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ABSTRACT

Treatment effect estimation from networked observational data en-
counters notable challenges, primarily hidden confounders arising
from network structure, or spillover effects that influence unit’s out-
comes based on neighboring treatment assignments. Existing graph
neural network (GNN)-based methods have endeavored to address
these challenges, utilizing the GNN’s message-passing mechanism
to capture hidden confounders or model spillover effects. However,
they mainly focus on transductive treatment effect learning on a sin-
gle networked data, limiting their efficacy in inductive settings for
real-world applications where networked data often originates from
multiple environments influenced by potentially varying time or
geographical regions. In light of this, we introduce the principle of
invariance to the task of treatment effect estimation on networked
data, culminating in our Invariant Graph Learning (IGL) framework.
Specifically, it first generates multiple networked data to simulate
diverse environments from a given observational data. Then it
further encourages the model to learn environment-invariant rep-
resentations for confounders and spillover effects. Such a design
enables the model to extrapolate beyond a single observed envi-
ronment, thereby improving the performance of treatment effect
estimation in potential new environments. Upon extensive exper-
iments on two real-world datasets, our IGL model demonstrates
superior performance compared to state-of-the-art methods.
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1 INTRODUCTION

Investigating treatment effects from networked observational data
has garnered extensive attention in recent years, due to its potential
applications across a wide range of fields including social networks
[36, 37], online advertising [44], and financial transactions [4, 14].
While randomized controlled trials (RCTs) remain the gold standard
for deriving treatment effects from networked observational data
[15, 57], they are often prohibitively expensive, time-consuming,
and fraught with ethical complications. Consequently, there is a
growing necessity to explore methods for learning treatment effects
from networked observational data.
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Estimating treatment effects from networked observational data
poses unique challenges compared to traditional independent data
due to the following two primary reasons:

o Presence of interconnected units. The interconnected units of-
ten lead to two main issues, i.e., hidden confounders and spillover
effects. Firstly, networked structures frequently contain hid-
den confounders [11, 16-18]. When estimating treatment ef-
fects from networked observational data, it’s crucial to consider
these biases. A plethora of treatment effect estimation efforts
[2, 21, 27, 41, 50, 54, 55] relies on the strong ignorability as-
sumption, which asserts that all confounders are measurable and
present within the observed covariates. However, networked
data’s inherent homogeneity [35] often causes similar units to
be interconnected. Consequently, this can introduce hidden con-
founders that are not apparent within a unit’s observable co-
variates, making the strong ignorability assumption frequently
unfeasible. Secondly, the spillover effect is also termed interfer-
ence [6, 23, 28] or peer effect [24]. It will cause the traditional
Stable Unit Treatment Value Assumption (SUTVA) [40] to be
invalid. Within networked data, interconnected units imply that
a unit’s outcome can be swayed by its treatment and by the
treatment status of its neighbors. For example, an individual’s
likelihood of contracting COVID-19 can be heavily influenced
by the vaccination status of their immediate contacts.

e Limitations with observational networked data. In many
practical situations, researchers can access only a limited amount
of observational networked data. Moreover, the networked data
intended for prediction might differ from the observed set due to
reasons like unknown geographic locations or varied collection
times. An illustrative example would be gauging an individual’s
risk of contracting COVID-19 across diverse regions or nations
[19, 58]. Consequently, it becomes challenging to learn from
observational data and predict treatment effects on unknown
or unobserved networked data. This paradigm is commonly re-
ferred to as inductive learning [20] or the “out-of-sample” pre-
diction task [41]. Hence, transferring estimators from observed
networked data to new data becomes a daunting task, primarily
because of the structural variances in different networked data.

To derive treatment effects from networked data, current stud-
ies primarily focus on two main aspects: discerning hidden con-
founders and architecting models to capture spillover effects. A
popular strategy, as highlighted by [18], is to harness the message-
passing mechanism of graph neural network (GNN) models [20,
25, 48, 53]. Such mechanisms are tailored to encapsulate concealed
information within the network structure. More recent endeavors
[33] have expanded their focus to tackle unique challenges, encom-
passing optimization dilemmas [16] or structural disparities [11]
inherent in networked data. For modeling spillover effects, recent
studies [24, 33, 34] have integrated the treatment status of neighbor-
ing nodes as prior information. Together with individual covariates,
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Figure 1: Performance of treatment effect estimation based on GNN architecture [25, 33] under two metrics (/épggg and esTE).
(a) Comparison of statistical graph structure properties of different graph data in the Twitch-explicit dataset, including DE, ES,
FR, PTBR, RU, and TW domains. (b) “In domain” refers to learning and evaluation on the same graph data, and “Out domain”
refers to learning on DE graph data and evaluation on other graph data.

this information serves as input for the GNN models. It will account
for the impact of neighbor treatment assignments on each outcome.
Yet, while these techniques have demonstrated efficacy in certain
contexts, their applicability tends to be restricted to single-domain
graph data. For example, primary applications have been in trans-
ductive learning, either within an undivided graph [11, 16, 18, 33]
or by segmenting a single graph into discrete subgraphs [24] for
distinct learning and evaluation. Notably, when learning and evalu-
ation data come from an identical domain, they inherently possess
comparable network topologies and follow the same structural
distribution. However, a practical challenge emerges when the
evaluation data originates from a disparate domain, potentially
leading to structural distribution shifts. As illustrated in Figure 1,
networked data from different domains exhibit obvious structural
distribution shifts. Although estimators demonstrate commend-
able performance in learning treatment effects within the given
domain, their efficacy tends to diminish in inductive predictions
across diverse unseen domains.

A close examination of prevailing methods reveals key limita-
tions. They heavily rely on GNNs to encode network structure
information, targeting the capture of confounders, or assimilating
neighboring treatments through the message-passing mechanism
to learn spillover effects. However, by indiscriminately fitting the
observed outcomes in the given networked data, these methods
become overly reliant on specific structural information. Conse-
quently, when faced with a structural distribution shift inherent
to data from diverse domains, their adaptability falters, leading
to a pronounced decline in performance. A logical remedy would
involve enabling the model to discern invariant confounders and
spillover effects across varied environments. It can ensure the trans-
ferability of the treatment effect estimation to alternate domains.

In this paper, we argue that the focus of learning treatment
effects should pivot toward capturing these invariant characteris-
tics. To this end, we introduce the Invariant Graph Learning (IGL)
framework. Its design intent is to cultivate models that can adeptly
estimate treatment effects from networked observational data while
preserving cross-domain generalizability. At its core, we employ
multiple environment generators, crafting a diverse set of envi-
ronments from observational networked data. Our objective for
confounder learning is to foster a model that discerns invariant
confounder representations across these diverse environments. In

terms of spillover effect, we encourage the model to consistently
estimate the spillover effect across environments. By ensuring such
environmental adaptability, we position our model to seamlessly
transition to unseen networked data environments, even when
faced with diverse structural distributions. Our key contributions
can be summarized as follows:

e We underscore the critical importance of identifying invariant
confounders and spillover effects for the task of treatment effect
estimation on networked data. It can help the estimators achieve
better inductive learning and generalize to diverse domains.

e We propose the Invariant Graph Learning (IGL) framework, tai-
lored to estimate treatment effects from networked observational
data. By promoting the capture of invariant confounders and
spillover effects, IGL enhances the model’s capability to general-
ize across multiple networked data in new domains.

o We validate the effectiveness of our method on two real-world
networked data. Detailed comparisons and in-depth analysis also
further confirm the superiority of our approach.

2 PRELIMINARIES

In this section, we start with an introduction of the technical prelim-
inaries and then formally present the problem statement of learning
individual treatment effects from networked (graph) data.

2.1 Notations and Definitions

Firstly, we describe the notations used in this paper. We define G =
(V,E) as a graph with node set V and edge set E. Let X = {x|v €
V}e RIVI*? denote the node feature matrix, where d is the feature
dimension. We use adjacency matrix A € {0, I}WMV‘ to describe
the graph structure, where A[u,v] = 1 if edge (u,v) € E, otherwise
Alu,0] = 0. For anode v € V, let Ny = {u|dis(o,u) < L} denote
the L-hop neighbors, where dis(v, u) is the shortest path distance
between node v and u. The nodes in Ny and their connections
form the ego-graph G, of node v, which is represented as a local
node feature matrix X, = {xu|u € Ny} and local adjacency matrix
Ay € {0, 1}‘N”|X|N”‘. We denote random variables in bold (e.g.,
G) and their corresponding instances in italic font (e.g., G). We
summarize the detailed notations used in this paper in Table 1.
Notice that ego-graphs are not independent samples, but they can
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Table 1: Summary of notations and descriptions.

Notation | Description

G,G graph instance/random variable.

V,E the set of nodes/edges.

AX the adjacency matrix/node feature matrix.
Ny the set of L-hop neighbors of node v.

Go, Gy the ego-graph instance/random variable.

Ay, Xo local adjacency matrix/node feature matrix.
X, Xo feature/random variable of feature of node v.
T, ty treatment assignment of all nodes/the node v
Ty treatment assignment of all nodes in No.

T, To, to the random variables of treatment assignment.
Y, yo observed outcome of all nodes/node v.

Y, yo the random variables of observed outcomes.
y},, yg the potential outcomes of the node v.

y},, yg the random variables of potential outcomes.
() =0 elements for all nodes in A except the node v.
fpo the potential outcome function.

To, O the ITE/spillover effect of node v.

e, & environment/the support of environments.
o, Ps representation generation functions.

¥, P GNN encoder and MLP network.

be seen as a Markov blanket [22, 51], so that the distribution can
be decomposed as P(G) = [T,y P(Go).

In the context of treatment effect estimation, the observational
data on the graph G can be denoted as {G, T, Y}, where T = {tv} yev
and Y = {yo }yey represent treatment assignments and observed
outcomes, respectively. We focus on the cases where the treatment
variable takes binary values t € {0, 1}. Without loss of generality,
ty = 1 (tp = 0) means that the node v is under treatment (control).
We also let the outcome variable be a scalar and take values on
real numbers as y € R. For ego-graph Gy, we define its treatment
as Ty = {tv}yen,- And we define G, and T-, as ego-subgraph
and treatment set that include all other nodes and corresponding
treatments in Gy and T, except the central node v.

Then we introduce the background knowledge of learning indi-
vidual treatment effects. To define individual treatment effect (ITE),
we start with the definition of potential outcomes on graph data,
which is widely adopted in the causal inference literature.

DEFINITION 2.1 (POTENTIAL OUTCOME ON GRAPH). Given the
graph G, for a node v and its treatment t,, the potential outcome of v
under treatment t, denoted by y'?, is defined as the value of y would
have taken if the treatment of instance v had been set to t. The po-
tential outcome of node v can be instantiated via generation function:
yho = Spo(xv, tv, G—0, T-v), where fpo can be regarded as a function
to generate potential outcome, which takes each unit’s treatment as-
signment, node features, the information (treatment assignments and
node features) of its neighbors on the graph.

As shown in the above definition, the individual’s outcome is
not only affected by its own feature x, and treatment t,, but also by
neighbor information, i.e., Gy, T—y. Hence, the SUTVA assumption
is not valid. Below we provide the formal definition of individual
treatment effect on graph data.

Conference acronym 'XX, June 03-05, 2018, Woodstock, NY

DEFINITION 2.2 (INDIVIDUAL TREATMENT EFFECT ON GRAPH).
Given graph G = (V,E), for each nodev € V, the individual treatment
effect (ITE) is defined by the difference between the potential outcomes
corresponding toty = 1 and ty = 0:

7(Go, To) = E[ys ~ y5[Xo = %0, G—o = G0, T = To]

= E[fpo (%0, t0 = 1,G—0, T-5) — fpo (X0, to = 0,G—0, T—5)].

In this paper, we follow [18, 34], defining ITE as the conditional
average treatment effect (CATE). For a given node v, ITE is required
to keep its own feature and all the states of the surrounding neigh-
bors unchanged to measure the effects of different treatments. For
notation simplicity, we define ITE as 7y = 7(Go, Ty). Since the treat-
ments of neighboring nodes also affect ITE, this effect is generally
called spillover effect §y in existing literature. Below we give the
definition of spillover effect on graph data.

DEFINITION 2.3 (SPILLOVER EFFECT ON GRAPH). The spillover
effect of node v under its treatment t, and its neighbor’s treatment
assignment T—y is defined as:

8v = E[ fpo (%0, to, G-, T-0) — fpo (X0, ts, G-2,0)].

We can observe that the spillover effect is comparing the ob-
served treatments with no treatment from neighbor nodes while
keeping all other states unchanged. In this paper, we aim to estimate
ITE in the presence of spillover effects in graph data.

2.2 Problem Formulation

To estimate the treatment effect on graph G, a prevailing approach is
to discern the confounders embedded within the network structure.
Beyond a node’s intrinsic features, a pivotal challenge arises when
factoring in the networked structure to uncover these hidden con-
founders. Several studies [11, 16-18] leverage the message-passing
capabilities of GNNs to assimilate the structural intricacies of net-
worked data. By harmonizing both node attributes and structural
data, these methodologies adeptly unveil the hidden confounders.
Furthermore, to encapsulate the spillover effect, certain strategies
[24, 33, 34] integrate the treatment status of neighboring nodes
as the prior knowledge and processed via GNNs. The subsequent
model parameters are then refined to align with the observed out-
comes derived from the networked data. Yet, a significant portion
of these methods operate within the graph data in a single domain.
Despite their efficacy, real-world applications often necessitate pre-
dicting treatment effects on novel networks devoid of observed
outcomes. This task is commonly termed as out-of-sample estima-
tion or inductive learning. Now we provide a detailed definition of
inductive learning tailored for multi-graph data scenarios.

DEFINITION 2.4 (INDUCTIVE TREATMENT EFFECT LEARNING ACROSS
GRAPHS). Given two graphs G and G, assume they follow the same
treatment and outcome generation mechanism. A potential outcome
estimatorf;,o can be learned from G with its observational treatments
T and outcomes Y. Inductive treatment effect learning requires that
for the new graph data G' with its treatments T', the estimator ﬁ;o
can also correctly predict the potential outcome Y'.

Let € represent the support of environments. We posit that the
entire graph is formulated via G ~ p(Gle), where e signifies a la-
tent environmental variable influencing data distribution. Graph
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data derived from varied environments might result in distinct dis-
tributions of node features or overall graph structures. If graphs
G and G’ are sampled from an identical environment, denoted as
G,G' ~ p(Gle = e), e € £ (implying minimal distribution shifts in
node features or graph structures), then the estimator ﬁ,o transi-
tioned to the new graph G’ should yield commendable performance.
However, this situation is not always true in practice. New graph
data might stem from disparate environments due to variables like
undisclosed geographic locations or variances in collection periods.
A practical illustration could be assessing an individual’s suscepti-
bility to COVID-19 across distinct regions, countries, or timelines
[19, 58]. Moreover, complications arising from hidden confounders
and the spillover effect might exacerbate the performance down-
turn of estimators predominantly built on GNNs. As depicted in
Figure 1, there’s an anticipated divergence in structural attributes
(e.g., edge density or node degree) between training and evaluation
graphs. This divergence often leads to suboptimal performance.
Such challenges underscore the intricacies of inductive potential
outcome predictions spanning multiple graphs.

2.3 Theoretical Analysis

While the graph data intended for prediction might originate from
diverse environments, the principles of invariant learning [3, 8,
38] offer a pathway to achieve cross-environment generalization.
Guided by the existing literature on invariant learning, we put forth
the following assumption.

AsSUMPTION 2.1 (INVARIANT POTENTIAL OUTCOME GENERATION).
Given ego-graph Gy and treatment Ty, there exist invariant repre-
sentation generators ¢c and ¢s. They can generate representations:
co = ¢c(Go) and sy = ¢s(G-0v, T-v). And they satisfy the following
properties: i) Suffciency condition: y, = ﬁ,a (to, co,80) + €, where €
signifies an independent noise. ii) Invariance condition: Ve, e’ € £,
pe(Yolto, co,50) = per (Yolto, co, $0).

Assumption 2.1 posits the existence of representations in the
potential outcome generation process that maintain an invariant
relationship with potential outcomes across different environments.
Specifically, there exists an environment-invariant representation
¢y in Gy, and an invariant spillover effect representation sy in
Gy and Ty. The sufficiency conditions suggest that ty, ¢y, and sy
are adept at faithfully representing the original observational data.
Moreover, y, can be formulated based on these through the outcome
estimation function f;,a. As for the invariance condition, it asserts
that ty, ¢y, and sy retain a cross-environmental consistency in their
relationship with the outcome y,. This enduring relationship un-
derpins the solvability of the problem as delineated in Definition
2.4. Subsequently, we adapt the widely acknowledged unconfound-
edness assumption [40] on ego-graph to align with our settings,
leading to our second assumption.

AssuMPTION 2.2 (UNCONFOUNDEDNESS ON EGO-GRAPH). For any
node v, given the ego-graph Gy, the potential outcomes are indepen-
dent with the treatment assignments, i.e., y},, yg 1L to, T-5|Go.

Now we give a brief proof of the identification of potential
outcome in Definition 2.4. Given graph G ~ p(Gle = e) and
G' ~ p(Gle = ¢'), we define their treatments and outcomes as
{T,Y} and {T’,Y'}, respectively. Based on the above assumptions,

Anon.

across-environment identification of the expectation of potential
outcomes y} and y?, can be proved. Here we take y} as an example.

E[yslts = 1,Xo = X1, Gy = Gy, Ty = T/ ] 1)
=E[fpo(to = LXo = X0,G-0 = G4, Ty = T} ] ()
= E[fpo(to = L,co = ¢e(G5). 50 = ¢s(GLo, To)] 3)
= E[fpo(to = 1,¢o = ¢c(Go), 50 = ¢5(G-0,T-0)] (4)
= E[fpo(to = Lco = ¢c(Go). 50 = ¢s(G-0, T-0) o = pe(Go)] (5)
= B[ fpo(to = 1, co = ¢e(Go), 50 = s (Gov T-o)|to = 1, )

o = ¢c(Go), 50 = ¢s(G-o, T—v)]
= E[yolto = 1,co = $c(Go). 50 = $5(G-0, T-0)]. )

Here, the equation (2) is based on the definition of potential outcome
in this setting; equations (3) and (4) are inferred from Assumption
2.1; equation (5) is a straightforward derivation; equation (6) is
based on Assumption 2.2; and equation (7) is based on the widely
used consistency assumption [40]. Based on the above proof for
the identification of potential outcomes, the identification of ITE
can be straightforwardly derived.

3 METHODOLOGY

In this section, we introduce Invariant Graph Learning (IGL) to
solve the problem of inductive potential outcome learning across
graphs. The overview of IGL is depicted in Figure 2, which consists
of four components, including environment generator, invariant
confounder and spillover effect learning, and outcome predictor.

3.1 Environment Generator

For a given graph data G = (A, X), we first need to simulate diverse
environments. We define the environment generators as {gg, }115:1
with parameters {6, ..., 0k }. Specifically, the environment genera-
tion process is defined as G = 96, (G) = (A, X*). For the node fea-
tures X and graph structures A, we model the environment change
as an additive function that injects perturbations, i.e., X ko x4 Alf(
and Ak =A® AIIZ, where @ means the element-wise exclusive OR
operation and AIIX e {0, I}MXM is a binary matrix. We treat Alf(
as trainable parameters in 6. To generate A 4, each edge will be
associated with a random variable pe ~ Bernoulli(we), where the
edge exists if pe = 1 and is dropped otherwise. We parameterize the
Bernoulli weight we by leveraging a GNN encoder ¥ and a MLP
network @:

{hl, ,hlvl} = ‘I’(G), We = ‘1>([hv, hu]): (8)

where {hy},cy denotes the node representations. To train the
model in an end-to-end fashion, we relax the discrete pe to be a con-
tinuous variable in [0, 1] and utilize the Gumbel-Max reparametriza-
tion trick. Specifically, pe = Sigmoid((logd — log(1 - §) + we)/1),
where § ~ Uniform(0,1). As the temperature hyper-parameter 7 — 0,
pe gets close to the being binary. Hence, we can generate K viewed
graphs {G!, ..., GX} to simulate K different environments.

3.2 Learning Invariant Confounder

For the given graph G, we first encode the node features X and
graph structures A into node representations via a GNN encoder,
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Figure 2: The overview of the proposed Invariant Graph Learning (IGL) for Treatment Effect Estimation.

i.e, H=Y:(A X), which is expected to capture all potential con-
founders. Given the generated graphs from K environments, we
can obtain K groups of node representations, ie., {H 1. HK }. Ac-
cording to Assumption 2.1, to learn invariant confounders, we need
to extract those “environment-invariant” representations from the
captured confounders. Hence, we adopt the idea of contrastive learn-
ing [9, 56] to ensure that the learned confounder representation is
invariant across environments. We define positive pairs as the same
instance across different environments and negative pairs as other
different instances. Specifically, given an anchor instance hy € =,
we randomly sample an environment index k" and choose the same
instance in this environment h, € H  asa positive instance, and
we randomly sample another M instance hu with 0 # u from any
environment as a negative sample. We can define the following
invariant contrastive learning objective as:

exp(sim(ho, hly)/7c)
con = - 9
‘V| zg\:/ Zu Lu#o exp(sim(ho, hu)/TC) ®)

where sim(ho, hu) = by hu/|ho| | hu is the similarity function and
7¢ is the temperature coefficient.

3.3 Learning Invariant Spillover Effect

We now introduce the modeling process for spillover effects. Ac-
cording to Assumption 2.1, we need to design additional modules
to learn spillover effects that are invariant across environments. For
the given confounders, treatments, and graph structure, we prop-
agate the treatment assignment and confounder representations
with the GNN module. Specifically, we define sk = {ho ® to}yev,
where © is the broadcasted element-wise product. Then we adopt a
GNN encoder ‘I’s to generate the representations of spillover effects:
7K = w(AF, $¥). Similarly, to encourage the learned representa-
tions of spillover effects to be invariant across K environments, we
also employ the invariant contrastive learning objective:

~ exp(sim(zo, 25) /7s)
Z,%:/ Zy:l!v#u exp(sim(zv,'iu)/rs)‘ (10)

The estimation of treatment effect may be biased due to possible
distribution discrepancy between treatment and control groups.

Cop = vl

Therefore, we use the strategy of representation balancing to add a
regularization term on representation learning for confounder and
spillover effect. In our implementation, we follow [41] and employ
Wasserstein-1 distance to achieve representation balancing.

3.4 Optimization Objective

To predict the outcome for node v, we take the representations h]zf,
zﬁ, and the treatment ¢, as input to the outcome prediction function
ﬁ)uti
ki _k .
fi([hollzo]) if to=1
ki k .
fo([hollzo]) if o =0

where fy and fi are learnable functions and we implement them

ﬁ)ut(hz)azz)a L') (11)

with MLPs. Hence, we can obtain the estimated outcome 95 for
node v under the environment k. Then we define the following
outcome learning objective:

Lhur = — S (yo - 05)° +yLh +a(Lhon + £5).  (12)
|V| veV

where the first item is the Mean Squared Error (MSE) loss; E’g is
the representation balancing loss; the last item is the contrastive
learning loss for invariant constraint; y and « are two hyperparam-
eters. To achieve invariant learning across diverse environments,
we encourage the model to optimize the mean and variance over
K environments. Furthermore, the environment generators should
also explore challenging environments to enhance the generaliza-
tion of the model to unseen environments. Hence, we define the
min-max optimization objective:

min Zﬁout +p- Var({[lmn+£5p 1<k<K})y,
© (13)

s.t.07,...0k = arg mag Var({Ewn+Lp 1<k <K}),

where © represents the parameters of modules ¥, ¥s, four, Var(-)
represents the variance for a series of losses, and f represents the
balancing coefficient. We refer to the above training framework as
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Algorithm 1: IGL for Treatment Effect Estimation

Input: Observational networked data G = (A, X), treatment T
and outcome Y; Initialized paratemters © including networks
of ¥e, ¥s, four; Initialized paratemters 6 = {Qk}f:l of
generators {gg, }Ik(zl ; Learning rates 171 and 15.

Output: The trained parameters.

1: while not converge or maximum epochs not reached do
2 fori=1,..,Ndo

3 Obtain augmented graphs {Gk < go, (G)}leg

4 Compute the loss for confounder {L’gon}f=1;

5: Compute the loss for spillover effect {£I§p}f:l;

6 Compute J;(0) « Var({ﬁfon + L];p :1<k <K});
7: Update 0y < 0 +m Vg, J1(0), k =1,...K;

8: if i == N then

9: Compute J,(0©) < % Zle Lo+ B1(0);

10: © < ©-12Vel(0);

11: end if

12:  end for
13: end while

Invariant Graph Learning (IGL). We provide the detailed training
process in Algorithm 1.

4 EXPERIMENTS

In this section, we verify the superiority of the proposed frame-
work through experiments. Specifically, our purpose is to verify the
following aspects: (1) Performance comparison of our method with
existing methods. (2) Effects of environment generator and invari-
ant learning modules on performance. (3) Sensitivity of different
hyperparameters to the final performance.

4.1 Dataset and Simulation

4.1.1 Dataset Details. We adopt two real-world social network
datasets Twitch-explicit and Facebook-100 from [29]. In both datasets,
anode is a user and an edge denotes their relationship. Additional
details about each dataset are provided as follows.

o Twitch-Explicit [39] includes seven networked data where
nodes represent Twitch users and edges represent their mutual
friendships. Each networked data is collected from a particular
region, including DE, ENGB, ES, FR, PTBR, RU, and TW. Due to
regional differences, these networks have obvious differences
in graph structure, as shown in Figure 1(a). We choose DE for
training, ENGB for validation, and ES, FR, and PTBR for testing.

e Facebook-100 [46] includes 100 Facebook friendship network
snapshots from the year 2005, and each network contains nodes
as Facebook users from a specific American university. We
adopt eight networks in our experiments: John Hopkins, Caltech,
Ambherst, Cornell, Yale, Penn, Brown, and Texas. We use Penn,
Brown, and Texas for testing, Cornell and Yale for validation,
and use three remaining graphs for training. These graphs have
significantly diverse sizes, densities, and degree distributions.

In both datasets, the raw node features are high-dimensional and
very sparse, following studies [17, 24, 31], we use LDA [7] to reduce
the node feature dimension to 50.

Anon.

4.1.2 Treatment and Potential Outcome Simulations. Since
the counterfactual outcomes are hard to obtain, we follow the stan-
dard practice in the existing literature [24, 33] to manually generate
treatments and outcomes. Given the node feature xy, the treat-
ment t, for node v is generated as ¢, ~ Bernoulli(Sigmoid(xowy)),
where wy € R? is a vector that each element follows a Gaussian
distribution. Given the ego-graph Gy and its treatment assignment
Ty, the potential outcome of node v is generated by

Yo = go(x0) + At gr (X0, to) + Asgs (G0, T-v) + €0, (14)

where A; and As are strengths to ITE and spillover effect. We define
90(xv) = woxo (wo ~ N(0,1), w € RY) as the outcome of instance
v when t, = 0 and without network interference. g;(-) and gs(+)
summarize the ITE and spillover effect, respectively. e, ~ N (0,1)
denotes the Gaussian noise. And we specify ¢;(-) and gs(-) as

gt(Xva tv) =t (thv + 6), (15)

gs(G_z,,T_v):a(—wl_v| % tu - gr(Xu, tu)). (16)

4.2 Experiment Settings

4.2.1 Metrics. We adopt two metrics: Rooted Precision in Esti-
mation of Heterogeneous Effect \ /epgr and Mean Absolute Error
eaTk- These metrics can be defined as follows:

1 . 1 .
\/€PEHE = Wi > (to—0)? €earE = ’V| > (10— 1)

veV veV

. (17)

where 7y is the estimation and 7y is ground-truth. Lower is better
for both metrics.

4.2.2 Baselines. To investigate the superiority of the proposed
IGL, we compare it with the following three categories of baselines.

e Traditional methods. These methods are classic algorithms for
ITE estimation and do not consider the structural information
of the graph data, including linear regression (LR), Treatment-
agnostic Representation Networks (TARNet), and Counterfac-
tual Regression (CFR) [41].

o Considering the graph structures. Netdeconf [18] uses GCN
[25] as the backbone model to capture hidden confounders, but
does not consider the spillover effect on the graph.

o Considering the spillover effect on graphs. GNN-HSIC [34],
GCN-HSIC [34], NetEst [24] and HyperSCI [33] perform ITE
estimation on the graph and also consider the spillover effect.
For HyperSCI, we replaced their hypergraph modules with GNN
layers, which can be applied to ordinary graphs.

4.2.3 Implementation details. The configuration details of our
model are as follows. For the environment generator, confounder,
and spillover effect learning modules, we use the GCN [25] or
GAT [48] layer as the encoder. For the representation dimension
of the confounder and spillover effect, we set it to 64. Our other
hyperparameter settings are: K =3,n1,n2=le-4N=1,a=10=
1,y = 0.5. For all experimental results, we perform 10 random runs
and report the mean and standard derivations.
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Table 2: Performance comparison of ITE esitmation on Twitch-Explicit and Facebook-100 datasets.

Twitch-Explicit

Fackbook-100

ES FR PTBR Penn Brown Texas
Method V€PEHE =~ €ATE /€PEHE EATE /€PEHE /€PEHE EATE V/€PEHE EATE V€PEHE =~ €ATE
LR 34.13x097 11.10+087  34.16+0.67 5.65+057 20.20+047  4.69x036  27.78+036  13.55x052  34.12x060 12.81+1.09 24.67x055  2.66+0.46
TARNet 32.25+292  8.73%283  30.75:183  3.84x230  19.96x110  3.63x126  26.13x079  14.73x056  30.45+121  14.57x083  21.38x093  2.96x074
CFRMvMD 25.35+100  10.70+0.83  23.89x065  5.70+0.73 16.91+051  4.58+054  26.78+048  16.51x041  28.94x067 17.03x060  20.10x061  3.69+054
CFRwyass 37.26+594  10.46+663  49.70+904 12371783  23.33+405  6.57+388  25.14x181  13.62:264 33931536  14.31x611  25.12x238  2.94x236
Netdeconf — 47.37+1014 24.1068  56.82x9.11 9.98+207  41.27+2078 7.81x211  28.58+272 15.09+428  41.00+832  17.38+837  28.39:262  4.01+2.96
GNN-HSIC  34.00+387  8.98+509  36.31x458  6.23x388  21.63x230  5.46+396  32.93+332  11.77x486  50.44+714 16.41x830 35971456  6.20+338
GCN-HSIC  37.214349  8.604575  37.75x355  4.70x277  20.43+070  3.43+142  31.451+316  11.87+364  49.214939  16.43+997 33.51x425  4.791278
NetEst 32941587 14391695  29.93+4.26 7.32+6.66 19.53+123  4.75x401  29.66+316  11.12+228  36.87x260  13.11x225  26.341344  4.15+189
HyperSCI 28.56+102  12.98+101  27.88x070  6.04+1.00 17.65+036  5.57x057  25.22+060  13.17+089  34.95x049  12.65x125  23.67x026  4.77+052
IGLgen 23.03+027 8.49:044 22.57:012 3.72:052 15.62:008 3.38:030 23.43x092  12.67+161  26.18+112  11.721263  18.821022  2.56+1.79
IGLgaT 23.88+030  10.35+060  22.99x052  5.26+050  16.00+023  4.18+027 22.82:073 10.17+145 24.88+092 9.09:269 18.80+0.25 2.85+147
Table 3: Performance comparison of ITE estimation over b
different values of A; on Twitch-Explicit dataset. B
12
s = 1.0 s =30 s =5.0 I sn
10
Method V€PEHE  €ATE  ~/€PEHE  €ATE  \/€PEHE  €ATE 0
I_[,‘iRN 29.49x070  7.14x060 30.31x088 7.25+079 32.65+097 7.30x0.72 oL AT AT ——y e AT ——
et 27.65+195 5.40x213  29.83+187 6.35:207 31.44+196 6.431225
Twitch-Explicit, +/ Twitch-Explici
GNN-HSIC  30.64s361 6.894u31 33.87s565 6.994351 36.43s262  7.824525 (@) Twitch-Explicit, \/epere (b) Twitch-Explicit, earz
NetEst 27.46+378  8.82587 29.66+352 8.74x469 30.55:283  9.03x454 30 14
HyperSCI  24.69:069 8.19x086 26.44x126 8.97x135 27.97x124 9.12x1.40 28 13
IGL (ours)  20.41:016 5.20x042 21.30x043 5.30x059 22.44x057 5.75x087 - 12
& 511
. 22 10
4.3 Main Results .
9
We begin by estimating the ITE and compare it with state-of-the- 20 s
IGL w/o ICL w/o ISL w/o IL IGL w/o ICL w/o ISL w/o IL

art methods. IGL employs two distinct GNN architectures as back-
bone GNN encoders: the GCN [25] and the GAT [48]. The results
are presented in Table 2. These findings reveal that our proposed
framework consistently surpasses all baselines. Such results un-
derscore the effectiveness of IGL in handling graph data across
varied domains, particularly in identifying invariant confounders
and spillover effects across environments. Furthermore, an analysis
of the baseline results indicates that several GNN-based methods
do not necessarily outpace some of their traditional counterparts.
To illustrate, within the Twitch-Explicit dataset’s ES graph, both
Netdeconf and GCN-HSIC yield results that are markedly inferior
to those of TARNET and CFRpy\p. Similarly, for the Facebook-
100 dataset’s Penn graph, several techniques that emphasize graph
structure, including GNN-HSIC, GCN-HISC, NetEst, and Netdeconf,
underperform when compared to CFR and TARNet. These results
suggest that excessive reliance on the training graph’s structure by
these methods can expose vulnerabilities when faced with varia-
tions in graph structures. In contrast, our approach demonstrates
a robust capability to counteract such distribution shifts in graph
structures, ensuring outstanding performance.

4.4 In-depth Analysis

To investigate the effects of structure distribution shifts on spillover
effect modeling, we adjust the hyperparameter A5 to increase the
significance of the spillover effect on the generated outcomes. For
comparative analysis, we select both traditional estimators and
those that account for the spillover effect on the graph as baseline

(c) Facebook-100, \/€pEHE (d) Facebook-100, eoTE

Figure 3: Ablation studies of different components of our
proposed IGL framework.

methods. The experimental results are shown in Table 3. The results
reveal that as the spillover effect’s influence increases, there exists
a consistent decline in the performance of both traditional and
GNN-based methods. This uniformity in the performance downturn
suggests that alterations in graph structure significantly impact
the modeling of spillover effects. In comparison to the baselines,
our approach yields superior performance gains. These results
underscore our claim that distribution shifts in graph structure
will magnify the spillover effect’s impact on ITE estimation. Our
method overcomes this issue by mastering the invariance of the
spillover effect across varied graph structures.

4.5 Ablation Study

In the IGL framework, two pivotal components are present: invari-
ant confounder learning and invariant spillover effect modeling. To
ascertain the significance of these components on overall perfor-
mance, we conduct experiments omitting each module separately.
The results are depicted in Figure 3. Specifically, “w/o ICL” indicates
the removal of the invariant learning specific to confounders, while
“w/o ISL” refers to the absence of invariant learning for spillover
effects. “w/o IL” represents a scenario where all invariant learning
is eliminated; under this condition, K environments are randomly
generated and the loss function’s mean and variance are directly
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Figure 4: ITE estimation performance (mean and standard error) of the proposed IGL framework under different hyperparame-

ters on Twitch-Explicit dataset.

minimized. It’s evident from our results that omitting any single
module leads to a substantial decrease in overall performance. This
underscores the vital role and efficacy of each component in our
proposed framework.

4.6 Sensitivity Analysis

To assess the sensitivity of IGL to hyperparameters, we evaluate
the performance under various configurations. In particular, we
set the number of environment generators with K € {2,3,4,5}, set
weights for contrastive learning with « € {0.1,0.5,1.0,1.5,2.0}, for
invariant learning with § € {0.1,0.5,1.0,1.5,2.0}, and for represen-
tation balancing with y € {0.1,0.5,1.0,1.5,2.0}. From the results
in Figure 4, it is evident that using more than three environments
generally yields improved performance. Regarding the weights for
contrastive and invariant learning, there is minimal perceptible
variation in performance once the coefficient exceeds 1. Addition-
ally, the model’s final performance demonstrates robustness to
fluctuations in representation balancing weights.

5 RELATED WORK

Treatment Effect Estimation on Graphs. While treatment ef-
fect estimation has achieved significant breakthroughs, the focus
on graphs [32] has drawn great attention in recent years. Units
on graphs or networked data are distinct from independent units
due to their inherent correlations, presenting unique challenges for
treatment effect estimation: i) Hidden confounders [41, 50]. The
homophily [35] of network structures in graphs can introduce new
confounders for causal effects beyond inherent unit features. ii)
Spillover Effects or Interference [5, 6, 23, 45, 47, 57]. A unit’s poten-
tial outcome is influenced not only by its own attributes but also by
treatment assignments to neighboring units, implying a violation
of the SUTVA assumption [40]. To address the challenge of hidden
confounders, Netdeconf [18] employs the message-passing capabil-
ity of the GCN [25] model; IGNITE [16] adopts the min-max game
to resolve optimization conflict issues; GIAL [11] utilizes informax
[49] to rectify imbalances in network structures; DNDC [31] is tai-
lored for intricate dynamic graph scenarios. To mitigate the impact
of spillover effects, [34] harnesses the message-passing mechanism
of the GNN [25, 48] model to account for neighboring interference;
NetEst [24] corrects the limitations of GNNs in ITE estimation
through adversarial learning; HyperSCI [33] considers more com-
plex hypergraph scenarios, which grapple with high-order interfer-
ence challenges. While these techniques showcase commendable
performance for singular graph data, they often overlook inductive

learning across multiple graphs in diverse environments, a scenario
we argue is prevalent in real-world applications [19, 58].

Invariant Learning on Graphs. Invariant learning [1, 3, 8, 12, 38]
aims to extract invariant relationships between observed data fea-
tures and ground-truth outcomes across various environments,
enhancing out-of-distribution (OOD) generalization ability. In the
graph domain, invariant learning [10, 13, 26, 30, 43, 51, 52] has also
emerged as a leading strategy for generalization. This pivot is rooted
in the underlying assumption of data generation: the presence of
stable features in graph data. These stable features, alternately
termed “rationales” [30, 52] or “invariant features” [10] in existing
literature, maintain an invariant relationship with ground-truth
labels irrespective of the distribution. To capture these features, DIR
[52] applies interventions on environmental features, while GREA
[30] employs environment removal and replacement augmenta-
tions. To differentiate between stable and environmental features,
both CAL [43] and DisC [13] variably adjust environmental fea-
ture representations, ensuring model predictions remain invariant
across the environmental changes. The success of these studies
demonstrates the power of invariant learning in handling distri-
bution shifts in graph structures. In treatment effect estimation,
invariant learning [42] also shows the potential ability to find ap-
propriate confounders. Drawing inspiration from these pioneering
efforts, our work ventures to learn invariant representations of con-
founders and spillover effects across diverse environments, thereby
enhancing inductive learning for treatment effect estimation.

6 CONCLUSION

In this paper, we have delved into the challenge of estimating treat-
ment effects on networked data across diverse environments, which
is a scenario frequently encountered in real-world applications.
Given the potential for graph data structures to evolve over time
or vary across geographical locations, existing efforts for uncov-
ering hidden confounders or modeling spillover effects may not
be robust against such a problem. To counteract this vulnerability,
we incorporate the invariance principle into treatment effect es-
timation, culminating in the development of the IGL framework.
Specifically, we simulate varied environments by generating a mul-
titude of new graphs. Then we prompt the model to derive invariant
representations of confounders and spillover effects across these en-
vironments. This strategy ensures that our model becomes resilient
to environmental shifts, paving the way for superior generalization
capabilities when faced with unseen environments. Our comprehen-
sive experiments shed light on the efficacy of the IGL framework,
with results and detailed analyses affirming its advantages.

871

873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927
928



929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979
980
981
982
983
984
985

986

Invariant Graph Learning for Treatment Effect Estimation from Networked Observational Data

REFERENCES

(1]

[10]

[11]

[12]

[13]

[14]
[15]

[16]

[17]

(18]

[19]

[20]
[21]
[22]

[23]

[24]
[25]
[26]
[27]
[28]
[29]
[30]

[31]

Kartik Ahuja, Ethan Caballero, Dinghuai Zhang, Jean-Christophe Gagnon-Audet,
Yoshua Bengio, Ioannis Mitliagkas, and Irina Rish. 2021. Invariance principle
meets information bottleneck for out-of-distribution generalization. NeurIPS 34
(2021), 3438-3450

Ahmed M Alaa and Mihaela Van Der Schaar. 2017. Bayesian inference of indi-
vidualized treatment effects using multi-task gaussian processes. NeurIPS 30
(2017).

Martin Arjovsky, Léon Bottou, Ishaan Gulrajani, and David Lopez-Paz. 2019.
Invariant risk minimization. arXiv preprint arXiv:1907.02893 (2019).

Vladimir A Atanasov and Bernard S Black. 2016. Shock-based causal inference
in corporate finance and accounting research. Critical Finance Review 5 (2016),
207-304.

Guillaume Basse and Avi Feller. 2018. Analyzing two-stage experiments in the
presence of interference. J. Amer. Statist. Assoc. 113, 521 (2018), 41-55.

Rohit Bhattacharya, Daniel Malinsky, and Ilya Shpitser. 2020. Causal inference
under interference and network uncertainty. In UAL PMLR, 1028-1038.

David M Blei, Andrew Y Ng, and Michael I Jordan. 2003. Latent dirichlet allocation.
Journal of machine Learning research 3, Jan (2003), 993-1022.

Shiyu Chang, Yang Zhang, Mo Yu, and Tommi Jaakkola. 2020. Invariant ratio-
nalization. In ICML. 1448-1458.

Ting Chen, Simon Kornblith, Mohammad Norouzi, and Geoffrey Hinton. 2020.
A simple framework for contrastive learning of visual representations. In ICML.
PMLR, 1597-1607.

Yonggiang Chen, Yonggang Zhang, Yatao Bian, Han Yang, Kaili Ma, Binghui Xie,
Tongliang Liu, Bo Han, and James Cheng. 2022. Learning Causally Invariant
Representations for Out-of-Distribution Generalization on Graphs. In NeurIPS.
Zhixuan Chu, Stephen L Rathbun, and Sheng Li. 2021. Graph infomax adversarial
learning for treatment effect estimation with networked observational data. In
SIGKDD. 176-184.

Elliot Creager, Jorn-Henrik Jacobsen, and Richard Zemel. 2021. Environment
inference for invariant learning. In ICML. 2189-2200.

Shaohua Fan, Xiao Wang, Yanhu Mo, Chuan Shi, and Jian Tang. 2022. Debiasing
Graph Neural Networks via Learning Disentangled Causal Substructure. In
NeurlPS.

Joachim Gassen. 2014. Causal inference in empirical archival financial accounting
research. Accounting, Organizations and Society 39, 7 (2014), 535-544.

Huan Gui, Ya Xu, Anmol Bhasin, and Jiawei Han. 2015. Network a/b testing:
From sampling to estimation. In WWW. 399-409.

Ruocheng Guo, Jundong Li, Yichuan Li, K Selcuk Candan, Adrienne Raglin, and
Huan Liu. 2021. Ignite: A minimax game toward learning individual treatment
effects from networked observational data. In IJCAL 4534-4540.

Ruocheng Guo, Jundong Li, and Huan Liu. 2020. Counterfactual evaluation of
treatment assignment functions with networked observational data. In Proceed-
ings of the 2020 SIAM International Conference on Data Mining. SIAM, 271-279.
Ruocheng Guo, Jundong Li, and Huan Liu. 2020. Learning individual causal
effects from networked observational data. In WSDM. 232-240.

Rohit Gupta, Bhawana Rathore, Abhishek Srivastava, and Baidyanath Biswas.
2022. Decision-making framework for identifying regions vulnerable to trans-
mission of COVID-19 pandemic. Computers & Industrial Engineering 169 (2022),
108207.

Will Hamilton, Zhitao Ying, and Jure Leskovec. 2017. Inductive representation
learning on large graphs. NeurIPS 30 (2017).

Jennifer L Hill. 2011. Bayesian nonparametric modeling for causal inference.
Journal of Computational and Graphical Statistics 20, 1 (2011), 217-240.

Kexin Huang and Marinka Zitnik. 2020. Graph meta learning via local subgraphs.
NeurIPS 33 (2020), 5862-5874.

Kosuke Imai, Zhichao Jiang, and Anup Malani. 2021. Causal inference with
interference and noncompliance in two-stage randomized experiments. J. Amer.
Statist. Assoc. 116, 534 (2021), 632-644.

Song Jiang and Yizhou Sun. 2022. Estimating Causal Effects on Networked
Observational Data via Representation Learning. In CIKM. 852-861.

Thomas N. Kipf and Max Welling. 2017. Semi-Supervised Classification with
Graph Convolutional Networks. In ICLR.

Haoyang Li, Ziwei Zhang, Xin Wang, and Wenwu Zhu. 2022. Learning invariant
graph representations for out-of-distribution generalization. In NeurIPS.

Sheng Li and Yun Fu. 2017. Matching on balanced nonlinear representations for
treatment effects estimation. NeurIPS 30 (2017).

Wenrui Li, Daniel L Sussman, and Eric D Kolaczyk. 2021. Causal inference under
network interference with noise. arXiv preprint arXiv:2105.04518 (2021).

Derek Lim, Xiuyu Li, Felix Hohne, and Ser-Nam Lim. 2021. New benchmarks for
learning on non-homophilous graphs. arXiv preprint arXiv:2104.01404 (2021).
Gang Liu, Tong Zhao, Jiaxin Xu, Tengfei Luo, and Meng Jiang. 2022. Graph
Rationalization with Environment-based Augmentations. In SIGKDD. 1069-1078.
Jing Ma, Ruocheng Guo, Chen Chen, Aidong Zhang, and Jundong Li. 2021.
Deconfounding with networked observational data in a dynamic environment.
In WSDM. 166-174.

(32]
(33]

(34]

(35]

(36]

(37]

(38]

(39]

(40]

[41]

[45]

[46]

[47]

(48]
[49]

[50]

[55]

[56]

[57]

(58]

Conference acronym 'XX, June 03-05, 2018, Woodstock, NY

Jing Ma and Jundong Li. 2022. Learning causality with graphs. AI Magazine 43,
4(2022), 365-375

Jing Ma, Mengting Wan, Longqi Yang, Jundong Li, Brent Hecht, and Jaime Teevan.
2022. Learning causal effects on hypergraphs. In SIGKDD. 1202-1212.

Yunpu Ma and Volker Tresp. 2021. Causal inference under networked interference
and intervention policy enhancement. In International Conference on Artificial
Intelligence and Statistics. PMLR, 3700-3708.

Miller McPherson, Lynn Smith-Lovin, and James M Cook. 2001. Birds of a feather:
Homophily in social networks. Annual review of sociology 27, 1 (2001), 415-444.
Elizabeth L Ogburn, Ilya Shpitser, and Youjin Lee. 2020. Causal inference, social
networks and chain graphs. Journal of the Royal Statistical Society Series A:
Statistics in Society 183, 4 (2020), 1659-1676.

Elizabeth L Ogburn, Oleg Sofrygin, Ivan Diaz, and Mark J Van der Laan. 2022.
Causal inference for social network data. J. Amer. Statist. Assoc. (2022), 1-15.
Mateo Rojas-Carulla, Bernhard Schélkopf, Richard Turner, and Jonas Peters. 2018.
Invariant models for causal transfer learning. The Journal of Machine Learning
Research 19, 1 (2018), 1309-1342.

Benedek Rozemberczki, Carl Allen, and Rik Sarkar. 2021. Multi-scale attributed
node embedding. Journal of Complex Networks 9, 2 (2021), cnab014.

Donald B Rubin. 1980. Randomization analysis of experimental data: The Fisher
randomization test comment. Journal of the American statistical association 75,
371 (1980), 591-593.

Uri Shalit, Fredrik D Johansson, and David Sontag. 2017. Estimating individual
treatment effect: generalization bounds and algorithms. In ICML. PMLR, 3076-
3085.

Claudia Shi, Victor Veitch, and David M Blei. 2021. Invariant representation
learning for treatment effect estimation. In UAL PMLR, 1546-1555.

Yongduo Sui, Xiang Wang, Jiancan Wu, Xiangnan He, and Tat-Seng Chua. 2022.
Causal Attention for Interpretable and Generalizable Graph Classification. In
SIGKDD. 1696-1705.

Wei Sun, Pengyuan Wang, Dawei Yin, Jian Yang, and Yi Chang. 2015. Causal
inference via sparse additive models with application to online advertising. In
AAAI Vol. 29.

Eric J Tchetgen Tchetgen and Tyler J VanderWeele. 2012. On causal inference in
the presence of interference. Statistical methods in medical research 21, 1 (2012),
55-75.

Amanda L Traud, Peter ] Mucha, and Mason A Porter. 2012. Social structure of
facebook networks. Physica A: Statistical Mechanics and its Applications 391, 16
(2012), 4165-4180

Johan Ugander, Brian Karrer, Lars Backstrom, and Jon Kleinberg. 2013. Graph
cluster randomization: Network exposure to multiple universes. In SIGKDD.
329-337.

Petar Velickovié¢, Guillem Cucurull, Arantxa Casanova, Adriana Romero, Pietro
Lio, and Yoshua Bengio. 2018. Graph Attention Networks. In ICLR.

Petar Velickovi¢, William Fedus, William L Hamilton, Pietro Lio, Yoshua Bengio,
and R Devon Hjelm. 2018. Deep Graph Infomax. In ICLR.

Stefan Wager and Susan Athey. 2018. Estimation and inference of heterogeneous
treatment effects using random forests. J. Amer. Statist. Assoc. 113, 523 (2018),
1228-1242.

Qitian Wu, Hengrui Zhang, Junchi Yan, and David Wipf. 2022. Handling Distri-
bution Shifts on Graphs: An Invariance Perspective. In ICLR.

Yingxin Wu, Xiang Wang, An Zhang, Xiangnan He, and Tat-Seng Chua. 2022.
Discovering Invariant Rationales for Graph Neural Networks. In ICLR.

Keyulu Xu, Weihua Hu, Jure Leskovec, and Stefanie Jegelka. 2019. How Powerful
are Graph Neural Networks?. In ICLR.

Liuyi Yao, Sheng Li, Yaliang Li, Mengdi Huai, Jing Gao, and Aidong Zhang. 2018.
Representation learning for treatment effect estimation from observational data.
NeurIPS (2018).

Liuyi Yao, Sheng Li, Yaliang Li, Hongfei Xue, Jing Gao, and Aidong Zhang. 2019.
On the estimation of treatment effect with text covariates. In IJCAL

Yuning You, Tianlong Chen, Yongduo Sui, Ting Chen, Zhangyang Wang, and
Yang Shen. 2020. Graph contrastive learning with augmentations. NeurIPS 33
(2020), 58125823

Yuan Yuan, Kristen Altenburger, and Farshad Kooti. 2021. Causal network motifs:
identifying heterogeneous spillover effects in A/B tests. In WWW. 3359-3370.
Chen Zhang, Hua Liao, Eric Strobl, Hui Li, Ru Li, Steen Solvang Jensen, and
Ying Zhang. 2021. The role of weather conditions in COVID-19 transmission: A
study of a global panel of 1236 regions. Journal of cleaner production 292 (2021),
125987.

987

988

989

990

991

992

993

994

995

996

997

998

999

1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043

1044



	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Notations and Definitions
	2.2 Problem Formulation
	2.3 Theoretical Analysis

	3 Methodology
	3.1 Environment Generator
	3.2 Learning Invariant Confounder
	3.3 Learning Invariant Spillover Effect
	3.4 Optimization Objective

	4 Experiments
	4.1 Dataset and Simulation
	4.2 Experiment Settings
	4.3 Main Results
	4.4 In-depth Analysis
	4.5 Ablation Study
	4.6 Sensitivity Analysis

	5 Related Work
	6 Conclusion
	References

