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Abstract

The abundance of fine-grained spatio-temporal data, such as
traffic sensor networks, offers vast opportunities for scien-
tific discovery. However, inferring causal relationships from
such observational data remains challenging, particularly due
to unobserved confounders that are specific to units (e.g.,
geographical locations) yet influence outcomes over time.
Most existing methods for spatio-temporal causal inference
assume that all confounders are observed, an assumption
that is often violated in practice. In this paper, we introduce
Spatio-Temporal Hierarchical Causal Models (ST-HCMs), a
novel graphical framework that extends hierarchical causal
modeling to the spatio-temporal domain. At the core of our
approach is the Spatio-Temporal Collapse Theorem, which
shows that a complex ST-HCM converges to a simpler flat
causal model as the amount of subunit data increases. This
theoretical result enables a general procedure for causal iden-
tification, allowing ST-HCMs to recover causal effects even
in the presence of unobserved, time-invariant unit-level con-
founders, a scenario where standard non-hierarchical models
fail. We validate the effectiveness of our framework on both
synthetic and real-world datasets, demonstrating its potential
for robust causal inference in complex dynamic systems.

Code — https://github.com/CAMELLIAxt/ST-HCMs

Introduction

Fine-grained spatio-temporal data are becoming ubiquitous,
generated by sources ranging from satellite imagery in en-
vironmental science to sensor networks in urban planning
(Wang et al. 2018; Xu and Zhou 2024; Ali et al. 2024; Dong
etal. 2024; Li, Li, and Zhou 2025). Such data inherently pos-
sess a hierarchical structure, offering unprecedented oppor-
tunities to uncover causal mechanisms in complex dynamic
systems. However, reliable causal inference from observa-
tional data remains challenging (Herndn and Robins 2010;
Reich et al. 2021), obscuring mechanistic insights and im-
peding accurate policy intervention predictions in complex
spatio-temporal systems like urban operations (Zhang and
Ning 2023; Dong, Zhang, and Zhang 2025; Xie et al. 2025a).

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
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Figure 1: An example of hierarchical causality in traffic.

Consider the urban traffic system in Figure 1, where a city
is divided into several regions (units), and within each re-
gion, numerous sensors monitor traffic flow (outcome) on
specific road segments (subunits). A traffic accident (treat-
ment) can disrupt the flow, but a region’s unique characteris-
tics, such as its geographical layout and road network struc-
ture, serve as an unobserved confounder. This confounder
affects both the likelihood of accidents and typical traffic
patterns, making it difficult to disentangle the true causal ef-
fect of an accident from the region’s inherent characteris-
tics (Weinstein and Blei 2024; Clarke and Polselli 2025).
The problem is further compounded by temporal dynam-
ics and spatial spillovers from neighboring regions, which
introduces additional layers of complexity (Robins 1986;
Aronow and Samii 2017; Reich et al. 2021).

This hierarchical structure offers a powerful, yet often un-
derutilized, path forward. Standard analytical methods of-
ten bypass this structure, instead relying on the strong “no
unmeasured confounding” assumption (Herndn and Robins
2006; Ali, Faruque, and Wang 2024; Oprescu et al. 2025),
which is untenable for complex systems like the one in Fig-
ure 1. While instrumental variables (IV) provide a theoreti-
cal alternative (Martinussen et al. 2017; Cheng et al. 2024),



finding a valid instrument that is both relevant and exoge-
nous is notoriously difficult in practice. Methods like fixed-
effect (FE) models do leverage within-unit variation (An-
grist and Pischke 2009; Jensen, Burroni, and Rattigan 2020),
but they typically impose restrictive parametric assumptions,
such as linearity, limiting their applicability.

In contrast, our approach builds on the key insight illus-
trated in Figure 1: we treat each unit as a local natural experi-
ment, enabling non-parametric estimation of region-specific
causal effects by analyzing the relationship between treat-
ments and subunit-level outcomes. This paper extends this
powerful principle to spatio-temporal settings, where such
effects are confounded not only by static heterogeneity but
also by dynamic evolution and spatial interactions.

While the idea of leveraging hierarchical structure for
causal inference has been explored in static settings (We-
instein and Blei 2024), its extension to the spatio-temporal
domain presents non-trivial. The introduction of time and
space creates two fundamental challenges: (1) dynamic
confounding, where the history of the system acts as a time-
varying confounder for future treatments and outcomes, and
(2) spatial confounding, where the states of neighboring
units interfere with each other’s causal processes. To ad-
dress these challenges, we introduce Spatio-Temporal Hi-
erarchical Causal Models (ST-HCMs), a novel graphical
framework that explicitly models these dependencies. The
core of our solution is a Spatio-Temporal Collapse Theo-
rem, which provides a theoretical guarantee that the com-
plex, dynamic ST-HCM mathematically converges to a sim-
pler, equivalent representation. This theorem is the key that
enables causal identification, allowing us to disentangle ef-
fects from the web of spatio-temporal confounding.

The contributions of this paper are as follows:

e Conceptually, we propose the first graphical frame-
work (ST-HCMs) for causal modeling of nested spatio-
temporal data, providing a formal formulation to reason
about causality within spatio-temporal systems.

Theoretically, we prove a Spatio-Temporal Collapse
Theorem (Theorem 2) that guarantees a complex ST-
HCM converges to a simpler, equivalent model, which in
turn enables causal identification (Theorem 3,4) despite
unobserved confounders.

Experimentally, we validate our framework through
extensive simulations, showing that it robustly recov-
ers causal effects despite unobserved confounders and
spatial spillovers. On a real-world dataset, we further
demonstrate that it substantially reduces the biases inher-
ent to traditional non-hierarchical models.

Preliminaries

Notation Consider a system composed of IV units, in-
dexed by ¢ € {1,..., N}, observed over T discrete time
steps, indexed by ¢t € {1,...,T}. Each unit ¢ contains m;
subunits, indexed by j € {1,...,m;}. For simplicity, we
assume m; = m for all 7. Let V' be a finite index set for en-
dogenous variable types. This set is partitioned into subunit-
level variables S and unit-level variables U = V' \ S.
We define the key variables as follows:
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Figure 2: Hierarchy and Collapsing in HCMs.

X+ The value of a subunit-level variable v € S for
subunit j in unit ¢ at time .

X% The value of a unit-level variable w € U for unit ¢
at time ¢.

X <¢+: The full history of all variables associated with
unit ¢ prior to time ¢.

N (i): The set of spatial neighbors of unit 4.

X' A generic state space. P(X') denotes the space of all
probability measures on X'

U;: A time-invariant, unobserved random variable repre-
senting the static latent properties of unit :.
v .

Vit €15, Time-varying exogenous noise variables at the
unit and subunit levels, respectively.

Causal Graphical Models and HCMs A Causal Graph-
ical Model (CGM) represents causal relationships as a Di-
rected Acyclic Graph (DAG), where nodes are variables and
directed edges denote causal effects. Interventions are de-
noted by the do-operator (Pearl 2009).

The static Hierarchical Causal Model (HCM) framework
(Weinstein and Blei 2024) is designed to overcome con-
founding in nested data. As illustrated in Figure 2a, in a stan-
dard aggregated view, an unobserved confounder U; biases
the estimated effect of treatment A; on outcome Y;. The key
insight of HCM is to leverage the fine-grained subunit data
within each unit, as depicted in Figure 2b. This hierarchical
structure enables a powerful identification strategy known
as collapsing. The procedure transforms the HCM into an
equivalent, flat causal graph (Figure 2c, where the subunit-
level causal mechanisms are succinctly captured by new ran-
dom variables, termed Q-variables (e.g., Q¢, Qfla). How-
ever, the static HCM is limited to cross-sectional settings
and does not account for temporal dynamics or spatial de-
pendencies, which are essential in spatio-temporal domains.
Our work extends this collapsing principle to the dynamic
spatio-temporal domain.

Spatio-Temporal Hierarchical Causal Models
In this section, , we introduce the proposed Spatio-Temporal
Hierarchical Causal Model (ST-HCM). To build intuition,
we first extend the static HCM to the temporal setting (T-
HCM), then incorporate spatial dependencies to obtain the
ST-HCM and establish its convergence properties.

A Temporal Extension: T-HCMs

Definition 1 (Temporal Hierarchical Structural Causal
Model (T-HSCM)). A T-HSCM, M _pscm, is defined by:



(1) a summary causal graph Gr whose unrolling over
time yields a DAG; (2) a set of static exogenous variables
U, ~ P(U); (3) sets of time-varying exogenous noises
{8} A€} and (4) a set of deterministic mechanism
Sunctions {f*},cv. The value of each endogenous variable
is generated as follows:

e For a subunit-level variable v € S':

x;)j,t = fv(Ui>PaU(xf,t)»l’as(xfj,t),Xz‘,<t,%p,ta Egj,t)'
e For a unit-level variable w € U:
xfjt = fw(Uiaan(x;J,}t)a
{{xfj,t}v’Epas(w,t)}Tzlv Xi,<t77z'lt)t)v

where the mechanism f* is permutation-invariant with
respect to the subunit index j.

By integrating out the exogenous noises from the struc-
tural model, we obtain the T"THCGM. This graphical model
is described by stochastic mechanisms, centered on the dy-
namic evolution of Q-variables, which represent the condi-
tional distributions governing subunit-level phenomena.

Definition 2 (Temporal Hierarchical Causal Graphical
Model (T-HCGM)). A T-HCGM, M;_pcqm, corresponding
to a T-HSCM, is characterized by a two-stage generative
process at each time step t:

1. Q-variable Evolution: A vector of Q-variables Q; ; is
generated for each unit i, conditional on its macro-
history: Qii ~ plai|Us, Si<i) where Si
(ng, Qi <) is the macro-history.

Variable Generation: Endogenous variables are drawn
conditional on the current Q-variables and their history.

~

To prove the convergence of this model to a simpler, col-
lapsed representation, we require the following assumptions.

Assumption 1 (Mechanism Convergence). For any w € U,
its conditional distribution’s generating mechanism is con-
tinuous with respect to the empirical measure of its subunit-
level parent histories. Let P; < be the true probability mea-
sure on the subunit history space, determined by the macro-
history Histff;lt = (Ui, Si <t). Let 751'7,,L7<t be the empirical
measure from m subunits. We assume:

lim ]Eﬁqz,m,«, [KL(p(X;f)t|Si,<t, Pi <t)

m—r 00
| p(X]Si.<t, Pism.<t))] = 0. )

This assumption formalizes the idea that with enough sub-
unit data, the uncertainty from sampling subunit histories be-
comes negligible for determining unit-level outcomes .

Assumption 2 (Regularity of State Spaces). The state
spaces for all variables are Polish spaces. Furthermore,
the class of functions defining subunit histories forms a
Glivenko-Cantelli class, ensuring the uniform convergence
of empirical measures.

This is a standard technical condition for ensuring the reg-
ularity of the underlying probability spaces (Herndn and
Robins 2006; Ali, Faruque, and Wang 2024).
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Theorem 1 (Convergence of T-HCMs). Under Assumptions
1 and 2, as the number of subunits m — oo, the joint distri-
bution of the macro-state history from a T-HCGM, marginal-
ized over subunit variables (P77, converges in Kullback-
Leibler divergence to the distribution of its corresponding
Dynamic Collapsed Model (P, ). For any finite time T':
T&gnoo KL(P.oi1 || P;Z“TT-") =0. )
Proof Sketch. The proof proceeds by mathematical induc-
tion on the time step ¢, using the chain rule: KL(P;||Q;)
KL(P—1[|Qi—1) + Ep,_, [KL(P (S| He—1)[|Q(Se| Hi-1))]-
The inductive step shows that the expected KL-divergence
of the one-step transition kernels converges to zero. We de-
compose this inner KL term into two parts: one for the Q-
variable evolution and one for the unit-level variable gener-
ation. The KL-divergence for the Q-variable part is identi-
cally zero by definition, as the collapsed model preserves
this mechanism exactly. The KL-divergence for the unit-
level variable part converges to zero due to a continuous
mapping argument: Assumption 2 ensures the convergence
of the input, and Assumption 1 ensures the continuity of the
function. Thus, the output distributions converge. O

The Framework: ST-HCMs

We now incorporate spatial dependencies to construct the
full Spatio-Temporal Hierarchical Causal Model. This intro-
duces new challenges, primarily the symmetric, contempo-
raneous interactions between units, which can create cycles
in the causal graph. We address this by imposing a causal
ordering on spatial interactions.

Definition 3 (Spatio-Temporal Hierarchical Causal Graph-
ical Model (ST-HCGM)). An ST-HCGM, Mgt _phcgm, ex-
tends the T-HCGM by allowing the generating mechanisms
to depend on the states of spatial neighbors N (7).

* The Q-variable evolution for unit i now depends on its
own macro-history and that of its neighbors:

Qit ~ p(:|Ui, Si,<t, {Sk,<t ren(i))- 3)

* The generation of unit-level variables X', similarly de-
pends on the history of unit i and its neighbors N (7).

To ensure the model is well-defined, we introduce the fol-
lowing assumptions regarding its spatial structure.

Assumption 3 (Spatial Markov Property (S1)). The state of
any unit © at time t is conditionally independent of all non-
neighboring units, given the history of unit i and its desig-
nated neighbors N (i).

Assumption 4 (Spatial Causal Ordering (S2)). There ex-
ists a known, global ordering < on the set of all units
{1,...,N}. For any two neighbors i,j € N (i), contem-
poraneous causal influence is unidirectional: unit j can in-
fluence unit i at time t only if j < 1.

Assumption 5 (Spatial Homogeneity (S3)). All units share
the same set of mechanism functions {f*}. The functional
form of spatial influence is invariant across space, depend-
ing only on the relative relationship between units, not their
absolute identities .
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Figure 3: The challenge of identifiability.

Theorem 2 (Convergence of ST-HCMs). Under Assump-
tions 1, 2, and 3-5, as the number of subunits m — oo,
the joint distribution of the macro-state history from an ST-
HCGM, marginalized over subunit variables (P, 7). con-
verges in Kullback-Leibler divergence to the dlsmbutlon
of its corresponding Spatio-Temporal Dynamic Collapsed
Model (P.o7,n). For any finite N and T':

im KL(Peovrn || Prigy) = 0. “
Proof Sketch. We construct a single “Super-Unit” model,

Muper, Whose state at time ¢ is the concatenated vec-
tor of states of all N spatial units, i.e., Seupert
(S14t,-.-,SN+). Assumption 4 guarantees that the inter-
nal dependencies within this Super-Unit’s state vector at any
time ¢ are acyclic. Then Mype, is a valid (though high-
dimensional) T-HCM satisfying all premises of Theorem 1.
Since the collapse for Mg, is mathematically equivalent
to the collapse process for the original ST-HCM. the conver-
gence guaranteed by Theorem 1 for Mgy, directly implies
the convergence for the ST-HCM. 0

Identification and Estimation

Having established definition and convergence properties for
ST-HCMs, we now address its primary purpose: enabling
causal inference from spatio-temporal data. This section
tackles identifiability, determining when causal effects can
be uniquely computed from observational data. We develop
sufficient conditions for identifiability in ST-HCMs.

The Identifiability Problem in Dynamic HCMs

The fundamental challenge of causal inference in dynamic
hierarchical systems is threefold (Figure 3). First, we face
unobserved unit-level confounding, represented by variable
U;. Second, the system’s history acts as a confounder for
current treatments and future outcomes. Third, neighbor-
ing units’ states can confound effects, creating spatial de-
pendencies that traditional methods cannot address. Our
goal is to identify the full post-intervention distribution
P(Yy|do(A; = a*)), which describes the outcome at a
location k and time ¢ under an intervention on a treatment at
location 4 and time ¢’. Thanks to the convergence theorems
(Theorems 1 and 2), this problem is equivalent to identifying
the effect in the corresponding Dynamic Collapsed Model
(DCM). Our identifiability results are derived by analyzing
the graphical structure of this DCM.

Identifiability via Sequential Adjustability

Our first identification strategy relies on the principle of ad-
justing for a sufficiently rich set of observed covariates to

23233

block all backdoor paths between treatment and outcome.
We begin by stating the result for the purely temporal case,
which forms the foundation for the more general theorem.

Proposition 1 (Identifiability in T-HCMs via Adjustability).
In a T-HCGM satisfying the premises of Theorem 1, the
causal effect of a subunit-level treatment A;; ' on a future
outcome Y (t > t') is identifiable if, in its corresponding
DCM, all backdoor paths from the treatment node Qf‘t, to

the outcome node Q are blocked by conditioning on the
observable macro- hlstory S; <v.

This principle naturally extends to the full spatio-temporal
setting, where the adjustment set must also include the his-
tory of spatial neighbors.

Theorem 3 (Identifiability in ST-HCMs via Adjustability).
In an ST-HCGM satisfying the premises of Theorem 2, the
causal effect P(Yy, ;| do(A; v = a*)) is identifiable if, in its
ST-DCM, all backdoor paths from the treatment th, to the

outcome QY , are blocked by conditioning on the observable
spatio-temporal history. This history comprises the macro-
states of unit i and its neighbors N (i) prior to time t'.

Identifiability via Dynamic Instruments

When a sufficiently rich history is not observable, we can
achieve identification by leveraging an exogenous source of
variation—an instrumental variable.

Proposition 2 (Identifiability in T"-HCMs via Instruments).
In a T-HCGM, the causal effect of A;; on Yij, is identi-
fiable if there exists a valid subunit-level instrumental vari-
able Z;; v. A valid instrument must (1) be a cause of A;j v
(relevance) and (2) have no unblocked backdoor path to Y ; 4
in the DCM that does not pass through A;j 4.

This result also generalizes directly to the spatio-temporal
framework, requiring a correspondingly instrument.

Theorem 4 (Identifiability in ST-HCMs via Instruments). In
an ST-HCGM, the causal effect P(Yy, | do(A; v = a*)) is
identifiable if there exists a valid spatio-temporal subunit-
level instrumental variable Z;; . A valid instrument must
satisfy the exclusion restriction with respect to the entire sys-
tem: its node th, in the ST-DCM must be d-separated from
all static confounders {Uy} and the complete, unobserved
history of the entire spatio-temporal system.

ATE with Time-Invariant Spatial Confounding

To demonstrate our framework’s practical power, we fo-
cus on a classic problem in real-world applications: esti-
mating average treatment effects with unobserved, time-
invariant spatial confounding. This scenario is insightful
since traditional spatio-temporal methods often fail, while
our hierarchical structure provides a unique solution.

Problem Formulation We consider an ST-HCM where
the primary challenge is an unobserved, time-invariant, unit-
level confounder, U;. This confounder affects the treat-
ment assignment, outcomes, and potentially the dynamics
of neighboring units through spatial spillover, creating com-
plex confounding across both time and space.



Our goal is to identify and estimate the Average Treat-
ment Effect (ATE) of a global, static treatment policy.
Specifically, we are interested in the effect on the outcome at
a future time horizon T, resulting from setting the subunit-
level treatment A to a constant value a* for all units ¢ and all
time steps t < T'. The formal estimand is:

ATE7 = E[Yr|do(A, = 1)] - E[Yz|do(4, = 0)], (5)

where E[Yr|do(A; = a*)] denotes the expected global av-
erage outcome at time 7" under the specified policy.

Identification Strategy The identification of this ATE is
made possible by our theoretical framework, specifically by
applying Theorem 3. The strategy involves three concep-
tual steps: (1) collapsing the ST-HCM to its equivalent ST-
DCM, as guaranteed by Theorem 2; (2) applying a condi-
tional version of sequential adjustment on the ST-DCM; and
(3) leveraging the hierarchical structure to average out the
unobserved confounder U;.

Assuming that the dynamic and spatial confounding paths
are blockable by the observable history (comprising the his-
tory of unit ¢ and its neighbors N (¢)), Theorem 3 ensures
that the ATE is identifiable. The identification formula can
be expressed as an expectation over the distribution of the
unobserved confounders U = (Uq, ..., Uyn):

E[YT|dO(At = a*)} = EU [EG—Comp[YT‘dO(At = a*), U]] .

The inner expectation, Eg_comp|], represents the conditional
causal effect for units with fixed static properties U, which
can be computed via a recursive procedure analogous to
Robins’ G-Computation formula. The outer expectation,
Ey[], is then computed by averaging these conditional ef-
fects over the population of units.

Estimation Algorithm We translate the identification
strategy into a practical, two-stage estimation algorithm.

Stage 1: Learning Conditional Dynamics. For each unit
i, we estimate a unit-specific model, M;, that captures the
full spatio-temporal dynamics conditional on its latent static
properties U;. This model is trained on the subunit-level
panel data centered at unit ¢, including the histories of its
neighbors. The choice of model for M, is flexible. Any
method capable of capturing the relevant temporal and spa-
tial dependencies can be employed, provided it can yield
an estimate of the conditional expectation of the outcome.
As our core contribution lies in the causal identification
framework itself, rather than a specific predictive model,
we prioritize methods that are well-established and inter-
pretable. Suitable candidates range from parametric mod-
els, such as Linear Mixed-Effects Models (LMM) (Faraway
2006), to non-parametric approaches like Gradient Boosting
Machines (GBM) (Natekin and Knoll 2013).

Stage 2: Conditional G-Computation via Simulation.
With the trained models { M}, we simulate the effect of
the intervention for each unit and then aggregate the results.
The procedure is detailed in Algorithm 1. For each unit 3,
we recursively simulate the system’s evolution under a fixed
treatment policy a*. At each time step ¢, the model M pre-
dicts the outcome g; ,(a*) based on the simulated history of

Algorithm 1: ATE Estimation in ST-HCM

1: Input: Spatio-temporal data D, time horizon 7.
2: Output: Estimated Average Treatment Effect XT\ET.
3. Stage 1: Learning Conditional Dynamics
4: Train a set of unit-specific models {M;}}¥ | from D.
5: Stage 2: Simulation and Aggregation
6: Initialize result sets R < 0, Ry < 0.
7: for a* € {0,1} do
8: fori=1to N do
9: Initialize simulation history H,;.
10: fort =1to T do
11: Get neighbors’ history Har(;),«¢ from D.
12: Predict outcome gf‘; - M;(do(4A; =
a*)vHiaHN(i)7<t)' .
13: Update #; + H,; U {(a*, 3% )}.
14: end for . /
15: Add final outcome @fa ) to result set Rax-
16:  end for
17: end for

18: Final Calculation

19: E[Yr|do(A; = 1)] < mean(R4).

20: E[Y7|do(A; = 0)] + mean(Ry).

21: ATE « E[Yr|do(4; = 1)] — E[Yr|do(A; = 0)].
22: return A/TTET

unit ¢ and the observed history of its neighbors. The final
outcome at time T, [i;(7T'; a*), represents an estimate of the
conditional causal effect for that unit. Finally, we average
these estimates across all units to obtain the ATE.

Experiments

We conduct experiments on both a synthetic setting and a
real-world case to evaluate ST-HCMs. We design 4 research
questions to guide the evaluation:

« RQ1 (Correctness) Can our method recover known
causal effects in an ideal synthetic setting?

* RQ2 (Superiority) How does our framework perform
compared to baselines that neglect either the hierarchical
structure or spatio-temporal dependencies of the data?

* RQ3 (Robustness) How robust is our method to viola-
tions of its key assumptions?

* RQ4 (Applicability) How sensitive are causal estimates
to underlying structural assumptions in a real-world sys-
tem, and how does ST-HCM address this challenge?

We implement our estimator with Linear Mixed Models
(LMM) and Gradient Boosting Machines (GBM) models to
serve as the unit-specific conditional mechanism M.

Simulation Experiments

Correctness To verify the fundamental correctness of our
proposed estimation procedure, we first assess its ability to
produce unbiased and consistent estimates of the Average
Treatment Effect (ATE). We generate data from a canonical
spatio-temporal hierarchical process with a known true ATE.
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Figure 4: Validation of ST-HCM estimator.

Figure 4 demonstrates the statistical properties of our ST-
HCM estimator. The left panel shows the distribution of
ATE estimates over multiple independent trials. The mean
of this distribution (4.91) is nearly identical to the true ATE
(5.0), demonstrating that our estimator is unbiased. The
right panel shows that the absolute estimation error con-
verges towards zero as the number of subunits per unit (m)
increases. This confirms the consistency of our estimator, a
key property guaranteed by our Collapse Theorem 2. These
results provide strong evidence that our framework is cor-
rectly specified and theoretically sound (answering RQ1).

Superiority over Baselines Having established the cor-
rectness of our framework, we now conduct a rigorous stress
test to evaluate its superiority over several strong base-
lines in the presence of unobserved confounding and spatial
spillovers. To isolate the core causal identification capabil-
ities of each method, we instantiate our framework and the
hierarchical baselines using Linear Mixed Models (LMMs).
This creates a challenging but well-understood linear setting
where performance differences can be clearly attributed to
the structural assumptions of each model. We compare our
ST-HCM (LMM) against two primary classes of baselines:

1. Aggregated Models: A standard spatio-temporal LMM
applied to data aggregated at the unit-time level, which

ignores the hierarchical structure.

. Non-Spatial Models: A Temporal HCM that models the
hierarchy but ignores spatial dependencies, equivalent to
a panel data model with fixed effects.

Table 1 presents the ATE absolute error for these models
across a wide grid of confounding strengths () and spatial
spillover strengths (p). The results reveal two clear patterns.

First, hierarchy is essential for handling confounding.
Across all levels of spatial spillover (all row groups), the
error of the Aggregated model increases dramatically with
the confounding strength. In contrast, both hierarchical mod-
els (T-HCM and ST-HCM) maintain low error, demonstrat-
ing their robustness to the unobserved unit-level confounder
U,. For instance, at p = 2.0 and v = 4.0, the Aggregated
model’s error is 7.94, whereas the hierarchical models’ er-
rors are an order of magnitude smaller.

Second, spatial modeling is crucial under spillover.
While the T-HCM performs well when spillover is mild

23235

Confounding Strength ()

p  Model 0.0 1.0 2.0 3.0 4.0
Aggregated 0.173 1909 2.886 3.009 3.086
0.0 T-HCM 0.054 0.070 0.084 0.126 0.114
ST-HCM 0.057 0.073 0.086 0.118 0.117
Aggregated 0.189 2.261 3.624 4.013 4.260
1.0 T-HCM 0.132 0.108 0.161 0.251 0.224
ST-HCM 0.056 0.066 0.076 0.127 0.121
Aggregated 0.211 3420 5.051 5950 6.734
1.5 T-HCM 0.174 0.135 0.335 0.507 0.606
ST-HCM 0.058 0.066 0.064 0.123 0.113
Aggregated 0.228 3.962 5.620 6.819 7.942
2.0 T-HCM 0.329 0.271 0.894 1320 2.354
ST-HCM 0.056 0.072 0.070 0.124 0.110

Table 1: Mean ATE Absolute Error for different levels of
confounding strength () and spatial spillover (p). Both T-
HCM (no spatial modeling) and ST-HCM (full model) are
proposed hierarchical estimators. T-HCM is optimal when
p = 0, while ST-HCM excels when p > 0, demonstrating
the importance of correctly specifying spatial dependencies.

(p = 0.0,0.5), its error systematically increases as p grows.
Our proposed ST-HCM, which explicitly models these spa-
tial dependencies, consistently maintains the lowest error
across nearly all settings. Aty = 4.0, as p increases from 0.0
to 2.0, the error of the T"-HCM explodes from 0.11 to 2.35,
while our ST-HCM’s error remains stable at approximately
0.11. These findings indicate that our ST-HCM framework,
by correctly modeling both the hierarchical structure and
spatio-temporal dependencies, provides substantially more
accurate causal estimates than methods that ignore either di-
mension of the data’s complexity (answering RQ2).

Robustness We assess the robustness of our ST-HCM
(LMM) estimator by systematically violating two key as-
sumptions: the time-invariance of the unobserved con-
founder and the causal ordering of spatial effects (Assump-
tion 4). Our simulations are based on a challenging linear
setting (N = 16, m = 50,7 = 8) with fixed baseline con-
founding (y = 2.0) and spatial spillover (p = 1.5).

As illustrated in Figure 5, our proposed model demon-
strates considerable robustness. When the time-invariance
assumption is relaxed by introducing a temporal drift to the
confounder (Figure 5a), the error of our ST-HCM (LMM)
increases mildly but remains significantly lower than that of
the non-spatial T-HCM baseline. More impressively, when
the spatial ordering assumption is violated by introducing si-
multaneous feedback loops (Figure 5b), the performance of
our ST-HCM (LMM) remains nearly unaffected, maintain-
ing a consistently low error and substantially outperforming
both the T-HCM and Aggregated baselines across all viola-
tion intensities. This suggests our framework is a robust tool
for practical applications where these assumptions may not
strictly hold (answering RQ3).
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Figure 6: Real-world application.

Real-World Application: Urban Traffic Dynamics

We demonstrate the applicability of our framework in real-
world using a Chicago traffic data set'. Our analysis uses
traffic speed data from 1,025 road segments (subunits)
across 29 traffic regions (units) over a one-week period,
comprising over 1.2 million observations and 1943 treat-
ment events (Figure 6a).

To capture the complex non-linearities inherent in traffic
systems, we employ Gradient Boosting Machines (GBM) as
the implementation for the unit-specific conditional mecha-
nism M ;. We compare our full ST-HCM against a T-HCM
that ignores spatial effects, and an Aggregated model that
ignores the hierarchy entirely.

Results summarized in Figure 6b reveal that causal esti-
mates are sensitive to structural assumptions. Progressively
incorporating the hierarchical and then the spatial structure
systematically attenuates the estimated ATE. Notably, this
process also sharpens the posterior distribution, demonstrat-
ing that a more correctly specified model yields not only a
less biased but also a more precise estimate by disentangling
the treatment effect from unobserved confounders and spa-
tial spillovers (answering RQ4).

"https://data.cityofchicago.org/

Related Work

Hierarchical causal models The hierarchical causal
model framework (Weinstein and Blei 2024), exploits sub-
unit variation to address unobserved unit-level confounding,
generalizing fixed-effects and related econometric methods
(Gelman and Hill 2007; Wooldridge 2010). However, they
are designed for static i.i.d. settings and cannot capture
temporal or spatial dependencies. Recent advances such as
DML-panel methods with correlated random effects and dy-
namic multivariate panel models suggest possible extensions
toward temporal settings (Clarke and Polselli 2025; Tikka
and Helske 2024). Our ST-HCMs extend HCMs by explic-
itly modeling temporal dynamics and spatial interactions
while still addressing latent unit-level confounders.

Causal inference for spatio-temporal data Existing ap-
proaches fall into two categories: (1) causal discovery meth-
ods that learn dynamic causal graphs from observational
data (Pamfil et al. 2020; Zhao et al. 2023; Gong et al. 2024;
Wang et al. 2025), and (2) causal effect estimators that adapt
frameworks like G-computation, marginal structural models,
or propensity scores to dynamic or spatial settings, with re-
cent extensions using recurrent or transformer architectures
(Bica, Alaa, and van der Schaar 2020; Melnychuk, Frauen,
and Feuerriegel 2022; Bhattacharya and Sen 2024; Li et al.
2025; Oprescu et al. 2025). However, most assume no la-
tent unit-level confounders, which is unrealistic in domains
like environment or transportation. In contrast, ST-HCMs
address this gap by structurally incorporating unobserved,
static confounders, enabling more credible causal inference.

Panel data and IV-based causal inference Panel meth-
ods such as fixed effects, difference-in-differences, and syn-
thetic control estimate effects via within-unit variation or
counterfactuals (Wooldridge 2010; Abadie, Diamond, and
Hainmueller 2010), but their i.i.d. and linearity assump-
tions limit use in spatio-temporal contexts (Millimet and
Bellemare 2023; Arkhangelsky and Imbens 2024). IV-based
approaches mitigate confounding, for example through
DeeplV and semiparametric IVs (Hartford et al. 2017; Xie
et al. 2025b; Cui et al. 2025); and the recent Time-dependent
Instrumental Factor Model (TIFM) addresses time-varying
confounders with learned substitutes (Cheng et al. 2024).
Nevertheless, IV methods rely on valid instruments, which
are frequently difficult to obtain. The proposed ST-HCMs
offer a flexible solution by integrating hierarchical modeling
with graphical and spatio-temporal reasoning.

Conclusion

In this paper, we introduced Spatio-Temporal Hierarchical
Causal Models (ST-HCMs), a novel framework enabling
reliable causal inference from nested spatio-temporal data.
Our theoretical foundation rests on a Spatio-Temporal Col-
lapse Theorem, guaranteeing that hierarchical models con-
verge to simpler, tractable counterparts, providing rigor-
ous causal identification. Extensive experiments validate this
framework, demonstrating theoretical soundness, practical
advantages over baselines that ignore hierarchy or spatial ef-
fects, and robustness to assumption violations.
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