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ABSTRACT
In this paper, we propose a Bayesian approach for spatial causal inference based on combining spatial propensity scoring with
Integrated Nested Laplace Approximation. The method models both local and spillover exposure effects via multiple likeli-
hoods and treats counterfactuals as missing data, allowing inference also for non-Gaussian outcomes. We validated the proposed
method through simulations and an application to U.S. county-level cancer data, demonstrating the critical importance of properly
accounting for spatial dependence when drawing causal conclusions from geostatistical data. Our results show that the proposed
method achieves MCMC-comparable accuracy with substantially reduced computational time.

1 | Introduction

Understanding causal relationships from observational data is a
central goal in many scientific disciplines. Recently, some schol-
ars started to analyze spatial data within a causal framework, a
relevant task in several real-world applications, such as studying
the effect of a public policy on the duration of unemployment
(Huber and Steinmayr 2021) in different areas, how opening
new gyms at different locations influences the prevalence of
colorectal cancer (Smith et al. 2023) or how armed conflicts
impact forest loss (Christiansen et al. 2022). Recent reviews
on spatial causal inference (Reich et al. 2021; Gao et al. 2022;
Akbari et al. 2023) highlighted the complexities connected to
drawing causal conclusions in spatial settings. First of all, the
classical assumption of units’ independence, on which most
causal approaches rely, does not hold. When analyzing spatially
indexed data, such as county-level health outcomes or pollution
exposure, nearby units often influence each other, violating
the independence assumption and potentially biasing causal

Abbreviations: DIC, deviance information criterion; INLA, integrated nested Laplace approximation; JPS, joint propensity score; MCMC, Markov chain Monte Carlo; PS,
propensity score; RCT, randomized controlled trial; SAR, spatial autoregressive model; SDAG, spatial directed acyclic graph; SPDE, stochastic partial differential equation.
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estimates if not properly accounted for. This phenomenon,
commonly referred to as spillover in spatial contexts, falls under
the broader concept of interference in the causal inference liter-
ature. Interference has been studied in various settings beyond
spatial data, such as in clustered randomized trials (Hudgens
and Halloran 2008; VanderWeele and Tchetgen 2011; Sinclair
et al. 2012), and in network-based analyses where dependencies
between units are explicitly modeled (Aronow and Samii 2017;
Bhattacharya et al. 2020; Zigler and Papadogeorgou 2020).

Another problem arising in spatial causal inference is confound-
ing, which poses challenges to the estimation of causal effects in
general. However, this issue is exacerbated in the presence of spa-
tial data. Indeed, spatial confounding arises when unobserved or
unmeasured variables exhibit spatial patterns that correlate with
both the treatment (or exposure) assignment and the outcome
of interest (Paciorek 2010). This spatial structure in confounding
variables creates complex dependencies that standard statistical
approaches often fail to address adequately.
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In spatial settings, confounding typically manifests in several
distinct ways. First, many environmental, socioeconomic, and
demographic factors cluster geographically, creating spatially
structured confounding that can bias causal effect estimates if
not properly accounted for (Reich et al. 2021). For instance,
when evaluating the health effects of environmental exposures,
socioeconomic status often exhibits spatial clustering and simul-
taneously influences both exposure levels and health outcomes.
Second, spatial proximity can be a confounder when it affects
both treatment assignment and outcomes through mechanisms
beyond measured covariates (Schnell and Papadogeorgou 2020).
For example, in studies of neighborhood effects, geographic loca-
tion may determine access to resources that influence both the
likelihood of receiving an intervention and the potential out-
comes. Evidence of such confounding can often be found through
spatial autocorrelation in model residuals, which may signal
the presence of unmeasured spatial confounders (Hodges and
Reich 2010). This spatial dependence violates the independence
assumptions underlying many statistical models and can lead to
inflated precision in effect estimates when not properly modeled.

Several methodological approaches have been developed to
address spatial confounding. Spatial random effects models
incorporate spatial correlation structures to account for unmea-
sured spatial confounders (Reich et al. 2021). However, these
models must be carefully specified, as research has shown
that naively including spatial random effects can sometimes
increase rather than reduce bias in treatment effect estimates
(Hodges and Reich 2010). Restricted spatial regression (RSR)
represents another approach that constrains spatial random
effects to be orthogonal to the treatment variable, helping to
prevent adjustment away from the true treatment effect (Thaden
and Kneib 2018). More recently, researchers have explored
causal graphical models extended to spatial contexts to clarify
the structural relationships between spatial processes, treat-
ments, and outcomes (Datta et al. 2019). These spatial directed
acyclic graphs (SDAGs) help identify appropriate adjustment
strategies for spatial confounding while avoiding adjustment for
colliders or mediators. Sensitivity analyses specifically designed
for spatial settings have also been developed to quantify the
potential impact of unmeasured spatial confounding on causal
estimates (VanderWeele and Ding 2017; Schnell and Papadoge-
orgou 2020). These approaches allow researchers to determine
how strong an unmeasured spatial confounder would need to be
to meaningfully alter study conclusions.

One of the most widely spread approaches to address con-
founders in causal inference is the propensity score approach
(Thoemmes and Kim 2011; Rosenbaum 2023). The key idea is to
estimate the probability of treatment assignment given covariates
and then use this score to balance treated and untreated groups.
However, spatial dependencies complicate the application of
propensity scores in spatial contexts. This can lead to unreli-
able causal estimates when these spatial structures are ignored,
as is often the case with traditional propensity score estimation
methods.

Recent work has begun to address these challenges. Davis and
colleagues (Davis et al. 2017, 2021) analyzed racial dispari-
ties in health by proposing a spatial propensity score for areal
data obtained by including region-specific random effects in the

propensity score model. Papadogeorgou et al. (2019) focus on
point-referenced data and discuss a novel propensity score that
takes into account the distance between pairs of locations. Giffin
et al. (2023) proposed a generalized spatial propensity score that
jointly models the local and spillover exposure effect, offering
improved adjustment for confounding. However, most of these
approaches rely on Markov Chain Monte Carlo (MCMC) meth-
ods, which can be computationally intensive and difficult to scale,
especially when dealing with large spatial datasets or complex
models that include both local and spillover effects.

An alternative for spatial causal inference may be represented
by the Integrated Nested Laplace Approximation (INLA, Rue
et al. 2009), which provides computationally efficient Bayesian
inference for latent Gaussian models, making it well-suited
for handling complex spatial dependence structures. By incor-
porating spatially structured random effects and allowing for
flexible prior specifications, INLA can help account for unmea-
sured spatial confounders while maintaining computational
tractability.

In this work, we introduce a novel approach to spatial causal
inference that combines spatial propensity score modeling with
the computational efficiency of the INLA framework. While con-
ceptually related to the method proposed by Giffin et al. (2023),
in which local exposure and spillover effects are modeled
jointly, our approach offers several key improvements. Cru-
cially, INLA’s built-in support for multiple likelihoods is partic-
ularly well-suited for modeling both direct (local) and indirect
(spillover) effects simultaneously. An additional crucial aspect
lies in the Bayesian nature of INLA. Indeed, we treat coun-
terfactual outcomes as missing data and use posterior predic-
tive distributions to estimate causal effects. This formulation
allows for the estimation of causal effects as differences in pos-
terior means of counterfactual distributions, without requiring
the response variable to follow a Normal distribution, as assumed
in Giffin et al. (2023). Finally, our approach offers substantial
computational advantages, providing a faster and more scal-
able alternative to traditional MCMC-based methods. The imple-
mentation code used to reproduce the simulation study and the
real-data application is publicly available at the GitHub reposi-
tory INLA-causal-inference.

The remainder of the paper is organized as follows. In Section 2,
we introduce basic notation for causal inference with interfer-
ence. Section 3 presents the proposed method and details its
INLA-based estimation strategy. In Section 4, we validate the
approach via simulation experiments, while in Section 5, we
illustrate its application to U.S. county-level cancer data. Finally,
in Section 6, we conclude with a discussion of findings and
future work.

2 | Background

Causal inference in observational studies traditionally relies on
the potential outcomes framework (Rubin 1974), where each unit
𝑖 = 1, . . . , 𝑛 is associated with a set of potential outcomes 𝑌𝑖(𝑥),
one for each level of a binary or continuous exposure 𝑋. The
causal effect of the exposure on the outcome can be defined as a
contrast of the counterfactuals 𝑌 (𝑥) and 𝑌 (𝑥′), for 𝑥 ≠ 𝑥′, i.e., one
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compares the value of the outcome if all subjects were exposed to
𝑋 at level 𝑥 and its value if all were exposed to level 𝑥′.

The fundamental problem of causal inference is that only one
potential outcome is observed for each unit, while all others
remain counterfactual. To identify causal effects and express
them in terms of observed data, some assumptions need to hold
(Pearl 2009), among which is the so-called Stable Unit Treatment
Value Assumption (SUTVA; Rubin 1974), which consists of two
components: (i) no interference between units, and (ii) no hidden
versions of the treatment.

In the context of spatial data, however, SUTVA is typically vio-
lated due to interference (or spillover), that is, the treatment
assigned to one unit may influence the outcome of another. In
such cases, the potential outcomes must be indexed not only by
the unit’s own treatment, but also by the treatments assigned
to other units in the system. For example, suppose that a new
power plant is opened in a city: The number of asthma cases
could increase not only in the city, but also in neighboring cities,
because of the power plant’s emissions.

Formally, let us assume that data are collected at 𝑛 spatial loca-
tions 𝑠 ∈ {𝑠1, . . . , 𝑠𝑛} ∈  ⊂ ℝ2, and let a variable with the 𝑠

subscript denote the value of that variable at location 𝑠. Let
X = (𝑋1, . . . , 𝑋𝑛) denote the vector of treatment assignments
across all locations. Then, the potential outcome for unit 𝑠 is
written as 𝑌𝑠(X). This creates a rapidly growing set of potential
outcomes, complicating both estimation and interpretation. To
manage this complexity, we adopt the exposure mapping frame-
work (Aronow and Samii 2017), which assumes that each unit’s
outcome depends only on its own treatment and an exposure
function summarizing the influence of others. Specifically, we
define the potential outcome as

𝑌𝑠(𝑥𝑠, 𝑥̃−𝑠) ∶= 𝑌𝑠
(
𝑋𝑠 = 𝑥𝑠, 𝑋̃−𝑠 = 𝑥̃−𝑠

)
,

where 𝑋̃−𝑠 is a real-valued summary of the treatment assign-
ments in all locations but 𝑠, and which is often referred to as the
spillover exposure.

The potential outcome framework is then extended to account
for both the direct effect of the treatment 𝑋𝑠 and the indirect
effect arising from 𝑋̃−𝑠. This requires redefining common causal
estimands. For instance, under a binary treatment setting 𝑋𝑠 ∈
{0, 1}, we can define:

• The local (direct) effect: 𝑌𝑠(1, 𝑥̃−𝑠) − 𝑌𝑠(0, 𝑥̃−𝑠), holding the
spillover level fixed;

• The spillover (indirect) effect: 𝑌𝑠(𝑥𝑠, 𝑥̃−𝑠) − 𝑌𝑠(𝑥𝑠, 𝑥̃′−𝑠), hold-
ing own treatment fixed;

This decomposition of effects requires stronger assumptions for
identification, such as exposure-conditional ignorability:

(𝑌𝑠(𝑥𝑠, 𝑥̃−𝑠)⊥(𝑋𝑠, 𝑋̃−𝑠))|𝒁,

which states that, conditional on observed covariates 𝒁, the
treatment and spillover assignments are as good as random.
This assumption is particularly delicate in spatial settings due

to latent spatial confounding: Unobserved spatially varying fac-
tors may affect both treatment assignment and outcomes. To
address this, modern approaches—such as the one proposed in
this paper—explicitly model the spatial structure of the data
using random fields.

3 | Causal Inference With Joint Propensity
Score

This section presents the proposed approach for spatial causal
inference in three main steps. First, in Section 3.1, we recall
the fundamentals and computational advantages of INLA. Next,
in Section 3.2, we describe how to model the exposure local
and spillover effects through a joint propensity score. Finally, in
Section 3.3, we show how causal effects are estimated by treating
counterfactual outcomes as missing data and drawing on poste-
rior predictive distributions.

3.1 | Basics of INLA

To deal with geostatistical data and model spatial effects, we
adopted INLA (Rue et al. 2009) combined with a stochastic par-
tial differential equation approach (SPDE; Lindgren et al. 2011),
which allows us to explicitly include spatial effects in our mod-
els. Such effects are modeled as a Gaussian Random Field (GRF),
which is a generalization of a Gaussian process to multiple
dimensions. One of its most important properties is its covari-
ance function, which describes how values of the random field
at different locations are related.

The covariance can be modeled in different ways (Cressie 1993),
a typical choice being a Matérn function

𝐶(ℎ) = 𝜎2

2𝜈−1Γ(𝜈)
(𝜅ℎ)𝜈𝐾𝜈(𝜅ℎ) (1)

where ℎ = ||s1 − s2|| is the Euclidean distance between locations,
𝜎2 is the marginal variance, 𝜅 > 0 is a scaling parameter control-
ling the range of correlation, 𝜈 > 0 is a smoothness parameter,
and 𝐾𝜈 is the modified Bessel function of the second kind.

Lindgren et al. (2011) proved that a Matérn covariance model can
be expressed as the stationary solution to an SPDE:

(𝜅2 − Δ)𝛼∕2𝜔𝑢(s) = (s), (2)

where 𝜔 controls the variance, 𝛼 determines the smoothness, Δ is
the Laplacian operator, and (s) is spatial Gaussian white noise.

The SPDE is solved numerically using the finite element method
(FEM), where the spatial domain is discretized into a triangular
mesh. The solution 𝑢(s) is approximated as a linear combination
of basis functions:

𝑢(s) ≈
𝑛∑

𝑘=1
𝜓𝑘(s)𝑤𝑘, (3)

where {𝜓𝑘(s)} are piecewise linear basis functions defined on
the mesh vertices and w = (𝑤1, . . . , 𝑤𝑛)𝑇 are Gaussian weights.
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This representation transforms the continuous spatial model into
a Gaussian Markov Random Field (GMRF; Rue and Held 2005)
with sparse precision matrix Q, enabling efficient computation
w ∼  (0,Q−1). The precision matrix Q is sparse because the
basis functions have local support, with 𝑄𝑖𝑗 ≠ 0 only when ver-
tices 𝑖 and 𝑗 share an edge in the triangulation. This sparsity is
critical for the computational efficiency of INLA.

The aim of INLA is to obtain the posterior distribution of the
Gaussian field 𝝓, that is,

𝑝(𝜙𝑖|y) = ∫ 𝑝(𝜙𝑖|𝜽, y)𝑝(𝜽|y)𝑑𝜽, (4)

where y represents the observed data and 𝜽 the vector of
hyperparameters. INLA computes the hyperparameters’ poste-
riors through a series of nested Laplace approximations, while
𝑝(𝜙𝑖|𝜽, y) becomes particularly easy to compute if 𝜙 is a GMRF,
given the sparsity of the precision matrix.

In addition to being particularly suited for analyzing spatial data,
INLA offers an advantage in the context of causal inference.
Indeed, since it is Bayesian in nature, we can estimate counter-
factuals using a missing-value approach. This approach treats
unobserved potential outcomes as missing data, allowing us to
generate posterior distributions for these counterfactuals and
obtain posterior estimates of causal effects. The computational
efficiency of INLA makes it especially valuable for causal infer-
ence problems with complex spatial or temporal structures. By
specifying appropriate priors and likelihood functions, we can
incorporate domain knowledge and account for spatial autocor-
relation when estimating treatment effects. This is particularly
valuable in observational studies where confounding may vary
spatially.

This leads us to another advantage in using INLA, i.e., how con-
founders are addressed. Dealing with confounders is a ubiquitous
issue in causal inference within an observational framework. In a
spatial setting, this is complicated by the fact that the confounders
can be spatial in nature, and they may have a spillover effect as
well; thus, as noted by Giffin et al. (2023), adjusting only for the
value of the confounder at each location is not sufficient. Like
them, we propose to use a propensity score approach to adjust for
confounding, which jointly models the probability of𝑋𝑠 and 𝑋̃−𝑠.
They proved that conditioning on a joint propensity score is suffi-
cient to estimate the causal effect of 𝑋 on 𝑌 unbiasedly. However,
throughout their paper, they assume that 𝑋𝑠 and 𝑋̃−𝑠 are condi-
tionally independent given the covariates, and, as a consequence,
they can be modeled separately. We extend their framework by
explicitly modeling the local and spillover exposure jointly using
the INLA ability to fit joint likelihood models. We provide more
details in the following.

3.2 | Joint Modeling of Treatment and Spillover

To address confounding in the presence of interference, one
should notice that the treatment and the outcome at each loca-
tion 𝑠 do not depend only on covariates measured at that location,
but can be influenced by the values of the covariates at other
locations. This easily makes models high-dimensional and com-
putationally difficult to handle. Thus, a convenient approach may

be the use of a propensity score (Rosenbaum 2023), that, how-
ever, unlike the traditional one in settings without interference,
has to model both the local and spillover exposure as functions
of covariates. We propose a joint model for the bivariate exposure
vector (𝑋𝑠, 𝑋̃−𝑠), conditional on covariates 𝒁, but, unlike Giffin
et al. (2023), who assume conditional independence between 𝑋𝑠

and 𝑋−𝑠 given covariates, we explicitly model their dependence
structure using INLA’s joint likelihood specification.

Specifically, INLA handles multivariate responses, modeling the
local treatment 𝑋𝑠 and the spillover effect 𝑋̃−𝑠 simultaneously.
Their joint density serves as the foundation for our Joint Propen-
sity Score (JPS),

𝑒𝑠(𝑋𝑠, 𝑋̃−𝑠|𝒁) ∶= 𝑓 (𝑋𝑠, 𝑋̃−𝑠|𝒁,𝝓),

representing the joint conditional density of observing a cer-
tain treatment–spillover configuration given the covariates, as
implied by the INLA model, and generalizing the classical
propensity score to a setting with structured interference. Here,
𝝓 = {𝝓1,𝝓2,𝝓12} denotes the vector of spatial effects of the
model. We model the JPS components as:

𝑋𝑠|𝒁,𝝓1 ∼ 𝐹1
(
𝑔−1

1 (𝜂1)
)
,

𝜂1 = 𝛽0 +𝒁 𝜷1 + 𝝓1(𝑠),

𝑋̃−𝑠|𝒁,𝝓2,𝝓12 ∼ 𝐹2
(
𝑔−1

2 (𝜂2)
)
,

𝜂2 = 𝛾0 +𝒁 𝜸1 + 𝝓2(𝑠) + 𝝓12(𝑠). (5)

Here, 𝐹1 and 𝐹2 represent appropriate distributions for the treat-
ment and spillover effects, respectively, which can be chosen
based on the nature of the data (e.g., Binomial for binary treat-
ments). The functions 𝑔1 and 𝑔2 are corresponding link functions
(e.g., logit), and the linear predictors 𝜂1 and 𝜂2 contain the same
set of confounders 𝒁 and different spatial effects. Specifically, the
spatial fields are defined as:

𝝓1 ∼ GMRF(0,Q−1
𝝓1
)

𝝓2 ∼ GMRF(0,Q−1
𝝓2
)

𝝓12 = 𝜆 ⋅ 𝝓1,

where 𝝓1 represents the spatial random effect for the treatment
assignment, 𝝓2 is an independent spatial random effect for the
spillover component, and 𝝓12 is a scaled copy of the treatment
spatial effect, with scaling parameter 𝜆 estimated from the data.
This specification induces a structured dependence between the
linear predictors for treatment and spillover: The spillover pre-
dictor 𝜂2 includes both an independent spatial effect 𝜙2 and a
shared spatial component 𝜙12 = 𝜆 ⋅ 𝜙1 The shared component
𝜙12 creates a direct link between the spatial pattern in treatment
assignment and the spillover effects, with the scaling parameter 𝜆
controlling the strength of this relationship. Meanwhile, 𝜙2 cap-
tures additional spatial variation in spillover that is independent
of the treatment spatial pattern.

This structure explicitly incorporates the dependence between
the treatment and spillover processes through the shared spatial
component 𝝓12. The precision matrices Q𝝓1

and Q𝝓2
are derived

from the SPDE approach with Matérn covariance using the finite
element method on a triangular mesh, as described earlier.
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This JPS approach offers several advantages over separate mod-
els. First, it explicitly accounts for the correlation between local
treatment assignment and spillover effects. Second, it provides
a unified propensity score estimation framework that incorpo-
rates both direct and indirect exposure mechanisms. Finally, it
leverages the computational efficiency of INLA to handle com-
plex spatial structures that would be computationally prohibitive
with traditional MCMC methods. Indeed, INLA’s deterministic
approximations, based on sparse matrix algorithms and numer-
ical integration, offer fast and accurate inference even for large
spatial datasets.

3.3 | Estimation of Causal Effects

Once the JPS has been estimated, ê𝑠(𝑋𝑠, 𝑋̃−𝑠|𝒁𝒔), it can be
included in the outcome model to adjust for confounding. The
adjusted outcome model takes the form:

𝑔(𝐸[𝑌𝑠|𝑋𝑠, 𝑋̃−𝑠, ê𝑠]) = 𝛿0 + 𝛿1𝑋𝑠 + 𝛿2𝑋̃−𝑠 + 𝜅 ê𝑠 + 𝝓𝑌 (𝑠) (6)

where 𝑔(⋅) is an appropriate link function, and 𝝓𝑌 (𝑠) is a spa-
tial random effect that captures residual spatial correlation in the
outcome.

When the outcome model is linear with additive Gaussian errors,

𝑌𝑠 = 𝛿0 + 𝛿1𝑋𝑠 + 𝛿2𝑋̃−𝑠 + 𝜅 ê𝑠 + 𝝓𝑌 (𝑠) + 𝜖𝑠, 𝜖𝑠 ∼  (0, 𝜎2),

the regression coefficients 𝛿1 and 𝛿2 can be directly interpreted as
average causal effects, under unconfoundedness. This is because
the expected value of the counterfactual can be expressed as the
conditional expectation in Equation (6). Therefore, the causal
effects are obtained by taking the differences between counter-
factual scenarios. For instance, the direct effect of changing the
treatment from 0 to 1 (while keeping spillover fixed) is:

𝔼
[
𝑌𝑠(1, 𝑥̃−𝑠)

]
− 𝔼

[
𝑌𝑠(0, 𝑥̃−𝑠)

]
=
[
𝛿0 + 𝛿1 ⋅ 1 + 𝛿2 𝑥̃−𝑠 + ê𝑠 + 𝝓𝑌 (𝑠)

]
−
[
𝛿0 + 𝛿1 ⋅ 0 + 𝛿2 𝑥̃−𝑠 + ê𝑠 + 𝝓𝑌 (𝑠)

]
= 𝛿1 (7)

Similarly, the spillover effect is given by 𝛿2. The linearity of
the model ensures that these coefficients directly represent
the causal effects, without requiring further calculations or
transformations.

However, when the outcome is modeled through a nonlinear link
function, the regression coefficients do not directly correspond
to causal effects. In this case, we must recover the counterfac-
tuals explicitly. To address this, we adopt a Bayesian predictive
approach. For each location 𝑠, we define a set of hypothetical
exposure configurations, assuming a binary exposure for sim-
plicity, and construct a data-augmented matrix that includes all
possible counterfactual scenarios. Let  denote the observed
data and model estimates. The counterfactual potential out-
come under exposure (𝑥𝑠, 𝑥̃−𝑠) is then imputed via the posterior
predictive distribution:

𝑓 (𝑌𝑠(𝑥𝑠, 𝑥̃−𝑠)|) = ∫ 𝑓 (𝑌𝑠|𝑋𝑠 = 𝑥𝑠, 𝑋̃−𝑠 = 𝑥̃−𝑠,𝜽) 𝑓 (𝜽|) 𝑑𝜽
(8)

where 𝜽 represents all model parameters, including fixed effects,
spatial random effects, and error variance components.

In practice, to estimate the causal estimands of interest, we
extract the posterior means of the counterfactual values for each
configuration and compare them using appropriate contrasts (dif-
ference or ratio). For example, on the difference scale:

Local Effect: 𝔼[𝑌𝑠(1, 𝑥̃−𝑠)] − 𝔼[𝑌𝑠(0, 𝑥̃−𝑠)] (9)

Spillover Effect: 𝔼[𝑌𝑠(0, 𝑥̃−𝑠)] − 𝔼[𝑌𝑠(0, 𝑥̃′−𝑠)] (10)

Total Effect: 𝔼[𝑌𝑠(1, 𝑥̃−𝑠)] − 𝔼[𝑌𝑠(0, 𝑥̃′−𝑠)] (11)

where 𝑥̃−𝑠 and 𝑥̃′−𝑠 denote two fixed spillover configurations.

This strategy aligns with the Rubin causal model, treating unob-
served potential outcomes as missing data and recovering them
through coherent posterior predictive inference. In addition, it
accommodates both homogeneous and heterogeneous treatment
effects. By conditioning on location-specific covariates and spa-
tial random effects when computing the counterfactuals, we can
estimate spatially varying causal effects, providing insights into
how treatment impacts may differ across the spatial domain.

4 | Simulation Study

We consider two simulation settings to evaluate the performance
of our proposed JPS method. Scenario I follows the data genera-
tion scheme of Giffin et al. (2023) with Gaussian outcomes, while
Scenario II extends this framework to binary responses.

In both scenarios, data are generated on a regular grid defined
over the unit square [0, 1] × [0, 1]. A grid of size 𝑛1∕2 × 𝑛1∕2 is con-
structed with 𝑛 = 1002 = 10, 000 locations, and for each complete
dataset𝑁 = 100 independent replications are generated, yielding
a total of 10000 × 100 observations. While this spatial structure
follows Giffin et al. (2023), we extend their single-covariate setup
by simulating three spatially-structured confounders 𝑍1, 𝑍2, 𝑍3.
Each confounder is generated independently from a mean-zero,
unit-variance Gaussian process with an isotropic exponential
covariance function and spatial range of 0.6.

The binary treatment 𝑋𝑠 ∈ {0, 1} is drawn independently across
units, conditional on their covariates 𝑍𝑠, as a Bernoulli random
variable with success probability

𝑃 (𝑋𝑠 = 1|Z𝑠) = expit(𝑍1𝑠 +𝑍2𝑠 +𝑍3𝑠 − 3).

To account for spatial interference, the spillover exposure is
defined as a weighted sum (Simulation I) or a weighted mean
(Simulation II) of the treatment indicators in neighboring loca-
tions using a Gaussian kernel with bandwidth parameter 𝜏.

Specifically, for the Gaussian outcome setting (Simulation I), the
spillover exposure is defined as:

𝑋̃𝜏,−𝑠 =
∑
𝑠′≠𝑠

exp

(
−
𝑑2
𝑠,𝑠′

𝜏2

)
𝑋𝑠′ ,
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while for binary outcomes (Simulation II), it is constructed as a
weighted average to constrain its values between 0 and 1:

𝑋̃𝜏,−𝑠 =

∑
𝑠′≠𝑠 exp

(
−

𝑑2
𝑠,𝑠′

𝜏2

)
𝑋𝑠′

∑
𝑠′≠𝑠 exp

(
−

𝑑2
𝑠,𝑠′

𝜏2

) .

For Simulation I (Gaussian outcomes), the response is gener-
ated as:

𝑌𝑠 = 𝛿1𝑋𝑠 + 𝛿2𝑋̃𝜏,−𝑠 + ℎ(Z𝑠) + 𝜖𝑠, 𝜖𝑠 ∼  (0, 1),

For Simulation II (binary outcomes), we generate:

𝑌𝑠 ∼ Bernoulli
(
expit(𝛿1𝑋𝑠 + 𝛿2 ⋅ 𝜆𝑋̃𝜏,−𝑠 + ℎ(Z𝑠))

)
,

where the true causal parameters are 𝛿1 = 𝛿2 = 1. Here, 𝜆 = 2 is
included only in Scenario II to amplify the spillover effect, which
would otherwise be compressed on the probability scale. The spa-
tial confounding, denoted by ℎ(Z𝑠), is constructed in three alter-
native forms described in Table 1.

Each confounding setting uses a spatially smoothed term, 𝑊𝑘𝑠,
computed as a Gaussian-kernel weighted average of neighboring
𝑍𝑘𝑠 values with bandwidth 0.5, thereby introducing spatial struc-
ture in the confounding. While the Linear form is identical in
both scenarios, the Exponential and Cubic forms are multiplied
by a constant (−1 and −2, respectively) in Scenario II to produce
comparable effect sizes on the logit scale of the binary outcome.

In the Gaussian setting, causal effects are directly estimated
through regression coefficients. Therefore, the local effect 𝛿1 cor-
responds to the coefficient of 𝑋𝑠, while the spillover effect 𝛿2 is
captured by the coefficient of 𝑋̃𝜏,−𝑠 (as shown in Equation 7).
In contrast, for binary outcomes, causal effects are estimated via
contrasts of predicted probabilities derived from the fitted linear
predictor, denoted by

𝜂̂𝑖 = 𝛿0 + 𝛿1𝑋𝑠 + 𝛿2𝑋̃𝜏,−𝑠 + 𝜅̂ê𝑠,

where ê𝑠 is the estimated Joint Propensity Score. Specifically, the
spillover effect is defined as the difference in predicted probabil-
ities among treated units (𝑋𝑠 = 1) in the groups of those exposed
and unexposed to spillover:

𝔼
[
logit−1(𝜂̂𝑖)|𝑋𝑠 = 1, 𝑋̃𝜏,𝑠 = 1, ê𝑠

]
− 𝔼

[
logit−1(𝜂̂𝑖)|𝑋𝑠 = 1, 𝑋̃𝜏,𝑠 = 0, ê𝑠

]
.

Similarly, the direct effect compares units with and without direct
exposure, holding spillover exposure fixed at zero:

𝔼
[
logit−1(𝜂̂𝑖)|𝑋𝑠 = 1, 𝑋̃𝜏,𝑠 = 0, ê𝑠

]
− 𝔼

[
logit−1(𝜂̂𝑖)|𝑋𝑠 = 0, 𝑋̃𝜏,𝑠 = 0, ê𝑠

]
.

TABLE 1 | Forms of spatial confounding ℎ(Z𝑠).

Type 𝒉(Z𝒔)

Linear 𝑊1𝑠 +𝑊2𝑠 +𝑊3𝑠

Exponential exp(𝑊1𝑠) + exp(𝑊2𝑠) + exp(𝑊3𝑠)
Cubic −0.5(𝑊 3

1𝑠 +𝑊 3
2𝑠 +𝑊 3

3𝑠)

The corresponding true effects are obtained by applying the logis-
tic transformation to the linear predictor components. Specifi-
cally, the true spillover effect is:

𝔼
[
logit−1(ℎ(𝑍𝑠) + 𝛿1 + 𝜆 ⋅ 𝛿2)

]
− 𝔼

[
logit−1(ℎ(𝑍𝑠) + 𝛿1)

]
,

and the true direct effect is given by:

𝔼
[
logit−1(ℎ(𝑍𝑠) + 𝛿1)

]
− 𝔼

[
logit−1(ℎ(𝑍𝑠))

]
.

In the estimation phase, the smoothing parameter 𝜏 used to con-
struct 𝑋̃𝜏,−𝑠 is selected via grid search. Specifically, a sequence of
plausible candidate values is evaluated, and the optimal 𝜏 is cho-
sen based on the Deviance Information Criterion (DIC) obtained
from an INLA model for the outcome that includes all covariates.

We compare our JPS method against a naive model that omits the
propensity score adjustment, thereby ignoring spatial confound-
ing. In other words, the naive model is a spatial model for the
outcome that includes just the local exposure and the spillover
as covariates. Tables 2 and 3 present simulation results for Sce-
nario I and Scenario II, respectively, across three bandwidth val-
ues (𝜏 ∈ {0.3, 0.7, 1.5}), three confounding specifications (Linear,
Exponential, Cubic), and each simulation setting is repeated 500
times to assess estimator performance robustly.

As regards Scenario I (Table 2), the JPS method demonstrates
high stability across all simulation scenarios. For the direct effect
𝛿1, the bias remains consistently low, ranging from 26.78 to 31.20
units (per 1000) across all combinations of 𝜏 values and con-
founding specifications. The spillover effect 𝛿2 shows a good per-
formance as well, with biases between 2.39 and 20.40 units. Most
notably, the JPS method achieves perfect recovery of the band-
width parameter 𝜏 in all configurations, with zero bias. In con-
trast, the naive model exhibits substantially higher and more vari-
able biases. Overall, as 𝜏 increases from 0.3 to 1.5 (representing
more diffuse spatial spillover), the method’s bias for 𝛿1 remains
stable, while spillover effect bias slightly decreases, as expected.
This pattern holds across all confounding specifications, indi-
cating that the method is robust to varying degrees of spatial
interaction.

Moving to Scenario II, the JPS method continues to perform well
in the more challenging binary outcome setting, though with
some notable differences from the Gaussian case. Direct effect
estimates remain highly accurate, with biases ranging from 10.19
to 15.16 across all scenarios. Spillover effect biases are still small,
ranging from 13.95 to 16.65 units. The primary challenge in the
binary setting concerns bandwidth estimation. When the true
𝜏 is small (0.3), the method achieves good recovery. However,
as the true 𝜏 increases to 1.5, estimation becomes more diffi-
cult, with biases rising to 385.80–421.80. This difficulty arises
from the combination of the nonlinear link function and the
weighted average construction of spillover, which compresses
information about the spatial scale. Importantly, this band-
width estimation challenge does not substantially compromise
causal effect estimates: Even with 𝜏 = 1.5, the direct effect bias
remains below 15 and spillover bias below 47 across linear
and cubic confounding. Once again, the naive model performs
much worse, particularly for spillover effects under exponential
confounding.
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TABLE 2 | Simulation bias (multiplied by 1000) for Gaussian outcomes (Scenario I) across different 𝜏 values and confounding specifications.

Linear Exponential Cubic
𝝉 Model 𝜹1 𝜹2 𝝉 𝜹1 𝜹2 𝝉 𝜹1 𝜹2 𝝉

0.3 JPS 28.31 9.21 0.00 30.91 16.66 0.00 31.20 20.40 0.00
Naive 394.55 26.16 100.00 427.89 115.61 102.20 253.65 258.83 44.60

0.7 JPS 26.78 3.70 0.00 27.76 8.74 0.00 27.45 5.08 0.00
Naive 112.59 185.68 0.00 229.41 259.16 4.00 108.03 140.04 1.80

1.5 JPS 27.01 2.39 0.00 28.86 5.04 0.00 27.79 3.16 0.00
Naive 194.18 147.09 99.40 349.14 205.84 119.20 172.52 110.13 101.00

TABLE 3 | Simulation bias (multiplied by 1000) for binary outcomes (Scenario II) across different 𝜏 values and confounding specifications.

Linear Exponential Cubic
𝝉 Model 𝜹1 𝜹2 𝝉 𝜹1 𝜹2 𝝉 𝜹1 𝜹2 𝝉

0.3 JPS 15.16 16.23 27.20 11.76 47.01 33.00 12.25 15.16 19.40
Naive 162.60 170.12 162.40 167.00 774.53 506.60 159.49 197.76 163.60

0.7 JPS 15.02 16.65 101.20 11.46 55.18 125.60 13.00 15.31 94.80
Naive 156.39 179.30 110.20 148.97 755.38 198.80 153.61 206.67 109.20

1.5 JPS 14.89 13.95 398.20 10.19 46.88 421.80 13.39 14.80 385.80
Naive 195.00 145.53 500.00 85.56 702.81 500.00 192.47 173.50 500.00

TABLE 4 | Comparison of computation times.

Method
Average time

per run
Standard
Deviation

MCMC
(Giffin et al. 2023)

2735.8 s (∼45.6 min) 620.4 s (∼ 10.3 min)

JPS 36.4 s 2.5 s

Overall, in both Scenario I and II (a total of 18 different simulation
settings), the JPS method consistently outperforms the naive
approach. The JPS demonstrates particular strength in Gaussian
settings and maintains robust causal effect estimation even when
bandwidth estimation becomes challenging in binary outcome
scenarios.

In addition, we carried out other simulation studies using
the same data-generating mechanism described in Giffin
et al. (2023), including just a single covariate and consider-
ing only the Gaussian case. To quantify the computational gain
with respect to the MCMC approach, we run 10 replicates with
this configuration, whose results are reported in the Appendix.
The bias levels observed in our simulations are comparable
to those reported by Giffin et al. (2023), thereby confirming
the validity of our approach in recovering both direct and
spillover effects under spatial interference and confounding.
However, a notable advantage of JPS lies in its computational
efficiency. Specifically, computations were performed on a Dell
Precision 3680 Tower workstation with an Intel Core i9-14,900
processor, 32GB RAM, 1TB SSD, and an NVIDIA GeForce RTX
4080 GPU (16GB). As shown in Table 4, the MCMC-based
approach with 𝑆 = 30, 000 iterations—matching the setup of
the original study—required approximately 45 min per run,
whereas our INLA-based JPS method completed in just 36 s
on average.

5 | Application to Real Data

In this section, we apply the proposed JPS to real-world data,
focusing on United States county-level cancer incidence rates and
associated health determinants. Specifically, we investigate the
impact of PM2.5 concentration, along with its spillover effects in
neighboring counties, on cancer incidence rates, while control-
ling for various potential confounding factors.

The analysis integrates data from multiple sources. The primary
outcome of interest, cancer incidence rates, is obtained from the
State Cancer Profiles database (https://www.statecancerprofiles.
cancer.gov/). These data report the number of cancer cases
per 100,000 residents in each U.S. county, averaged over the
period from 2017 to 2021. The explanatory variables used in
the analysis are derived from the County Health Rankings &
Roadmaps dataset (https://www.countyhealthrankings.org/
health-data/methodology-and-sources/data-documentation),
which includes various health and socioeconomic indicators
averaged over the 2013 to 2016 period. The dataset includes:
The average daily concentration of particulate matter (PM2.5),
the percentage of adult smokers, the percentage of individuals
classified as obese, the percentage of physically inactive individ-
uals, the percentage of individuals reporting excessive alcohol
consumption, the percentage of uninsured residents, high school
graduation rates, unemployment rates, and the percentage of
children living in poverty.

A key aspect of this analysis is the temporal shift between the
exposure variables and the cancer incidence data. Specifically,
cancer incidence rates reflect diagnoses between 2017 and 2021,
while the covariates are averaged over the 2013–2016 period.
Using a lag of four years between PM2.5 exposure and the
recording of lung cancer cases is a reasonable approach based
on the available literature. Several studies have highlighted the

Environmetrics, 2026 7 of 12

 1099095x, 2026, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/env.70097 by U

niversity D
egli Studi D

i Pale, W
iley O

nline L
ibrary on [24/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://www.statecancerprofiles.cancer.gov/
https://www.statecancerprofiles.cancer.gov/
https://www.statecancerprofiles.cancer.gov/
https://www.countyhealthrankings.org/health-data/methodology-and-sources/data-documentation
https://www.countyhealthrankings.org/health-data/methodology-and-sources/data-documentation
https://www.countyhealthrankings.org/health-data/methodology-and-sources/data-documentation


long-term effects of PM2.5 exposure on lung cancer development,
indicating that prolonged exposure can lead to significant health
outcomes, including cancer progression and increased mortality
rates (Acharjee 2018; Liao et al. 2020; Ciabattini et al. 2021; Wang
et al. 2023).

These covariates, along with the cancer incidence data and
geographic coordinates (latitude and longitude), were merged
using the Federal Information Processing Standards (FIPS) code.
Alaska and Hawaii were excluded due to their geographic sepa-
ration from the continental US. Additionally, within the included
states, counties with missing data belong to the states of Cal-
ifornia, part of Montana, Colorado, part of Nevada, part of
North Dakota, South Dakota, Nebraska, Kansas, Arkansas, and
Alabama. The final dataset used in the analysis includes data
from 2790 counties with complete information.

Table 5 reports the main descriptive statistics for the ten variables
used in the analysis. The variables display considerable variation,
particularly in health-related indicators such as incidence rate
and child poverty, which suggests potential heterogeneity across
the dataset.

Figure 1 displays the spatial distribution of PM2.5 concentrations
(panel a) and cancer incidence rates (panel b) across US counties.

Both variables exhibit substantial spatial heterogeneity and clus-
tering patterns that warrant careful attention in causal inference.

Particulate matter concentrations show marked regional vari-
ation, with notably higher levels concentrated in the Midwest
and parts of the South. Lower exposure levels are observed in
western mountain states and parts of the Northeast. This spatial
clustering likely reflects regional variations in emission sources,
environmental conditions, and socioeconomic factors affecting
air quality. Cancer rates (per 100,000 population) also demon-
strate considerable spatial structure, with higher incidence
concentrated in specific regional clusters, particularly visible
in parts of the South and Midwest, while lower rates are more
prevalent in western states.

Interesting spatial co-occurrence patterns between high
PM2.5 concentrations and elevated cancer rates can be noted,
particularly in certain regions of the Midwest and South.
However, the relationship is not uniform across the country:
Some areas with high pollution show moderate cancer rates
(see Nevada), while others with lower exposure exhibit elevated
incidence (e.g., the counties of Missouri). Moreover, the presence
of spatial spillover effects is also evident: Counties neighboring
high-pollution areas may experience indirect exposure through
atmospheric transport.

TABLE 5 | Descriptive statistics of variables used in the analysis.

Variable Name Role Min Mean Median Max SD

Incidence Rate (per 100k) Outcome 14.10 63.60 62.40 138.30 17.30
PM2.5 Concentration Treatment 8.05 11.57 11.75 14.82 1.46
Smoking Prevalence (%) Covariate 5.75 20.38 20.00 43.00 5.08
Obesity Prevalence (%) Covariate 13.25 30.90 31.00 45.25 3.75
Physical Inactivity (%) Covariate 11.00 27.68 27.75 41.75 4.89
Excessive Drinking (%) Covariate 5.25 15.72 15.50 34.00 4.48
Uninsured Rate (%) Covariate 3.25 17.48 17.50 38.50 5.38
High School Graduation Rate (%) Covariate 24.00 82.98 84.50 100.00 8.90
Unemployment Rate (%) Covariate 1.00 7.58 7.40 17.38 2.40
Child Poverty Rate (%) Covariate 3.00 24.62 24.25 58.00 9.00

FIGURE 1 | Spatial patterns of exposure and outcome variables across the continental United States. (a) shows PM2.5 concentrations (in 𝜇g/m3)
measured at county centroids. (b) displays age-adjusted cancer incidence rates (per 100,000 population). Grey-shaded counties represent locations with
missing data.
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TABLE 6 | Comparison of causal effect estimates across modeling approaches: Posterior means with 95% credible intervals and computational time.

Parameter JPS Giffin et al. (MCMC) Naive

Local Effect (𝛿1) 4.26 [2.93, 5.57] 5.10 [3.10, 7.14] 4.21 [3.82, 4.60]
Spillover Effect (𝛿2) 0.004 [0.003, 0.005] 0.004 [0.003, 0.006] 0.003 [0.003, 0.004]
Computation time 36 s 1,661 s (∼28 min) 0.18 s

To account for potential spatial spillover effects, we construct an
extended exposure variable incorporating information on ambi-
ent air pollution from neighboring areas, defined as a weighted
sum of PM2.5 concentrations from adjacent counties. The weights
are computed using a Gaussian kernel based on the Haversine
distances between county centroids. Formally, for county 𝑠, the
spillover exposure is given by

𝑋̃𝜏,−𝑠 =
∑
𝑠′≠𝑠

exp

(
−
𝑑2
𝑠,𝑠′

𝜏2

)
PM2.5,𝑠′ .

We explore a range of candidate values for 𝜏 through a grid search
procedure, selecting the optimal value based on the DIC from
the INLA outcome model, which includes relevant health-related
covariates. This process yields an optimal estimate of 𝜏 = 770,
and the corresponding spillover exposure variable is constructed
accordingly.

To ensure that the estimated spillover exposure captures only the
influence of neighboring areas and not local pollution, we residu-
alize the spillover variable with respect to the local PM2.5 concen-
tration. This step is necessary because the local measurement of
PM2.5 inherently includes pollution from adjacent regions due to
atmospheric diffusion and measurement proximity. As a result,
the constructed spillover variable may be partially collinear with
the local exposure.

To disaggregate these two sources of exposure, we fit a simple lin-
ear regression of the spillover term on local PM2.5:

𝑋̃𝜏,−𝑠 = 𝛼 + 𝛿 PM2.5,𝑠 + 𝜁𝑠,

and use the residuals 𝜁𝑠 (i.e., the portion of 𝑋̃𝜏,−𝑠 orthogonal
to PM2.5,𝑠) from this regression as the adjusted spillover compo-
nent. This residualized variable isolates the spatial externalities
attributable exclusively to neighboring areas, allowing for a more
precise estimation of local and spillover effects in subsequent
analyses.

Next, we estimate the bivariate JPS for the treatment–spillover
variables as specified in Equation (5), where both likelihoods are
assumed to be Gaussian. We fit this joint model using INLA, and
then extract the posterior mean

ê𝑠 = 𝔼
[
(PM2.5,𝑠, 𝜁𝑠)|𝒁𝑠

]
,

as our estimated propensity score for each county.

Finally, we fit the spatial outcome INLA model for the cancer
incidence rate 𝑌𝑠, incorporating the estimated propensity score
ê𝑠 to adjust for residual confounding. The model takes the form:

𝑌𝑠 = 𝛿0 + 𝛿1 PM2.5,𝑠 + 𝛿2 𝜁𝑠 + 𝜅 ê𝑠 + 𝝓𝑌 (𝑠) + 𝜀𝑠,

where 𝝓𝑌 (𝑠) is a spatial latent effect modeled via an SPDE
approach and 𝜀𝑠 ∼ 𝑁(0, 𝜎2) is independent noise. Here, 𝛿1 rep-
resents the direct effect of local PM2.5, 𝛿2 the spillover effect, and
𝜅 the coefficient on the propensity adjustment, which does not
have a causal interpretation.

Table 6 presents a comparison of causal effect estimates
across three modeling approaches: Our proposed JPS method
implemented via INLA, the MCMC-based approach of Giffin
et al. (2023), and a naive model that ignores spatial confounding.
For each method, we report posterior mean estimates with 95%
credible intervals for the local effect (𝛿1) and the spillover effect
(𝛿2), along with computational time.

The three methods yield similar conclusions regarding the pres-
ence and magnitude of causal effects, while differing in uncer-
tainty quantification. All three approaches detect a statistically
significant local effect, with point estimates ranging from 4.21
to 5.10. The JPS estimate of 4.26 is nearly identical to the naive
estimate of 4.21 but slightly lower than Giffin et al.’s 5.10. Crit-
ically, the naive model produces the narrowest credible interval
[3.82, 4.60], which likely reflects underestimation of uncertainty
due to not accounting for spatial confounding. In contrast, both
propensity score-based methods (JPS and Giffin et al.) yield wider
intervals that more appropriately reflect uncertainty in the pres-
ence of spatial confounding.

For the spillover effect, remarkable agreement emerges across all
three methods, with estimates of 0.004 (JPS and Giffin et al.),
0.003 (Naive), and substantially overlapping credible intervals.
This estimate suggests that the spillover effect is robustly iden-
tified regardless of whether spatial confounding is explicitly
modeled. However, we emphasize that this apparent robustness
should not be interpreted as justification for the naive approach:
In settings with stronger spatial confounding, the bias could be
far more severe.

From a model fit perspective, the JPS approach achieves a
DIC of 18, 565.09, substantially lower than the naive model’s
DIC of 19, 800.42. We note that DIC comparison with Giffin
et al.’s MCMC approach is not feasible, as INLA’s deterministic
approximations and MCMC’s sampling-based inference calculate
DIC through fundamentally different mechanisms that preclude
direct numerical comparison. Beyond model fit considerations,
the computational advantage of the JPS approach is substantial:
Our method completes in 36 s compared to approximately 28 min
(1661 s) for the MCMC approach.

From a public health perspective, the estimated local effects indi-
cate a strong impact of local PM2.5 exposure and cancer incidence:
A one-unit increase in PM2.5 concentration (𝜇g/m3) is associated
with statistically significant 4.26 additional cancer cases per
100,000 population (JPS). The spillover effect is statistically
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significant as well, as its credible interval excludes zero. This
effect quantifies the additional cancer risk attributable to PM2.5
exposure in neighboring counties, beyond what is captured by
local exposure. The spillover mechanism likely operates through
atmospheric transport of pollutants across county boundaries,
population mobility patterns (e.g., commuting to nearby coun-
ties), and potentially shared environmental or socioeconomic
determinants that span geographic areas. This finding aligns
with the extensive epidemiological literature documenting the
carcinogenic effects of fine particulate matter.

6 | Conclusion

This paper introduces a novel JPS approach to spatial causal
inference that leverages the computational efficiency of INLA
to address the challenges of confounding and interference in
spatial settings. Our methodology builds upon existing spatial
propensity score approaches by explicitly modeling the joint dis-
tribution of local treatment and spillover effects, while incorpo-
rating spatial random effects to account for unobserved spatial
confounding.

Several key contributions distinguish our approach. First, we
developed a joint model for treatment and spillover effects that
explicitly accounts for their spatial dependence structure, pro-
viding a more realistic representation of exposure mechanisms
in spatial settings. Second, our Bayesian predictive approach
treats counterfactual outcomes as missing data, enabling coher-
ent inference for causal effects through posterior predictive dis-
tributions. This formulation accommodates nonlinear response
models, allowing for flexible specification of outcome distribu-
tions beyond the Gaussian case. Third, by employing INLA’s
deterministic approximations rather than MCMC methods, we
achieve substantial computational gains without sacrificing accu-
racy, making our approach feasible for large spatial datasets and
complex models.

Our simulation studies were conducted using two distinct
settings. The first setting directly adopted the Gaussian data
generation framework proposed by (Giffin et al. 2023), while
the second setting represents our novel extension of this frame-
work to accommodate non-Gaussian (binary) responses. The
proposed method successfully recovered both local and spillover
effects across various confounding scenarios, maintaining low
bias even under complex nonlinear confounding functions.
Notably, our approach exhibited comparable accuracy to Giffin’s
MCMC-based methods while reducing computation time from
approximately 45 min to just 36 s per run, representing a sig-
nificant advance in computational efficiency for spatial causal
inference.

The application to U.S. county-level cancer incidence data fur-
ther validated our methodology in a real-world context. Our
analysis revealed that PM2.5 concentrations have both direct
local and meaningful spillover effects on cancer incidence rates,
even after controlling for potential confounders and account-
ing for spatial dependence. These findings highlight the impor-
tance of considering spatial interference when evaluating envi-
ronmental health impacts and carry important implications for
environmental health policy and regulatory decision-making.

First, the magnitude of the local effect suggests that even mod-
est reductions in PM2.5 concentrations could yield substantial
public health benefits at the population level. This underscores
the importance of continued efforts to meet current National
Ambient Air Quality Standards (U.S. Environmental Protection
Agency 2024).

Second, the presence of significant spillover effects highlights the
need for coordinated regional approaches to air quality manage-
ment rather than isolated county-level interventions. Pollution
control policies implemented in a single jurisdiction can gen-
erate positive health externalities in neighboring areas through
reduced atmospheric transport of pollutants. Conversely, failure
to regulate emissions in one county may undermine air quality
improvements in adjacent counties.

This spatial interdependence argues for multi-jurisdictional
coordination mechanisms, such as regional air quality man-
agement districts or interstate compacts, that can internalize
cross-boundary health effects and optimize pollution control
investments across broader geographic scales (Lin et al. 2023;
Ge et al. 2023). Third, the findings inform targeted intervention
strategies by revealing spatial heterogeneity in both exposure and
health outcomes. Counties with high local PM2.5 concentrations
should be prioritized for direct emissions controls, while counties
in high-pollution regions (even if their own levels are moderate)
may still face elevated cancer risks due to spillover and thus war-
rant attention in regional planning efforts.

Several limitations and directions for future research should be
noted. While our method handles spatial confounding effec-
tively, identifying causal effects still relies on the unconfound-
edness assumption, which may be violated in many practi-
cal settings. Future work could incorporate sensitivity analyses
designed explicitly for spatial settings to assess the robustness
of causal estimates to unmeasured confounding. For example,
we have implicitly assumed that 𝜙𝑌 , the spatial error com-
ponent in the outcome model, is independent of the spatial
components of the local and spillover exposures. If some spa-
tial confounders are not taken into account, such components
would show some degree of correlation. Additionally, extend-
ing our approach to handle temporal dynamics in spatial pro-
cesses would enable causal inference for spatio-temporal data,
an increasingly common data structure in environmental and
policy research.

In conclusion, our INLA-based spatial causal inference method-
ology offers a powerful and computationally efficient approach
to estimating causal effects in the presence of spatial interfer-
ence and confounding. By explicitly modeling spatial depen-
dence structures while maintaining computational tractability,
our method enables researchers to draw more reliable causal
conclusions from spatial data, with potential applications across
diverse fields including environmental epidemiology, economics,
and policy evaluation.
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Appendix A

Additional Simulation Results

In addition to the simulation scheme described in Section 4, we ran
another simulation study using the same setting described in Giffin
et al. (2023), with a single confounding variable. Results are shown in
Table A1.

TABLE A1 | Simulation bias multiplied by 1000 with standard errors
(Giffin et al. 2023 setting).

𝒉(𝒁𝒔) Model 𝜹1 𝜹2 𝝉

𝑊𝑠 JPS 32.10 (24.27) 10.34 (7.76) 0.00 (0.00)
Naive 238.62 (43.67) 22.08 (15.94) 100.00 (0.00)

−0.5(𝑊𝑠)3 JPS 32.18 (24.41) 10.34 (8.17) 0.00 (0.00)
Naive 382.64 (64.33) 126.59 (52.38) 111.60 (32.67)

exp(𝑊𝑠) JPS 32.12 (24.08) 9.10 (6.80) 0.00 (0.00)
Naive 202.42 (57.00) 220.44 (96.01) 37.00 (48.33)

12 of 12 Environmetrics, 2026

 1099095x, 2026, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/env.70097 by U

niversity D
egli Studi D

i Pale, W
iley O

nline L
ibrary on [24/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://www.epa.gov/pm-pollution/final-reconsideration-national-ambient-air-quality-standards-particulate-matter-pm
https://www.epa.gov/pm-pollution/final-reconsideration-national-ambient-air-quality-standards-particulate-matter-pm
https://www.epa.gov/pm-pollution/final-reconsideration-national-ambient-air-quality-standards-particulate-matter-pm
https://www.epa.gov/pm-pollution/final-reconsideration-national-ambient-air-quality-standards-particulate-matter-pm

	Causal Inference for Geostatistical Data Using an INLA-based Spatial Propensity Score
	Abstract
	1 | Introduction
	2 | Background
	3 | Causal Inference With Joint Propensity Score
	3.1 | Basics of INLA
	3.2 | Joint Modeling of Treatment and Spillover
	3.3 | Estimation of Causal Effects

	4 | Simulation Study
	5 | Application to Real Data

	6 | Conclusion
	Acknowledgments
	Funding
	Conflicts of Interest
	Data Availability Statement
	References
	Appendix A Additional Simulation Results

