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Abstract

The increasing interconnectedness of the global economy has profoundly altered the
way economic, environmental, and social phenomena evolve across space and time.
Countries, regions, firms, and households are no longer isolated decision-making
units; instead, they are embedded in dense networks of geographical proximity, trade
relations, supply chains, migration flows, technological diffusion, and institutional
linkages. Shocks arising in one location often propagate rapidly to others, generating
complex patterns of dependence that challenge traditional econometric frameworks
built on cross-sectional independence. At the same time, the strength, direction,
and persistence of these spillovers depend on the structural characteristics of the
interacting units. Differences in economic development, human capital, technological
readiness, governance quality, infrastructure, and sectoral composition may shape
both how strongly a unit influences its neighbors and how responsive it is to external
stimuli. These considerations suggest that spatial dependence and structural
heterogeneity are not separate phenomena, but rather two intertwined dimensions
of the same underlying process.
The spatial econometrics literature has long emphasized the importance of modeling
spatial dependence explicitly. Building on the insight that nearby units tend
to be more strongly related than distant ones, formalized in Tobler’s First Law
of Geography (Tobler, 1970), spatial autoregressive and spatial Durbin models
have become standard tools for capturing endogenous and exogenous spillovers
across space (LeSage and Pace, 2009; Elhorst, 2010). In parallel, a large literature
has highlighted the presence of spatial heterogeneity, meaning that structural
relationships may vary systematically across locations (Goodchild, 2004; Zhu and
Turner, 2022). Ignoring this dimension may lead to biased or inconsistent parameter
estimates when the assumption of homogeneous effects is violated. More recently,
efforts have been made to bridge spatial and factor-based approaches to cross-
sectional dependence, recognizing that local spatial interactions and broader common
components may coexist (Koopman et al., 2021; Chen et al., 2022; Su et al., 2023).
Nevertheless, many empirical applications still rely on homogeneous spatial models



that impose identical coefficients across units, potentially obscuring meaningful
differences in behavior and diffusion mechanisms.
This paper develops a novel heterogeneous spatiotemporal panel data model that
integrates dynamic persistence, spatial spillovers, and structured group-level het-
erogeneity within a unified framework. The key idea is to allow the parameters
governing both marginal effects and spatial transmission mechanisms to vary across
latent clusters of units. Rather than assuming that all spatial units respond identi-
cally to shocks and covariates, the model partitions the cross-sectional dimension
into a finite number of groups, each characterized by its own set of structural param-
eters. Importantly, spatial dependence is allowed to differ not only within clusters
but also across clusters, thereby accommodating heterogeneous and potentially
asymmetric inter-group interactions.
Formally, each unit belongs to one of G latent clusters that remain fixed over time.
Conditional on this partition, the model includes several layers of dependence. First,
contemporaneous endogenous spillovers are captured through a group-to-group
spatial autoregressive matrix, which allows the outcome of a unit in cluster g
to depend on the contemporaneous outcomes of neighboring units in cluster f ,
with the strength of this effect varying across all possible pairs of clusters. Second,
temporal dynamics are introduced through cluster-specific autoregressive parameters,
allowing persistence to differ across groups. Third, lagged spatial spillovers are
incorporated through an additional group-to-group matrix governing the impact of
past neighboring outcomes on current outcomes. Fourth, the marginal effects of
covariates are allowed to vary across clusters, capturing structural heterogeneity in
behavioral responses. Finally, spatial spillovers of covariates are also modeled in a
group-specific manner, so that the influence of neighboring covariates may differ
depending on both the origin and the destination cluster.
Suppose we have a panel data, with N units for T time stamp, thus yit is the
dependent variable for unit i at time t, xit is the vector of k explanatory variables
for the same unit and time. Moreover, let P = (C1, . . . , CG) being the partition in
G number of clusters. Each unit in our sample belongs to one and only one cluster
for the entire time period. Also, suppose we have spatial information regarding
each unit i with respect to the other units j, which can be interpreted as a measure
of spatial proximity or boundaries, and is quantified and defined as wij . To ensure
model stability, the spatial weight matrix W must satisfy several assumptions
LeSage (2008); LeSage and Pace (2009); Elhorst (2010).
Our model can be defined as follows:
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The model includes heterogeneous spatial and temporal effects across clusters.
The parameter ρgf captures contemporaneous spatial spillovers from cluster f
to cluster g, distinguishing between within-cluster and cross-cluster dependence.
The parameter τg measures group-specific temporal persistence. Lagged spatial
spillovers are captured by ηgf , allowing for both within- and cross-cluster dynamic



interactions. The vector βg represents cluster-specific marginal effects of covariates,
while δgf captures spatial spillovers of covariates across and within clusters. The
error term ϵit is assumed to be normally distributed with constant variance.
This structure encompasses a rich set of possible configurations. Within-cluster
spillovers may be absent, homogeneous, or heterogeneous across groups. Cross-
cluster spillovers may be zero, symmetric, or asymmetric, allowing for directional
influence patterns. For example, economically advanced regions may exert stronger
influence on less developed regions than the reverse, or regions with similar industrial
structures may interact more intensively within clusters than across clusters. By
explicitly modeling these possibilities, the framework captures complex diffusion
patterns that standard homogeneous models cannot represent.
We provide the derivation and interpretation of direct and indirect effects. In
spatial models, regression coefficients do not coincide with marginal effects because
spatial autoregressive feedback propagates shocks through the network. Here, this
propagation is further enriched by cluster-specific dynamics and group-to-group
spillovers. The authors derive the full matrix of partial derivatives linking changes
in covariates to changes in outcomes, accounting for spatial and temporal feedback.
The resulting block structure distinguishes intra-group effects from inter-group
transmission, allowing identification of average, cluster-specific, and cross-cluster
effects.
Estimating the proposed model requires addressing two main challenges: the
presence of multiple spatial dependence parameters and the unknown cluster mem-
bership. To tackle these issues, we develop a two-step estimation procedure. In the
first step, conditional on a given partition, we estimate the structural parameters
using a quasi maximum likelihood approach tailored to the heterogeneous spatial
dynamic panel setting. The method builds on established QML techniques for
dynamic spatial panels (Yu et al., 2008; Lee and Yu, 2010a,b), extending them
to accommodate multiple group-to-group spatial operators. By decomposing the
model into non-spatial and spatial blocks and concentrating the likelihood with
respect to the spatial parameters, the procedure remains computationally feasible
even in moderately large panels.
In the second step, we update cluster assignments given the current parameter
estimates. Unlike conventional cluster-wise regression approaches that treat obser-
vations as conditionally independent (Bonhomme and Manresa, 2015), our updating
rule accounts explicitly for spatial dependence. The likelihood contribution of
each unit incorporates not only its own fit but also the influence of neighboring
units, reflecting the spatially interconnected nature of the data. This spatially
aware clustering mechanism reduces the risk of assigning units to clusters that
are inconsistent with the observed dependence structure. The two steps are iter-
ated until convergence, defined in terms of stabilization of parameter estimates or
improvements in the log-likelihood function.
To evaluate the performance of the proposed estimation strategy, we conduct an
extensive Monte Carlo simulation experiment. The simulation design considers
alternative configurations of within- and cross-cluster spillovers, including scenarios
with no cross-cluster interaction, symmetric cross-cluster dependence, and asym-
metric directional spillovers. Because fully general spatial dynamic Durbin models
may face identification challenges when all dependence parameters are included
simultaneously (Anselin et al., 2008; Elhorst, 2010), we also analyze a series of
restricted model variants that reflect common empirical specifications. The results
show that the estimator performs well in recovering the heterogeneous spatial and



temporal parameters across a wide range of settings. While estimation variability
increases with model complexity, the method successfully captures the relative
magnitude and direction of within- and cross-cluster interactions and provides
accurate estimates of the associated direct and indirect effects.
The proposed framework is particularly relevant for environmental and regional
applications. In the context of greenhouse gas emissions, for instance, regions differ
markedly in their economic structure, energy mix, technological capacity, and policy
environment. These differences affect both the determinants of emissions and the way
emission shocks propagate across space. A homogeneous spatial model may mask
important asymmetries and lead to misleading policy implications. By identifying
latent clusters of regions with similar structural characteristics and by modeling
heterogeneous spillovers across these clusters, the present approach provides a more
realistic representation of emission dynamics and spatial externalities.
More broadly, the model contributes to the growing literature on spatiotemporal
econometrics by offering a flexible yet interpretable framework that integrates
local spatial interactions, dynamic persistence, and structured heterogeneity. It
complements recent attempts to jointly account for spatial and factor dependence
(Koopman et al., 2021; Chen et al., 2022; Su et al., 2023) by introducing a cluster-
based perspective that emphasizes group-level transmission mechanisms. The
combination of heterogeneous parameters, block-structured spillovers, and spa-
tially informed clustering provides a powerful tool for analyzing complex systems
characterized by both interdependence and diversity.
The framework is well suited to applications in environmental economics and regional
science, where understanding heterogeneous diffusion patterns and asymmetric
spillovers is essential for effective policy design.
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