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Peer Effects and Exposure Mapping Function
● Peer effect is the difference in counterfactual outcomes for two peer exposure values (composite peer treatments) 
● Exposure mapping function maps peer treatments and relevant contexts to peer exposure representation
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Our goal: Learn the exposure mapping function to capture underlying 
peer influence mechanisms for heterogeneous peer effect estimation.

True exposure mapping function is 
typically unknown and can be 

misspecified



Heterogeneous Peer Effect (HPE) Estimation

δi(πN(i),π’N(i)) = E[Yi(Ti=πi, PN(i)=φe(πN(i),G,X,Z))|Ci] - E[Yi(Ti=πi, 
PN(i)=φe(π’N(i),G,X,Z)|Ci]

Counterfactual outcome
 for πN(i)

Counterfactual outcome
 for π’N(i)

Conditioned on contexts Ci = φf(G,X,Z)

Assigned/Observed Counterfactual (Flipped)

Individual’s 
Treatment

Peer exposure
Exposure mapping 

function
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Heterogeneous Peer Effect (HPE) Estimation

δi(πN(i),π’N(i)) = E[Yi|Ti=πi, PN(i)=φe(πN(i),G,X,Z),Ci] - E[Yi|Ti=πi, 
PN(i)=φe(π’N(i),G,X,Z),Ci]

● Assuming standard causal inference assumptions (unconfoundedness, consistency, and 
positivity), HPE can be estimated

Assigned/Observed Counterfactual (Flipped) 5

Ci = φf(G,X,Z)



EgoNetGNN Framework

An overview of the proposed EgoNetGNN model to learn exposure mapping function for
 causal effect estimation in networks under heterogeneous peer influence

Expressiveness
- Designed to capture 

attributed substructures

Causal network motifs 
(Yuan et al., 2021)
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EgoNetGNN Framework

An overview of the proposed EgoNetGNN model to learn exposure mapping function for
 causal effect estimation in networks under heterogeneous peer influence

Expressiveness
- Designed to capture 

attributed substructures

Causal network motifs

Invariance to irrelevant 
contexts

- Masked weights and 
related losses
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EgoNetGNN Framework

An overview of the proposed EgoNetGNN model to learn exposure mapping function for
 causal effect estimation in networks under heterogeneous peer influence

Expressiveness
- Designed to capture 

attributed substructures

Causal network motifs

Invariance to irrelevant 
contexts

- Masked weights and 
related losses
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Robustness in causal 
effect estimation

- Exposure mapping 
function learning

- Coverage loss
- Balance (and 

reconstruction) loss



Results: Robustness of EgoNetGNN

Performance on Semisynthetic network data for different underlying peer influence mechanisms (5 seeds) 9

Mechanisms:
● Clustering coefficients and Connected components among treated peers
● Weighted fraction of treated peers based on mutual connections and attribute similarity

Without balance 
loss

Causal network 
motifs as peer 
exposure

IDE-Net (adapted from 
Adhikari and Zheleva, 2025)
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Summary

EgoNetGNN improves the estimation of heterogeneous peer effects compared to 
state-of-the-art baselines by learning an exposure mapping function that is

● Expressive 
● Invariant to irrelevant features
● Bounded and balanced representation with substantial coverage

Future Directions

Representation Learning: Expressive GNNs and Causal Inference

Network Science: Explainability to understand underlying influence mechanisms
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