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ABSTRACT

Estimating heterogeneous treatment effects in network settings is complicated by
interference, meaning that the outcome of an instance can be influenced by the
treatment status of others. Existing causal machine learning approaches usually
assume a known exposure mapping that summarizes how the outcome of a given
instance is influenced by others’ treatment, a simplification that is often unre-
alistic. Furthermore, the interaction between homophily—the tendency of sim-
ilar instances to connect—and the treatment assignment mechanism can induce
a network-level covariate shift that may lead to inaccurate treatment effect esti-
mates, a phenomenon that has not yet been explicitly studied. To address these
challenges, we propose HINet—a novel method that integrates graph neural net-
works with domain adversarial training. This combination allows estimating treat-
ment effects under unknown exposure mappings while mitigating the impact of
(network-level) covariate shift. An extensive empirical evaluation on synthetic and
semi-synthetic network datasets demonstrates the effectiveness of our approach.

1 INTRODUCTION

Individualized treatment effect estimation enables data-driven optimization of decision-making in
applications such as medicine (Feuerriegel et al., 2024)), operations management (Vanderschueren
et al.,|2023), and economics (Varian, [2016)). Traditionally, no interference is assumed, meaning that
the treatment assigned to one instance does not affect the outcome of other instances (Imbens &
Rubin, 2015} Rubin {1980). However, this assumption is often violated in real-world settings due
to spillover effects (Sobel, 2006} Forastiere et al., 2021, such as in vaccination, where a vaccine
protects not only its recipient but also indirectly benefits their social contacts.

Recent advances in causal machine learning have introduced methods for estimating treatment ef-
fects in network settings (Ma & Tresp}, 20215 Jiang & Sunl 2022; |Chen et al., 2024). These methods
often rely on a predefined exposure mapping, which specifies how the treatments of other instances
in a network influence the outcome of a given instance (Aronow & Samii, [2017). A common choice
is to define exposure as the sum or proportion of treated one-hop neighbors (Ma & Tresp 2021}
Forastiere et al., 2021 Jiang & Sun, 2022)). While relying on such a predefined mapping simpli-
fies the modeling of spillover effects, it is often unrealistic in real-world scenarios where the exact
mechanisms behind these effects are unknown (Savje, 2023). Moreover, spillover effects may be
heterogeneous, i.e., dependent on the features of the instances involved (Huang et al., 2023 |[Zhao
et al.| [2024; |Adhikari & Zheleval [2025)).

In this work, we propose Heterogeneous Interference Network (HINet), a novel method that com-
bines expressive GNN layers (Xu et al.| |2019)—enabling the estimation of heterogeneous spillover
effects—with domain adversarial training (Ganin et al.| 2016} Bica et al.| 2020) to balance rep-
resentations for estimating treatment effects in the presence of interference, without relying on a
predefined exposure mapping.

Additionally, we analyze how the interaction between homophily—the tendency of similar instances
to connect—and the treatment assignment mechanism (e.g., a policy or self-selection) impacts the
estimation of treatment effects in network settings with interference. This interaction can create
clusters of treated and untreated nodes, introducing a network-level covariate shift (see Figure[I)) in
addition to the standard covariate shift between treated and control units. For example, older indi-
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viduals may be more likely both to connect with each other in a social network (due to homophily)
as well as to receive a vaccine (due to the treatment assignment mechanism).

Contributions. (1) We introduce HINet,
a novel method for treatment effect esti-
mation in network settings with interfer-
ence. HINet combines expressive GNN
layers—to learn an exposure mapping—
with domain adversarial training—to ad-
dress (network-level) covariate shift; (2)
we empirically demonstrate HINet’s ef-
fectiveness in estimating treatment ef-
fects in the presence of interference with
unknown exposure mappings; (3) we pro-
pose two new metrics for evaluating treat-
ment effect estimates in these scenarios; (a) Network w/ homophily  (b) Network w/o homophily
and (4) we empirically show that domain

adversarial training reduces the impact of Figure 1: Homophily and the treatment assignment
the covariate shift resulting from the in- mechanism interact to create clusters of treated and un-
teraction between homophily and a treat- treated nodes within the network, i.e., network-level co-
ment assignment mechanism on treat- variate shift. When there is no homophily, the treatment
ment effect estimation. is allocated randomly with respect to network topology.

« Control « Control
= Treatment | - Treatment A

2 RELATED WORK

Heterogeneous treatment effect estimation. A large body of work has been dedicated to Condi-
tional Average Treatment Effect (CATE) estimation (Hill, 2011} |Shalit et al.l 2017 |[Kiinzel et al.,
2019; |Curth & Van der Schaar, |2021}; [Vanderschueren et al.,[2025)). In contrast to the Average Treat-
ment Effect (ATE), CATEs capture heterogeneity across subpopulations, enabling tailored treatment
allocation decisions (Feuerriegel et al.,[2024). A key challenge in estimating heterogeneous effects
from observational data is the covariate shift between treated and control units induced by the treat-
ment assignment mechanism, which can lead to inaccurate treatment effect estimates (Johansson
et al., 2016} [2022; [Shalit et al.;,2017). To address this challenge, various machine learning methods
have been developed, such as propensity weighting and balancing the representations of the treat-
ment and control groups (Shalit et al., 2017} Yao et al., 2018; [Hassanpour & Greiner, 2019). One
notable method closely related to our work is CRN (Bica et al.|[2020), which employs an adversarial
representation balancing approach for estimating treatment effects over time.

Heterogeneous treatment effect estimation in the presence of interference. Recently, several
methods have been developed to estimate treatment effects in network settings with interference.
These methods often rely on a predefined exposure mapping that uses a basic aggregation function
to summarize the treatments of the neighbors of an instance into a single variable that affects the
outcome of the instance (Aronow & Samii, [2017). Most methods use the proportion of treated
one-hop neighbors as mapping function. Under this assumption, a variety of estimators have been
proposed, including inverse probability weighted (IPW) (Forastiere et al.| 2021)) and doubly robust
(Chen et al.| |2024)) estimation. Other methods use graph neural networks (GNNs) and balance the
representations of the treatment and control groups by incorporating an Integral Probability Metric
(IPM) into the loss function (Ma & Tresp,2021;|Cai et al.,|2023)), while{Jiang & Sun|(2022)) employs
adversarial training.

Since the assumption of a predefined exposure mapping may be unrealistic, there has been growing
interest in learning this mapping directly from data. IDE-Net (Adhikari & Zheleva, 2025) uses
multiple plausible and expressive candidate mappings and concatenates them, allowing the model
to learn a weighted combination that best approximates the true exposure mapping. SPNet (Huang
et al., 2023) leverages masked attention, while Zhao et al.| (2024) combine attention weights with
Dual Weighted Regression to address covariate shift. In contrast, we propose an alternative approach
that integrates Graph Isomorphism Networks (Xu et al., 2019) with domain adversarial training
(Ganin et al., 2016; [Bica et al.,|2020) to mitigate the impact of (network-level) covariate shift.
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A related line of research examines treatment effects in the presence of interference over time,
i.e., contagion effects, where the outcomes of different entities can also influence each other over
time (Jiang et al., 2023} |[Fatemi & Zheleval 2023). Another strand of work, which maintains the
no-interference assumption, leverages network information to mitigate confounding bias in CATE
estimation (Guo et al., [2020; 2021).

Homophily in causal inference. Disentangling causal (network) effects from homophily is a well-
known and important problem in network influence research (Shalizi & Thomas| [2011}; |Aral et al.,
2009; McFowland III & Shalizi, 2023). The problem is that, when latent homophily is present, it
becomes impossible to identify whether an observed outcome is caused by network influence or
by latent homophily. For example, obese individuals have been shown to cluster in social networks
(Christakis & Fowler,2007). However, identifying whether this pattern arises from latent homophily
or from actual contagion of obesity is very difficult using observational data (Shalizi & Thomas,
2011;|Ogburn et al.| [2024).

3 PROBLEM SETUP

Notation. We consider an undirected network G = {V, £} where V is the set of nodes and £ the
set of edges connecting the nodes. The set of edges of node 7 is denoted as &;. Each node i is an
instance or unit in the network with covariates X; € X C R?, a treatment 7; € 7 = {0, 1}, and an
outcome Y; € Y C R. In marketing, for example, X; can represent customer features, 7; whether a
customer was targeted with a marketing campaign, and Y; customer expenditure. The set of directly
connected instances, or one-hop neighbors, of instance 4 are denoted N;. N is used as a subscript
to describe the set of covariates X n;, = {X }jen, or treatments T, = {7 }jen; of i’s neighbors.
The potential outcome for unit ¢ with treatment ¢; and the set of treatments of its neighbors t ;, is
denoted as Y;(t;, ty,)-

Assumptions. We adopt the Markov assump-
tion: only directly connected instances influ-
ence each other. The Directed Acyclic Graph
(DAG) of the assumed causal structure is visu-
alized in Figure |2| (Greenland et al., [1999; |Og-
burn & VanderWeele| 2014). Three mutually
connected instances ¢, j, and k are shown. The
features of a unit ¢, X;, influence both the treat-
ment 7" and outcome Y of itself as well as of its
neighbors. The treatment 7}, in turn, affects the
outcome of both itself and its neighbors. The

arrows from X}, and 7T}, to Y}, and from X; and )
T; to Y}, are omitted for visual clarity. Figure 2: DAG of the assumed causal structure.

We further assume access to observational data D = ({x;,;,¥;, yvl G). Importantly, this data
does not necessarily come from a randomized controlled trial (RCT), and a treatment assignment
mechanism might be present, as represented in the DAG in Figure [2] by the arrows from a unit’s
features to its own treatment and the treatments of its neighbors.

For the exposure mapping, i.e., a function z : 7 x XN — R that maps treatments of neighbors
in the network, together with their relevant features, to an exposure z; (Aronow & Samii, [2017), we
only assume its existence. Hence, in contrast to other recent work (Ma & Tresp, |2021}; Jiang & Sun,
2022; Chen et al., [2024])) that assumes a predefined form, we estimate this function from data.

Finally, the classical assumptions from causal inference are slightly modified to ensure identifiability
in a network setting (Forastiere et al., 2021} Jiang & Sun, [2022)):

Consistency: If T; = t; and Tpr, = tp,, thenY; = Y;(¢;,tn,).
Overlap: 36 € (0,1) such that 6 < p(T; = t;, Ty, = ta;, | Xi = x4, Xy, = x0;) < 1—0.
Strong ignorability: Y;(t;, ta,) 1L Ti, T, | Xy, X, ¥Vt € Totar, € TV Xy € X, Xy, € &Ni,
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Objective. We aim to estimate the Individual Total Treatment Effect (ITTE) (Caljon et al., |2025),
defined as:

wi(ti,tn;) = EYi(ti, ta;) — Yi(0,0) | xi, x5 ] (1)

To this end, we train a model M (x;, t;, X, ta,) to predict Y;(¢;, ta;,), which is plugged into the
defintion of ITTE to obtain w;(t;, ta;,) = M (X4, ti, Xn,, tar,) — M(x4,0, X7, 0).

Interaction between homophily and the treatment assignment mechanism. In observational
data, the treatment assignment mechanism—such as a policy or self-selection—can induce covari-
ate shift, meaning that the treatment and control groups have different covariate distributions. As a
result, an additional source of variance of treatment effect estimates is introduced (Johansson et al.,
20165 |Shalit et al., 2017). In a network setting with interference, this issue can also arise and may
even be amplified by homophily. Homophily is a social phenomenon referring to the tendency of
individuals with similar features to be connected in a social network (McPherson et al.,[2001). When
the features that drive homophily also influence treatment assignment, an additional form of covari-
ate shift emerges—namely, network-level covariate shift. This occurs because similar instances are
not only more likely to be connected but also more likely to receive the same treatment. Conse-
quently, an instance that is likely to be treated (due to the treatment assignment mechanism) is also
more likely to have treated neighbors (due to the interaction between homophily and the treatment
assignment mechanism). This can create clusters of treated and untreated instances within a net-
work, as depicted in Figure[Ta] resulting in network-level covariate shift, where instances with many
treated neighbors and those with few treated neighbors have different feature distributions. We hy-
pothesize that this can lead to more inaccurate treatment effect estimates and that learning balanced
node representations can help reduce estimation error. We empirically investigate this in Section[5.2]

For homophilous networks, the DAG in Figure 2] changes. Connections between individuals are no
longer exogenous but instead dependent on their characteristics through homophily. This means that
conditioning on a node’s connections creates a collider structure, inducing an association between
the features of those nodes (Pearl, 2009). Nevertheless, under the strong ignorability assumption,
treatment effects remain identifiable. More details are provided in Appendix

4 METHODOLOGY

Architecture. The architecture of HINet—our pro-

posed neural method for estimating treatment effects g o dr
in the presence of interference, which models het- L T m

erogeneous spillover effects and uses domain adver- € L

sarial training to learn balanced representations—

is visualized in Figure [3] Following Bica et al. Py
t

into two branches. More specifically, for each node

k € {i} UN;, the features x;, are transformed into

used to predict both the treatment ¢; and the outcome

4J; of node 1.

~

(2020) and [Berrevoets et al.| (2020)), the neural net- rﬁ
work first learns node representations and then splits Q | GINy r‘ﬂ—‘@
a representation ¢y, = ey (xy) via a multi-layer per- ) )

ceptron (MLP), and these representations are then Figure 3: HINet architecture.

The lower branch predicts the outcome of node i. To learn the exposure mapping and to account
for other network information, a Graph Isomorphism Network (GIN) is used (Xu et al.,[2019). This
module takes as input the node representations ¢, and treatments ¢y, for ¥ € {i} UN;. Unlike some
other GNN architectures, such as GCN (Kipf & Welling, 2016) and GraphSAGE (Hamilton et al.,
2017), GIN offers maximal representational capacity, making it particularly well-suited for learning

different exposure mapping functions and heterogeneous spillover effects. GINy first concatenates
the node representations and treatments for all nodes k, i.e., ¢y = ¢ D tx, Vk, and then outputs

MLP((1+¢) ¢+ Y ¢;). )
JEN;
This GINy output is subsequently combined with ¢; and ¢; (for the direct treatment effect), and fed
into the MLP py to generate the outcome prediction ;.
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The upper branch is used to learn treatment-invariant, or balanced, representations. Its output is
the predicted treatment #;. Its setup is similar to that of the lower branch, with two key differences:
treatments are not used as inputs, and Gradient Reversal Layers (GRLs) (Ganin et al., 2016) are
used. GRLs do not affect the forward pass but reverse the gradient in the backward pass.

Loss function. HINet is trained by combining two different losses: the outcome loss and the treat-
ment prediction loss, defined respectively as £, = L """ (y;—9;)*and £, = L "' | BCE(t;,;),
where BCE is the binary cross-entropy loss. Thanks to the GRL, we can optimize the combined loss

Lecomp = Eq/ +a- Ly, 3)

where o determines the importance of adversarial balancing. Note that £, does not affect the upper
(treatment) branch, while £, does not affect the lower (outcome) branch. However, both affect eg.

Representation balancing. More formally, HINet aims to learn node representations ¢; that are
invariant to their treatments:

(@i, dn;, | Ti = t;) = p(di, dn;) Vie V. )

Given our assumptions on the causal graph and Equation (@), invariance to the treatments of each of
its neighbors is also induced (see Appendix [A]for proof):

p(di, on, | T =t;) =p(bisdn;,) VieV,jeN,. (5)

Together, these properties imply that the learned representations are invariant not only to a node’s
own treatment but also to the treatments of its neighbors. This yields node representations that are
effectively treatment-invariant with respect to the marginal distributions of all treatments, which in
turn aids in reducing the impact of network-level covariate shift on estimation accuracy (Shalit et al.,
2017; Bica et al., 2020; Berrevoets et al., [2020). We empirically validate this effect in Section
Nevertheless, because of the trade-off in the loss function between predictive accuracy and treatment
invariance, the resulting representations are not guaranteed to be perfectly treatment-invariant.

Measuring model performance in the presence of interference. In a traditional no-interference
setting with binary treatment, the Precision in Estimation of Heterogeneous Effects (PEHE) (Hill,
2011) is often used to evaluate treatment effect estimates on (semi-)synthetic data. PEHE is defined
as the root mean squared error of the estimated CATEs, which is uniquely defined since there is
a single counterfactual. In a network setting, this is no longer the case as there are many possible
treatment assignments, each resulting in a different potential outcome. How to best evaluate treat-
ment effect estimation methods in the presence of interference using (semi-)synthetic data remains
an open question. Previous work has typically assessed performance based on only one counterfac-
tual network—i.e., a network in which at least one node receives a different treatment than in the
observed network (see, e.g., Jiang & Sun|(2022); [Chen et al.|(2024)). However, some models may
be accurate for certain counterfactual networks (e.g., those with a low treatment rate) but perform
poorly for others. Therefore, we argue that a good evaluation procedure should account for perfor-
mance across multiple counterfactual networks. Yet, since there are 2!V — 1 possible counterfactual
networks, it is computationally infeasible to evaluate all of these for large networks.

To address this issue, we propose two novel evaluation metrics inspired by the Mean Integrated
Squared Error (MISE) (Schwab et al., [2020), which is used for evaluating continuous treatment
effect estimates: the Precision in Estimation of Heterogeneous Network Effects (PEHNE) and the
Counterfactual Network Estimation Error (CNEE). The first measures estimation error in terms of
ITTE, while the second uses counterfactual outcomes. For both metrics, we sample m counterfac-
tual networks and calculate the estimation error for each node within each sampled counterfactual
network. The final score is obtained by averaging across all nodes and all sampled counterfactual
networks. The key difference is that CNEE places less emphasis on the estimation of potential
outcomes without any treatment, Y;(0, 0). Further details, including pseudocode, are provided in

Appendix [C]
5 EXPERIMENTS AND DISCUSSION

Data. Synthetic and semi-synthetic data are commonly used in causal machine learning to eval-
uate treatment effect estimators, as ground truth effects are unobservable in real-world datasets
(Berrevoets et al.l [2020; [Feuerriegel et al., 2024). Following related work (Ma & Tresp} 2021}
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Jiang & Sun| 2022} |Chen et al., 2024)), we use the Flickr and BlogCatalog (BC) datasets for semi-
synthetic dataset generation. To further evaluate generalization across different network structures,
we also simulate two fully synthetic datasets: one using the Barabdsi—Albert (BA Sim) random net-
work model (Barabasi & Albert, [1999), and another using a procedure that generates homophilous
(Homophily Sim) graphs based on cosine similarity. The latter allows us to examine the potential
impact of homophily-induced network-level covariate shift on estimation accuracy.

For each dataset, a training, validation, and test set is generated. Each fully synthetic dataset (BA
Sim and Homophily Sim) contains 5,000 nodes per split, while the real-world datasets have smaller
splits: Flickr contains approximately 2,400 nodes per split, and BC contains about 1,700 nodes per
split. For the first two experiments, a weighted sum depending on the node features is used as the ex-
posure mapping, i.e., z; = ITILI > jen; W(x;)t;, with w(-) a function that maps the features of each
node to a weight. Note, however, that HINet makes no assumptions about the form of the exposure
mapping. Full details on the data-generating processes (DGPs) are provided in Appendix D}

To assess whether network-level covariate shift is present in our datasets, we measure treatment
and outcome assortativity (Newman, 2002} 2003). Intuitively, treatment (outcome) assortativity
quantifies whether nodes with similar treatments (outcomes) are more likely to be connected in a
network than would be expected by chance, yielding a score between -1 and 1. Table [T] shows that
in the Homophily Sim dataset, both treatment and outcome assortativity are positive, indicating that
nodes with similar treatments or outcomes are more likely to be connected and that a network-level
covariate shift is present. In the other datasets, assortativities are close to zero. Appendix [E|provides
more details on the quantification of homophily.

BC Flickr BA Sim Homophily Sim

Treatment assortativity 0.06  0.00 -0.01 0.56
Outcome assortativity ~ 0.06  -0.01 -0.17 0.71

Table 1: Treatment and outcome assortativity for the different datasets used in our experiments.

Methods for comparison. We compare HINet to the following methods for estimating treatment
effects: TARNet (Shalit et al.l |2017), which ignores network information; NetDeconf (Guo et al.,
2020), which incorporates network information but does not account for spillover effects; NetEst
(Jiang & Sun, [2022), which relies on a predefined exposure mapping to estimate spillover effects;
TNet (Chen et al.| 2024), which also relies on a predefined exposure mapping, but leverages targeted
learning for doubly robust estimation of spillover effects; and SPNet (own implementation) (Zhao
et al.,|2024), which estimates heterogeneous spillover effects using a masked attention mechanism.
Finally, we also include a GIN model, which uses node features and treatments as inputs to a GIN
layer that is followed by an MLP that outputs a prediction g;. This baseline is included to contrast
our method with vanilla graph machine learning methods. The main difference with HINet is that it
does not use balancing. Following the literature, we use z3med = IJ\lT\ > jen, Uy as the assumed

exposure mapping in TNet and NetEst. Given that the true exposure mapping is unknown, these two
methods use a misspecified exposure mapping for most experiments.

Hyperparameter selection. Selecting hyperparameters in causal machine learning is challenging
due to the fundamental problem of causal inference: treatment effects cannot be directly observed,
making it impossible to optimize models for treatment effect estimation accuracy. As a result, met-
rics such as PEHNE and CNEE cannot be used during model selection. Instead, alternative metrics
must be used for hyperparameter selection (Curth & van der Schaar, |2023; [Vanderschueren et al.,
2025)). In this work, we tune all hyperparameters—except the treatment prediction loss weight o
using the factual validation loss, i.e., the prediction error on the observed outcomes in the validation
set. Selecting o via the factual loss would typically lead to oo = 0, since a positive o may cause the
model to discard relevant information for predicting the observed outcomes in favor of constructing
treatment-invariant representations. However, both theoretical and empirical work indicate that rep-
resentation balancing can improve treatment effect estimation (Shalit et al.,[2017; Bica et al., |2020;
Berrevoets et al.| [2020). Therefore, we determine « heuristically by selecting the largest value for
which the factual validation loss is below (1 + p) - lossa—g. As a rule of thumb, we set p = 0.10, al-
lowing for a maximum increase in validation error of 10% compared to setting o« = 0. An important
advantage of this approach is that it allows for & = 0 when representation balancing would result in
excessive information loss. More details are provided in Appendix [F]
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5.1 PERFORMANCE ON (SEMI-)SYNTHETIC DATA

Table 2] reports the test set results for all datasets in terms of the PEHNE and CNEE metrics. HINet
achieves the lowest error in terms of both metrics on all datasets except BA Sim, demonstrating
its superior ability to estimate treatment effects in the presence of interference under an unknown
exposure mapping. On the BA Sim dataset, TNet performs best in terms of PEHNE, but not in
terms of CNEE, suggesting that TNet is better at predicting Y;(0, 0) than HINet for this dataset.
A possible explanation is that TNet assumes the correct exposure mapping when no neighbors are
treated (i.e., z; = 0). Nevertheless, since HINet still attains the lowest CNEE, it is on average more
accurate at predicting potential outcomes across counterfactual networks than TNet, which relies on
a misspecified exposure mapping.

Dataset Metric TARNet NetDeconf NetEst TNet GIN model SPNet HINet (ours)
BC PEHNE 345+0.03 552+024 276+023 195+020 133+0.18 493+037 0.77 £0.18
CNEE 4.13+0.04 553+023 282+023 2284+0.26 120£0.17 5.11+046 0.80+ 0.20

Flickr PEHNE 385+0.10 5.67+0.09 267+0.16 130+0.16 1.07+£0.09 635+022 0.65=+0.06
CNEE 6.17+0.20 7.21+0.14 420+021 2.07+0.04 0.99+0.09 7.76+0.13 0.73 +0.09

BA Sim PEHNE 3.03+0.02 4.61+£0.03 0.85+0.08 0.68+0.03 1.39+0.04 4.11+0.05 0.80+0.08
CNEE 596+0.01 6.66+0.03 1.79+0.11 126+0.02 1.22+0.04 6.02+0.04 0.85+0.08

Homonhily Sim PEHNE 223+0.01 1.09+0.05 0.62+0.09 093+0.06 0.89+0.09 1.75+0.09 0.22+0.02
patly CNEE 449+0.01 121+£0.05 0.86+0.10 0.95+0.04 1.06+£0.09 1.73+0.09 0.23 &+ 0.02

Table 2: Test set results (mean = SD over five different initializations). Lower is better for both
metrics. The best-performing method is in bold; the second-best is underlined.

5.2 IMPACT OF HOMOPHILY

Figure [4] presents the performance of HINet on the BA Sim (No Homophily) and Homophily Sim
(Homophily) networks across three different DGPs and varying levels of treatment assignment
mechanism strength Sx7 (Bxr = 0 resembles an RCT). The DGPs are: (a) individual (direct)
treatment effects without interference, (b) spillover effects without direct effects, and (c) both in-
dividual and spillover effects. CNEE test set results are visualized with and without (« 0)
balancing node representations. As expected, CNEE generally increases with rising Sxr, due to
stronger covariate shift (Shalit et al.,[2017). Notably, we also observe that representation balancing
has a greater positive impact on performance in the homophilous networks compared to the non-
homophilous ones when spillover effects—both with and without individual effects—are present.
These findings support our hypothesis that balancing node representations can partly offset the esti-
mation error introduced by network-level covariate shift. The results in terms of PEHNE, provided
in Appendix[G.1] are similar.

No Homophily No Homophily

No Homophily

~1— Balancing 0.5 —— Balancing 15 —+— Balancing
15 —— a=0 } a=0 ]E a=0
m m j<al
210 @04 1.0
Z. Z Z
O @] O
0.5) ~ B
- 0.3 0
0.0 —
) 3 6 9 0 3 6 9 0 3 ) 6 9
Bxr Bx1 Bxr
Homophily Homophily Homophily
—}— Balancing F— Balancing —— Balancing
oul —t— a=0 0200 = a=0 06—t a=0
7
= —
=
Z
~0.2
0 3 6 9
Bxr
Only individual Only spillover Both

Figure 4: Impact of balancing node representations on test CNEE (mean =+ SD over five different
initializations). The two rows correspond to the BA and Homophily Sim datasets. The columns cor-
respond to different DGPs. The x-axis shows increasing treatment assignment mechanism strength
Bx 1. Lower values indicate better performance.
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5.3 LEARNING EXPOSURE MAPPINGS

A key advantage of HINet is its ability to learn an exposure mapping without imposing assumptions
on its functional form. To substantiate this claim, we replicate the experiment from Section[5.T|using
alternative exposure mappings in the DGP.

Table reports results for the exposure mapping z; = » jens, tj- The results show that both NetEst
and TNet perform poorly because their assumed exposure mappings differ substantially from the true
one. This highlights how misspecification of the exposure mapping can lead to inaccurate treatment
effect estimates. In contrast, HINet and the GIN model—both of which do not rely on assumptions
regarding the exposure mapping—achieve the best performance.

Dataset Metric TARNet NetDeconf NetEst TNet GIN model SPNet HINet (ours)
BC PEHNE  572.78 £+ 12.24 625.37 + 15.01 324.58 +29.46 541.69 + 70.55 51.31 + 8.46 552.80 +4.83 25.22 + 1.69
CNEE 325.18 £4.22 408.75 +£9.23 261.20 + 12.54 507.97 + 82.85 40.43 4+ 5.87 370.72 £ 17.83 23.57 £1.28

PEHNE  2854.51 £8.34  2865.66 +77.69 2817.39 £79.31 2.25-10° £3.65-10° 306.11 +34.20 2736.06 + 12.54 229.72 + 37.89

Flicke CNEE 254088+ 1633 26342045932 2505.10=21.09 212-10°+3.33-10° 27194 £2831 1013385993 23186+ 3276

BA Si PEHNE 71.60 & 0.32 76.05 +0.12 55.05 +0.30 64.07 + 10.85 10.75 £+ 0.62 76.24 +0.89 11.61 +0.69
m CNEE 61.33 £ 0.11 64.53 +0.24 53.76 + 0.28 59.38 & 8.60 9.93 +0.47 38.23 £0.95 12.20 4 0.86
Homonphily Sim PEHNE 32.3240.16 35.94 £1.30 7.19 £0.30 9.82 £ 0.53 0.63 £ 0.15 23.61 £0.35 0.20 £0.07
Py CNEE 18.89 £ 0.09 27.63 + 1.34 6.73 £0.25 9.38 £0.43 0.61 +0.12 17.02 £0.26 0.22 +£0.07

Table 3: Test set results (mean = SD over five different initializations) for the sum of treatments
of neighbors used as exposure mapping in the DGP. Lower is better for both metrics. The best-
performing method is in bold; the second-best is underlined.

Table@|reports results for the exposure mapping z; = ﬁ > jen; j» which is the exposure mapping
assumed by TNet and NetEst. For this DGP, the performance of both methods is much closer to
that of HINet. Interestingly, however, neither method matches nor surpasses HINet’s performance,
despite relying on a correctly specified exposure mapping. A possible explanation is that TNet and
NetEst are unable to capture the nonlinear nature of the effect of X »;, on Y;, which is present in the
DGP of this experiment (see Appendix [D). To substantiate this, we perform another experiment in
which we set the influence of X5/, on Y; to zero. The results for this simplified DGP, presented in
Appendix [G.2.1] show that TNet indeed becomes the best-performing model in this setting.

Dataset Metric TARNet NetDeconf NetEst TNet GIN model SPNet HINet (ours)

PEHNE 4.10+£0.03 539+0.19 148+0.16 150+0.28 142+0.23 4.94+0.28 0.62+0.20
CNEE 3.77+£0.03 539+£0.19 144+£0.16 172+£032 1.14+£020 490+0.36 0.59+0.15

PEHNE 4.04 £0.02 430+0.06 228+0.18 1.154+0.23 127+0.10 5.02+0.24 0.50 &+ 0.16

BC

Flickr CNEE 4.80+£0.01 5.63+£0.09 3.69+022 146+£0.09 1.14+0.12 6.29+0.16 0.60+0.17

BA Sim PEHNE 3.28£0.02 3.60+0.03 041+£0.08 0.12+0.02 138+0.06 3.29+0.03 0.2140.05

CNEE 4.53+0.01 5.02+0.04 1.10£0.11 0.56+0.03 1.12+0.08 4.56+0.02 0.23 4 0.06

R PEHNE 3.56+£0.04 1.58+0.07 036+£0.02 0.09+0.02 0.50+0.08 1.87+0.14 0.07+0.01
Homophily Sim

CNEE 349+0.02 151+£0.07 054+£0.03 022+0.02 0.60+0.08 1.71+0.14 0.09+ 0.01

Table 4: Test set results (mean £+ SD over five different initializations) for the proportion of
treated neighbors used as exposure mapping in the DGP. Lower is better for both metrics. The
best-performing method is in bold; the second-best is underlined.

Additional results for several other alternative exposure mappings are provided in Appendix [G.2.2]
and further demonstrate the superior performance of HINet.

5.4 ABLATION STUDY

Representation balancing. To assess the impact of balancing node representations on treatment
effect estimation error, we report results from an experiment in which specific components of the
upper (treatment) branch of HINet (see Figure[3) are removed. Three variants of HINet are compared
using the same datasets as in Section[5.1] with the same exposure mapping but increasing treatment
assignment mechanism strength Sx7. We compare: (1) HINet with all its components, (2) HINet
without balancing (o = 0), and (3) HINet without GIN7 (No GIN7), and hence only balances the
individual node representations with respect to their own treatment. Therefore, in this last variant,
Equation (3)) no longer holds, and the representations are not balanced with respect to the treatments
of neighbors.
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Figure 5: CNEE across datasets with increasing treatment assignment mechanism strength Sx .

The results in Figure [3] indicate that balancing improves treatment effect estimation accuracy for
the two larger datasets, BA Sim and Homophily Sim. For the considerably smaller semi-synthetic
datasets, balancing has little effect, with even a slightly negative effect observed for the Flickr
dataset. Nevertheless, for larger datasets—and especially when homophily is present—balancing
improves estimation accuracy. Notably, balancing with respect to neighbors’ treatments (via GIN7)
appears to matter most when homophily—and thus network-level covariate shift—is present, as ev-
idenced by the results for Homophily Sim. These findings provide additional evidence that this type
of balancing helps mitigate the estimation error caused by network-level covariate shift.

GNN architectures. Prior work

on treatment effect estimation in Metic  GIN GAT  GraphSAGE  GCN

network  settings has primarily re- = - PEHNE 077 £0.18 1204039 0824019 079+0.14
lied on Graph Convolutional Net- CNEE 0.80+020 1214033  0.76+0.17 0.94%0.19
works (GCNs) (Jiang & Sun| 2022} ek PEHNE 0.65+006 0754024 0484012  227+0.19

CNEE 0.734+0.09 1.12+0.30 0.47+0.11 3.81+0.24

Chen et al.l 2024}, which have lim-

. : . BASi PEHNE 080 £ 008 0.66£0.11 0.64+0.13 0.89+0.13
ited representational capacity. Other im CNEE 0854008 08101l 0675013 133%0.16
GNN architectures, such as Graph = ' = " "PEHNE 0224002 034£007 0174001 062009
Attention Networks (GATs) (Velick- phty CNEE 023£0.02 035+006 0.17£0.01 0.60+0.08

ovic et al.} 2018) and GraphSAGE  Taple 5: Test set results (mean + SD over five differ-
(Hamlltoq et al} 2017)’ can l'earn ent initializations) for HINet with different GNN architec-
more flexible aggregation functions, tyres. Lower is better for both metrics. The best-performing

as is the case for GINs. To assess the  method is in bold; the second-best is underlined.
impact of using GINs, we report re-

sults from an experiment with the same experimental settings as in Section[5.1] in which the GIN
components of HINet, GINy and GINy-, are replaced with these alternative architectures.

The results in Table [5| show that GCN often performs poorly compared to the other architectures.
GraphSAGE achieves the best performance across all datasets, closely followed by GIN. How-
ever, this does not imply that GraphSAGE is intrinsically superior for treatment effect estimation
in networks. As shown in Appendix using a different exposure mapping in the DGP yields a
considerably different ranking, with GIN substantially outperforming the other architectures.

6 CONCLUSION

We introduced HINet, a novel method for estimating heterogeneous treatment effects in network
settings with interference. In contrast to many prior works that rely on predefined exposure map-
pings, HINet learns directly from data how the treatments of an instance’s neighbors influence its
outcome. We empirically demonstrated the benefits of learning the exposure mapping and showed
that a mismatch between the true exposure mapping (DGP) and an imposed one during modeling can
have a profound impact—an issue resolved when the mapping is learned from data. Additionally,
we introduced the notion of network-level covariate shift, which arises from the interaction between
homophily and the treatment assignment mechanism, and we empirically showed that HINet’s bal-
anced node representations substantially mitigate this covariate shift’s impact on estimation error.

Limitations. Representation balancing may introduce bias in treatment effect estimates if the
learned representations are not invertible, as this can make the treatment effect non-identifiable
(Melnychuk et al., 2023 2025). Although HINet achieves state-of-the-art empirical performance,
its representations are not guaranteed to be invertible, which may lead to biased treatment effect
estimates. Future work could explore alternative approaches for estimating treatment effects under
unknown exposure mappings that provide theoretical guarantees for the expected estimation error.
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A PROOF OF BALANCED REPRESENTATIONS WITH RESPECT TO TREATMENTS
OF NEIGHBORS

Proposition A.1. [f the hidden representations (¢;, P r,) are treatment-invariant with respect to T,
i.e, p(di, On; | Ti) = p(di, Pur,), then these representations are also invariant with respect to the
treatments of each of its neighbors: p(¢;, pn, | Tj) = p(di, dn,) VieV,je N

Proof. For any neighbor j of ¢ define A;; and B;;:
.Aij Z:./\/iﬂ./\/j, Bij :./\/‘7,\<A”U{]})7
SO thatM = .Aij @] Bl‘j @] {j}
We explicitly train our model to balance the representations for each node ¢ as follows:

Additionally, from the assumed causal graph and Markov assumption (see Section[3), i.e., only one-
hop neighbors causally affect each other, we have that the features of the nodes in set B;;—which
are neighbors of node 4 that are not directly connected to node j—are independent of 7;:

XBij 1 Tj .
Therefore, T is also independent of the representations learned via ¢,, = e4(Xp,;):

b5, L Tj. 7)

Write the collection (¢;, P, ) as

(¢i7 ¢NL) = (¢ia (z)jv ¢-A'ij’ d)Bij )

Apply the chain rule to the joint distribution conditional on T}:
p(d)la ¢)j7 d)-Aij) ¢Bij | TJ) = p(¢3ij | d)iv d)ja ¢Aij ) T]) p(d)lv d)jv ¢).Aij | TJ) (3
By[7}

p(¢B{,j | ¢i7 ¢ja ¢A1J 5 T]) = p((ﬁBU ‘ ¢i7 (rb]a ¢AU) (9)
Next, since (¢;, ¢j, p.4,,) is a subset of (¢}, P, ), Equation @ for node j implies that
(@i, b5, ba,; | T;) = p(Pis D), da,,)- (10)
Substituting these two equalities into Equation (8)) yields
p(d)h ¢j7 ¢A7,j ) ¢Bi]' | Tj) = p(qui]' | d)h ¢j> ¢Aij) p(d)za ¢j> ¢Aij ) (11
Now, applying the chain rule again, we have that
p((bla ¢]7 ¢.A7,j ’ ¢Bi] ‘ T]) = p(¢’u ¢ja (bAU ) ¢B77) (12)
Therefore,
p(¢17¢/\ft T]) = p(¢za¢./\/'L)a (13)
which is the claimed independence from T};. O

If there is homophily, the assumptions on the causal graph slightly change. Therefore, the proof has
to be slightly modified as explained in Appendix [B.2] Nevertheless, Proposition [A.T]still holds.
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B HOMOPHILY AND INTERFERENCE

B.1 CAUSAL DIAGRAM

X, @ v, X, @ Y,
@ Eij =1 (b) Eij =0

Figure 6: DAGs representing the causal structure when homophily is present. Conditioning on the
presence of an edge reveals the underlying causal structure.

In Figure [6] we depict the causal DAGs that arise when homophily is present (Shalizi & Thomas|
201T). In contrast to Figure[2] the presence of an edge between nodes ¢ and j—denoted by the binary
variable F;;—is now itself a random variable that depends on the features of 7 and j. When EF;; = 1,
there can be direct causal (interference) effects from 4 to j; when E;; = 0, these interference
effects are absent. Such DAGs are known as labeled, or context-specific DAGs (Pensar et al.,|2015)),
meaning that the structure of the DAG depends on the value of a conditioned variable. In Figure |6}
the two possible DAGs corresponding to the two values of E;; are shown. Importantly, conditioning
on a node 4’s one-hop neighborhood implicitly conditions on the edge variables in { E;x, } k., which
act as colliders, inducing an association between the features X; and X}, of these nodes (Pearl,
2009). However, under the strong ignorability assumption,

Yi(T, = t;, T, = ty,) LT3, T, | Xi, Xy, Vi € Toty, € TV, X € X, Xy, € AV,
this induced association does not jeopardize the identifiability of the treatment effects. Conditioning
on X; and Xy, still d-separates Y; and T} for all ¢ and j.

B.2 BALANCED REPRESENTATIONS WITH RESPECT TO TREATMENTS OF NEIGHBORS

Proposition still holds when homophily is present, but its proof requires a small modification.
Due to homophily, the independence X5,;, L T; no longer holds after we condition on one-hop
neighborhoods. Conditioning on the neighborhoods of ¢ and j, which we do in our proof, amounts
to conditioning on all edges in {Ex; }rev U {Ex; }rey. More specifically, the problem is that we
condition on the binary edge indicator variables Fy; and Ey; for every b € B;;. These variables
act as colliders that create a pathway from each X to X; and X;. Concretely, conditioning on the
neighborhoods of 7 and j opens the paths
Xb—>Ebi<—Xi—>Tj and Xb—>Ebj<—Xj—)Tj VbEBij,

which creates an association between X, and T);. Note that we do not condition on other edges
than the ones in the set { Ey; }rev U { Ei; } rey, meaning no associations between b and other nodes
in the graph are induced. Additionally, given that by construction Fy; = 0O for all b € B;;, there is
no direct causal effect from X, , to 7).

Now, to recover the conditional independence of XBU and T needed for the proof, we must close
these paths by conditioning on X; and X;. This yields
Xp,; LT | X4, X5,
and hence
o5, LT | @i, 95
Using the above conditional independence gives:
p(d)Bij ‘ ®i, ¢ja d)Aij ) TJ) = p<¢8ij | ¢ia (z)jv ¢Ai]‘)

The remaining steps of the proof remain unchanged.
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C PERFORMANCE METRICS

In a traditional no-interference setting with binary treatment, there is only one counterfactual: the
outcome under the opposite treatment, Y;(1 — ¢;). In network settings, however, counterfactuals
must be considered at the level of the entire network, since the potential outcome of any given unit
may depend on the treatments of others. Therefore, we argue that a good evaluation procedure
should account for counterfactual networks rather than only individual-level counterfactuals. A
counterfactual network is a network in which at least one unit receives a different treatment than in
the observed network. Note that the number of counterfactual networks is 2!V — 1, each with ||
potential outcomes.

When simulated data is available, the Precision in Estimation of Heterogeneous Effects (PEHE)
(Hill, 2011)) is often used to evaluate methods in a traditional no-interference setting with binary
treatment. PEHE is defined as the root mean squared error of the estimated Conditional Average
Treatment Effects (CATEs), which is uniquely defined since there is a single counterfactual. In the
presence of interference, however, this is no longer the case and estimated ITTEs could in principle
be evaluated for each counterfactual network in a similar manner. For large networks, however, this
becomes computationally intractable. Therefore, we propose two new metrics that sample a diverse
set of counterfactual networks. These metrics are inspired by the Mean Integrated Squared Error
(MISE), which is used for evaluating treatment effects with a continuous treatment (Schwab et al.,
2020). In the continuous setting, a similar challenge arises due to the existence of more than two
counterfactuals per unit.

The first proposed metric is the Precision in Estimation of Heterogeneous Network Effects
(PEHNE), which evaluates ITTE estimation error over m sampled counterfactual networks. The
calculation of PEHNE is described in Algorithm [T}

Algorithm 1 PEHNE calculation

1: for j=1,2,...,mdo
. _ 100+
2: Percentage of nodes to treat p; = — =%

3 Sample treatment for each node i: ¢ ~ Bernoulli(p;)

4: Estimate ITTE for each node i: dzf (ti S th) = @f (ti ,ty.) — 97(0,0)
5: Caleulate MSE; = ;7 37, (W] (t], t,) — @ (], t4,))?

6: end for

7: return PEHNE = - 3~ MSE;

The second proposed metric is the Counterfactual Network Estimation Error (CNEE), which evalu-
ates counterfactual outcome estimation error over m sampled counterfactual networks. The calcula-
tion of CNEE is described in Algorithm

Algorithm 2 CNEE calculation

1: for j=1,2,....,mdo .
2: Percentage of nodes to treat p; = 221 %

m

3 Sample treatment for each node ¢: t] ~ Bernoulli(p,)
4. Estimate the potential outcome Y (t;, t ;) for each node i: g (t], t}\;.)
5: Caleulate MSE; = o 37, (y! (], th,) — 97 (], t47,)?
6: end for
1
7: return CNEE = -5~ MSE;

By sampling treatments according to the percentage p;, we ensure that models are evaluated across a
variety of treatment rates. However, PEHNE places stronger emhasis on the estimation of the “zero”
counterfactual network, i.e., the network in which no unit receives treatment, because of the term
Y;(0,0) in Equation . If a model estimates these outcomes poorly, its performance in terms of
PEHNE will be significantly penalized. In contrast, CNEE assigns equal importance to all sampled
counterfactual networks.
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In our experiments, we set m = 50 for both PEHNE and CNEE. Note that these metrics are used
solely for performance evaluation, not for hyperparameter tuning (see Appendix [F), as they cannot
be calculated in practice from observational data—they require that all potential outcomes be known.
Consequently, validation PEHNE/CNEE cannot be used for hyperparameter selection.
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D DATA-GENERATING PROCESS

We adjust the DGP proposed by |Jiang & Sun! (2022) and Caljon et al.|(2025)). Instead of using a pre-
defined exposure mapping z; = ﬁ > jen, tj» we define a function that allows for heterogeneous

spillover effects.

For the fully synthetic datasets, we first generate d features from a standard normal distribution:
x] ~ N(0,1),5 = 1,...,d. For the semi-synthetic datasets (Flickr and BC), we follow Jiang &
Sun| (2022) to partition each network into training, validation, and test sets using METIS (Karypis
& Kumar, [1998)). Then, following |Guo et al.| (2020); Jiang & Sun| (2022), we use Latent Dirichlet
Allocation (Blei et al.| 2003) to reduce the sparse features to a lower-dimensional representation.
Following the literature, we set the feature dimensionality to d = 10. More details on the network
size of these two datasets are provided in Table [6]

Flickr BC
Train  Validation Test Train  Validation Test

Nodes 2,482 2,461 2,358 1,716 1,696 1,784
Edges 46,268 14,419 23,529 17,937 25,408 14,702

Table 6: Summary statistics for the Flickr and BC datasets.

For the fully synthetic datasets, we generate the network structure as follows. For the simulated BA
dataset (BA Sim), each network of 5,000 nodes (i.e., training, validation, and test) is simulated based
on the Barabasi-Albert random network model (Barabasi & Albert, |1999). The hyperparameter m
is set to 2. For the simulated homophilous dataset (Homophily Sim), homophilous networks with
5,000 nodes are generated based on the cosine similarity between the feature vectors of all node
pairs in the network (some noise is added to the cosine similarity to allow unlikely edges to occur).
Then, the node pairs are sorted according to cosine similarity. Edges are created between nodes
with the highest cosine similarity until the average degree (number of edges per node) is equal to the
average degree of the simulated BA network (deg = 4).

To induce the causal structure (see Figure[2)), we generate the following parameters:

wXT ~ Unif(~1,1) forj € {1,2,....d} w7 = X7, X7, wXT),

wXY ~Unif(—1,1) forj € {1,2,...,d} wX = [V, wY, . w)Y,

w]¥ ~Unif(~1,1) forj € {1,2,...,d} wl¥ = [T WY, wlY],
wJXNY ~ Unif(-1,1) forje {1,2,...,d}  w* ¥ = [waY,ngY,...,waY],
wirY ~ Unif(—1,1) forje{1,2,....d} ~w™ = [wiNY g MY LY.

These parameters influence the effect of X; on 7}, X; on Y}, the heterogeneous effect of 7; on Y7,
the effect of X/, on Y;, and the heterogeneous spillover effect of T »;, on Y;, respectively.

The treatment ¢; is generated as follows. We first calculate v; as:

XT
vi =BxT W X,

with Sx7 > 0 the treatment assignment mechanism strength and x; = [z1, 3, ..., z4]". Next, to
set the percentage of nodes treated to approximately 25%, we calculate the 75-th percentile v75 and
transform v/ = v — v75. Finally, we apply the sigmoid function o to v/, and obtain ¢; by sampling:

t; ~ Bernoulli(a(v;)).

To generate the outcomes, we first create a transformed feature vector x; by applying the sigmoid
function o to half of the features in order to introduce nonlinearities. The outcomes are obtained as
follows:

Yi = Bindividual - i - ti + Bapillover - 2i + Bxy - i + Bxyy - un; + Be - € e ~N(0,1),
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with
hi =w'Y %, u=wY %,
Z._th,. TNY | . _LZ XY | .
=V oW X, Uy, = N w X;.
tjeN; tjen;

Unless explicitly specified otherwise, we use the following parameter values in the experiments
presented in Section@ /BXT == 67 Bindividual == 27 Bspillover == 27 ﬁXY - 157 5XNY - 15; ﬂe =0.2.
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E MEASURING HOMOPHILY

Homophily (McPherson et al., 2001), also known as assortative mixing (Newman), 2002} |2003)),
refers to the tendency of nodes in a network to associate with similar nodes. For example, indi-
viduals with similar interests are more likely to be friends. The degree of assortative mixing for a
given feature can be quantified using the assortativity coefficient, which lies between -1 and 1. It is
positive when an attribute is assortative, negative when it is disassortative, and zero when there is
no assortativity. By calculating this coefficient for the treatment variable, we can objectively assess
whether treated nodes are more likely to have treated neighbors. Similarly, outcome assortativity
is positive when the outcomes of neighbors are positively correlated. We report these measures in
Table [T] for the four datasets used in our experiments (Section [3).

To calculate assortativity for a categorical attribute, a mixing matrix, M, is defined, where the el-
ement M;; represents the fraction of all edges in the network that connect a node of category 4 to
a node of category j. The trace of this matrix, Tr(M) = ). M;;, thus quantifies the total frac-
tion of edges connecting nodes within the same category. To assess whether this observed fraction
is greater than what would be expected by chance, it is compared against the expected fraction of
within-category edges of a network with random connections, which is given by ", a;b;, where
a; =y, ; Mi; is the fraction of edges starting at nodes of category ¢, and b =5 ; M is the frac-
tion of edges ending at nodes of category ¢. For undirected networks, the matrix M is symmetric,
and therefore a; = b;. The assortativity coefficient, r, is then defined as the normalized difference
between the observed and expected fractions of within-category edges (Newmanl, 2003)):

_ 2 Mii— 3 aibi
N 1-— Zz aibi ’

A value of > 0 indicates an assortative network, where connections occur more frequently between
similar nodes. A value of » < 0 indicates a disassortative network, where connections occur more
frequently between dissimilar nodes. A value of = 0 signifies that connections are random with
respect to the attribute.

r

(14)

For numerical attributes, the calculation of r is slightly different, but the interpretation remains the
same. For more details, we refer to Newman| (2003)).
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F HYPERPARAMETER SELECTION AND IMPLEMENTATION DETAILS

Due to the fundamental problem of causal inference (Holland, |1986), individualized treatment ef-
fects are unobservable. As a result, selecting hyperparameters is challenging, since we cannot di-
rectly optimize based on treatment effect estimation error. For standard machine learning hyperpa-
rameters, such as hidden layer size or learning rate, we can rely on the factual validation loss for
hyperparameter selection. The factual validation loss is the average estimation error for outcomes
actually observed in the validation set and can always be calculated. However, the factual loss may
not reflect the treatment effect estimation performance. Nevertheless, this approach has been shown
to work reasonably well (Curth & van der Schaar, [2023)).

The weight for adversarial balancing, «, is a special type of hyperparameter. A positive o may cause
the model to discard relevant information for predicting the observed outcomes in favor of construct-
ing treatment-invariant representations, which will likely impair the factual validation loss. Conse-
quently, if the factual loss is used to select this hyperparameter, o will often be chosen as zero—
meaning that the upper branch of HINet would not be used. However, both theoretical and empirical
work suggests that balancing representations can improve treatment effect estimates (Shalit et al.,
2017; Bica et al., 2020; Berrevoets et al., 2020). Based on this, we propose the following approach
for hyperparameter selection. First, the standard machine learning hyperparameters are tuned using
the factual validation loss. Once these hyperparameters are set, the factual loss is calculated for dif-
ferent values of o. As «v increases, the factual loss typically increases as well. Our intuition is that a
modest increase in factual loss is acceptable and merely indicates the representations have become
more treatment-invariant. However, a substantial increase may suggest that valuable information is
being discarded in favor of learning treatment-invariant representations. As a heuristic, we propose
selecting the largest value of « for which the factual loss remains below (1+p)-loss,—q. As arule of
thumb, we set p = 0.10, meaning that we allow for a maximum increase in validation error of 10%.
An important advantage of this approach is that it allows o = 0 to be selected when representation
balancing would otherwise result in excessive information being discarded.

For HINet, NetEst, and SPNet, the range for « is {0, 0.025,0.05,0.1,0.2,0.3}. The other hyperpa-
rameters are selected from the ranges shown in Table

Parameter Value

Hidden size {16, 32}

Num. epochs {500, 1000, 2000}
Initial learning rate ~ {0.001,0.0005, 0.0001 }
Dropout probability {0.0,0.1,0.2}

Table 7: Hyperparameter ranges.

All GIN layers internally use a 2-layer MLP. The encoder block ey in HINet consists of two hidden
layers, whereas the MLP blocks dr and py, as well as the MLP block in the GIN model, each
consist of three hidden layers. All MLP blocks (for every method) use ReLU activations after each
layer. Other hyperparameters are set to author-recommended values. Each model is trained using
the Adam optimizer (Kingma & Bal 2015) with weight decay set to 0.001. For all models except
TNet and SPNet, we use the implementation provided by Jiang & Sun| (2022)). Since there is no
publicly available implementation of SPNet, we implemented it ourselves based on the description
in|Zhao et al.|(2024)). For TNet, the implementation from|Chen et al.[(2009) is used and o = v = 1
because it gave stable results in terms of factual validation loss for all datasets.

All reported results are averages over five different initializations, affecting both weight initialization
and training data shuffling.

Reproducibility. Our code is available at https://anonymous.4open.science/r/HINet-12C5.
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G ADDITIONAL RESULTS

G.1 IMPACT OF HOMOPHILY

In Figure [7] we visualize the impact of representation balancing on the test set results in terms of
PEHNE. The results are similar to those presented in Section [5.2]for CNEE (Figure ). When only
individual (direct) effects are present, representation balancing improves performance for both the
homophilous and non-homophilous networks with high values of Sx7. However, when spillover
effects are present, differences between the non-homophilous and homophilous networks emerge.
Specifically, when only spillover effects are present, balancing considerably improves performance
for the homophilous networks but has little effect on the non-homophilous networks. When both
individual and spillover effects are present, the performance gain from balancing is relatively larger
under homophily.

No Homophily No Homophily No Homophily
—4— Balancing —4— Balancing L5} —— Balancing
15 —— a=0 —+ a=0 —+— a=0
. 04
Z. z
Z 10 :
==
& =
& 03
0.5 / -
0.0 —
0 3 6 9 0 3 j 4 9
Bxr Bxr
Homophily Homophily Homophily
—4— Balancing . = Balancing | —+— Balancing
04 —— a=0 24— a=0 = a=0 P
-
-
-

Only individual Only spillover Both

Figure 7: Impact of balancing node representations on test PEHNE (mean + SD over five different
initializations). The two rows correspond to the BA and Homophily Sim datasets. The columns cor-
respond to different DGPs. The x-axis shows increasing treatment assignment mechanism strength
Bx 1. Lower values indicate better performance.
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G.2 LEARNING DIFFERENT EXPOSURE MAPPINGS

G.2.1 SETTING THE INFLUENCE OF NEIGHBOR FEATURES TO ZERO

As discussed in Section it is surprising that TNet and NetEst perform worse than HINet when
their assumed exposure mapping is correctly specified. A likely reason is that they are unable to
capture the nonlinear nature of the effect of X, on Y;, which is present in the default DGP used
in our experiments (see Appendix [D). In the DGP, the strength of this effect is controlled by the
parameter Sx,y. To further analyze the impact of using the correctly specified exposure mapping
on the estimation accuracy of TNet and NetEst, we set this parameter to zero. The results for this
simplified DGP, shown in Table 8] indicate that TNet achieves the best performance in this setting.

Dataset Metric TARNet NetDeconf NetEst TNet GIN model SPNet HINet (ours)
PEHNE 398+0.02 531+0.11 126+0.10 0.54+0.09 097 +0.09 580+0.65 1.18+0.29

BC CNEE 342+0.01 4664008 123+£0.13 0564011 090+0.10 5.064+0.38 1.124+0.29

Flickr PEHNE 4.05+0.01 4.07+0.06 4.28+0.86 090+0.53 0.85+0.11 5.19+0.24 2934031

CNEE 345+£0.00 3.83+£0.08 423+0.89 0.89+0.56 0.82+0.11 530+026 2924032

BA Sim PEHNE 3.51+£0.01 3.80%0.01 1.15+£051 0.03+£0.00 0474003 379+£047 138£0.19

CNEE 292+0.01 321+£0.02 1.15£0.51 0.03£0.00 045+0.02 3.29+0.52 1404020

R PEHNE 3.80+£0.02 1.53+£0.06 0.81+£0.13 0.03+£0.01 036+0.09 3.66+0.32 0.95+0.16
Homophily Sim

CNEE 297+£0.02 120+£0.05 0.82+0.13 0.04+£0.01 036+0.09 339+0.30 0.95+0.16

Table 8: Test set results (mean 4+ SD over five different initializations) for the proportion of treated
neighbors used as exposure mapping in the DGP, and the influence of X »/, on Y; set to zero. Lower
is better for both metrics. The best-performing method is in bold; the second-best is underlined.

G.2.2 ALTERNATIVE EXPOSURE MAPPINGS

To provide further evidence that HINet can learn a wide variety of different exposure mappings, we
report results for two additional exposure mappings. In Table[9] we use information entropy as the
exposure mapping: z; = —plog,(p) — (1 —p) log,(1 —p) — 0.5, where p is the proportion of treated
neighbors. Additionally, we subtract 0.5 to allow for negative spillover effects. In Table[T0] we use
the squared weighted average exposure: z; = ﬁ > JEN: w?(x;)t;. The results for both mappings
indicate that HINet achieves the best performance, followed by the GIN model, highlighting the
importance of the representational power of GINs in learning exposure mappings.

Dataset Metric TARNet NetDeconf NetEst TNet GIN model SPNet HINet (ours)
PEHNE 437+0.03 6.03+0.19 243+023 1.73+0.36 146+0.08 527+0.11 0.92+0.21

BC CNEE 4484005 621+018 2614022 1724037 152+012 5314033 0.93 +0.23
Frickr PEHNE 401 +007 5014011 250+005 1234024 LI19+006 629+043 0.76=0.16

ic CNEE 7174021 7744015 4104007 1574014 LI5£009 949+039 090+ 0.18
A Sim PEHNE 3.16 =001 3774003 060+010 027+0.16 123+005 436+035 025+ 0.07

CNEE 549+£0.02 585+£0.03 128+£0.11 0.72+£0.16 1.08+£0.03 6.18+0.29 0.24 &+ 0.06

PEHNE 3.11+£0.03 1.94+0.05 041+0.08 0.10+0.01 0.83+0.16 1.89+0.08 0.1340.04
CNEE 3.68£0.03 176 £0.05 0.55+£0.06 0.24+£0.01 092+0.15 1.65+0.10 0.14+0.04

Homophily Sim

Table 9: Test set results (mean + SD over five different initializations) for the information entropy
of treatments of neighbors used as exposure mapping in the DGP. Lower is better for both metrics.
The best-performing method is in bold; the second-best is underlined.

Dataset Metric TARNet NetDeconf NetEst TNet GIN model SPNet HINet (ours)

PEHNE 3.64 £0.04 551+024 187+0.17 2.3740.37 1.82 +£0.20 4.67+0.15 0.88 £ 0.08
CNEE 4.05+0.02 5.81+0.24 188+0.14 2.77+£0.38 1.76 £ 025 4.85+0.06 0.89 £ 0.09

PEHNE 3.80+0.06 4984009 3.024+0.10 188+£020 150+£0.09 6.05+0.58 0.81+ 0.08
CNEE 545+£0.02 6.75+0.10 436+0.14 23440.11 1424+0.09 7.794+0.57 0.90 £ 0.09

PEHNE 3.61£0.03 4.11+£0.02 149+0.18 1.09 +0.04 1.74 £0.04 4.63+£0.25 1.31£0.20
CNEE 5224001 5.77£0.04 224+0.19 1.45 4+ 0.03 1.60+0.03 6.10£0.26 1.33+0.19

PEHNE 3.84+0.04 193+004 1204005 442743439 1.13+0.05 222+0.17 0.69+0.17
CNEE 431+0.02 186+0.05 135+0.06 4859+3750 1.154+0.05 2.08=+0.15 0.66+0.15

BC

Flickr

BA Sim

Homophily Sim

Table 10: Test set results (mean £ SD over five different initializations) for the squared weighted
average of treatments of neighbors used as exposure mapping in the DGP. Lower is better for both
metrics. The best-performing method is in bold; the second-best is underlined.

23



Under review as a conference paper at ICLR 2026

G.3 ABLATION STUDY

To further investigate the importance of the GNN architecture used in HINet, we repeat the exper-
iment from Section using the sum exposure mapping, z; = Y jens, by instead of the default
weighted average exposure mapping (see Appendix [D). In contrast to the results reported in Sec-
tion [5.4] the results in Table [TT] show that the GIN architecture performs best for the sum exposure
mapping. Moreover, GraphSAGE—which performed best for the weighted average exposure map-
ping, now performs poorly.

Dataset Metric GIN GAT GraphSAGE GCN
PEHNE  25.22 + 1.69 266.38 £17.04 392.30+14.5 69.63+7.43

BC CNEE  2357+128 25637+ 13.65  357.89+16.95 60.23+6.49
Flicke PEHNE 229.72 +37.89 2586.48 +154.24 2628.21+87.46 2582.094145.21
CNEE  231.86 + 3276 2529.27+397.00 2384.61+89.27 1235.13+67.43

BA Sim PEHNE  11.61 + 0.69 54.68 4+ 1.39 51.45+0.52 18.57+1.18

CNEE  12.20 + 0.86 52.81 4 0.74 49.1240.74 10.69+0.52

Homoohily sim  PEHNE 020 £ 0.07 7.60 +0.16 7774021 3.1040.20

Pty CNEE  0.22 +0.07 7.48 4+ 0.10 7.49+0.24 3.17+0.17

Table 11: Test set results (mean + SD over five different initializations) for HINet with different
GNN architectures, with the sum of treatments of neighbors used as exposure mapping in the DGP.
Lower is better for both metrics. The best-performing method is in bold; the second-best is under-
lined.

H LLM USAGE

In this paper, we used LLMs to polish the writing and as an assistant to write the code.
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