
Elena Zheleva 
Assistant Professor of Computer Science | University of Illinois at Chicago

https://www.cs.uic.edu/~elena/
@elenadata

RELATIONAL CAUSAL INFERENCE 
FROM SOCIAL MEDIA DATA

https://www.cs.uic.edu/~elena/


Can misinformation 
campaigns on 
social media 

influence elections? 
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Can social media 
interactions make

people vaccine-hesitant 
and why?



What messages in online support groups 
cause people to feel more empathy?



What social interventions can facilitate 
the viral spread of a message or product?



CAUSAL INFERENCE 
FROM SOCIAL MEDIA

Common among these questions:

- Concerned with causes and effects

- Data from digital platforms may 
help with answering them

- Interference: the actions of one user 
can affect the actions of others

When and how can we answer causal 
questions of interest while accounting 
for interference?*

*E. Zheleva, D. Arbour. Causal Inference from Network Data. Tutorial @ KDD 2021, AAAI 2022. https://netcause.github.io
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INTERFERENCE AND GRAPHS

Interference is not a new 
phenomenon

Many real-world phenomena 
exhibit interference

Interference can be modeled 
through relational/graph data
 Nodes correspond to units
 Edges correspond to interactions, 

some of which may be causal

Estimating peer effects and 
effects in the presence of 
interference is not trivial 
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HOMOPHILY VS. CONTAGION

Manski. . 1993.
Aral. PNAS 2009.
Shalizi & . 2012.

Mom

⇓ ⇓

Shalizi & Thomas. Homophily and Contagion Are Generically Confounded in Observational Social Network Studies. Sociological Methods & Research 2011.

Homophily Contagion Confounder



CHALLENGES IN EXTRACTING CAUSAL 
INSIGHTS FROM SOCIAL MEDIA DATA
Involves reasoning about counterfactual worlds
Causal inference often relies on unrealistic assumptions 
 Strong ignorability: no unmeasured confounders (𝑌 0 , 𝑌 1 ) ⊥ 𝑇|𝑿
 Stable unit treatment value assumption (SUTVA): outcome Yi of unit i depends 

only on its own treatment and not on the treatment of others Yi(t) = Yi(ti) 

Interference: the outcome Yi of unit i can be affected by its 
treatment ti and by the treatments tNi received by its 
neighbors/peers Yi(t) = Yi(ti;tNi)
Simply using matching techniques without a relational causal 
model can lead to model dependence [1] based on the chosen 
data representation, matching method and estimand [2] 
There are no standard libraries that take social media data as 
input and output causal effects of interest

[1] King, Zeng. The dangers of extreme counterfactuals. Political Analysis 2006.
[2] Shahid, Zheleva. Counterfactual learning in networks: An empirical study of model dependence. WHY 2019.Image: Golden Cosmos, The New Yorker



RELATIONAL CAUSAL INFERENCE
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Overarching research goal:
Identify and resolve barriers to causal inference from relational data for real-world applications

And many more!

What social interventions can facilitate 
the viral spread of a message or product?

Can misinformation campaigns on social media 
influence elections?

Can social media interactions make users 
vaccine-hesitant and why?

What messages in online support groups 
cause people to feel more empathy?



FOCUS OF TODAY’S TALK

Heterogeneous Peer Effects Relational Causal Models with Cycles

Relational Causal Models with Cycles: Representation and Reasoning. CLeaR 2022.
Joint work with Ragib Ahsan and David Arbour

Heterogeneous Peer Effects in the Linear Threshold Model. AAAI 2022.
Joint work with Christopher Tran



HETEROGENEOUS PEER EFFECTS IN LTM [1]

The Linear Threshold model (LTM) [2] is a 
well-studied model of information diffusion

If a weighted proportion of an individual’s friends 
N(v) that have activated (e.g., adopted a product) 
are above a threshold θv , then that individual v will 
activate

Different individuals have different 
susceptibility to influence
 This translates to different thresholds θ in LTM
 No methods for predicting the right threshold [3]

[1] Tran & Zheleva. Heterogeneous Peer Effects in the Linear Threshold Model. AAAI 2022.
[2] Granovetter, M. Threshold models of collective behavior. American journal of sociology. 1978.
[3] Talukder et al. Threshold Estimation Models for Linear Threshold-Based Influential User Mining in Social Networks. IEEE Access. 2019.
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Figure 1: A causal model of peer e↵ects with feedback loops.

⇢(x) = E[Y (It = it)� Y (It = it
0
) | Y t = y] (1)

⇢(x) = E[Y (It = it)� Y (It = it
0
) | X = x, Y t = y] (2)

P(x) = E[Y(It � ✓̂)� Y(It < ✓̂) | X = x, Y t = y] (3)

1

CAUSAL MODEL FOR LINEAR THRESHOLD MODEL

We develop a Structural Causal Model for LTM [1]
 Allows us to study identifiability of peer effects [2]

Peer effect: the effect of friends’ adoption status 
on individual’s adoption

two alternative treatments

Heterogeneous peer effect: peer effect based on 
the individual’s features

[1] Tran & Zheleva. Heterogeneous Peer Effects in the Linear Threshold Model. AAAI 2022.
[2] Pearl. Causality: Models, reasoning and inference. 2009.

Individual v’s
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ESTIMATING HETEROGENEOUS PEER EFFECTS

Individual-level threshold estimation
 Find minimum threshold     (called trigger) that would cause a node to activate

 What is the effect of activation influence being above the trigger?
 Find the trigger that maximizes the effect

Trigger-based causal tree [1]
 Recursive partitioning for finding heterogeneous subgroups
 At each node in the tree, we find the best trigger through exhaustive search

Trigger-based ST-learner [2]
 Metalearner [3] – breaks down HTE estimation into separate regression/classification problems
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[1] Tran, Zheleva. Learning triggers for heterogeneous treatment effects. AAAI 2019. Code: https://github.com/edgeslab/CTL
[2] Tran & Zheleva. Heterogeneous Peer Effects in the Linear Threshold Model. AAAI 2022. Code: https://github.com/edgeslab/hpe-ltm
[3] Kunzel et al. Metalearners for estimating heterogeneous treatment effects using machine learning. PNAS 2019.

https://github.com/edgeslab/CTL
https://github.com/edgeslab/hpe-ltm


EXPERIMENTS FOR PREDICTING DIFFUSION
Synthetic data based on 4 network generating models and 4 real-world datasets (Twitter)

Thresholds learned based on data up to time t-1, activations predicted for next time points

Evaluated on accuracy of predicted node activations using Jaccard coef.

[1] Talukder et al. Threshold Estimation Models for Linear Threshold-Based Influential User Mining in Social Networks. IEEE Access. 2019. 
[2] Tran & Zheleva. Heterogeneous Peer Effects in the Linear Threshold Model. AAAI 2022.



FEEDBACK LOOPS

The process of influence can go back and forth between              
nodes while only the last state is observed
 This creates cycles (or feedback loops) in the causal model

Goal: Develop methods for reasoning about real-world causal 
phenomena with relational feedback loops [1] 

Prior research: 
● Assumed acyclicity in the relational causal model (RCM) [2]
● Unclear conditions under which RCM representation is complete [3]
● Studied σ-separation for feedback loops only in non-relational models [4]

[1] Ahsan, Arbour, Zheleva. Relational Causal Models with Cycles: Representation and Reasoning. CLeaR 2022. 
[2] Maier, Marazopoulou, Jensen. Reasoning about independence in probabilistic models of relational data. 2013.
[3] Lee, Honavar. Lifted representation of relational causal models revisited: Implications for reasoning and structure learning. ACI@UAI, 2015.
[4] Patrick Forré and Joris M Mooij. Markov properties for graphical models with cycles and latent variables. 2017.
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CYCLIC RELATIONAL CAUSAL MODELS

Cyclic relational causal model (CRCM) [1]:         
an abstraction of the causal relationships between 
entities and their attributes

Unfortunately, CRCMs is insufficient for reasoning 
about conditional independences (CI)*
 A CRCM can have many realizations (ground graphs), each 

with different conditional independencies

Implication: the identifiability of causal effects is 
unclear based on CRCMs

Problem: Define a sound and complete 
representation of relational causal models with 
cycles that enables answering causal queries

Cyclic Relational Causal Model (CRCM)

Alice.Sentiment P1.Engagement M1.Preference

Ground Graph 1
CI: {Alice.Sentiment}        {M1.Preference} | {P1.Engagement}

Target

Conditioned

Other

Bob.Sentiment

P1.Engagement

P2.Engagement

Alice.Sentiment M1.Preference

Ground Graph 2

CI: {Alice.Sentiment}       {M1.Preference} | {P1.Engagement}

[1] Ahsan, Arbour, Zheleva. Relational Causal Models with Cycles: Representation and Reasoning. CLeaR 2022.
* This is true even without cycles [2] Maier, Marazopoulou, Jensen. Reasoning about independence in probabilistic models of relational data. 2013

CI: {User.Sentiment}        {Media.Preference} | {Post.Engagement}



SIGMA-ABSTRACT GROUND GRAPH

σ-Abstract ground graph (σ-AGG) [1]:  an 
extension of abstract ground graph (AGG 
[2]) for representation of CRCM
 Allows feedback loops to answer causal queries
 Relational σ-separation: allows reasoning about 
conditional independence

Sound and complete: σ-separation on         
σ-AGG holds if and only if it holds for all 
possible ground graphs

[1] Ahsan, Arbour, Zheleva. Relational Causal Models with Cycles: Representation and Reasoning. CLeaR 2022.
[2] Maier, Marazopoulou, Jensen. Reasoning about independence in probabilistic models of relational data. 2013.

CI: [User].Sentiment      [User, Reacts, Post, Creates, Media].Preference | 
{[User, Reacts, Post].Engagement, 

[User, Reacts, Posts, Reacts, User, Reacts, Post].Engagement}



SUMMARY
No silver bullet in causal inference 
from social media data
Heterogeneous peer effects & 
information diffusion
 Causal models allows us to reason about 

identifiability
 Machine learning is a useful tool for 

discovery of heterogeneous peer effects
 Allow micro-targeting vs. one-size-fits-all

Relational causal models with cycles
 Representation is key to identifying causal 

effects in relational data

A lot of exciting research to be done 
in the area or relational causal 
inference!
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