construct comprehensive user embeddings, forming a robust foundation
for accurately modeling information diffusion. Since such dual perspective ensures a nuanced
understanding of user behavior, enabling the model to account for not only individual content
preferences but also the broader diffusion pathways shaped by network structures. As a result,
our approach can enhance the model’s ability to predict information flow patterns and identify
key nodes or clusters for intervention strategies, thereby improving the overall effectiveness of
mitigating echo chambers in social networks.

4.2 Causal Transformer
Although the estimated comprehensive user embeddings form a strong foundation for modeling
user behavior, they do not account for the influence introduced by hidden confounders within the
social network. Formally, hidden confounders refer to external and unobserved factors that simul-
taneously affect both content exposure and user interactions. Their presence introduces spurious
correlations in observed behavior, which may lead to incorrect inferences about causal mechanisms
underlying echo chamber formation and result in ineffective intervention strategies. To address
this issue, we design our second component called Causal Transformer, which integrates causal
inference into the Transformer architecture to explicitly model and adjust for hidden confounders
within user behavior sequences. The Transformer, widely employed in Sequential Recommender
Systems (SRSs), is particularly effective at modeling sequential social interaction data due to its
self-attention mechanism, which captures long-range dependencies and complex user relation-
ships [8, 67]. Additionally, its multi-head attention structure allows CEDA to integrate residual
embeddings in a modular and scalable way. We first compute residual embeddings by measuring
the discrepancy between predicted and observed outcomes [42, 43]. These discrepancies are then
incorporated as causal adjustments within the Transformer’s attention mechanism, allowing CEDA

ACM Transactions on Information Systems, Vol. 43, No. 6, Article 163. Publication date: September 2025.
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to refine attention weights and effectively account for the influence of hidden confounders. This
adjustment ensures that user embeddings more accurately reflect true preferences rather than
external confounding effects, ultimately improving information diffusion predictions and enabling
more effective interventions to mitigate echo chambers.

4.2.1 Causal Adjustment. As mentioned, a fundamental challenge in analyzing social network
behavior is identifying and mitigating hidden confounders that systematically influence user
interactions and information diffusion patterns. To address this, we introduce a causal adjustment
mechanism, which can be interpreted as performing a causal intervention over hidden confounders,
effectively blocking their confounding effects, as shown in Figure 1. Specifically, we aim to compute
a residual embedding for each user D 9 to account for hidden confounder-induced discrepancies,
which serves as a causal adjustment to the comprehensive user embedding e 9 . These discrepancies
arise when a user’s behavior is influenced by factors not captured in the observable features,
leading to systematic deviations (e.g., a mathematical signal of hidden confounder effects) from
expected behavioral patterns. For instance, consider an online discussion network in which users
typically engage based on interest similarity or prior connections. If a controversial political speech
takes place (e.g., a televised debate) but is not logged as an event in the dataset, it may cause a
simultaneous surge in political content engagement across otherwise unrelated users. Since this
engagement is driven by the shared influence of the unobserved external event—not by intrinsic
preferences or social ties—it results in observed behavior that deviates from model expectations
based solely on visible inputs. Without adjusting for such confounding effects from unobserved
hidden confounders, a recommendation model may incorrectly infer that these users inherently
prefer political content, leading to biased content exposure. Therefore, to quantify the effects from
hidden confounders, we first estimate the expected user behavior I (e 9 ) based on observable features
and then compare it with the actual observed outcome 6($ 9 ) as:

r 9 =MLP
(
I
(
e 9

)
− 6

(
$ 9

) )
, (4)

I (e 9 ) = ReLU(]Ie 9 + bI), (5)
6($ 9 ) = ReLU(]6v ($ 9 ) + b6), (6)

where MLP is a multi-layer perceptron and $ 9 is the observed outcome for user D 9 . e 9 is the
comprehensive user embedding generated in Equation (3). I (·) is a prediction function that maps
the comprehensive user embedding e 9 to an expected behavioral outcome. In other words, I (e 9 )
represents what behavior wewould predict for userD 9 based solely on their observable attributes and
structural position within the network. Conversely, 6(·) is a mapping function that transforms the
observed outcome$ 9 (actual user behavior) into the same representational space as the predictions,
enabling direct comparison. v ($ 9 ) is an embedding lookup for the scalar observed outcome $ 9 ,
allowing us to map the scalar outcome to a higher-dimensional vector [25, 54]. The difference
between these two functions’ outputs quantifies the discrepancy between expected and actual
behavior, which indicates the effects of hidden confounders [9, 35, 65]. WI and W6 are learnable
weight matrices, while bI and b6 are bias vectors. The ReLU activation function introduces non-
linearity to capture complex relationships. Inspired by [45], we train the I () and 6() as the following
loss:

LA =
∑

(
D 9 ,$ 9

) ��I (
e 9

)
− 6

(
$ 9

) ��2 + _
(
|WI |2� + |W6 |2�

)
, (7)

where | · |� represents the Frobenius norm and _ controls regularization strength. The loss func-
tion LA achieves a crucial balance by minimizing the prediction observation discrepancy while
preventing overfitting through careful regularization of the weight matrices. Through systematic
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optimization of this loss using stochastic gradient descent, we obtain residual embeddings r 9 that
effectively quantify the influence of hidden confounders on network behaviors.

4.2.2 Multi-Head Self Attention. To comprehensively capture the effects of hidden confounders
from multiple perspectives, we employ a multi-head attention mechanism that processes user
interaction patterns through distinct representational lenses [12, 55]. This sophisticated approach
enables our model to simultaneously analyze different aspects of user behavior while accounting
for hidden confounding effects in each attention head. Mathematically, for each head 9 , we first
project the user embeddings into query, key, and value representations:

head9 = Attention(EW&

9
, EW 

9 ,VW
+
9 , r 9 ) (8)

= softmax

(
EW&

9
(EW 

9 )> − EW&

9
(r 91>� )>√

3:

)
VW+

9 , (9)

where the matricesW&

9
,W 

9 ,W
+
9
∈ R3×3: are learnable projections that map each embedding from

the original 3-dimensional space into 3: -dimensional query, key, and value vectors, respectively.
The user embedding matrix E = [e1, · · · , e � ]> ∈ R� ×3 contains comprehensive representations for
all users in the network. The matrix V is typically set equal to E unless further customized. 1� ∈ R�

is a vector of ones that broadcasts the residual embedding r 9 across all users in the sequence. In
other words, r 9 acts as a correction term, adjusting the attention weights to account for hidden
confonuders. Finally, we combine information from all attention heads:

O = (head1 ⊕ . . . ⊕ head9 )W� , (10)

where the concatenation operation ⊕ combines the outputs from all attention heads into a matrix
O ∈ R� ×3 . The final projection matrix W� integrates these multiple perspectives into a unified
representation. Each row inO represents the attended features for a user, capturing rich interactions
while systematically accounting for hidden confounders across all attention mechanisms.

4.2.3 Pointwise Feed Forward Neural Network (PFFN). The multi-head attention mech-
anism effectively captures complex relationships between users in the network through learned
attention weights. However, these attention-based transformations are inherently linear in nature,
which may limit the model’s ability to capture nonlinear patterns in user behaviors and information
diffusion dynamics. To address this limitation, we incorporate a PFFN [53, 70] after the multi-head
attention layer. Specifically, the PFFN introduces crucial nonlinearity through a sophisticated ar-
chitecture consisting of two affine transformations bridged by a LeakyReLU activation function
[72]. This design allows the model to learn more complex functional mappings while maintaining
stable gradient flow during training. Mathematically, we have:

O′ = LayerNorm(O + Dropout(q (O))), (11)
H = LeakyReLU(O′W1 + b1)W2 + 12, (12)
F = LayerNorm(O′ + Dropout(H)), (13)

where q represents the PFFN operation that processes the input through multiple nonlinear layers.
The LayerNorm [73] operation standardizes inputs across feature dimensions by calculating mean
and variance statistics, enhancing training stability and convergence. The learnable weight matrices
W1 and W2 serve as trainable parameters that enable the network to adapt and learn complex pat-
terns through backpropagation.The intermediate representationO′ is obtained by applying dropout
regularization and layer normalization to the input O, helping prevent overfitting and ensuring sta-
ble gradient flow. The model then generates H by applying the LeakyReLU activation function to an
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affine transformation ofO′, chosen specifically for mitigating vanishing gradients while maintaining
nonlinearity. The final output matrix F ∈ R� ×3 is produced through an additional round of dropout
and layer normalization, where each row vector u 9 ∈ R3 represents the unbiased user embedding for
user D 9 , capturing both linear and nonlinear relationships within the social network structure [45].

In summary, the Causal Transformer integrates residual embeddings as a causal adjustment
into the Transformer’s attention mechanism, refining comprehensive user embeddings e 9 into
unbiased user embeddings u 9 by accounting for hidden confounders. This refinement ensures that
the embeddings accurately represent users’ behaviors without the distortions caused by unobserved
confounding factors, enabling a more precise understanding of information diffusion dynamics. The
unbiased user embeddings not only improve the accuracy of predicting diffusion patterns but also
serve as a critical input for designing effective interventions. These interventions can strategically
target structural and behavioral factors within the network to disrupt echo chambers, fostering
diversity and enhancing the overall flow of information. By addressing hidden confounders, the
Causal Transformer provides a robust framework for achieving both predictive accuracy and
valuable insights in mitigating echo chambers.

4.3 Social Diffusion Predictor
With the unbiased user embeddings, we then introduce third component Social Diffusion Predictor,
aiming to train a model that accurately predicts information diffusion patterns while promoting
diversity. Specifically, we focus on three complementary metrics that collectively capture differ-
ent aspects of information spread and diversity. First is the MAE, which quantifies the average
magnitude of error in predicting diffusion probabilities between user pairs, measuring accuracy
in diffusion prediction [28]. Second is the ILD, which measures the diversity of users within each
diffusion cascade, measuring content variety within information flows [29, 31]. Third is the CC,
which measures the diversity of content exposure in information diffusion across the network
[52, 68]. By jointly optimizing these metrics, we aim to train a comprehensive model that not
only predicts diffusion accurately but also fosters diversity, facilitating the design of intervention
strategies to effectively break echo chambers in social networks.

First, we calculate the MAE to quantify the average absolute difference between predicted and
actual diffusion probabilities for each user pair in the social network. Mathematically, MAE is
defined as:

L< (u 9 , u@) =
1
|� |

∑
( 9,@) ∈�

|� 9@ − �̂ 9@ |, (14)

where L< (u 9 , u@) measures the MAE between predicted diffusion probabilities �̂ 9@ and the true
diffusion probabilities � 9@ for all user pairs ( 9, @) ∈ �, where � is the set of user pairs in the
network. u 9 and u@ are unbiased user embeddings for user D 9 and user D@ , respectively, generated
through F in Equation (13). The true diffusion probability � 9@ is calculated as the ratio of successful
information transmissions from D 9 to D@ to the total transmissions by D 9 : Mathematically, � 9@ is
calculated as:

� 9@ =
|� 9@ |
|� 9 |

, (15)

where |� 9@ | denotes the number of successful information transmissions from user D 9 to user D@ .
|� 9 | represents the total number of information transmissions initiated by user D 9 . The predicted
diffusion probability �̂ 9@ is computed through:

�̂ 9@ = f (S> (u 9 ⊕ u@)), (16)
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where f is the sigmoid function and S is a learnable weight vector. u 9 ⊕ u@ representing the
concatenation of embeddings u 9 and u@ . A lower MAE indicates better prediction accuracy as
it implies smaller differences between predicted and actual diffusion probabilities in the social
network.

Second, we calculate the ILD to evaluate the semantic dissimilarity among recommended items
within each diffusion cascade. Mathematically, ILD is defined as:

L3 (u 9 ) =
1
|� |

∑
2∈�

1
|2 | ( |2 | − 1)

∑
9,@∈2

(1 − cos(u 9 , u@)), (17)

where L3 (u 9 ) quantifies the ILD by measuring dissimilarity between users in diffusion sequences.
� is the set of all diffusion cascades and 2 represents a specific cascade, with |2 | denoting the number
of users in cascade 2 . The term cos(u 9 , u@) computes the cosine similarity between the unbiased
embeddings of users D 9 and D@ , measuring how similar their behavioral patterns and preferences
are. A higher ILD value indicates that users are presented with content that spans different semantic
dimensions, reducing the reinforcement of narrow interest areas. This diversity mitigates echo
chamber effects, enabling more balanced exposure to varied content within the social network.

Third, we compute CC to measure the diversity of content categories that users engage with
across the network. For each user D 9 , we map his/her unbiased embedding u 9 to a probability
distribution over : predefined content categories (e.g., sports, technology) through a learnable
transformation:

Categories(u 9 ) = f (W2u 9 + b2 ), (18)

where W2 ∈ R:×3 is the learnable parameter. The output Categories(u 9 ) ∈ R: represents the
probabilities of user D 9 participating in each of the predefined : categories. After obtaining these
category probabilities for all users, we then compute the diversity of content exposure across the
whole network as:

L2 (u 9 ) =
|⋃�

9=1 Categories(u 9 ) |
:

, (19)

where L2 (u 9 ) measures CC as the ratio of unique categories that have user participation to the
total number of predefined categories : . A higher CC score reflects greater diversity in the content
exposure, indicating a broader range of topics being engaged with across the network. This increase
in topic diversity suggests effective disruption of echo chambers and more balanced information
dissemination, aligning with the goal of reducing self-reinforcing cycles in the social network.

Finally, we integrate causal residual loss, prediction accuracy, and several diversity metrics into
a composite loss function to jointly optimize our model as follows:

L = _1LA + _2L< (u 9 , u@) + _3 (1 − L3 (u 9 )) + _4 (1 − L2 (u 9 )), (20)

where LA ensures the model accounts for the effects of hidden confounders through causal resid-
ual adjustments. L< minimizes the MAE between predicted and actual diffusion probabilities,
enhancing prediction accuracy. (1 − L3 ) promotes user diversity within diffusion cascades, re-
ducing homogenization and improving exposure to varied perspectives. (1 − L2 ) encourages
broader engagement across diverse content categories, fostering a more balanced network-wide
information flow. The parameters _1, _2, _3, and _4 control the relative importance of each term,
enabling the model to balance accuracy, causal adjustment, and diversity objectives effectively.
By simultaneously optimizing these objectives, CEDA achieves robust diffusion predictions while
addressing hidden confounders and promoting diversity, ultimately mitigating echo chambers in
social networks.
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4.4 Targeted Interventions
Leveraging our trained model, the last component Targeted Interventions develops systematic strate-
gies to effectively mitigate echo chambers while preserving user engagement in social networks.
The key idea lies in utilizing CEDA’s robust predictive insights to identify optimal intervention
points within the network structure. By analyzing both network topology and information diver-
sity metrics, we can detect critical junctures where targeted modifications will have maximum
impact in disrupting echo chambers. Specifically, our approach focuses on two complementary
strategies: first, identifying low-diversity clusters where strategic edge rewiring can introduce
diverse perspectives; and second, leveraging bottleneck users who can serve as bridges between
isolated communities. The interventions are carefully calibrated using our model’s predictions of
information flow patterns and diversity metrics, ensuring that modifications enhance network
diversity while maintaining user engagements. This data-driven approach enables the strategic
reshaping of information diffusion across the social network, transforming isolated echo chambers
into more interconnected communities.

4.4.1 Intervention Points. To systematically identify the most effective intervention points, we
analyze both the network topology and information diversity through a dual-perspective approach:

—Low Diversity Clusters: User clusters with low ILD scores indicate the presence of potential
echo chambers, as these groups primarily share and interact with similar content where
diverse perspective exposure needs enhancement. Mathematically, the clusters with low ILD
scores are defined as:

�!�;>F =

2 ∈ � | 1|2 |
∑
D 9 ∈2

L3 (u 9 ) < \<

 , (21)

where �!�;>F is the set of clusters with average ILD scores below the diversity threshold
\< . |2 | is the number of users in cluster 2 and L3 (u 9 ) is the ILD score of user D 9 . To ensure
intervention quality, we further compute the Silhouette coefficient [59] for each cluster. Only
those with Silhouette scores above 0.6, indicating strong internal cohesion, are selected as
viable intervention targets.

—Bottleneck Users: These users are structurally positioned across multiple communities but
demonstrate limited content diversity in what they share, reflected by low CC scores [40].Their
strategic network positions offer potential for facilitating diverse information flows across
multiple communities, but are not fully utilized. Mathematically, bottleneck user is defined as:

*1>C=42 = {D 9 ∈ U|# (D 9 ) ≥ \= ∧ L2 (u 9 ) < \2 }, (22)

where *1>C=42 represents the set of bottleneck users, # (D 9 ) is the number of neighboring
communities for user D 9 , \= is the minimum threshold for neighbors, and \2 is the content
diversity threshold.

4.4.2 Intervention Strategies. Building upon the intervention points, we develop targeted inter-
vention strategies to mitigate echo chambers and promote information diversity, each addressing
specific network patterns that contribute to echo chamber formation:

—Diversity-Aware Content Injection (DA-CI): For user clusters with low ILD, we apply a
structural rewiring strategy to inject diverse information sources [75, 82]. Specifically, we
identify the highest-degree user within each low-diversity cluster—who often acts as a central
information amplifier—and remove one of their incoming edges. Simultaneously, we add a
new incoming edge from a user located outside the cluster but belonging to a semantically
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diverse region of the network. This targeted edge replacement disrupts echo-amplifying hubs,
opens new exposure channels, and increases content heterogeneity within the cluster. These
modifications are expected to improve ILD within the affected clusters and mitigate structural
content homogeneity that reinforces echo chamber effects.

—Cross-Category Bridging (CCB): For bottleneck users—those structurally connected across
multiple communities but exhibiting limited content diversity [76], we introduce new out-
bound connections to users in different communities who engage with distinct content
categories. These additional edges are selected to maximize the target user’s potential CC,
thereby enhancing the overall diversity of content shared across the network. This strategy
leverages the structural position of bottleneck users to facilitate cross-community information
flow. By broadening the scope of content dissemination, this intervention aims to reduce inter-
community segregation and promote exposure to heterogeneous viewpoints, thus alleviating
the reinforcing cycles characteristic of echo chambers.

4.4.3 Network Topology Analysis. To evaluate the structural effects of our proposed interventions
on echo chamber mitigation, we analyze changes in three fundamental network metrics: modularity,
clustering coefficient, and the size of the Giant Connected Component (GCC). These metrics
collectively capture the degree of community fragmentation, local cohesion, and global connectivity
within the user network.

Modularity measures the extent to which a network is partitioned into densely connected
subgroups with sparse inter-group connections [48]. High modularity values indicate strong
community boundaries, which often correspond to isolated echo chambers. A decrease inmodularity
following intervention suggests that the structural separation between communities is reduced,
implying a weakening of echo chamber boundaries and increased potential for cross-community
information flow.

Clustering coefficient quantifies the density of local connections within user communities [57].
In the context of echo chambers, high clustering indicates that users are embedded in tightly-knit
groups with redundant connections, reinforcing repeated exposure to similar content. A decrease in
clustering coefficient reflects a reduction in localized redundancy, indicating that new connections
are disrupting closed user loops and enabling access to previously unavailable information.

GCC size refers to the proportion of users belonging to the largest strongly connected subgraph
[15]. An increase in GCC size signals enhanced global connectivity and the emergence of a more
integrated network structure. This is critical for diluting the influence of isolated communities and
ensuring that diverse content can diffuse across broader portions of the network.

In our experiments, we construct user-user interaction networks based on shared content en-
gagement and apply the proposed interventions (DA-CI and CCB) to modify the network structure.
We then compute the modularity, average clustering coefficient, and GCC size of the modified
networks using standard graph analysis libraries such as NetworkX. These metrics are compared
against the original (pre-intervention) network to assess the structural impact of each intervention.
Specifically, we observe that successful interventions lead to reduced modularity and clustering
coefficient, along with increased GCC size, thereby providing concrete evidence that our approach
weakens structural isolation and enhances network-wide content diversity.

In summary, our Targeted Interventions component systematically identifies optimal intervention
points by analyzing network topology and diversity metrics, such as low-diversity clusters and
bottleneck users. It then implements multidimensional strategies, including DA-CI and CCB, to
strategically reshape information diffusion. These targeted modifications disrupt self-reinforcing
feedback loops, enhance interconnectivity, and promote diverse perspectives across the social
network, effectively breaking echo chambers while preserving the user engagement.
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4.5 Complexity Analysis
Regarding the time complexity, CEDA consists of four primary components with distinct com-
putational requirements: The first component User Dual Modelling requires $ ( |* | · 3) operations
for generating comprehensive user embeddings, where |* | represents the total number of users
and 3 is the embedding dimension; The second component Causal Transformer, which forms the
computational core, has a total complexity of$ ( |( |2 ·3 + |* | ·3), where$ ( |( |2 ·3) for self-attention
operations and$ ( |* | · 3) for residual embedding computation. Note that the computational cost of
standard transformer is dominated by self-attention, which has complexity $ ( |( |2 · 3), where |( | is
the sequence length and 3 is the embedding dimension. Since |( |2 is typically much larger than |* |,
the additional computation for residual embeddings is marginal compared to the overall cost of
self-attention. However, this minor overhead significantly enhances causal adjustment, improving
prediction accuracy while maintaining practical scalability. The third component Social Diffusion
Predictor requires$ ( |* | · |� |) operations for computing diffusion probabilities and diversity metrics,
where |� | represents the number of content categories; The last component Targeted Interventions
has a complexity of$ ( |� |) for analyzing network edges, where |� | represents the number of edges.
The total time complexity is therefore expressed as $ ( |* | · 3 + |( |2 · 3 + |* | · |� | + |� |). In practice,
this simplifies to$ ( |( |2 ·3) as the sequence length term typically dominates in real-world scenarios.
For space complexity, CEDA requires$ ( |* | · 3) to store user embeddings and$ ( |( |2) for attention
matrices, reflecting its efficient use of memory resources.These characteristics highlight our CEDA’s
scalability and practicality for large-scale social networks, enabling it to handle complex interaction
patterns and deliver robust performance across diverse datasets.

5 Experiments
We conduct extensive experiments to evaluate the effectiveness of our proposed CEDA, addressing
the following key research questions:

—RQ1: How does CEDA performs in predicting information diffusion patterns and mitigating
echo chambers?

—RQ2 : How do different components of CEDA contribute to its overall performance?
—RQ3: How do different hyperparameter settings affect CEDA’s performance?
—RQ4: How effective are CEDA’s intervention strategies in mitigating echo chambers on real-
world social networks?

5.1 Settings
5.1.1 Datasets. We evaluate our approach using three real-world social network datasets: Twit-

ter,1 Google+,2 and Facebook.3 Table 2 summarizes the key statistics, including the number of
networks, users, average clustering coefficient (Avg. CC), and network diameter. The Twitter dataset
includes 973 social circles with 81,306 users, showing moderate interconnectivity reflected in an
average clustering coefficient of 0.5653. The Google+ dataset is larger, encompassing 107,614 users
across 132 circles, but features sparser connectivity, with an average clustering coefficient of 0.4901.
In contrast, the Facebook dataset consists of 4,039 users spread across 10 circles, representing a
smaller but more densely connected network with a clustering coefficient of 0.6055. These datasets
capture diverse social network characteristics, including variations in scale, connectivity, and com-
munity structures, providing a comprehensive evaluation context. To ensure high-quality data and
meaningful interaction analysis, sequences containing fewer than five interactions are excluded.
1https://snap.stanford.edu/data/ego-Twitter.html.
2https://snap.stanford.edu/data/ego-Gplus.html.
3https://snap.stanford.edu/data/ego-Facebook.html.
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Table 2. Statistics of the Three Selected
Real-World Datasets

Statistics Twitter Google+ Facebook
#Networks 973 132 10
#Users 81,306 107,614 4,039
Avg. CC 0.5653 0.4901 0.6055
Diameter 7 6 8

We partition the processed data into training (70%), validation (10%), and test (20%) subsets. This
partitioning strategy balances robust model training and reliable evaluation, reducing the risk of
overfitting and enabling a thorough assessment of our approach across different social network
environments.

5.1.2 Implementation. We implement our proposed model CEDA using the PyTorch framework,
leveraging its flexibility and efficiency for deep learning tasks across our selected three real-world
datasets. For the User Dual Modelling component, we set the dimension for user representations
to 128 to capture sufficient behavioral features while maintaining computational efficiency. The
Causal Transformer component employs 16 attention heads to effectively model multi-aspect user
preferences and relationships across different social network contexts, with a dropout rate of 0.1
applied uniformly across all layers to mitigate overfitting risks. To optimize the Social Diffusion
Predictor component, we conduct an extensive grid search to fine-tune the loss function weights
_1, _2, and _3 within the range [0.1, 1.0] at 0.1 intervals. This can ensure the balanced optimization
between diffusion accuracy and diversity objectives. The model is optimized using the Adam
optimizer [34] with a learning rate of 0.001 and a batch size of 256, ensuring stable convergence and
efficient training across different network scales. For fair evaluation, all baseline models undergo
the same rigorous parameter tuning process within identical ranges, allowing fair performance
comparisons across different social network environments.

5.1.3 Evaluation. To comprehensively evaluate CEDA’s effectiveness, we implement a multi-
faceted assessment framework using five established metrics that measure both predictive accuracy
and echo chamber mitigation capabilities. For assessing information diffusion prediction, we employ
Root Mean Square Error (RMSE) [28] to quantify the overall prediction accuracy across different
network contexts, complemented by Precision@K and Recall@K metrics [13] that provide detailed
insights into both accuracy and coverage of our Top-K predicted diffusion paths. The evaluation of
echo chamber mitigation effectiveness relies on two key metrics. First is the Gini coefficient [23],
which measures the equality of information distribution across the network by quantifying how
evenly content is shared among users. A lower Gini value suggests that recommended content is
more evenly distributed across different items, reducing popularity bias and ensuring that niche
content is not overshadowed by mainstream recommendations. Second is the Simpson’s Diversity
Index (SDI) [33, 61, 80], which measures the probability that two randomly selected recommended
items belong to different categories, providing a direct measure of content diversity and echo
chamber reduction. A higher SDI indicates greater content diversity in recommendations, making
it particularly useful for evaluating whether a model reduces content homogeneity and exposes
users to a broader range of topics. With the above comprehensive evaluation approach allows
us to assess both the model’s predictive capabilities and its effectiveness in promoting diverse
information flow. To ensure fair comparison with baseline methods that may specialize in either
echo chamber detection or diversity promotion, we adapt their strategies within our SRS framework
while preserving their core functionalities.
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5.2 Baselines
We compare our CEDA with below state-of-the-art methods:

—FRECH [63]: This uses a GCN with wide architecture to learn user behaviors and implicit echo
chamber representations to recommend diverse friends from outside echo chamber.

—CECD [46]: This employs a probabilistic generative model to detect echo chambers and
characterize their influence on information propagation in social networks.

—OCR [66]: This proposes a quadratic optimization framework to recommend diverse content
and reduce echo chambers in social media, while accounting for user preferences.

—ECS [2]: This uses embedding distances between users to quantify echo chamber effects in
social networks, helping devise strategies to mitigate echo chamber effects.

—ECM [58]: This proposes an agent-based model to study how social influence and unfollowing
behaviors impact the emergence of echo chambers in online social networks.

—GRU4Rec [27]: This uses recurrent neural networks with GRU units to model user sequential
behaviors in session-based recommendation.

—NARM [36]: This employs an attention mechanism with RNNs to capture both sequential
behavior and main purpose in session-based recommendation.

—STAMP [41]: This proposes a short-term attention priority model to capture both long-term
and short-term user interests in session-based recommendation.

—LLMS [24]: This employs Large Language Models to capture semantic relations between items
and enhance item representations, improving sequential recommendations.

—ReFor [37]: This uses a transformer-based model to learn language representations for se-
quential recommendation, improving cold-start performance and domain transfer.

—DCCF [74]: This uses counterfactual reasoning and back-door adjustment to mitigate echo
chambers in recommender systems while maintaining recommendation performance.

5.3 RQ1. Performance Analysis
To comprehensively evaluate CEDA’s effectiveness, we conduct extensive experiments on three
real-world datasets, analyzing both quantitative performance metrics and the model’s ability to
address echo chambers. As shown in Table 3, CEDA consistently outperforms state-of-the-art
methods across all evaluations, demonstrating significant improvements in both accuracy and
ranking metrics. In terms of prediction accuracy, CEDA achieves substantial improvements in
RMSE, with 13.38%, 10.05%, and 12.44% lower error rates compared to the best-performing baselines
on Twitter, Google+, and Facebook, respectively. This improvement in accuracy indicates CEDA’s
superior ability to capture the underlying patterns in information diffusion. The performance gains
are even more pronounced in ranking metrics, particularly at higher K values where capturing
long-term dependencies becomes crucial. For instance, on the Twitter, CEDA demonstrates 14.22%
higher Precision@40 and 11.65% higher Recall@40 compared to the strongest baseline. On the
Google+ and Facebook, CEDA achieves improvements of 5.99% and 7.58% in Precision@40, and
2.09% and 2.63% in Recall@40, respectively. These results highlight CEDA’s robustness in modeling
complex information diffusion dynamics across diverse social network environments.

Beyond prediction accuracy, we assess CEDA’s ability to mitigate echo chambers using two
widely used diversity metrics: the Gini coefficient [23] and SDI [61, 80]. The Gini coefficient
measures the evenness of information distribution within the network, with lower values indicating
a more balanced exposure to information across user groups. SDI, on the other hand, quantifies
the diversity of information categories that users are exposed to, with lower values suggesting
increased exposure to diverse content. Our results demonstrate that CEDA effectively reduces
the Gini coefficient by 12.23%, 5.44%, and 10.36% on Twitter, Google+, and Facebook, respectively,
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Table 3. Performance Comparison

Dataset Metric GRU4Rec NARM STAMP LLMS ReFor CECD OCR FRECH DCCF ECS CEDA Improv.%
RMSE 0.3621 0.3598 0.3567 0.3512 0.3489 0.3556 0.4102 0.3645 0.3599 0.3532 0.3022 13.38%
Pr@5 0.5312 0.5389 0.5456 0.5634 0.5601 0.5215 0.5301 0.5589 0.5625 0.5578 0.6015 6.76%
Pr@10 0.6089 0.6156 0.6223 0.6301 0.6378 0.5987 0.6056 0.6312 0.6378 0.6467 0.6898 6.67%
Pr@20 0.6756 0.6823 0.6901 0.6978 0.7056 0.6654 0.6721 0.6978 0.7045 0.7156 0.7689 7.45%
Pr@40 0.7412 0.7489 0.7567 0.7645 0.7723 0.7312 0.7389 0.7601 0.7878 0.7745 0.8998 14.22%

Twitter Re@5 0.4956 0.5023 0.5101 0.5178 0.5356 0.4856 0.4923 0.5145 0.5201 0.5289 0.5789 8.08%
Re@10 0.5678 0.5745 0.5823 0.5901 0.5978 0.5578 0.5645 0.5889 0.5956 0.6045 0.6587 8.97%
Re@20 0.6345 0.6412 0.6489 0.6567 0.6745 0.6245 0.6312 0.6567 0.6634 0.6723 0.7378 9.38%
Re@40 0.7301 0.7378 0.7456 0.7634 0.7612 0.7401 0.6978 0.7212 0.7289 0.7367 0.8523 11.65%
Gini 0.5923 0.5856 0.5789 0.5723 0.5656 0.6123 0.5987 0.5678 0.5534 0.5456 0.4789 12.23%
SDI 0.4122 0.4044 0.3966 0.3877 0.3799 0.4322 0.4211 0.3844 0.3511 0.3622 0.2766 23.63%

RMSE 0.3456 0.3423 0.3389 0.3356 0.3323 0.3401 0.3956 0.3489 0.3423 0.3378 0.2989 10.05%
Pr@5 0.5445 0.5523 0.5601 0.5778 0.5756 0.5345 0.5432 0.5712 0.5789 0.5723 0.6137 6.21%
Pr@10 0.6223 0.6301 0.6378 0.6456 0.6534 0.6123 0.6201 0.6456 0.6523 0.6578 0.6964 5.87%
Pr@20 0.6889 0.6967 0.7045 0.7123 0.7201 0.6789 0.6867 0.7123 0.7189 0.7245 0.7701 6.29%
Pr@40 0.7556 0.7634 0.7712 0.7789 0.7867 0.7456 0.7534 0.7745 0.8023 0.7889 0.8504 5.99%

Google+ Re@5 0.5089 0.5167 0.5245 0.5323 0.5501 0.4989 0.5056 0.5289 0.5345 0.5434 0.5751 4.54%
Re@10 0.5812 0.5889 0.5967 0.6045 0.6123 0.5712 0.5789 0.6023 0.6101 0.6201 0.6559 5.77%
Re@20 0.6489 0.6567 0.6645 0.6823 0.6801 0.6389 0.6456 0.6712 0.6789 0.6778 0.7274 6.61%
Re@40 0.7445 0.7523 0.7601 0.7678 0.7756 0.7545 0.7123 0.7356 0.7434 0.7512 0.7918 2.09%
Gini 0.5789 0.5723 0.5656 0.5589 0.5523 0.5989 0.5845 0.5534 0.5389 0.5312 0.5023 5.44%
SDI 0.4088 0.3999 0.3911 0.3822 0.3733 0.4188 0.4077 0.3699 0.3366 0.3477 0.2988 11.23%

RMSE 0.3689 0.3656 0.3623 0.3489 0.3556 0.3589 0.4234 0.3767 0.3701 0.3534 0.3055 12.44%
Pr@5 0.5201 0.5278 0.5356 0.5634 0.5512 0.5101 0.5189 0.5467 0.5534 0.5489 0.5957 5.73%
Pr@10 0.5967 0.6045 0.6123 0.6201 0.6378 0.5867 0.5945 0.6201 0.6267 0.6323 0.6834 7.15%
Pr@20 0.6634 0.6712 0.6789 0.6867 0.6945 0.6534 0.6601 0.6856 0.6923 0.7001 0.7578 8.24%
Pr@40 0.7289 0.7367 0.7445 0.7523 0.7601 0.7189 0.7267 0.7478 0.7545 0.7612 0.8189 7.58%

Facebook Re@5 0.4845 0.4923 0.5001 0.5078 0.5256 0.4745 0.4812 0.5034 0.5089 0.5167 0.5567 5.92%
Re@10 0.5567 0.5645 0.5723 0.5801 0.5878 0.5467 0.5534 0.5778 0.5845 0.5912 0.6395 8.17%
Re@20 0.6234 0.6312 0.6389 0.6667 0.6545 0.6134 0.6201 0.6456 0.6523 0.6589 0.7134 7.00%
Re@40 0.7189 0.7267 0.7345 0.7423 0.7601 0.7289 0.6867 0.7101 0.7278 0.7256 0.7801 2.63%
Gini 0.6034 0.5967 0.5901 0.5834 0.5767 0.6234 0.6101 0.5789 0.5845 0.5867 0.5189 10.36%
SDI 0.4333 0.4244 0.4155 0.4066 0.3977 0.4433 0.4322 0.3955 0.3733 0.3622 0.3155 12.89%

The best results are bolded, while the best baselines are underlined.

indicating a more balanced information distribution among user groups. Furthermore, CEDA
achieves significant improvements in SDI, with 23.63%, 11.23%, and 12.89% higher diversity scores
on Twitter, Google+, and Facebook, respectively, compared to the best-performing baselines. These
findings showcase CEDA’s effectiveness in broadening users’ exposure to diverse content and
mitigating echo chamber effects across different social network environments.

5.4 RQ2. Ablation Study
To evaluate the contribution of each component in our proposed CEDA, we perform ablation studies
by systematically modifying its elements. Specifically, we compare four variations: �" , where User
Dual Modelling is replaced with embeddings based solely on user attributes, removing structural
context; �) , where the Causal Transformer is excluded, using comprehensive embeddings without
causal adjustments, thereby neglecting hidden confounders; ) � , where Targeted Interventions
employs a random forest model to predict intervention points, bypassing diversity-aware strategies;
and �!!, the full CEDA model with all components intact.

Figure 4 reveals how each component uniquely contributes to mitigating echo chambers, improv-
ing diversity, and enhancing prediction accuracy. It is worth noting that the Causal Transformer has
the most significant impact on overall performance, with its removal causing substantial drops in
Precision@40 by 36.76% on Twitter, 22.66% on Facebook, and 7.48% on Google+. This highlights the
critical role of addressing hidden confounders in complex social networks. On the other hand, our
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Fig. 4. Ablation study demonstrating the contribution of each CEDA’s component across three datasets.

trained model in Targeted Interventions shows varying importance across platforms, with its removal
decreasing Precision@40 by 29.20% on Twitter, 15.33% on Facebook and 2.59% on Google+. This
highlights the effectiveness of our approach in defining the optimal intervention point. Moreover,
User Dual Modelling demonstrates varying importance across different platforms, with its removal
reducing Precision@40 by 19.53% on Twitter, 24.26% on Google+, and 8.44% on Facebook. Regarding
diversity metrics, the Causal Transformer proves particularly effective in maintaining lower Gini
coefficients, as its removal increases these values by 9.0% on Twitter, 5.44% on Google+, and 6.0% on
Facebook. These findings demonstrate that while each component contributes differently across
platforms, the Causal Transformer for addressing hidden confounders consistently plays the most
crucial role in mitigating echo chambers across diverse social networks.

5.5 RQ3. Hyperparameters Analysis
To assess CEDA’s sensitivity for various parameter configurations and optimize its performance,
we conduct comprehensive hyperparameter analysis on three real-world datasets. Specifically,
we focus on four key hyperparameters. First, the user embedding dimensions (3) determine the
depth of user preference insights, with higher dimensions providing richer representations at the
cost of greater computational overhead. Second, the number of attention heads ( 9 ), as defined in
Equation (10), influences the model’s capacity to process multiple relevance signals simultaneously,
with more heads enhancing parallelism and accuracy but increasing memory requirements. Third,
the batch size impacts learning stability, where larger batches stabilize gradient updates, and
smaller ones offer faster but noisier convergence. Finally, the learning rate controls the speed
of convergence, with higher rates accelerating training but risking overshooting, while lower
rates ensure precision at the expense of longer training times. By systematically varying these
parameters, we analyze their effects on prediction accuracy, diversity metrics, and computational
efficiency. Thereby, providing insights into optimal configurations that ensure robust and scalable
performance across diverse social environments.

As shown in Figures 5–7, CEDA demonstrates distinctive hyperparameter sensitivity patterns
across different social network datasets. For attention mechanism, we find the optimal attention
head number is 16 achieving Precision@40 of 89.98% on Twitter while 8 attention heads perform
best on both Google+ and Facebook reaching 85.04% and 81.89%. This suggests that social networks
with denser user interactions require more sophisticated attention mechanisms to capture complex
behavioral patterns. For batch size, we find a batch size of 256 achieves the best results on Twitter
and Facebook while a larger batch size of 512 performs better on Google+. This suggests that the
optimal batch size correlates with network scale as larger networks may require more samples per
iteration to learn stable patterns. For embedding dimensions, we find 128-dimensional embeddings
achieve the best Precision@40 of 89.98% and 81.89% on Twitter and Facebook respectively, while
256 dimensions work better on Google+ achieving Precision@40 of 85.04%. This suggests that
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Fig. 5. Parameter sensitivity analysis on the Twitter dataset.

Fig. 6. Parameter sensitivity analysis on the Google+ dataset.

Fig. 7. Parameter sensitivity analysis on the Facebook dataset.

different social networks require varying embedding dimensions to effectively capture their unique
interaction patterns and information diffusion characteristics. For learning rate, we find a learning
rate of 0.001 consistently achieves peak performance on all three datasets with sharp degradation
at higher or lower values. This suggests that proper learning rate calibration plays a fundamental
role in model convergence regardless of network characteristics. Overall, these findings highlight
that effective echo chamber mitigation requires careful platform-specific hyperparameter tuning as
the optimal configuration partially depends on the network size and interaction patterns.

5.6 RQ4. Understanding Designed Intervention Strategies
To better demonstrate the effectiveness of our intervention strategies, we analyze their impacts on
echo chamber mitigation across three social network platforms. Following prior works [6, 64], we
randomly select 20 users from Twitter, Google+, and Facebook to construct three representative
networks by extracting information diffusion paths originating from these users. As shown in
Figures 8–10, the initial Before snapshots revealed distinct isolated echo chambers in these three
networks, with Twitter showing three chambers, Google+ showing four chambers and Facebook
showing five chambers. These echo chambers are characterized by dense internal connections
within each group but sparse connections between different groups, where users predominantly
interact within their closed communities. Such isolated structures limit users’ exposure to diverse
perspectives and reinforce existing viewpoints, leading to increased polarization and deteriorated
public discourse in social networks. To break echo chambers, we detect low diversity clusters
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Fig. 8. Visualization of CEDA’s echo chamber mitigation effect on Twitter.

Fig. 9. Visualization of CEDA’s echo chamber mitigation effect on Google+.

�!�;>F based on Equation (21) and identify bottleneck users *1>C=42 based on Equation (22) as
intervention points. Following that, we implement two targeted strategies across these networks.
First, we remove input connections marked by red prohibition signs from high-degree users who
acted as central information hubs within each low diversity cluster, limiting their ability to dominate
information flow. This can strategically reduce the reinforcement of existing viewpoints and breaks
down information monopolies. Second, we leverage bottleneck users marked as purple nodes
who demonstrated interest across multiple topics to create new cross-cluster connections shown
as purple lines. These new connections create pathways for diverse content and perspectives to
flow between previously isolated groups. The effectiveness of these interventions is evident in the
After snapshots where the number of echo chambers decreases significantly from three to one on
Twitter, four to two on Google+, and four to zero on Facebook. More importantly, the new purple
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Fig. 10. Visualization of CEDA’s echo chamber mitigation effect on Facebook.

bridging connections create increased interconnectivity between previously isolated communities,
successfully transforming segregated echo chambers into more diverse social networks. These
results validate that CEDA’s causal learning through residual embedding analysis can effectively
address hidden confounders in social networks, enabling targeted interventions to systematically
mitigate echo chambers while maintaining the diverse information flow.

6 Conclusion and Future Work
In this article, we introduce CEDA, a novel causal-based approach that integrates causal inference
with the Transformer architecture within a sequential recommendation system framework to
address the persistent challenge of echo chambers in social networks. By leveraging both the
sophisticated temporal modeling capabilities of Transformers and the analytical power of causal
inference to uncover hidden confounders, CEDA successfully mitigates the effects of echo cham-
bers. Our experimental evaluation across three diverse real-world datasets demonstrates CEDA’s
exceptional performance, consistently outperforming existing state-of-the-art methods in both pre-
dicting information diffusion patterns and effectively reducing echo chamber effects. Future work
may explore applying causal techniques to process multimodal social network data, potentially
uncovering additional confounders in broader social contexts.
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