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Abstract
Causal inference in relational data should account for the
non-IID nature of the data and the interference phenomenon,
which occurs when a unit’s outcome is influenced by the
treatments or outcomes of others. Existing solutions to causal
inference under interference consider either homogeneous in-
fluence from peers or specific heterogeneous influence con-
texts (e.g., local neighborhood structure). This thesis inves-
tigates causal reasoning in relational data and the automated
discovery of heterogeneous causal effects under arbitrary het-
erogeneous peer influence contexts and effect modification.

Introduction
Causal inference is essential for artificial intelligence sys-
tems for informed decision-making by anticipating the con-
sequences of actions or policies and understanding underly-
ing mechanisms. Causal inference, in domains like health-
care and public policy, concerns measuring the impact of
hypothesized causes or treatments on the outcome as causal
effects after analyzing necessary assumptions (Rubin 1974;
Pearl 2009). Average causal effect measures the causal im-
pact of a treatment policy for a population while heteroge-
neous causal effect (HCE) measures the variation in causal
impact across subpopulations or contexts, which aids in un-
derstanding policy generalization and designing targeted in-
terventions. Significant advancements have been made in
the identification and estimation of HCE (Athey and Im-
bens 2016; Künzel et al. 2019). However, the identification
and estimation of HCE from relational data, e.g., social net-
works, pose unique challenges, and my thesis focuses on in-
vestigating and addressing such challenges.

Relational data is abstracted by a schema with entity
classes (e.g., User or Post), relationship classes (e.g., Friend
or Share), and attributes associated with each class. The in-
stantiation of the schema is an attributed network with nodes
representing entities or units (e.g., social network users) and
edges representing their relationships. The major challenge
with causal inference in relational data is to account for the
interference phenomenon, which occurs when treatments or
outcomes of other units influence a unit’s outcome. For ex-
ample, the stances of individuals interacting in the social net-
work can be influenced by their political affiliation as well as
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the affiliations and/or stances of their peers. Even in settings
where interference is absent or negligible, causal inference
in relational data should accommodate the non-IID nature of
the data and the aggregation of relevant covariates.

Under interference, we need to distinguish individual
(or direct) effects induced by a unit’s own treatment, peer
(or indirect) effects induced by the treatments of other
units, and total effects induced by both unit’s and others’
treatments (Hudgens and Halloran 2008). Network experi-
ment designs (Aral 2016) and observational studies (Arbour,
Garant, and Jensen 2016; Forastiere, Airoldi, and Mealli
2021) define and control the exposure of treatment from
other units for estimating direct, peer, or total effects. Most
methods assume homogeneous peer influence and control
for peer exposure using the number or fraction of treated
peers. However, the influence of peers on an individual can
be heterogeneous depending on ego (i.e., individual) and
peer traits (e.g., demographic similarity), relationship char-
acteristics (e.g., friendship duration), and network properties
(e.g., degree and diversity of friendship). Similarly, an indi-
vidual’s susceptibility to peer influence or response to treat-
ment (e.g., vaccination stance) may vary based on individual
characteristics (e.g., age group) and network properties (e.g.,
friend count). Some recent methods are designed to address
heterogeneous peer influence only due to specific contexts
such as local neighborhood structure (Yuan, Altenburger,
and Kooti 2021), roles (e.g., parent-child, spouses, or sib-
lings) (Qu et al. 2021), and group interactions (Ma et al.
2022). This thesis aims to characterize sources of hetero-
geneity and estimate robust heterogeneous causal effects by
addressing arbitrary heterogeneous peer influence contexts,
different susceptibilities to peer influence, and variable re-
sponses to treatment, i.e., effect modifications.

Current Research Progress
Understanding heterogeneous effects of policy changes
on health outcomes from online social network data. This
work (Adhikari et al. 2021) presents a quasi-experimental
study design, under minimal interference assumption, to test
a causal hypothesis and analyze the heterogeneity of causal
effects in known contexts using public opinions from Twit-
ter. We test whether recreational cannabis legalization pro-
motes the development of pro-cannabis attitudes for the pop-
ulation in favor of tobacco vaping, as well as analyze how
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causal effects vary depending on the states implementing
the policy and the time since legalization. Here, the causal
hypothesis is for the user entity, and we flatten the data
from the user’s perspective by aggregating tweets created
and retweeted by the user to define opinions and stances.
The collaborators helped in forming the causal hypothesis,
identifying heterogeneous contexts, and collecting the Twit-
ter data while I contributed to the data analysis pipeline and
matching-based causal estimation framework.

Discovering causes and effect modifiers in practice.
My second work (Adhikari et al. 2022) concentrates on au-
tomatically discovering multiple causal hypotheses as well
as sources of heterogeneity using retrospective observational
data without interference. I investigate a flexible framework
that incorporates an ensemble of causal structure learning al-
gorithms for practically discovering causes and effect mod-
ifiers that trigger or inhibit an outcome. The framework is
applied to the problem of discovering preventive and risk
factors as well as vulnerable subpopulations for repeat emer-
gency room visits using medical insurance claims. I pro-
vide empirical evidence that the ensemble approach and
confidence measures derived from the ensemble approach,
as opposed to model selection with untestable assumptions,
provide robustness in the discovery task. My collaborators
helped in collecting data, defining aggregations, and analyz-
ing discovered causes and effect modifiers.

Individual effects estimation under heterogeneous
peer influence. While the first two studies made the simpli-
fying assumption of negligible interference between units,
the third work (Adhikari and Zheleva 2023) deals with the
complexities of discovering individual effects under hetero-
geneous interference between units. This work focuses on
causal modeling in network experiments or prospective ob-
servational studies to identify relational random variables
that capture arbitrary contexts responsible for heterogeneous
peer interference or effect modifications. Then, graph neu-
ral networks (GNNs) are utilized for representation learn-
ing of these relational variables for robust individual ef-
fect estimation controlling heterogeneous peer exposure. To
model causal relationships and heterogeneity contexts for in-
teracting units, I propose a flexible and expressive Network
Structural Causal Model (NSCM) that encodes assumptions
about interference conditions, network structure, and causal
dependences. NSCM extends the existing relational causal
model (RCM) (Maier 2014; Lee 2018) to incorporate rela-
tionship existence in networks (e.g., homophily), latent vari-
ables, and selection bias. Moreover, the Network Abstract
Ground Graph (NAGG), derived from NSCM, enables rea-
soning about the identification of heterogeneous treatment
effects, under arbitrary network interventions, similar to the
structural causal model (SCM) (Pearl 2009). The evaluation
shows that ignoring heterogeneity of influence introduces
bias, and the proposed framework is robust in estimating in-
dividual effects in networks.

Anticipated Progress
As the next step, I am working on interference and total
effect estimation under heterogeneous peer influence. This

work will investigate representation learning of peer expo-
sures to deal with potentially large counterfactual neighbor-
hoods under heterogeneous influence. Furthermore, I plan to
discover subpopulations with heterogeneous direct, interfer-
ence, or total effects in retrospective observational data uti-
lizing NSCM/NAGG. This work will address the challenge
of capturing and mapping representations to high-level con-
cepts like diversity, echo chamber, and polarity and identify-
ing subpopulations for targeted interventions.
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