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Abstract
Interference or spillover effects arise when an individual’s outcome (e.g., health) is influenced
not only by their own treatment (e.g., vaccination) but also by the treatment of others, creating
challenges for evaluating treatment effects. Exposure mappings provide a framework to study such
interference by explicitly modeling how the treatment statuses of contacts within an individual’s
network affect their outcome. Most existing research relies on a priori exposure mappings of limited
complexity, which may fail to capture the full range of interference effects. In contrast, this study
applies a graph convolutional autoencoder to learn exposure mappings in a data-driven way, which
exploit dependencies and relations within a network to more accurately capture interference effects.
As our main contribution, we introduce a machine learning-based test for the validity of exposure
mappings and thus test the identification of the direct effect. In this testing approach, the learned
exposure mapping is used as an instrument to test the validity of a simple, user-defined exposure
mapping. The test leverages the fact that, if the user-defined exposure mapping is valid (so that
all interference operates through it), then the learned exposure mapping is statistically independent
of any individual’s outcome, conditional on the user-defined exposure mapping. Conversely, a
violation of this conditional independence indicates that the researcher-defined mapping fails to
capture some relevant interference. We propose a conditional mean (rather than full) independence
test sufficient for identifying average direct effects and study its finite-sample performance via
simulation.
Keywords: causal inference, network interference, graph convolutional autoencoder, conditional
independence, instrumental variables

1. Introduction

Interference or spillover effects, where an individual’s outcome (e.g., health) is influenced not only
by their own treatment (e.g., vaccination) but also by the treatment of others, pose substantial chal-
lenges for causal inference, particularly when arbitrary forms of interference are allowed; see Man-
ski (2013). Exposure mappings, as discussed in Aronow and Samii (2017) and Eckles et al. (2017),
provide a structured framework to study such interference by explicitly modeling the mechanisms
through which the treatment statuses of social contacts within an individual’s network influence
their outcome. For example, an exposure mapping might specify that an interference effect occurs
if at least one contact is treated, but does not depend on the number of treated contacts. By defining
such mappings, researchers can separate interference effects from the direct effect of a treatment,
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provided that they appropriately account for differences in the probabilities of specific exposure
mappings across individuals - for instance, due to variation in network structure. However, most
existing research relies on exposure mappings of limited complexity that are a priori defined by the
researcher in an ad hoc manner, which risks failing to capture the full range of interference effects.
In this paper, we apply graph convolutional autoencoders (GCAs), which are a specific type of graph
neural networks (GNNs), to learn exposure mappings in a data-driven way based on network em-
beddings. By exploiting network dependencies and relations, GCAs allow us to capture complex
patterns of interference that may be missed by simple, a priori defined mappings. As our main
contribution, we introduce a machine learning-based testing framework for the validity of exposure
mappings. Our approach uses a learned, complex exposure mapping as an instrument to assess
whether a given simpler, researcher-defined exposure mapping sufficiently captures all interference.
Specifically, if the simpler mapping accurately captures all interference effects such that any inter-
ference operates through them, then the learned mapping should be statistically independent of the
individual’s outcome, conditional on the less complex mapping. By examining violations of this
condition, we can assess whether less complex, researcher-defined mappings fail to capture some of
the underlying interference. Although developed in the context of interference, our testing frame-
work is related to conditional independence testing approaches in de Luna and Johansson (2014)
and Huber and Kueck (2023), who investigate tests for joint satisfaction of conditional treatment
exogeneity and instrumental variable (IV) assumptions. Analogously, we test whether the user-
defined exposure mapping is both exogenous and sufficient to capture all interference effects. If the
exposure mapping is correctly specified, then the treatment assignments of others affect an individ-
ual’s outcome only through this mapping, implying an IV type exclusion restriction. In this case,
the learned embedding should be conditionally independent of the outcome given the user-defined
exposure mapping, which forms the basis of our test.

We base the estimation of the direct effect of the treatment on the outcome, as well as the
proposed testing procedure, on the double machine learning (DML) framework of Chernozhukov
et al. (2018), which builds on doubly robust score functions; see Robins et al. (1994) and Robins
and Rotnitzky (1995). The DML framework satisfies the Neyman (1959)-orthogonality condition,
which implies that the resulting estimators and tests are relatively insensitive to modest approxi-
mation errors in the estimation of the exposure mapping and of the treatment or outcome models.
Consequently, the estimators and tests satisfy asymptotic normality under specific regularity condi-
tions, in particular if the machine learning methods used to estimate these models, such as GNNs,
converge at a rate of o(n−1/4) to the respective true model. Within this framework, we focus on
identifying average direct effects and, correspondingly, on testing conditional mean (rather than
full) independence.

Our study contributes to the growing literature that seeks to construct exposure mappings by
exploiting information contained in the data. For instance, Bargagli-Stoffi et al. (2023) propose a
tree-based method to assess heterogeneity in direct treatment and interference effects with respect
to individual, neighborhood, and network characteristics. In their framework, it is assumed that
interference occurs only within, but not across, predefined clusters (e.g., geographic regions) - a
setting known as partial interference; see, e.g., Sobel (2006), Hong and Raudenbush (2006), and
Hudgens and Halloran (2008). However, interference may still vary depending on the network
structure within clusters. The proposed method therefore aims at detecting network structures and
classifying clusters that exhibit similar interference effects based on tree-based algorithms. In con-
trast, our method is not confined to learning exposure mappings within clusters. Instead, we learn
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exposure mappings as embeddings in a GCA, which constitutes a highly flexible approach capable
of capturing complex network dependencies. Furthermore, we complement this estimation strategy
with a novel statistical testing procedure to validate exposure mappings. Sävje (2024) emphasizes
that exposure mappings are often used both to define causal estimands and to impose identifying
restrictions, and argues that these roles should be separated; under additional weak-dependence
conditions, standard estimators can remain consistent for misspecification-robust exposure effects
even when the mapping does not capture the full interference structure. Our contribution is comple-
mentary: taking the usual mapping-based identification perspective as a starting point, we provide
a formal test of whether a simple, researcher-defined mapping is sufficient for identification in the
observed data, and we learn a flexible alternative mapping when it is rejected. Ma and Tresp (2021)
also propose a GNN-based approach to learn interference from the data, focusing on the problem of
learning optimal treatment policies across subgroups (see, e.g., Manski (2004), Hirano and Porter
(2009), Kitagawa and Tetenov (2018), Athey and Wager (2021)) in the presence of interference.
In contrast, the focus of our study is not on optimal policy learning but rather testing whether the
exposure mapping is correctly specified which allows the identification of the direct treatment ef-
fect. Veitch et al. (2019) consider the estimation of direct treatment effects while controlling for
network-related confounders by conditioning on embeddings learned from networks using DML.
To this end, they adapt the DML assumptions in Chernozhukov et al. (2018) to account for learned
embeddings and present high-level conditions under which estimation of the direct treatment ef-
fect is

√
n-consistent. Also Ma et al. (2022) discuss direct effect estimation when accounting for

confounding induced by network interference.

More closely related to our setting, Leung and Loupos (2025) propose using GNNs to control for
network-induced confounding, with the goal of estimating both direct and interference effects and
conducting statistical inference. To this end, they rely on the assumption of approximate neighbor-
hood interference (ANI) introduced by Leung (2022), which is conceptually related to approximate
sparsity as considered in lasso regression by Belloni et al. (2014). ANI posits that interference
decays sufficiently fast with the distance between individuals in the network, thereby addressing
the problem of potentially high-dimensional confounding induced by network structure. Leung and
Loupos (2025) show that, under ANI and additional regularity conditions, the estimation of propen-
sity score and outcome models can achieve convergence at a rate of o(n−1/4), implying that direct
and interference effect estimators based on the given exposure mappings can be

√
n-consistent and

asymptotically normal when implemented within the DML framework. Importantly, the exposure
mapping is not learned but prespecified by the researcher and the GNNs are only used to estimate
the nuisance functions. These results demonstrate that some restriction on the complexity of in-
terference is necessary to obtain well-behaved estimators. Specifically, the depth of the relevant
interference network must not be too large, which allows GNNs with a limited number of layers to
approximate the interference structure. Baharan Khatami et al. (2025) also propose a graph-based
doubly robust estimator that uses graph neural networks to flexibly learn network confounding and
to estimate both direct and interference effects using a prespecified exposure mapping. The issue
of estimating exposure mappings is also related to the framework of DML estimation with gener-
ated (rather than directly observed) regressors, as considered, for instance, in models with estimated
control functions; see e.g. Pan and Zhang (2024) and Escanciano and Pérez-Izquierdo (2023). Our
study also applies the DML methodology in the context of interference and GNNs, but extends this
line of research by proposing a statistical test to assess the validity of the exposure mappings.
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2. Causal effects and identification

This section introduces the concept of exposure mappings, as well as the definition and identifica-
tion of direct, interference and total effects under specific assumptions. Let Di denote the treatment
of individual i in a population of interest, and let D−i represent the vector of treatments assigned
to all other individuals (excluding individual i) in that population. Furthermore, let Yi denote the
observed outcome. Throughout, we use uppercase letters to denote random variables and lowercase
letters for specific realizations. Using the potential outcomes framework, as proposed by Neyman
(1923) and advocated by Rubin (1974), the potential outcome of individual i under specific treat-
ment assignments Di = d and D−i = d is written as Yi(d,d). This contrasts with the standard
assumption in most treatment evaluations, which impose the Stable Unit Treatment Value Assump-
tion (SUTVA) (Rubin, 1980; Cox, 1958). SUTVA rules out interference effects, implying that the
potential outcome depends only on individual i’s own treatment: Yi(d). For the subsequent discus-
sion, we assume a binary treatment, such that d ∈ {0, 1}.

When SUTVA is violated, one pathway to identifying direct, interference, and total effects of an
individual’s own treatment relies on exposure mappings, see Aronow and Samii (2017). Such map-
pings impose structure on how the treatment assignments of other individuals, D−i, influence the
outcome of individual i. It is assumed that interference effects operate through an individual’s social
network, denoted by A, which is observed - for example, as an adjacency matrix indicating which
individuals interact with one another.1 Exposure mappings can be viewed as sufficient statistics for
capturing any interference effects within a network. More formally, the exposure for individual i,
denoted by Zi, defines strengths of interference as a function (or mapping) F of i’s network A, the
treatment assignments of other individuals, D−i, and the covariates of other individuals X−i:

Zi = F(A,D−i,X−i). (1)

The complexity of interference captured by the function F determines the number of possible values
Zi can take. A common choice in the literature defines F as the number of individuals who are both
treated according to D−i and neighbors of individual i in the network A, in which case Zi takes
values z ∈ {0, 1, 2, . . .}. A simpler alternative specifies F as a binary indicator, where Zi = 1 if at
least one treated individual in D−i is a neighbor of individual i in network A, and Zi = 0 otherwise.
This results in a binary exposure: z ∈ {0, 1}. It is worth noting that we also allow the exposure
mapping to depend on the covariates of other individuals.

Under a correctly specified exposure mapping in Equation (1), the potential outcome Yi(d,d)
simplifies to Yi(d, z). This permits defining the average direct effect, interference effect, and total
effect, denoted by γ(z), δ(d, z, z′), and ∆(z, z′), respectively, which are functions of an individual’s
own treatment and the exposure:

γ(z) = E[Yi(1, z)− Yi(0, z)], (2)

δ(d, z, z′) = E[Yi(d, z)− Yi(d, z
′)],

∆(z, z′) = E[Yi(1, z)− Yi(0, z
′)],

where z and z′ are two distinct exposures (e.g., 1 and 0 in the binary case). Next, we provide
the formal assumptions on the causal structure that ensure identification of the causal parameters

1. The network A is typically assumed to be fixed. However, Li and Wager (2022) consider the network structure in a
population as a random draw and propose an asymptotic framework for constructing confidence intervals for direct
and interference effects under this assumption.
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defined in Equation (2). We assume that we observe data Wi = (Yi, Di, Xi) for a fixed network A,
i = 1, . . . , n, where (Xi, Di) is i.i.d., but Yi may depend on D−i and X−i. Our first assumption
concerns the exposure mapping and the treatment assignment:

Assumption 1 (Identification - Independence of Di and Zi)

Zi = F(A,D−i,X−i), and Di = Di(Xi).

First, Assumption 1 states that the true exposure Zi = F(A,D−i,X−i) is a function only of A,
D−i, and X−i. Second, the treatment assignment of individual i may depend only on its own
characteristics Xi, that is, Di = Di(Xi). This implies that individual i’s treatment assignment Di

is conditionally independent of its own exposure Zi given the covariates X = (Xi,X−i) and the
network structure A.

As discussed in Aronow and Samii (2017), the propensity score under inference is defined as
the joint conditional probability of the treatment and the exposure, given the network structure A
and the observed covariates X = (Xi,X−i). Under Assumption 1, the propensity score is given by

pi(d, z) = Pr(Di = d, Zi = z|X ,A) = Pr(Di = d|Xi) · Pr(Zi = z|X−i,A). (3)

Using a directed acyclic graph (DAG) (see, e.g. Pearl (2000)), Figure 1 represents a causal struc-
ture where Assumption 1 is satisfied. In the graph, nodes represent variables, and arrows indicate
causal associations between those variables. The treatment assignments of other individuals D−i,
the network structure A and their covariates X−i jointly determine the exposure Zi, which influ-
ences the outcome Yi in the presence of interference. The confounder Xi influences individual
treatment assignment Di and the outcome Yi, whereas X−i influences the treatment assignments of
other individuals D−i. In this structure, the direct effect refers to the effect of an individual’s own
treatment Di on their outcome Yi, i.e., Di → Yi. The interference effect corresponds to the impact
of other individuals’ treatment assignments D−i on individual i’s outcome Yi through the exposure
Zi, i.e., D−i → Zi → Yi. We assume that both the network structure A and the covariates of other
individuals X−i do not directly affect the individual i’s outcome Yi, but only through Zi.

Consistent with the causal structure in Figure 1, identification of the direct treatment effect ofDi

requires that all backdoor paths from Di to Yi are blocked by the individual i’s observed covariates
Xi and the exposure Zi. This motivates the following conditional exogeneity assumption:

Assumption 2 (Identification - Conditional exogeneity of Di and Zi)

Yi(d, z) ⊥⊥ (Di, Zi)|X ,A ∀d ∈ {0, 1}, z ∈ Z.

where Z denotes the support of Zi.

Assumption 2 imposes that there are no unobserved variables that jointly affect Yi and the treat-
ment assignment Di, or Yi and the true exposure Zi conditional on X and A. Notably, under our
assumed causal structure, there is no direct effect of A or X−i on the outcome Yi. As a result,
conditioning on Xi alone would be sufficient in Assumption 2, since all paths from X−i and A to
Yi are blocked by Zi. Our identifying assumptions (1 and 2) rule out endogenous treatment choices
driven by peers’ behavior, strategic treatment interactions, or unobserved treatment-outcome con-
founders across the network. They appear plausible in environments where treatment assignment
is individually determined or externally administered - such as randomized or quasi-randomized
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interventions, eligibility rules based solely on individual covariates, or settings where agents do not
take their peers’ treatment into account at treatment assignment.

Furthermore, we require that the propensity score for any combination of treatment and expo-
sure is strictly positive. This implies that the network structure does not deterministically determine
the exposure. Thus, there exists variation in exposures, conditional on the network and the co-
variates, that can be leveraged to assess their effects. This leads to the following common support
assumption:

Assumption 3 (Identification - Common support)

pi(d, z) > 0 ∀d ∈ {0, 1}, z ∈ Z.

Under Assumptions 1 - 3, the causal effects defined in Equations (2) are identified through the
propensity score. As discussed in Aronow, Eckles, Samii, and Zonszein (2020), inverse probability
weighting (IPW) (Horvitz and Thompson, 1952) can be applied, reweighting observations by the
inverse of the propensity score to recover the mean potential outcomes and effects:

E[Yi(d, z)] = E

[
Yi · I{Di = d, Zi = z}

pi(d, z)

]
, (4)

γ(z) = E

[
Yi ·Di · I{Zi = z}

pi(1, z)
− Yi · (1−Di) · I{Zi = z}

pi(0, z)

]
,

δ(d, z, z′) = E

[
Yi · I{Di = d, Zi = z}

pi(d, z)
− Yi · I{Di = d, Zi = z′}

pi(d, z′)

]
,

∆(z, z′) = E

[
Yi ·Di · I{Zi = z}

pi(1, z)
− Yi(1−Di) · I{Zi = z′}

pi(0, z′)

]
,

where I{·} is the indicator function, which is one if its argument is satisfied and zero otherwise.

Figure 1: Causal diagram satisfying Assumption 1.

D−i Zi

A

Yi Di

XiX−i

3. Learning exposure mappings

While most studies evaluating interference effects rely on researcher-specified mappings, in real-
world applications the function F , and thus the true definition of the exposure mapping, is un-
known. For this reason, we aim to approximate the true exposure, Zi, using a graph convolutional
autoencoder (GCA) related to the graph autoencoder (GAE) of Kipf and Welling (2016)2. In our
supervised learning approach, Z̃i is learned as the embedding from an intermediate hidden layer of

2. Although inspired by the GAE of Kipf and Welling (2016), our GCA differs in that it is trained to predict Yi in a
supervised setting, rather than constructing the adjacency matrix.
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a GCA trained to predict the outcome Yi from the network A, the treatment assignments of the indi-
viduals D = (Di,D−i), and the observed covariates X = (Xi,X−i). A graph autoencoder consists
of an encoder that maps the input graph and node features into a low-dimensional latent representa-
tion (embedding) capturing its most relevant information, and a decoder that predicts target values
from this latent representation. In our setting, the GCA combines an encoder that consists of graph
convolutional network (GCN) layers (Kipf and Welling, 2017) and a regression-based decoder. This
architecture allows the model to automatically learn dependencies and relationships between nodes
based on the network structure. The resulting learned exposures, denoted by Z̃i, correspond to the
embeddings produced by the encoder and are designed to capture how treatment assignments across
the network affect individual outcomes.

We consider an undirected graph G = (V, E), where the nodes are individuals vi ∈ V with
|V| = n and the edges are given by pairs (vi, vj) ∈ E . The adjacency matrix A ∈ Rn×n represents
the connections between the individuals and is defined as

A =


0 a12 . . . a1n
a21 0 . . . a2n

...
...

. . .
...

an1 an2 . . . 0

 . (5)

In the adjacency matrix, aij = 1 indicates that node i (i.e., individual i) is connected to node
j, while aij = 0 indicates that there is no edge, i.e., no social connection, between nodes i and j.
Each node has its own features and the input feature vector consists of the treatment assignments
and the covariates of all individuals. Denote this matrix by M with dimensions n × 2, where di is
the individual assignment and xi is the covariate of individual i:

Mn×2 =


d1 x1
d2 x2
...

...
dn xn

 . (6)

Each layer in the encoder is indexed by k ∈ {0, . . . ,K − 1}, where k = 0 corresponds to the
raw input, k = 1 to the first layer and K − 1 to the final layer of the encoder. The representation of
the raw input (layer k = 0) is H(0) = M . The graph convolutional layers k ∈ {1, . . . ,K − 1} in
the encoder follow the layer-wise propagation rule

H(k+1) = σ
(
T− 1

2AT− 1
2H(k)W̃ (k)

)
, (7)

where T is the degree matrix. The matrix T contains zeros everywhere except on the diagonal,
where tii =

∑
j aij ,∀i ∈ {1, . . . , n}. W̃ (k) is a trainable and layer-specific weight matrix, and

σ(·) is an activation function. H(k+1) ∈ Rn×xk contains the node representations with each row
corresponding to one node, where xk is the feature dimension of that layer. The final encoder layer
H(K), with k = K − 1, has feature dimension xk = 1, as its output serves as the learned exposure
Z̃i, which we model as a one-dimensional embedding, that is, H(k+1) ∈ Rn×1 for k = K − 1.
This layer-wise update in the graph convolutional layers corresponds to a standard message-passing
mechanism, in which each node aggregates transformed information from its neighbors according
to the graph structure in A. To obtain an outcome prediction Ŷ ∈ Rn×1, the embeddings from the
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encoder are passed into a regression-based decoder implemented as a linear layer, which maps the
learned exposure representation into a predicted outcome:

Ŷ = W̃decH
(K) + bdec (8)

where W̃dec ∈ R1×1 is the trainable weight in the decoder layer, H(K) is the vector of learned
exposures Z̃i, i ∈ {1 . . . , n}, and bdec ∈ R is the bias term. The architecture of the GCA is
illustrated in Appendix A Figure 3.

The GCA is trained by minimizing the mean squared error loss function L(Yi, Ŷi) = 1
n

∑
i(Yi−

Ŷi)
2, which is appropriate, because the outcome variable Yi is continuous.
It is important to note that the adjacency matrix A contains no self-loops, i.e., aii = 0, ∀i ∈

{1, . . . , n}. As a result, each node aggregates information exclusively from its neighbors. Thus, the
representation H(k+1) at any encoder layer does not use the node’s own features (Di, Xi), but only
those of other individuals (D−i,X−i). This is consistent with the interpretation of the exposure Z̃i,
which is intended to summarize how the treatments and characteristics of others affect individual
i’s outcome.

4. Testing the validity of exposure mappings

In this section, we discuss the testability of whether a researcher-defined exposure mapping is cor-
rectly specified for capturing all interference effects. Our approach uses the learned exposures Z̃i,
i = 1, . . . , n, from Section 3 as an instrument to assess whether the (simpler) exposures Żi suffi-
ciently capture all interference. Specifically, if the simpler mapping accurately captures all interfer-
ence effects, then the exposure Z̃i is independent of the individual’s outcome, conditional on Żi. By
examining violations of this condition, we can assess whether the researcher-defined mapping fails
to capture some of the underlying interference. Notably, the true exposure Zi = F(A,D−i,X−i),
for i = 1, . . . , n, is i.i.d. by assumption. We therefore retain the index i in the learned and
researcher-defined exposures Z̃i and Żi for notational convenience. Next, we introduce the assump-
tions that underlie our testing approach for validating the exposure mapping. These assumptions
formalize the structural restrictions on how the exposure variables may depend on one another and
on the outcome. We further assume that any statistical independencies correspond to d-separation
in the underlying causal model, a condition known as causal faithfulness and formally stated below.

Assumption 4 (Testing method - causal structure and faithfulness) We assume that

Żi(y) = Żi, and Z̃i(ż, y) = Z̃i ∀ż ∈ Ż and y ∈ Y,

where Ż and Y denote the corresponding support of Żi and Y and that only variables which are
d-separated in some causal model are statistically independent.

The first part of Assumption 4 rules out reverse causal effects of outcome Y on Żi and Z̃i as
well as any causal effect of Żi on Z̃i. The latter reflects the fact that Z̃i is a causal parent of Żi,
which is consistent with the interpretation of Z̃i as a more complex mapping from the network struc-
ture and neighbor treatments, while Żi represents a simpler transformation thereof. The following
assumption requires that every possible combination of Z̃i and Żi occurs with positive probability.
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Assumption 5 (Testing method - common support)

Pr(Żi = ż, Z̃i = z̃) > 0 ∀ż ∈ Ż, z̃ ∈ Z̃

where Ż and Z̃ denote the corresponding support of Żi and Z̃i.

In Assumption 6, we impose that the simpler exposure Żi and the learned exposure Z̃i are
statistically dependent.

Assumption 6 (Testing method - dependence between Żi and Z̃i)

Żi ⊥̸⊥ Z̃i.

Together with Assumption 4, which rules out any effect of Żi on Z̃i, Assumption 6 ensures that
Z̃i causally affects Żi. This corresponds either to a first-stage relationship in the IV literature or to
the presence of (potentially unobserved) characteristics that jointly influence both Żi and Z̃i. This
assumption is satisfied in Figure 2, where Z̃i serves as a causal parent of Żi. Assumptions 4 and 6,
allow us to apply Theorem 1 of Huber and Kueck (2023) in order to construct a test for validating the
exposure mapping. It is worth noting that we still rely on the causal structure shown in Figure 1 and
Figure 2. Most importantly, we assume that there are no unobserved confounder jointly affecting
Di and Z̃i or Di and Żi.

Theorem 1 Conditional on Assumptions 4 and 6, it holds that

Yi(d, ż) ⊥⊥ Żi, Yi(d, ż) ⊥⊥ Z̃i ⇐⇒ Yi ⊥⊥ Z̃i|Żi = ż, ∀ż ∈ Ż, d ∈ {0, 1}. (9)

Conditional on Assumptions 4 and 6, the testable implication Yi ⊥⊥ Z̃i|Żi = ż is necessary and
sufficient for the joint satisfaction of Yi(d, ż) ⊥⊥ Żi and Yi(d, ż) ⊥⊥ Z̃i when considering potential
outcomes Yi(d, ż) matching Żi = ż and Di = d.

This statement follows directly from Theorem 1 of Huber and Kueck (2023), considering Żi as
the treatment variable and Z̃i as the suspected instrument. The first two conditions of Theorem 1
state two independence conditions, which correspond to selection-on-observables for the exposure
Żi and instrument validity for the learned exposure Z̃i, respectively. The first condition imposes
that the potential outcome Yi(d, ż) is independent of Żi for all possible exposure levels ż ∈ Ż and
d ∈ {0, 1}, i.e., Yi(d, ż) ⊥⊥ Żi. This rules out unobserved confounding between Żi and Yi. In
Figure 2, this corresponds to the absence of dotted arrows from the unobserved confounder Vi to
both Żi and Yi. The second independence condition of Theorem 1 imposes instrument validity for
the learned exposure Z̃i. It requires that Yi(d, ż) is independent of Z̃i, i.e., Yi(d, ż) ⊥⊥ Z̃i. This
means that the learned mapping does not directly affect the potential outcome and that there are
no unobserved confounders jointly affecting Z̃i and Yi(d, ż). In Figure 2, this corresponds to the
absence of the dotted arrows from the unobserved confounder Ui to both Z̃i and Yi. Therefore,
the second condition of Theorem 1 ensures that Z̃i satisfies the same type of independence require-
ments as a valid instrument in the IV literature. Following Theorem 1 of Huber and Kueck (2023),
the testable conditional independence Yi ⊥⊥ Z̃i|Żi = ż in the third condition of Equation (9) is
necessary and sufficient for the joint satisfaction of the first two independence conditions. In our
setting, this provides the following interpretation of the testable implication: we assess whether the
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learned exposure Z̃i contains any residual association with the outcome Yi after conditioning on the
predefined exposure Żi. If such an association remains, the mapping Żi fails to capture all relevant
interference, and the learned mapping offers additional, causally meaningful information. In turn,
if the conditional independence holds, the simpler exposure mapping is sufficient for capturing in-
terference effects. In Figure 2 the dashed line (i.e., Z̃i 99K Yi) indicates a violation of the testable
condition, as Żi does not fully capture the interference effects of Z̃i on Yi due to its definition being
too simple to account for all forms of interference.

In this paper, we focus on mean conditional independence between the outcome variable and
the learned exposure mapping rather than on the full outcome distribution. This is sufficient for
identifying average effects, see Theorem 2 of Huber and Kueck (2023), within our framework of
average direct and interference effects defined in Equation (2). Modifying the testable implication
in Equation (9) to hold in expectation yields the following testable implication:

E[Yi|Żi = żi, Z̃i = z̃i] = E[Yi|Żi = żi] ∀ż ∈ Ż, z̃ ∈ Z̃. (10)

Equation (10) requires that all combinations of Żi and Z̃i occurring in the conditioning sets are
observed with positive probability. This is ensured by Assumption 5. Following Huber and Kueck
(2023) and Apfel et al. (2024), testing whether the difference in expected outcomes in Equation (10)
equals zero requires checking this condition for all values of Ż and Z̃ in their respective supports,
which can imply infinitely many testable implications. The solution is to test Equation (10) glob-
ally, i.e., across all values of Ż and Z̃, using an aggregated L2-type measure proposed in equation
(3.4) in Apfel et al. (2024). Formally, we test H0 : θ0 = 0 where θ0 = (E[Yi|Żi = żi, Z̃i =
z̃i] − E[Yi|Żi = żi])

2 + (E[Yi|Żi = żi, Z̃i = z̃i] − E[Yi|Żi = żi]) which evaluates the testable
implication in Equation (10). Relying on the DML approach, Apfel et al. (2024) derive an estimator
θ̂0 that is asymptotically normal and

√
n-consistent under suitable regularity conditions. We use

this estimator to test whether the researcher-defined exposure is correctly specified, i.e., whether
Equation (10) holds true. The technical details of the testing approach are given in Appendix B.

Figure 2: Causal diagram underlying the testing method

D−i

Z̃i Żi

AX−i Ui Vi

Yi Di

Xi

5. Estimation of causal effects

In this section, we outline the estimation of the causal effects defined in Section 2. In the following
the exposure mapping Zi is either the researcher-defined exposure mapping, Żi, or the learned
exposure mapping, Z̃i, depending on the result of the testing method introduced in Section 4. If
H0 is rejected, the learned exposure mapping is used for the estimation of the causal effect, i.e.,

10
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Zi = Z̃i. If H0 is not rejected, the researcher-defined exposure mapping is used instead, i.e.,
Zi = Żi. When Zi = Z̃i, the exposure mapping may be difficult to interpret3. Hence, our focus
is on the identification and estimation of the direct effect averaged over all exposure levels, γ =
E[γ(Z)]. In applied work, researchers often prefer simple exposure mappings because they are
easy to interpret and communicate. However, such simple mappings may fail to capture relevant
interference effects and thus lead to biased effect estimates. The purpose of the proposed test is
therefore to assess whether a simple, interpretable mapping is sufficient or whether a more complex
mapping is required. If the simpler mapping is rejected, the learned exposure is primarily used to
improve identification of the direct effect rather than to provide mechanistic insight.

To estimate these causal effects, we build on the identification assumptions introduced in Section
2. While IPW identification is valid under correct specification of the propensity score, outcome-
regression-based identification using a model for the conditional mean outcome is valid under cor-
rect specification of that model. Both methods can be combined in a doubly robust (DR) approach,
which remains consistent if either the propensity score or the outcome model is correctly specified
(Robins et al., 1994; Robins and Rotnitzky, 1995). Moreover, the DR approach is first-order in-
sensitive to small deviations of both the propensity score and the conditional mean outcome from
their respective true models, a property known as Neyman-orthogonality (Neyman, 1959). This
property is key for the application of the DML framework of Chernozhukov et al. (2018), in which
propensity scores and outcome models are estimated with machine learning methods that may be
prone to approximation errors. If the propensity score and outcome models are estimated with con-
vergence rate o(n−1/4), DML estimation of average direct, interference and total effects can attain√
n-consistency under certain regularity conditions. Denoting by µi(d, z, x) = E[Yi|Di = d, Zi =

z,Xi = x] the conditional mean outcome, the DR expression for the mean potential outcome is
given by

E[Yi(d, z)] = E

[
µi(d, z, x) +

I{Di = d, Zi = z}
pi(d, z)

(Yi − µi(d, z, x))︸ ︷︷ ︸
:=ϕ(Wi)

]
, (11)

where ψ(Wi) = ϕ(Wi)− E[Yi(d, z)] is the efficient score function.
The outcome regression µi(d, z, x) can be estimated using any machine learning method that

satisfies the required convergence rate. The propensity score pi(d, z) defined in Equation (3) con-
sists of two components. The first component Pr(Di = d|Xi) can be estimated using, for example,
logistic regression when the treatment is binary. The second component Pr(Zi = z|X−i,A) is con-
ditional on the network A, which is why we suggest estimating it using the GNN-based propensity
score estimator introduced in Leung and Loupos (2025). They use a graph isomorphism network
(GIN) to estimate the propensity score, that is, the conditional distribution of exposure given the
covariates of the other individuals X−i and the network structure A. Since the exposure can take
multiple values, the GIN produces a probability for each possible exposure level through a multi-
class output layer. The target variable is a one-hot-encoding of the observed exposure level. The
model is trained using a logistic loss, exp(m̂z)/

∑
z′∈Z exp(m̂z′), to estimate the propensity score,

3. Although the learned exposure may not be directly interpretable, it can still be related to standard network summaries
in post-analysis, for example by regressing the learned embedding on treated-neighbor counts, two-hop exposure,
centrality measures, or community-level treatment shares, by clustering nodes in embedding space into a small num-
ber of exposure types, or by conducting local perturbation analyses to assess which network features drive changes
in the learned exposure.

11
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where m̂z denotes the GIN output corresponding to exposure level z. They show that, under approx-
imate neighborhood interference (ANI), the propensity score can be estimated with a convergence
rate of o(n−1/4). This allows valid estimation of the average direct effect, γ = E[γ(Z)], which we
will also show in a simulation study in the next section.4

6. Simulation

This section provides a simulation study to investigate the finite sample behavior of the testing
approach and direct effect estimation. The data are generated according to the following process:

Yi = α+ δZi + γDi + ξXi + εi, where εi ∼ N(0, 1),

Di ∼ bernoulli
( 1

1 + exp(−(1 + 2Xi))

)
, Xi ∼ bernoulli(0.5),

aij = I{|ρi − ρj | ≤ rn} with ρi ∼ U([0, 1])2 and rn =
( 30
πn

)(1/2)
,

where (α, δ, γ, ξ) = (−1, 5, 1, 1). The outcome Yi is a linear function of the individual treatment
Di, the true exposure Zi, the covariate Xi and an unobservable εi. The covariate Xi is a binary
variable, and the binary treatment Di is a function of Xi. Following Leung and Loupos (2025),
the network structure A is generated from a random geometric graph model. The GCA used for
learning the exposure mapping consists of two graph convolutional layers in the encoder and one
regression-based decoder. The learning rate is 0.01 and the number of epochs is 200. For estimating
the score function, the support of the continuous learned exposure variable is partitioned based on
the quartiles of its distribution, i.e., L = 4.

We consider three settings to assess the performance of our testing approach, using 200 Monte
Carlo replications for sample sizes n = 500, 1000, and 2000. In the first setting, the true expo-
sure mapping is given by the share of treated neighbors weighted by their covariates, i.e., ZS1

i =∑
j ̸=i aijDjXj∑

j ̸=i aij
, and the researcher-defined exposure mapping coincides with the true exposure, i.e.,

ŻS1
i =

∑
j ̸=i aijDjXj∑

j ̸=i aij
. Thus, the researcher-defined exposure mapping is correctly specified and

the exposure learned by the GCA should not contain additional information beyond the researcher-
defined mapping. In Setting 2, the true exposure mapping depends on both first-order and second-
order network neighborhoods5. Specifically, the true exposure is given by ZS2

i =
∑

j ̸=i aijDjXj∑
j ̸=i aij

+∑
k ̸=i bikDkXk∑

k ̸=i bik
, where bik := I{

∑
i ̸=j,j ̸=k aijajk > 0} · (1 − aik) · I{k ̸= i}. The first term cap-

tures again the share of treated neighbors weighted by their covariates. The second term of the true
exposure captures second-degree neighbors of individual i, i.e., nodes that are connected to i via a
path of length two, excluding i itself and all direct neighbors. In contrast, the researcher-defined
exposure is binary and only accounts for direct neighbors, i.e., ŻS2

i = I{
∑

j ̸=i aijDjXj > 0}.

4. While feasible in moderate-sized networks, the joint estimation of learned exposure mapping, nuisance functions and
the DML-based testing procedure may become computationally demanding in very large graphs. In practice, recent
advances in scalable GNN training (e.g., sampling-based methods (Hamilton et al., 2017; Zeng and Zhou, 2020) and
distributed architectures (Zheng et al., 2020) could be integrated into our framework to improve scalability.

5. In Appendix C.2, we additionally consider a variant of Setting 2 in which the researcher-defined exposure mapping
includes only the first-order component of the true exposure. This design isolated the role of the second-order term
and shows how the performance of the proposed test depends on the extent of misspecification.

12
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Thus, the researcher-defined exposure is misspecified. In the third setting, the researcher-defined
exposure is equal to the one in Setting 1, i.e., ŻS1

i = ŻS3
i . However, the true exposure is a nonlin-

ear transformation of the cumulative treated neighborhood intensity with an explicit threshold and
saturation: ZS3

i = 1 − exp
(
− 0.5 max

{
0,
∑

j ̸=i aijDjXj − 10
})

. This setting therefore also
represents a case of misspecification if researchers were to apply a linear specification to model the
conditional mean outcome in Equation (11) based on ŻS3

i .

Setting 1 Setting 2 Setting 3

n rejection rate mean p-value rejection rate mean p-value rejection rate mean p-value

500 0.00 0.76 0.32 0.25 0.8 0.11
1000 0.00 0.73 0.625 0.10 0.805 0.09
2000 0.00 0.69 0.895 0.03 0.83 0.09

Notes: ’rejection rate’ gives the empirical rejection rate when setting the level of statistical significance to 0.05 (or 5%);
R = 200 replications.

Table 1: Simulation results - testing method

Table 1 reports the empirical rejection rates and average p-values of the testing approach across
the three settings. In Setting 1, where the researcher-defined exposure mapping is correct, the test
never rejects the null hypothesis and the p-values remain high across all sample sizes. In Settings 2
and 3, where the researcher-defined exposure mapping is misspecified, the rejection rate increases
in the sample size, while p-values decrease and approach the significance level α = 0.05. Overall,
these results are consistent with the theoretical implications discussed in Section 4. Although our
framework is designed for hypothesis testing rather than quantification of misspecification, the test
statistic and p-values are informative about the degree of misspecification. Small deviations between
the true and simpler exposure mappings induce only weak conditional dependence in Equation (10),
which results in large p-values and low rejection rates. By contrast, larger deviations imply stronger
violations of the null hypothesis and smaller p-values. The chosen significance level thus determines
the tolerated degree of misspecification. In the second part of the simulation study, we assess the
estimation of the direct effect based on the learned exposure Z̃i; see Appendix C.1 for the results.

7. Conclusion

In this paper, we develop a data-driven approach to learn exposure mappings in the presence of
interference, instead of relying on a priori defined mapping. We use a graph convolutional au-
toencoder to learn exposure mapping that summarize how others’ treatment assignments affect an
individual’s outcome. Since the identification of average direct effects depends crucially on the cor-
rect specification of the exposure mapping, we study whether a simple, researcher-defined exposure
mapping is sufficient or a more complex, learned mapping is required. To this end, we propose a
testing method based on conditional mean independence implications. This test evaluates whether
a researcher-defined exposure mapping captures all relevant interference. Violations of the testable
implication indicate that the predefined exposure mapping is misspecified and that a learned map-
ping should be used for estimating the direct effect. Overall, our study provides guidance on how to
learn and validate exposure mappings in the presence of interference.6

6. For a fully replicable Jupyter notebook illustrating the practical implementation of our method, see GitHub.
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Appendix A. Graph convolutional autoencoder
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Figure 3: Graph convolutional autoencoder architecture

Appendix B. Details on the testing approach described in Section 4

In this section, we outline the technical details of our testing approach, which builds on the work
of Huber and Kueck (2023) and Apfel et al. (2024). We test whether the difference in expected
outcomes in Equation (10) equals zero using an aggregated L2-type measure. Formally, we want to
test H0 : θ0 = 0 where

θ0 = (E[Yi|Żi = żi, Z̃i = z̃i]− E[Yi|Żi = żi])
2 + (E[Yi|Żi = żi, Z̃i = z̃i]− E[Yi|Żi = żi]).

Given that the learned Z̃ is continuous in the proposed architecture in Section 3, we need to dis-
cretize its support. Let l = 1, . . . , L denote a partition of its support Z̃ with ∪lZ̃l = Z̃ . Applying
the work of Huber and Kueck (2023) to our context, let µ(Żi, Z̃i ∈ Z̃l) := E[Yi|Żi, Z̃i ∈ Z̃l],
pl(Żi) = Pr(Z̃i ∈ Z̃l|Żi) and 1(Z̃i ∈ Z̃l) be an indicator function, which takes the value one if Z̃i

falls into the partition Z̃l (and zero otherwise). Therefore, we test the following null hypothesis H0:

θ̃ := E

[
L∑
l=1

[(µ(Żi, Z̃i ∈ Z̃l)− µ(Żi, Z̃i /∈ Z̃l))
2 + (µ(Żi, Z̃i ∈ Z̃l)− µ(Żi, Z̃i /∈ Z̃l))]

]
= 0.
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Apfel et al. (2024) propose the following Neyman-orthogonal score for testing

ψ(Wi, θ, η) (12)

=

L∑
l=1

(µ(Żi, Z̃i ∈ Z̃l)− µ(Żi, Z̃i /∈ Z̃l))
2

+
L∑
l=1

2(µ(Żi, Z̃i ∈ Z̃l)− µ(Żi, Z̃i /∈ Z̃l))(
(Yi − µ(Żi, Z̃i ∈ Z̃l))1(Z̃i ∈ Z̃l)

pl(Żi)
− (Yi − µ(Żi, Z̃i /∈ Z̃l))1(Z̃i /∈ Z̃l)

1− pl(Żi)

)

+
L∑
l=1

(µ(Żi, Z̃i ∈ Z̃l)− µ(Żi, Z̃i /∈ Z̃l))

+
L∑
l=1

(
(Yi − µ(Żi, Z̃i ∈ Z̃l))1(Z̃i ∈ Z̃l)

pl(Żi)
− (Yi − µ(Żi, Z̃i /∈ Z̃l))1(Z̃i /∈ Z̃l)

1− pl(Żi)

)
− θ

and show that using this score function within the DML framework (Chernozhukov et al., 2018),
leads to an estimator θ̂0 which is asymptotically normal and

√
n-consistent under suitable regularity

conditions. Especially, we need to ensure that the nuisance functions µ(·) and pl(·) can be estimated
at rate o(n−1/4). Hence, we can use this DML estimator to test whether the researcher-defined
exposure is correctly specified, i.e., whether Equation (10) holds true.

Appendix C. Simulation details

C.1. Direct effect estimation

In the second part of the simulation study, we asses the estimation of the direct effect based on
the learned exposure Z̃i obtained from a GCA. The direct effect is estimated using IPW, where the
propensity score for the treatment assignment, Pr(Di = 1|Xi), is estimated via logistic regression,
and the exposure propensity Pr(Zi|X−i,A) is approximated using an oracle estimator based on
the data-generating process. The true exposure that the GCA aims to recover is defined as Zi =

I{
∑

j ̸=i aijDjXj > 2} and we adjust the parameter for generating aij to rn =
(

5
πn

)(1/2)
in the

DGP outlined in the main text.

n est std bias

100 1.178 1.047 0.843
200 1.128 0.684 0.542
500 1.007 0.396 0.314
1000 1.005 0.306 0.241

Notes: Average estimate of γ (est), its standard deviation (std), and the average absolute estimation error (bias) across
R = 200 replications. The true value of the direct effect is γ = 1.

Table 2: Simulation results - direct effect estimation
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Table 2 reports the simulation results for the estimation of the direct effect γ based on the learned
exposure Z̃i. For small sample sizes, the estimator shows noticeable variability and bias. As the
sample size increases, both the bias and the standard deviation decrease. For sample sizes n = 500
and n = 1000, the average estimated direct effect is close to the true value γ = 1. This indicates
improved precision and convergence toward the true direct effect.

C.2. Additional testing method simulation results

We additionally consider a variant of Setting 2 in which the researcher-defined exposure mapping
coincides with the first-order component of the true exposure, while the true exposure also includes
a second-order neighborhood term, i.e.,

Zi =

∑
j ̸=i aijDjXj∑

j ̸=i aij
+

∑
k ̸=i bikDkXk∑

k ̸=i bik
, where bik := I{

∑
i ̸=j,j ̸=k

aijajk > 0}·(1−aik) ·I{k ̸= i}.

The researcher-defined exposure represents the share of treated neighbors weighted by their
covariates, i.e., Żi =

∑
j ̸=i aijDjXj∑

j ̸=i aij
. Thus, the researcher-defined exposure is misspecified. The

DGP of A is aij = I{|ρi − ρj | ≤ rn} with ρi ∼ U([0, 1])2 and rn =
(

κ
πn

)(1/2)
. In the simulation

study in Section 6, we set κ = 30. By varying the network density parameter κ ∈ {3, 15, 30},
we control the extent and variability of the second-order neighborhood component and thus the
deviation between the true exposure mapping Zi and the simpler researcher-defined mapping Żi.
In our design, smaller values of κ lead to stronger variability of the second-order component due
to a larger set of second-degree neighbors that are not directly connected, while for larger κ many
second-degree neighbors also become directly connected, which reduces the additional second-
order variation. This variability directly affects the degree of violation of the testable implication
in Equation (10) and consequently the performance of the proposed testing procedure, as reflected
in the rejection rates and mean p-values reported in Tables 3-5, where the third column in each
table reports the standard deviation of the difference between the researcher-defined and learned
exposure mappings, which quantifies the variability of the second-order component. Equation (10)
requires that the learned exposure mapping Z̃ does not provide additional explanatory power for
the outcome once conditioning on the researcher-defined mapping Ż. When the second order-
component is weak, this condition is approximately satisfied, which leads to large p-values and
low rejection rates. As the variability of the second-order component increases, the conditional
independence is increasingly violated. This results in smaller p-values and higher rejection rates.
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Setting A (κ = 30)

n rejection rate mean p-value std of Ż − Z̃

500 0.0 0.66 0.131
1000 0.01 0.58 0.126
2000 0.03 0.48 0.122

Notes: ’rejection rate’ gives the empirical rejection rate when setting the level of statistical significance to 0.05 (or 5%);
R = 200 replications. ’std of Ż − Z̃’ reports the average (across R = 200 replications) of the standard deviation of the

difference between the researcher-defined and the learned exposure mapping.

Table 3: Simulation results for Setting A - testing method

Setting B (κ = 15)

n rejection rate mean p-value std of Ż − Z̃

500 0.13 0.32 0.175
1000 0.30 0.24 0.169
2000 0.55 0.16 0.173

Notes: ’rejection rate’ gives the empirical rejection rate when setting the level of statistical significance to 0.05 (or 5%);
R = 200 replications. ’std of Ż − Z̃’ reports the average (across R = 200 replications) of the standard deviation of the

difference between the researcher-defined and the learned exposure mapping.

Table 4: Simulation results for Setting B - testing method

Setting C (κ = 3)

n rejection rate mean p-value std of Ż − Z̃

500 0.92 0.03 0.400
1000 0.97 0.01 0.400
2000 0.97 0.02 0.396

Notes: ’rejection rate’ gives the empirical rejection rate when setting the level of statistical significance to 0.05 (or 5%);
R = 200 replications. ’std of Ż − Z̃’ reports the average (across R = 200 replications) of the standard deviation of the

difference between the researcher-defined and the learned exposure mapping.

Table 5: Simulation results for Setting C - testing method
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