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When analyzing a social network, how can interventions aimed at specific groups within the network impact the network as a whole? For example, 

how the fact that 30% of the network is vaccinated affects the unvaccinated individuals? In causal inference, this phenomenon is referred to as 

network interference. This work aims to study those indirect effects by identifying the "most influential" individuals, focusing on causal methods 

often overlooked in general network analyses. 

We follow the causal definition of influentials as individuals whose treatment has the most substantial effect throughout the entire network 

[1,2]. Under specific model assumptions and within a random effects framework, we demonstrate the ability to estimate the most influential 

individuals as a personal characteristic, either independently or in combination with their network degree.

• 𝑌𝑖 𝒛 , 𝑖 = 1, … , 𝑁- the potential outcome of subject 𝑖, had the 
network treatment vector was:  𝒛 = 𝒛1, . . , 𝒛𝑁

• 𝑌𝑖 , 𝑍𝑖 , 𝑿𝑖  - the observed outcome, treatment and covariates 
values of that subject 𝑖 (respectively). 

• 𝑨 - the adjacency matrix (known)
• 𝝐 ∼  𝑁 0𝑁 , Σ 𝜎𝜖 , dependent RVs,  𝜎𝜖  are the variance 

parameters.
• 𝒃 ∼  𝑁 0𝑁 , 𝜎𝑏

2𝐼𝑁𝑋𝑁  𝑖𝑖𝑑 - 𝑏𝑖  is the random effect associated 
with subject 𝑖 and will be used to assess its influence. 

• ∀𝑖, 𝑗: 𝜖𝑖  and 𝑏𝑗  are independent.  
• We also assume conditional exchangeability: ∀𝒛: 𝒀(𝒛) ⊥ 𝐙 | 𝐗 

and consistency: 𝒀 𝐙 = 𝒀.

Under the assumptions, we adapt the model proposed by Lee et al. 
(2023):

 𝑌𝑖 𝒛 = 𝛿𝑇𝑿𝑖 + 𝛼𝑧𝑖 + σ𝑗=1,𝑗≠𝑖 
𝑁 𝑏𝑗 + 𝛾 𝐴𝑖𝑗𝑧𝑗 +  𝜖𝑖

Estimation Method

• The model parameters: 𝜎𝜖 , 𝜎𝑏
2 , 𝛿𝑇 , 𝛼 , 𝛾  are estimated using 

maximum likelihood estimation and restricted maximum likelihood 

(REML) estimation procedures.  

• 𝒃 is estimated by ෣E 𝒃 𝒀, 𝒁, 𝑨, 𝑿  where the parameters are replaced 

with their estimators. 

• The total influence of subject 𝑖 is estimated by: degreei( ෡b𝑖 + ෝ𝛾 )

The Potential Outcome Mixed Model

Influence Measures  

• 𝒃𝒊 - the influence of subject 𝑖 on its neighbors as a personal 

characteristic.

• 𝒅𝒆𝒈𝒓𝒆𝒆𝒊 ∗ 𝒃𝒊 + 𝜸 - how treating vs. not treating subject 𝑖,  

influences the entire network outcomes.
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Utilize this approach within generalized linear mixed models (GLMM) 
and assess its performance through a real-world data application.

The correlation of both estimators (𝒃 and total influence of treated individuals) with the real values, achieved an average > 0.85, across all 
three networks. Additionally, we successfully identified, on average, over 80% of the top 25% treated influencers (and over 75% of the top 
10%). 
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∗∗ 𝑁 = 1000, 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 = 1000

A simulated social network in which larger vertices represent individuals with greater social 
influence as a trait (larger 𝒃𝒊 ).
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