urban science

Article

The Spatial Data Generating Process Matters: Re-Evaluating
Socio-Economic and Demographic Drivers of Environmental
Justice of Urban Tree Ecosystem Services in

Two Mediterranean Cities

Angel Ruiz-Valero *{, Angel Enrique Salvo-Tierra

W) Check for updates

Academic Editor: Jianming Cai

Received: 11 February 2026

Revised: 19 March 2026

Accepted: 20 March 2026

Published: 6 April 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

and Jaime Francisco Perefia-Ortiz

Department of Botany and Plant Physiology, Faculty of Sciences, University of Mdlaga, 29010 Malaga, Spain;
salvo@uma.es (A.E.S.-T.); jperena@uma.es (J.LEP-O.)
* Correspondence: arvalero@uma.es

Abstract

To advance the Sustainable Development Goals, it is essential to correct imbalances in
how the benefits of urban trees are distributed across different demographic and socioe-
conomic groups. Environmental justice studies have frequently overlooked assumptions
regarding the data-generating process and have not considered spatial confounding. This
oversight potentially misestimates patterns of inequity. This study evaluates the sensitivity
of inequity to model assumptions using urban tree inventories from Malaga and Sevilla
and Bayesian hierarchical models. City-level differences dominated the inequity patterns,
and model specification influenced the magnitude, precision, and credibility of estimated
effects, though directionality remained consistent. Patterns were highly consistent across
the four ecosystem services, indicating that model assumptions affected all services equiva-
lently. Mélaga and Seville exhibited divergent inequity patterns, indicating that local urban
context mediates these relationships. In Seville, inequity patterns were inconsistent with the
luxury hypothesis and occurred primarily across age-based demographic strata, whereas
in Malaga they manifested predominantly along ethnicity, with weaker evidence of income
inequities. We advocate for explicitly modeling spatial data-generating processes and
comparing conventional versus confounding-mitigated approaches. This city-specific rigor
is essential for urban planners to prevent resource misallocation, ensuring that tree-planting
strategies address genuine inequities rather than methodological biases.

Keywords: Bayesian; ecosystem-services; environmental-justice; green-infrastructure;
urban-forestry; socio-economic; spatial-statistics; urban-trees

1. Introduction

Urban thermal stress is accelerating dramatically across the twenty-first century [1,2].
The mortality toll from heat exposure has reached catastrophic proportions, with three par-
ticularly severe heat episodes in Europe alone claiming approximately 200,000 lives [3-5].
Projected urban thermal conditions reveal an intensifying trajectory through interconnected
physical mechanisms: expansion of urban heat island effects [6,7], shifts in heatwave
regimes characterized by increased frequency, magnitude, duration, and geographic ex-
tent [8-10], and amplification through synergistic coupling between localized heat islands
and regional extreme heat episodes [11].
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Urban environmental degradation encompasses hazards extending well beyond ther-
mal stress, with air quality deterioration and flood hazards representing pressing threats to
population health. In 2021, air pollution accounted for an estimated 8.08 million deaths
(range: 6.71-9.48 million), with nearly 97% attributable to fine particulate exposure [12].
Although there was a 33.7% decline in European PM; 5 pollution between 1990 and 2019,
this environmental hazard still resulted in 368,006 deaths in 2019 [13]. Worldwide, approxi-
mately 1.81 billion individuals (23% of all inhabitants) live in areas directly vulnerable to
centennial flood hazards [14]. Climate-driven intensification of precipitation extremes and
accelerating sea-level rise are projected to substantially compound the severity, duration,
and recurrence of flood disasters [15].

These threats gain heightened significance with accelerating urbanization. Current
demographic patterns show that 57.7% of the global population resides in urban areas, with
projections indicating 67.9% by 2050 [16]. This urbanization trend, coupled with aging pop-
ulation structures [17], makes the urgent development of adaptive frameworks for urban
resilience necessary. Importantly, low-income and marginalized communities experience
disproportionately higher exposure to multiple stressors, including air pollution [18,19],
flood risk [20], and heat intensity [21-24]. These inequitable risks pose significant obstacles
to achieving the Sustainable Development Goals (SDGs), particularly SDG 3 (Good Health
and Well-being), SDG 10 (Reduced Inequalities), and SDG 11 (Sustainable Cities and Com-
munities) [25], underscoring the need for integrated adaptation and mitigation strategies
in urban environmental management.

Extensive research has identified numerous strategies for enhancing urban livabil-
ity [26-30], with urban trees emerging as a particularly promising solution for mitigating
multiple environmental challenges through ecosystem services (ES) provision [31-35].
However, extensive evidence from systematic reviews and meta-analyses consistently
demonstrates that the spatial distribution of urban trees and canopy cover is inequitable
across socioeconomic and demographic strata within cities [24,36—43]. Although a well-
established correlation exists between total ES provision and canopy cover, the generation
and supply of these services depend largely on the functional traits of urban trees [44—46].
As a result, findings in environmental justice research often diverge when relying on tree
canopy as a stand-in rather than measuring ES delivery itself. This highlights why directly
quantifying ES is crucial [47-49]. Reflecting this necessity, recent studies have increasingly
prioritized the direct measurement of these services [50-52]. Recent literature on environ-
mental justice emphasizes equitable access to and distribution of ES across socioeconomic
and demographic strata within cities. However, most analyses rely on neighborhood or
census-tract aggregated data while often neglecting the spatial inference requirements
highlighted in recent guidance [53]. Consequently, the practical application of rigorous
spatial methods remains limited, and critical methodological requirements for ensuring
unbiased estimates of inequity patterns have not been systematically addressed.

A growing body of evidence demonstrates that methodological choices substantially in-
fluence findings regarding urban tree canopy cover and ES distribution. Schwarz et al. [54]
and Riley and Gardiner [47] found that relationships between urban tree canopy cover and
ES provision and socioeconomic predictors varied markedly depending on the statistical
approach employed. When spatial structure and simultaneous inclusion of multiple socioe-
conomic variables were incorporated into models, substantial shifts occurred in both the
statistical significance and the magnitude of effects compared to linear models. Gerrish and
Watkins [36] conducted a meta-analysis of 61 studies examining the relationship between
urban forest cover and income, finding that only 10 accounted for spatial structure and
spatial autocorrelation. Systematically, studies that failed to control for spatial autocorrela-
tion were substantially more likely to detect inequity. Additionally, when error terms were
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corrected for violations of independence, the observed relationships between urban forest
cover and income became considerably weaker. Similarly, in their parallel meta-analysis
of 40 studies examining urban forest cover and race, Watkins and Gerrish [37] found that
accounting for spatial structure and modeling spatial autocorrelation eliminated detectable
race-based inequities across studies. Taken together, these results imply that unequal distri-
butions of benefits are shaped more by researchers’ methodological and spatial analysis
decisions than by the inherent socioeconomic or ecological features of the urban area.

Historically, shifts in fixed effect estimates when modeling spatial data structure were
viewed as problematic, prompting the development of methods such as Restricted Spatial
Regression (RSR) [55]. To eliminate collinearity between spatial random effects and the
variables of interest, RSR confines the random effects to the orthogonal complement of
the fixed effects’” space. This approach ensures that the resulting fixed effect estimates
remain consistent with those derived from non-spatial linear regressions. However, recent
literature characterizes this approach as methodologically flawed or even “bad statistical
practice” [56,57]. In their analysis of normal-response linear spatial models, Khan and
Calder [56] proved that the RSR fixed effect estimator consistently yields a variance equal
to or smaller than the null model. From an inferential perspective, RSR fundamentally
assumes that a linear model reflects the true data-generating process and does not aim to
provide unbiased effect estimates. Rather, it assumes the absence of confounding bias [53].
Within this modeling approach, the resulting estimates capture both the direct influence of
the covariate and overlapping spatial patterns. This happens because RSR attributes all
variance aligned with the fixed effects directly to the known covariate, operating under the
assumption that any leftover variance is strictly orthogonal. As a result, the method fails to
adjust for hidden, spatially dependent confounding factors that might correlate with the
measured variables [53,58].

Accounting for spatial structure through spatially structured random effects in Bayesian
Hierarchical Models (BHMs), the modeling framework employed in this study, constitutes
a central element in examining intra-city inequity patterns for two primary reasons.

(1) Avoiding biased inference from misspecified data-generating processes. A non-spatial
model is inappropriate for data generated by a spatially structured process, as residual
spatial autocorrelation violates the independence assumption of the model’s error
structure [59]. Including spatial effects ensures valid inferential statements through
appropriate error structure and credible intervals [60] while capturing the true ecolog-
ical structure, the spatial heterogeneity and dependencies, that generate the observed
spatial autocorrelation [61,62]. ES provision from urban trees at the census tract
level exhibits inherent spatial structure: census tracts are hierarchically nested within
neighborhoods and subsequently within districts, building characteristics and public
space configurations tend to be similar among neighboring census tracts, and con-
sequently, both the abundance and types of urban trees that can be planted follow
clustered spatial patterns, leading to spatially structured service provision. Similarly,
the building age of a census tract, which correlates with that of adjacent tracts, medi-
ates urban morphology and urban tree selection. These factors collectively support
the assumption of a spatial data-generating mechanism.

(2) Addressing spatial confounding. Unconfoundedness, the assumption that all con-
founding variables affecting the covariate-outcome relationship are observed and
adequately controlled for in the analysis, is a fundamental requirement in observa-
tional studies [63]. Researchers typically address this assumption by attempting to
include all potential confounders in regression models. However, complete confound-
ing control is often infeasible because spatial data limitations prevent inclusion of all
confounders hypothesized to influence the outcome of interest. This incompleteness
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can generate spatial confounding [53], which occurs when unmeasured confounders
possess inherent spatial structure and their omission biases covariate effect estimates.
Empirical evidence demonstrates that incorporating spatial random effects can elimi-
nate bias from unmeasured spatial confounders, provided the data-generating process
satisfies two key identification assumptions [53,59]: (a) unmeasured confounders
must represent a measurable spatial function, and (b) the covariate of interest must
retain meaningful non-spatial variation, such that its variation cannot be entirely
explained by spatial dependence.

Even when these conditions are met, bias in estimated effects can persist through
two mechanisms: (a) collinearity between spatial random effects and covariates, and
(b) concurvity. The latter causes identifiability issues because it is exceptionally difficult
to evaluate a covariate effect when its spatial structure closely resembles, or is identical
to, the spatial effects included in the model [53]. Ultimately, in both situations, the model
cannot properly separate how these overlapping components influence the outcome. The
feasibility of the separation depends critically on the covariate containing non-spatial
variation and the frequency structure of this variation [59]. Low-frequency (smooth) spatial
variation is readily absorbed by spatial effects, causing coefficient instability and bias,
whereas high-frequency variation (local fluctuations) typically yields stable estimates [64].
This distinction explains why spatial models can effectively separate covariate effects
from spatial confounding when covariates possess substantial high-frequency components,
reducing bias and improving estimate precision. Thus, methods designed to minimize
spatial confounding through covariate residualization explicitly isolate high-frequency
components. For covariates with mixed frequency content, approaches such as Spatial+ [64]
estimate direct effects using only the high-frequency information, thereby eliminating low-
frequency spatial confounding while preserving the covariate signal. However, a critical
limitation arises when a covariate is dominated by low-frequency spatial variation that
mirrors the unobserved spatial process. In this scenario, the covariate and spatial effect
remain fundamentally confounded. No adjustment can reliably disentangle them. Under
these conditions, spatial models may yield biases that equal or even exceed those of the
linear model. In such cases, where the covariate lacks identifiable non-spatial or high-
frequency information, linear model estimates are often preferable [59].

Notably, the literature on environmental justice addressing equitable access to ES
provided by urban trees across socio-economic and demographic groups has largely over-
looked the spatial data-generating process and, to our knowledge, has not considered
spatial confounding. This oversight potentially misestimates patterns of inequity. Here,
we evaluate the sensitivity of inequity patterns in ES access to model assumptions using
urban tree inventories (UTIs) from Mélaga and Sevilla. Employing BHMs, we compare
three model structures: (1) Linear, assuming spatial independence and no unobserved
spatial confounders; (2) Spatial, which relaxes these assumptions by including spatial
random effects; and (3) Spatial+, a method designed to minimize spatial confounding
by isolating the non-spatial component of covariates. By systematically varying model
assumptions, we address two key questions: (i) Does spatial confounding affect inferences
about socio-economic and demographic inequities in urban tree ES provision? (ii) To what
extent are environmental justice conclusions sensitive to model structure?

2. Materials and Methods

The complete processing and modeling chain is summarized in Figure 1, which may
serve as a reference throughout this section.
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Figure 1. Flowchart summarizing the analytical workflow applied in this study, encompassing
data preparation, exploratory spatial analysis, and the three modeling approaches: linear, spatial,

and Spatial+.

2.1. Study Area

Malaga and Sevilla (Figure 2) are the sixth and fifth most populous cities in Spain,
with 599,063 and 689,423 inhabitants, respectively [65]. Both cities have Mediterranean
climate conditions (Koppen—Geiger classification Csa) [66]. Located on the coast, Malaga
experiences temperate winters and warm summers, averaging 18.5 °C annually with
534 mm of rainfall. Meanwhile, Sevilla records slightly higher yearly averages, registering
19.2 °C and 539 mm of precipitation [67]. Administratively, Malaga comprises 11 munici-
pal districts and 435 census sections, while Sevilla comprises 11 municipal districts and

521 census sections.

https://doi.org/10.3390 /urbanscil0040205


https://doi.org/10.3390/urbansci10040205

Urban Sci. 2026, 10, 205

6 of 35

4,144,000N

4.136,000N

A

4,000,000N 5,000,000N  6,000,000N

4,080,000N

232,000E

1,000,000E  2,000,000E 240,000E 300,000E 360,000E

Z .
S
=]
&
ot
<t
Z |
o |
g
=
<
<t
Z
o
g
3
o
240,000E 248,000E 360,000E 370,000E 380,000E 390,000E

Figure 2. Geographic location of (A) Sevilla and (B) Mélaga. Base map layers, including national
and municipal limits, were sourced from the Spanish National Geographic Institute. The underlying
aerial imagery relies on the 2022 National Plan for Aerial Orthophotography [68], with all spatial
data projected in EPSG 25830.

2.2. Urban Tree Inventories (UTIs)

A UTT acts as an exhaustive municipal census detailing the location, structural traits,
and taxonomy of publicly governed urban trees and palms. Therefore, the dataset in-
herently bypasses vegetation found in private yards, natural forests, vacant lots, and
other unmanaged spaces. The two UTlIs differ substantially in their measured structural
characteristics and measurement precision. The Sevilla UTI [69] records species, diame-
ter at breast height, total height, and spatial coordinates for each tree, with all variables
recorded as continuous numerical values. By contrast, the Malaga UTI (accessed on 6 July
2024; data are not publicly available and accessible only through a visualization portal
at https:/ /malaga.mytreerisk.com/) includes additional structural traits: trunk height
and crown diameter (measured in both north-south and east-west directions). However,
diameter at breast height and height in the Mélaga UTI were recorded in discrete diametric
and altimetric classes defined by 10 cm and 5 m intervals, respectively.

Although iTree-Eco can produce ES estimates using only DBH and total height, the
more comprehensive set of structural variables available in the Mdalaga dataset is expected
to permit more accurate estimation of ES and associated equity patterns. Consequently,
differences in data structure and measurement may contribute to variations in model
estimates. Although our primary objective is not inter-city comparability of ES estimations,
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given that these cities serve as independent case studies and comparability is addressed
intra-city among different model structures, we harmonized both datasets. Specifically,
for Malaga, we retained only height and diameter at breast height values and applied
the midpoint value of each altimetric or diametric class to each tree for ES estimation
using iTree-Eco.

2.3. iTree-Eco

To quantify the delivery of Ecosystem Services (ES) by the urban forest, we utilized
i-Tree Eco v.6.0.40, a standard tool in this field [70-73]. In the case of Malaga, our analysis
of rainfall and pollution levels was restricted to 2015, as this was the latest period offering
a comprehensive dataset within the software. Weather variables were sourced directly from
the AEMET (State Meteorological Agency) facility situated at Malaga Airport (36°39'58" N,
4°28'56" W). Because no air quality monitoring stations in Malaga measured particulate
matter less than 2.5 um, three stations, one outside Malaga administrative area, were
selected to capture pollutant concentrations: two stations within the urban matrix (El
Atabal: 36°43/46.4" N, 4°27'56.0” W; Carranque: 36°43'10.7” N, 4°26'50.9” W) and one
station in Churriana de la Vega, Granada (37°08'08.3” N, 3°37'08.9” W). However, this
approach does not introduce substantial bias, as PM; 5 removal represented only 1.17-2.85%
of total particulate matter removal across individual trees. Furthermore, as detailed in
subsequent sections, pollutant removal is aggregated for all pollutants. Consequently,
PMj; 5 removal by individual trees accounts for an average of 0.44% [min: 0%; max: 0.9%]
of total pollutant removal across Malaga’s entire tree population. For Seville, data from
2022 were obtained from the AEMET meteorological station at Seville Airport (37°25'00.5”
N, 5°52'45.3"” W) and the air quality monitoring station at Santa Clara (37°23'54.0” N,
5°57'05.8"” W), located within the urban matrix.

The i-Tree model provided several key ecosystem service metrics: (1) the yearly
mitigation of major air pollutants, specifically SO,, CO, O3, NO,, and particulate matter
(both PM1y and PM; 5); (2) the generation of oxygen; (3) yearly biogenic volatile organic
compound (BVOC) emissions, quantified via monoterpene and isoprene equivalents; and
(4) the volume of avoided surface runoff annually. These metrics were initially calculated
for each specific tree as discrete point data. To model relationships with socioeconomic
covariables, we then summarized these individual values at the census tract scale. Further
methodological details on i-Tree Eco are available from the i-Tree website (www.itreetools.
org, accessed on 5 January 2026) and the program documentation [74].

For the modeling analysis, we considered only microscale ES and disservices, those
whose effects are realized in immediate surroundings, as these are most relevant for urban
distributional justice analyses. Specifically, we included oxygen production, avoided
runoff, BVOC emissions, and total pollutant removal. Transpiration was excluded as
a cooling proxy because canopy shading is the predominant mechanism of tree-related
temperature reduction [75-77]. Additionally, transpiration exhibits high correlation with
avoided runoff (r = 0.968) at the individual tree level, rendering inequities in avoided runoff
directly applicable to transpiration estimates. Carbon stocks and carbon sequestration
were excluded because they were not part of the set of microscale ES and disservices
operationalized in our equity model.

2.4. Socio-Economic and Demographic Covariables

To capture the complex socio-demographic landscape, we selected several key covari-
ates to evaluate disparities in ES exposure and access. These included: (1) demographic
breakdowns by age cohort and nationality [78]; (2) the Gini coefficient alongside mean
household income [79]; and (3) the proportion of residents holding university degrees
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and unemployment rate [80]. Population data were disaggregated into three components:
(1) total population within each census tract, (2) percentage distribution by age group
(0-14 years (children), 15-64 years (working-age adults), >65 years (elderly)), and (3) per-
centage distribution by country of origin, hereinafter referred to simply as ethnicity. For
the latter, eight origin categories were constructed following the classification scheme of
the National Institute of Statistics, which explicitly distinguishes the principal nationalities
present in Spain and aggregates the remainder into regional categories: Spain (native-born),
Western Europe (France, United Kingdom), Eastern Europe (Romania, Ukraine), other
European countries, Morocco, other African countries, Latin America (Cuba, Dominican
Republic, Argentina, Bolivia, Colombia, Ecuador, Peru, Venezuela, and other American
countries), and Asia-Oceania (China, other Asian countries, and Oceania). These origin
categories are broad and heterogeneous, particularly Latin America and Asia-Oceania,
which encompass countries with diverse socioeconomic profiles and migration trajectories.
Results should be interpreted as average associations for these broad categories, not as
country-specific effects.

Ethnicity and age structure variables represent compositional data, as percentages
within each census tract sum to 100%, introducing closure constraints that violate standard
statistical assumptions and produce spurious correlations between components [81]. To
reduce redundancy and improve model parsimony, we merged highly correlated European
ethnicity subcategories (Western Europe and other European countries, r = 0.73) into a single
category designated as Other Europe, thereby distinguishing this group from Eastern
Europe, which is characterized by lower socioeconomic status. This combination conforms
to the recommendations for the analysis of compositional data when the components
represent analogous information [82,83]. The final ethnicity composition comprised seven
categories: Spanish, Eastern Europe, Other Europe, Morocco, Other Africa, Americas,
and Asia-Oceania.

To address compositional constraints, we applied centered log-ratio (CLR) transforma-
tions to both ethnicity and age composition using compositions R package (v.2.0-8) [84].
The CLR transformation maps compositional data from the simplex to Euclidean space
by dividing each component by the geometric mean of all components and taking the
natural logarithm. This transformation produces correlated coordinates that preserve the
Aitchison geometry of compositional data, eliminates closure constraints, removes spurious
correlations induced by the constant-sum constraint, and provides symmetric treatment of
all compositional parts [85].

Following CLR transformation, each composition yielded D coordinates subject to
a zero-sum constraint. To avoid perfect collinearity with the model intercept, we employed
a reference category approach. For ethnicity (seven categories producing seven CLR
coordinates), we omitted the CLR coordinate for the Spanish population (the majority
group) from models, such that all foreign-born ethnicity effects are interpreted relative to
the Spanish baseline. For age structure (three categories producing three CLR coordinates),
we omitted the CLR coordinate for the working-age population (15-64 years), thereby
interpreting effects for children and elderly populations relative to this reference category.
This approach retained D—1 compositional coordinates in the model while preserving
interpretability and avoiding singularity issues.

We also included the logarithm of census tract area as a fixed effect to account for size
heterogeneity, and to model the elasticity of the area—ES provision relationship empirically.
Median building age was included to account for historical landscape legacies, as current
canopy could reflect past planting decisions and trees require decades to mature. Older
neighborhoods typically support greater canopy cover due to extended establishment
periods and cumulative stewardship [86].
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Multicollinearity Assessment and Covariate Selection

Before executing the models, we assessed the variables for multicollinearity and
correlation. This involved calculating the generalized variance inflation factor (GVIF) via
the car package in R (v.3.0-12) [87] alongside Pearson’s correlation coefficients. Whenever
predictors exhibited a GVIF above 5 or a Pearson’s Irl > 0.7, we kept only a single
variable from that correlated pair [88,89]. Ultimately, both the proportion of university-
educated residents and the unemployment rate were dropped from our final analysis, as
they demonstrated a GVIF greater than 6 when modeled with the income variable. The
rest of the covariates showed acceptable VIFs across both cities (all < 3.5), indicating no
multicollinearity issues. Only one correlation pair approached concern thresholds (CLR
other European Countries and Log(Income): Malaga r = 0.69, Seville r = 0.63; both < 0.70).
Critically, when covariates were residualized in the spatial+ model, by removing their
spatial components, no pairwise correlations exceeded 0.60 in either city. The final set
of selected variables comprised the Gini index, log-transformed household income, log-
transformed total population, CLR-transformed ethnicity, and CLR-transformed age groups,
median building age and log-transformed census tract area. To facilitate model fitting in
R-INLA, all covariates were standardized (z-score transformation).

2.5. Bayesian Hierarchical Model (BHM)

To deal with spatial structure in the data, we utilized BHMs, which incorporate spa-
tially structured priors into the random effects. Acknowledging these dependencies is
vital, failing to do so can result in artificially narrow credibility intervals and biased as-
sessments of coefficient significance [62]. Specifically, we implemented a Latent Gaussian
Model (LGM), a BHM variant featuring an additive linear predictor where the data like-
lihood is conditioned solely on the predictor’s value. These analyses were performed
using the Integrated Nested Laplace Approximation (INLA) framework via the R package
(v.22.12.16) [90]

Three models (Linear, Spatial, and Spatial+) were fitted independently for each ES
(j=1,...,4) and for each city. All three models share the common structure defined in
Equation (1). The Spatial and Spatial+ models differ in their treatment of covariates: Spatial+
includes residualized covariates, whereas Spatial does not. The Linear model represents
the special case where spatially structured effects are not included.

Log(Y;) ~ Student —t(n;,¢,v)

K
ni=a+ Y BuXi+6i )
k=1

1

0, = \ﬁ(\/l —Yu; + \/@%‘)

Y; represents the response for variable j (i.e., ES) in census tract i. It was log-
transformed to address its right-skewed distribution. Given evidence of outliers and
heavy-tailed residuals in preliminary model exploration, we specified a Student-t likeli-
hood rather than Gaussian likelihood. The Student-t likelihood provides robustness by
down-weighting extreme observations, thereby limiting their influence on fixed-effect
estimates and spatial random effects. In non-spatial models, replacing the Gaussian with
a Student-t likelihood substantially improved model fit. In contrast, Gaussian-likelihood
models with spatial random effects exhibited numerical instability and signs of overfitting,
indicating that a Gaussian specification was inadequate for these data. ¢ denotes the
precision of the Student-t. The degrees-of-freedom parameter (v) was estimated from the
data to allow the tail behavior to adapt to the empirical distribution.
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77; is the linear predictor. « represents the model intercept. B represents the fixed
effect for the covariate k on ES j. 6; represents the effect from a BYM2 model. BYM?2
is an extension of the BYM model (Besag-York-Mollié Model) [91], proposed by Riebler
et al. [92], where a scaled variance approximately equal to one exists between the i.i.d.
(independent and identically distributed) effects and the CAR (Conditional Autoregressive
Model) components of the BYM2. The main advantage of the BYM2 model is its ability to
separately capture the impact of spatial dependence and the effect of data variability. The
random effects v;, which constitute a structured effect via the CAR prior, and u;, modeled
as an ii.d. effect, together form the implementation of BYM2. These effects are modeled
through T, which represents the marginal precision contribution from both random effects,
and ¢, which indicates the fraction of the variance explained by the spatially structured
random effect.

Both parameters were specified using penalized complexity (PC) priors [93], assuming
P(1/4/t>2) = 05, and P(p > 0.5) = 0.5. In contrast to the precision parameter T,
the resulting PC prior for ¢ cannot be specified in closed form due to the dependence
on the graph structure of the Gaussian Markov Random Field [92]. For fixed effects,
a weakly informative normal prior with standard deviation of 1000 was specified. The
likelihood precision, ¢, followed the default Gamma(shape = 1, rate =5 x 10~°) prior. The
degrees-of-freedom parameter (v) was assigned its default prior specification in R-INLA,
a log-Gamma(1, 0.00005), which places weak regularization on tail behavior while allowing
the likelihood to be informed primarily by the data.

2.5.1. Spatial+ Implementation

Spatial+, proposed by Dupont et al. [64], mitigates spatial confounding by explicitly
separating the spatial structure of the covariates from their local variation prior to effect
estimation. It shows good properties for alleviating spatial confounding when traditional
spatial models can lead to biased effect estimates when the cause is that covariates are
collinear with spatial random effects. To address this, the Spatial+ approach removes spatial
structure from covariates prior to model fitting while preserving non-spatial variation. In
the first step, a spatial model is fitted to each covariate to filter out its spatial dependence,
yielding spatially uncorrelated residuals (R; ;) (Equation (2)). Residuals from this model
represent the covariate with purely spatial structure removed, thereby isolating the non-
spatial component

Xije ~ N, b)
Nik = &+ Wik ()

Rik = Xik =ik
Covariate Xj was regressed against spatial effects using an intrinsic conditional au-
toregressive (ICAR) model, also known as the Besag model {w;;}. A PC prior was
implemented in the standard deviation of the ICAR model assuming a 0.5 probability
for it to exceed 1. We used the ICAR model rather than BYM2 for covariate residualiza-
tion because the latter includes an unstructured heterogeneity component representing
non-spatial random variation that should be preserved in the covariates to ensure valid
inference. The residualization of the covariates was preceded by an assessment of the
presence of spatial autocorrelation in all covariates using Global Moran’s I statistic under
randomization using spdep R package v.1.4-1 [94-96]. For Malaga, spatial autocorrelation
tests revealed significant positive spatial structure across all covariates (all p < 2.2 x 10716),
with Moran’s I values ranging from 0.204 to 0.684 (z-scores: 7.19 to 23.94). The strongest
spatial pattern was observed in logarithm of the income (I = 0.684, z = 23.94), followed by
logarithm of the census tract area (I = 0.645, z = 22.62), while logarithm of census tract pop-
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ulation exhibited the weakest spatial structure (I = 0.204, z = 7.19). For Sevilla, all covariates
similarly demonstrated highly significant spatial autocorrelation (all p < 2.2 x 1071¢), with
Moran’s I ranging from 0.166 to 0.747 (z-scores: 6.51 to 29.01). The most pronounced spatial
pattern was found in logarithm of the income (I = 0.747, z = 29.01), while logarithm of
census tract population showed the lowest spatial structure (I = 0.166, z = 6.51). Given that
all covariates demonstrated statistically significant spatial autocorrelation, we concluded
that all covariates required residualization using the Spatial+ approach to mitigate spatial
confounding bias in covariate effect estimates [64].

In the second step, these covariate residuals are substituted for the original covariates
in the response model (Equation (1)). Crucially, the response variable remains in its original
scale, and this final regression includes its own spatial random effect (BYM2). Regressing
covariates against spatial residuals isolates their local variation, allowing the spatial term
in the second stage to absorb confounding patterns without competing with predictors.
This yields approximately unbiased covariate effects when covariates exhibit sufficient
local variation. Remaining bias depends on how well the covariate’s local signal can be
distinguished from the confounding field.

2.5.2. Model Diagnostics and Performance Evaluation

Model performance was rigorously assessed using multiple Bayesian diagnostic met-
rics implemented in INLA. The marginal likelihood (mlik) was calculated to quantify
overall model evidence in a Bayesian framework, enabling formal model comparison
across the three competing specifications [90]. Higher marginal likelihood values indi-
cate greater support from the observed data. The Watanabe-Akaike information criterion
(WAIC) [97] was computed to assess out-of-sample predictive accuracy while accounting
for model complexity, with lower values indicating superior predictive performance. WAIC
is asymptotically equivalent to leave-one-out cross-validation and provides a more stable
alternative to information criteria based on point estimates [98,99]. Bayesian R? [100] was
derived from 10,000 posterior predictive samples to quantify the proportion of variance
in log-transformed scale explained by the fitted model. Leave-one-out cross-validation
was operationalized via Conditional Predictive Ordinates (CPO), which estimate predic-
tion accuracy when each observation is excluded from model fitting [101]. We computed
Log Score from CPO (LSCP) (LSCP = —)_!' ;1og(CPO;)) as a summary statistic for model
comparison, with lower values indicating superior predictive performance. Finally, poste-
rior predictive calibration was evaluated using the Probability Integral Transform (PIT),
where PIT values should follow a uniform distribution if the model produces appropri-
ately calibrated predictions that properly quantify prediction uncertainty [102,103]. The
Kolmogorov-Smirnov test was applied to assess whether observed PIT values deviate
significantly from uniformity (p > 0.05 indicates well-calibrated predictions).

Posterior predictive checks were systematically conducted to validate models’ fit and
assumptions across multiple dimensions. Eight diagnostic plots was generated to assess:
(1) point-wise agreement between observed and fitted values to evaluate overall model
accuracy; (2) patterns in residuals versus fitted values to detect heteroscedasticity or system-
atic deviations from linearity; (3) quantile-quantile plots of standardized residuals; (4) PIT
histograms to evaluate whether posterior predictive distributions were properly calibrated
for the observed data; (5) empirical cumulative distribution functions comparing observed
data against posterior predictive samples, quantifying whether the fitted model generates
realistic data distributions that match the observed marginal distribution; (6) overlaid
density plots of posterior predictive samples and observed data to visually assess distribu-
tional agreement and detect systematic departures in tails or central tendency; (7) sorted
CPO on a logarithmic scale to identify observations with poor leave-one-out predictive
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performance; and (8) Moran scatterplots of residuals against spatially lagged residuals with
Moran’s I significance testing.

3. Results
3.1. Urban Forest Structure and Composition

The analysis revealed distinct differences in the abundance and density of the urban
forest between the two cities (Table 1). Sevilla supported a substantially larger total
tree population, 76% greater than Mélaga, alongside a higher mean density. Malaga,
while lower in both total trees and mean density, exhibited a noticeably wider variance
in distribution, suggesting a more uneven spatial arrangement of trees across the city.
Despite its smaller tree population, Malaga demonstrates higher taxonomic diversity
with 304 species from 180 genera and 61 families, compared to Sevilla’s 273 species from
160 genera and 64 families, indicating a more diverse species composition in Malaga’s
urban forest.

Table 1. Urban forest structure for Malaga and Sevilla.

Metric Malaga Sevilla
Total trees 104,107 183,485
Mean density (trees/km?) 2172 3436
Min density (trees/km?) 0.55 8.77
Max density (trees/km?) 10,150 10,782

Regarding species dominance (Figure 3), Citrus aurantium dominates both urban
forests, but it represents a 27% (n = 50,134) of Sevilla’s inventory versus only 11%
(n =11,822) in Malaga. The top ten species in Malaga collectively account for 52% of
all trees, with relatively balanced representation led by C. aurantium, Washingtonia robusta
(8%, n = 8286), and Jacaranda mimosifolia (7%, n = 6942). In contrast, Sevilla’s top ten species
show greater concentration, with C. aurantium alone comprising over a quarter of the urban
forest, followed by Celtis australis (7%, n = 12,021) and Tipuana tipu (6%, n = 10,916). Both
cities share five species among their most abundant taxa, though in different proportions:
C. aurantium (Méalaga: 11%, n = 11,822; Sevilla: 27%, n = 50,134), T. tipu (Malaga: 6%,
n = 5892; Sevilla: 6%, n = 10,916), |. mimosifolia (Mélaga: 7%, n = 6942; Sevilla: 5%, n = 8342),
Melia azedarach (Malaga: 3%, n = 2775; Sevilla: 6%, n = 10,852), and Brachychiton populneus
(Malaga: 4%, n = 4393; Sevilla: 4%, n = 8134).

Analysis of the most abundant genera and families further highlighted compositional
distinctness. Both cities shared five dominant genera: Citrus (Mdlaga: 12%, n = 12,343;
Sevilla: 28%, n = 51,537), Tipuana (Malaga: 6%, n = 5892; Sevilla: 6%, n = 10,916), Brachychiton
(Malaga: 7%, n = 7758; Sevilla: 5%, n = 9226), Jacaranda (Malaga: 7%, n = 6943; Sevilla:
5%, n = 8453), and Ligustrum (Mélaga: 3%, n = 3033; Sevilla: 4%, n = 7413). Malaga’s
composition was characterized by Ficus (9%, n = 9786) and Washingtonia (9%, n = 9619),
neither of which appeared in Sevilla’s top ten genera, where Celtis (7%, n = 12,198) and
Melia (6%, n = 10,852) were prominent instead. At the family level, Mélaga is dominated by
Arecaceae (15%, n = 15,112), reflecting high palm abundance, followed by Fabaceae (14%,
n =14,210) and Rutaceae (12%, n = 12,345). In the case of Seville, composition was heavily
marked by Rutaceae (28%, n = 51,542) and Fabaceae (16%, n = 29,631), with a notable
presence of Oleaceae (8%, n = 13,930), whereas Arecaceae did not rank among its top
ten families.
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Figure 3. Taxonomic structure and abundance of urban forest species. (A) Alluvial diagram showing
the hierarchical distribution of the top 10 species by city (Mélaga and Sevilla). The flows illustrate the
connection between Botanical Family, Genus, and Species. Taxa outside the top 10 are grouped under
the “Other” category at the base of each column to highlight dominant trends. (B) Comparative
analysis of species abundance between the joint set of top 10 species of each city.
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3.2. Urban Forest Ecosystem Services Provision

Sevilla consistently outperformed Malaga in gross and normalized provision of
avoided runoff, oxygen production, and pollutant removal (Table 2). The per-tree val-
ues further suggest that Sevilla’s trees are, on average, larger or more productive. The one
notable exception was BVOC emissions: despite having fewer trees, Mdlaga’s urban forest
produced higher total emissions (15.1 vs. 14.5 Tn/year), with a per-tree mean nearly double
that of Sevilla (144.8 vs. 80.6 g/tree/year), pointing to a species composition more prone to
BVOC release.

Table 2. Gross, per unit area, and per tree annual ecosystem service (ES) provision of the urban forests
of Mélaga and Sevilla. For normalized provisions, values in parentheses represent the observed

minimum and maximum.

Ecosystem Service Malaga Sevilla
Gross provision
Avoided runoff (hm3/year) 0.011 0.048
Oxygen production (Tn/year) 3.26 6.99
Pollutant removal (Tn/year) 37.6 92.7
BVOC emissions (Tn/year) 15.1 14.5

Provision per unit area
Avoided runoff (L/m?/ year)
Oxygen production (kg/m? /year)
Pollutant removal (g/ m?2/ year)
BVOC emissions (g/m?/year)

0.24 (0.0002-1.47)
0.07 (0.00003-0.31)
0.84 (0.0006-5.15)
0.28 (0-3.77)

0.79 (0.002-3.82)
0.13 (0.0003-0.49)
1.52 (0.004-7.39)
0.23 (0-1.68)

Provision per tree
Avoided runoff (L/tree/year)
Oxygen production (kg/tree/year)
Pollutant removal (g/tree/year)
BVOC emissions (g/tree/year)

103.3 (0-3798)
31.5 (0.1-273.5)
361.3 (0-13,281.3)
144.8 (0-25,576)

261.4 (1.0-15,896)
38.2 (0.3-508)
505.5 (1.9-30,735.6)
80.6 (0-999.8)

3.3. Bayesian Hierarchical Model Results
3.3.1. Models’ Performance, Hyperparameters and Variance Partitioning

Model performance evaluation revealed consistent patterns across all ES within each
city, with spatial models demonstrating substantial improvements over Linear model
(Table 3). Detailed model diagnostics are provided in the Supplementary Material. Model
predictions, uncertainty estimates, and residual patterns are presented in Figures S1-58
(Linear model), Figures 59-516 (Spatial model), and Figures 517-524 (Spatial+ model).
Posterior predictive checks are similarly organized in Figures 525-548, following the same
city and model structure.

Accounting for spatial autocorrelation significantly improved model fit, with both
Spatial and Spatial+ models consistently outperforming the Linear model across all perfor-
mance metrics. In Mdalaga, the Spatial+ model demonstrated superiority over the Spatial
model across all four ES. WAIC values decreased by 6.1-11.7% in spatial models relative to
the Linear model. The greatest improvements were observed for avoided runoff (11.7%
reduction) and removed pollutants (11.8% reduction), while BVOC production showed the
smallest improvement (7.6%). Model likelihood improved by 33.1% for BVOC production
to 46.3% for oxygen production in spatial models, with a marginal performance decline of
4.6-5.4% for Spatial+ relative to the Spatial model. LSCP values improved by 6.1-11.8% in
spatial models, with marginal additional improvements of 1.2-1.6% for Spatial+ models
over Spatial models. Bayesian R? values showed posterior means rising from 34.1 to 45.0%
in the Linear model to 44.0-66.3% in the Spatial+ model ES. The largest gains in explained
variance were observed for avoided runoff (Linear: 40.2% [31.9, 47.5]; Spatial+: 61.4%
[51.8, 70.2]) and oxygen production (Linear: 45.0% [37.3, 51.6]; Spatial+: 66.3% [57.2, 74.7]).
BVOC production exhibited the lowest explained variance across all models, although the
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Spatial+ model still achieved a posterior mean of Bayesian R?, representing a 29.9% relative
increase over the Linear model versus a 22.5% relative to a spatial model.

Table 3. Model fit and predictive performance. WAIC refers to Watanabe Akaike Information
Criterion; Mlik refers to Model likelihood; Bayesian R is reported with the posterior mean and 95%
credibility interval; LSCP refers to log score calculated based on Conditional Predictive Ordinates.

Avoided Runoff BVOCs Production Oxygen Production Removed Pollutants
Variable Malaga Sevilla Malaga Sevilla Malaga Sevilla Malaga Sevilla
WAIC
Linear 1362.1 1423.1 1554.6 1639.5 1239.0 1290.6 1363.2 1423.1
Spatial 1224.3 1166.0 1460.2 1417.5 1123.8 990.7 1226.1 1168.2
Spatial+  1202.7 1165.5 1436.7 1405.3 1105.1 991.7 1202.9 1165.3
Mlik
Linear —762.6 —796.7 —859.5 —900.8 —701.9 —731.1 —763.2 —796.7
Spatial —510.1 —428.1 —614.1 —538.2 —452.6 —349.0 —510.6 —426.0
Spatial+ —534.5 —440.1 —644.8 —550.0 —478.0 —360.8 —535.1 —440.3
Bayesian R?
Li 40.2 44.4 34.1 41.4 45.0 46.9 39.9 44.4
mear 1319 475] [36.6,51.0] [22.0,43.5] [35.2,47.3] [37.3,51.6] [39.9,52.9] [314,473] [36.6,51.0]
Spatial 267 69.7 44.0 65.9 60.6 72.4 56.4 69.6
P [46.8,66.5]  [62.8,759]  [30.9,559] [588,72.7] [51.7,69.5] [66.0,78.1] [46.5,66.4] [62.3,76.5]
Spatial+ 014 71.9 48.7 67.6 66.3 73.8 61.3 71.8
P [51.8,70.2] [65.1,78.0] [37.1,59.2] [60.0,74.7] [57.2,747] [67.1,80.1] [51.6,70.0]  [65.0,78.0]
LSCP
Linear 681.1 711.6 777.3 819.8 619.6 645.3 681.6 711.6
Spatial  612.9 584.7 730.5 711.2 562.8 497.9 613.0 586.1
Spatial+  603.1 585.8 718.4 706.8 555.4 499.8 603.1 585.8

Spatial model incorporation in Sevilla demonstrated more pronounced performance
improvements compared to Malaga. WAIC reductions ranged from 13.5% to 23.2% relative
to the Linear model. Model likelihood values exhibited parallel patterns, with improve-
ments ranging from 44.5% for BVOC production to 61.4% for avoided runoff in the Spatial
model. LSCP values decreased by 13.5-23.2% in spatial models. Bayesian R? values in
Sevilla were consistently higher than in Mélaga across all models and ES. The Linear
model explained 41.4—46.9% of variance, while the Spatial+ model achieved 67.6-73.8%.
Consistent with Mélaga, BVOC production showed the lowest R? values across all models.

Consistently across both cities, the inclusion of spatially structured effects reduced the
percentage of variance explained by the observation-level likelihood while correspondingly
decreasing hyperparameter magnitudes (Tables 4 and 5). In the Linear model, observation-
level likelihood accounted for an average variance explained of 60.18% in Malaga and
55.75% in Sevilla. Following the incorporation of spatial effects, this variance component
decreased by 15.4% (BVOCs) to 28.3% (oxygen production) in Médlaga, and by 41% (BVOCs)
to 47.8% (oxygen production) in Sevilla. The degrees of freedom for Student’s t-distribution
decreased on average in Mélaga but increased in Sevilla. In the Spatial+ model, this hyper-
parameter increased by an average of 13.18% in Mdlaga and 30.16% in Sevilla, suggesting
that this model fits distributions requiring lighter tails.

Fixed effects explained similar variance percentages between Linear and Spatial mod-
els, ranging from 34.10% (BVOCs) to 45% (oxygen production) in Mdalaga’s Linear model,
41.4% (BVOCs) to 46.9% (oxygen production) in Sevilla’s Linear model, and 35.2% to 50.6%
in Mdlaga’s Spatial model versus 40.9% to 48% in Sevilla’s Spatial model for the same ES.
These average increases of 8.78% (Malaga) and 3.38% (Sevilla) in fixed effects variance
upon including the BYM2 effect contrast sharply with the Spatial+ model, where fixed
effects variance decreased by 53.6% in Mélaga and 21.6% in Sevilla relative to the Linear
model. Consequently, in the Spatial+ model, fixed effects explained 14.70% (BVOCs) to
22.10% (oxygen production) in Malaga and 29.8% to 38.5% (same ES) in Sevilla.
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The BYM2 contribution to explained variance was nearly double in Sevilla (mean:
24.35%, range: 23.70-25.10%) compared to Mdlaga (mean: 13.80%, range: 9-15.90%). For
the Spatial+ model, contributions were more comparable between Malaga (mean: 36.5%,
range: 30.2-38.4%) and Sevilla (mean: 33.9%, range: 33.10-35.9%). Notably, the entire
BYM2 contribution to explained variance derived from the CAR component rather than
the iid component, with the hyperparameter 1\ consistently exceeding 0.95 across both
cities and models. Finally, covariance between fixed effects and spatial effects explained
minimal variance, averaging higher in Mélaga than Sevilla, with negative values for the
Spatial model (—2.65% and —0.775%, respectively) and positive values for the Spatial+
model (4.275% and 2.5%, respectively).

Table 4. Mean and 95% credibility intervals of the hyperparameters’ posterior distributions. 1/./¢
refers to the standard deviation of the Student-t likelihood; v refers to the degrees-of-freedom of the
Student-t likelihood; 1/+/7 refers to the marginal spatial standard deviation of the BYM2 effect; and,
1 refers to the contribution of the spatial component of the BYM?2 effect (Conditional Autoregressive
Model, CAR) versus the i.i.d. component.

Avoided Runoff BVOCs Production Oxygen Production Removed Pollutants
Hyper. Malaga Sevilla Malaga Sevilla Malaga Sevilla Malaga Sevilla
1/ VP
Li 1.22 0.99 1.73 1.17 1.04 0.85 1.23 0.99
mear 11,08, 1.38] [0.89,1.11]  [1.42,2.13] [1.08,127] [0.93,1.16] [0.77,0.94] [1.08,1.39] [0.89,1.11]
Spatial -9 0.71 1.54 0.87 0.85 0.59 1.00 0.70
p [0.84, 1.17] [0.62, 0.80] [1.21,1.99] [0.76, 0.98] [0.73, 0.99] [0.52,0.67] [0.84, 1.18] [0.61, 0.80]
Spatials 093 0.67 1.40 0.84 0.79 0.57 0.93 0.67
p [0.80, 1.07] [0.59, 0.76] [1.16, 1.70] [0.74, 0.95] [0.68, 0.91] [0.50, 0.65] [0.80, 1.07] [0.59, 0.76]
v
Li 4.16 4.40 2.96 6.73 4.79 5.15 4.11 4.40
near - 1308,5.80]  [3.18,6.28]  [2.42,3.77]  [4.31,10.74] [3.42,6.88] [3.63,7.52] [3.05571] [3.18,6.28]
Spatial 3.87 4.92 2.81 6.16 4.54 5.01 3.83 5.08
P [2.86, 5.48] [3.46,7.29] [2.32,3.59] [4.00,10.05] [3.23, 6.64] [3.54,7.32] [2.85, 5.39] [3.48, 7.71]
Spati 4.61 6.33 3.07 7.27 6.13 6.41 453 6.35
patial+ [4.12
[3.29, 6.63] [4.17,9.88] [2.52,3.85] [4.01,13.73] [3.98,9.73] [3.78,11.53] [3.28, 6.42] 10 07’]
/vt
Linear - - - - - - - -
Spatial  0-60 0.52 0.60 0.67 0.53 047 0.60 0.53
p [0.47, 0.75] [0.44, 0.62] [0.45, 0.76] [0.56, 0.79] [0.40, 0.68] [0.40, 0.55] [0.47,0.76] [0.44, 0.63]
Spatial+  0-78 0.60 0.84 0.74 0.73 0.52 0.78 0.60
p [0.66, 0.91] [0.51, 0.70] [0.72,0.98] [0.62, 0.88] [0.60, 0.87] [0.43, 0.62] [0.65, 0.91] [0.51, 0.70]
v
Linear - - - - - - - -
Spatial  0-26 1.00 0.94 0.97 0.94 0.98 0.95 0.97
p [0.82, 1.00] [1.00, 1.00] [0.75, 1.00] [0.88, 1.00] [0.78, 1.00] [0.89, 1.00] [0.76, 1.00] [0.91, 1.00]
Spatial+  0-98 0.98 0.98 0.97 0.97 0.98 0.98 0.98
p [0.91, 1.00] [0.94, 1.00] [0.89, 1.00] [0.89, 1.00] [0.88, 1.00] [0.90, 1.00] [0.92, 1.00] [0.94, 0.99]
Table 5. Mean and 95% credibility intervals of the percentage of variance explained by each model
component. Obs. Level refers to the observation-level variance contribution; Fixed refers to fixed
effects contribution; Spatial effect refers to BYM2 spatial component contribution; Covl[F, S] refers to
the percentage explained by twice the covariance between fixed and BYM2 effects.
Avoided Runoff BVOCs Production Oxygen Production Removed Pollutants
Variable Malaga Sevilla Malaga Sevilla Malaga Sevilla Malaga Sevilla
Obs. Level
Li 59.8 55.6 65.9 58.6 55.0 53.1 60.0 55.7
mear 554 68.1] [49.0,63.5] [56.4,77.9] [52.6,64.8] [48.4,62.6] [47.1,59.8] [52.6,683]  [49.1,63.3]
Spatial 3.1 30.4 55.7 34.1 39.4 27.7 43.4 30.3
p [33.4,529] [23.7,37.6] [44.1,686] [27.2,41.2] [30.5,482] [21.8,34.1] [335,53.3] [23.9,37.0]
Spatials 356 28.1 514 324 33.9 26.2 38.7 28.2
p [29.9, 48.2] [22.1,35.0] [40.9, 62.9] [25.3, 40.0] [25.3, 42.8] [20.0, 33.0] [30.0, 48.3] [22.1, 34.9]
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Table 5. Cont.

Avoided Runoff BVOCs Production Oxygen Production Removed Pollutants
Variable Malaga Sevilla Malaga Sevilla Malaga Sevilla Malaga Sevilla
Fixed
Li 40.2 444 341 414 45.0 46.9 40.0 443
mear  1319,47.6] [36.5,51.0] [22.1,43.6] [352,47.4] [37.4,51.6] [40.2,529] [31.7,474] [36.7,50.9]
Spatial 44.1 47.1 35.2 40.9 50.6 48.0 439 47.1
[34.1, 54.9] [40.3,54.3] [24.4,46.6] [33.7, 48.6] [40.3, 61.7] [41.6,54.6]  [33.6,55.0] [40.3, 54.2]
Spatial+ 187 354 14.7 29.8 221 38.5 18.6 354
p [14.0, 23.6] [30.3,40.5] [10.2,19.6] [24.8,35.1] [17.2,27.4] [33.4,43.8] [14.0,23.6] [30.3,40.5]
Spatial effect
Linear - - - - - - - -
Spatial 15.9 23.7 9.0 25.1 14.5 24.8 15.8 23.8
p [9.6,23.5] [17.4,30.5]  [4.5,14.9] [18.3,32.1] [8.5,21.8] [18.9,31.1]  [9.5,23.3] [18.0, 30.2]
Spatials 354 334 30.2 359 39.2 331 38.3 334
p [29.8,47.0] [26.7,40.0] [21.7,38.8] [28.4, 43.4] [30.4, 48.1] [26.4,40.4]  [29.8,46.8] [26.8,40.1]
Covl[ES]
Linear - - - - - - - -
Spatial -3.1 —1.2 0.0 —0.1 —4.5 —0.6 -3.0 -1.2
[-12.4,4.6] [-75,4.2] [—6.4,5.7] [—6.4,5.3] [-14.3,3.7] [-6.1,4.3] [-12.2,47] [-75,4.2]
Spatial+ 43 3.0 3.7 1.9 4.8 2.1 43 3.0
[1.6,6.9] [-0.4, 6.1] [1.6,5.8] [—1.5,4.9] [1.8,7.7] [—1.4,5.3] [1.6,6.9] [-0.3,6.1]

3.3.2. Inequity Patterns in Accessibility to Ecosystem Services

Fixed-effect estimates, i.e., socio-economic and demographic inequity patterns, re-

vealed differences among Linear, Spatial, and Spatial+ model specifications, with patterns

varying substantially across cities and, to a lesser extent, across ES (Figures 4-7; Table S1).

The most pronounced between-model discrepancies occurred for Area and Income covari-

ates, where Spatial+ consistently altered both effect magnitudes and credibility. Conversely,

age and ethnicity exhibited greater stability across model specifications.
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Figure 4. Fixed-effect estimates of covariates on avoided runoff in the model’s fitting scale, i.e., effects
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are reported on the linear predictor (log) scale, with covariates expressed as z-scores. Results are
presented comparatively for each covariate and city across the three models: linear, spatial, and
Spatial+. Estimates are shown as the posterior mean with credible intervals at 50%, 75%, and 95%.
Back-transformed effects in the natural covariate scale are reported in Table S1.
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Figure 5. Fixed-effect estimates of covariates on Biogenic Volatile Organic Compounds (BVOCs) in
the model’s fitting scale, i.e., effects are reported on the linear predictor (log) scale, with covariates
expressed as z-scores. Results are presented comparatively for each covariate and city across the
three models: linear, spatial, and Spatial+. Estimates are shown as the posterior mean with credible
intervals at 50%, 75%, and 95%. Back-transformed effects in the natural covariate scale are reported
in Table S1.

In Malaga, income effects demonstrated strong positive associations with all ES under
Linear and Spatial specifications (means: 1.03-1.41% per 1% increase in income), with 95%
credible intervals excluding zero. Spatial+ amplified these effects approximately threefold,
but substantially wider credible intervals marginally included zero, rendering the effect
non-credible at the 95% probability. Although Spatial+ provided insufficient evidence to
conclusively establish a positive relationship between income and ES provision, moderate
directional evidence (probability of direction, PD = 0.89-0.97) suggested a likely positive
association. In contrast, Sevilla showed non-credible income effects across all three models.

Gini inequality produced divergent results between cities. In Mdlaga, all three models
estimated non-credible effects. Weak evidence suggested a potential negative relationship
between Gini and total oxygen production, with Linear and Spatial models indicating
0.97 and 0.93 PD of a negative effect, respectively, though this evidence remained insuf-
ficient for conclusive inference. In Sevilla, Linear and Spatial models estimated credible
negative effects of Gini on ES provision, whereas Spatial+ detected no credible relationships
with any ES, with removed pollutants showing the strongest evidence (PD = 0.97). Under
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Linear and Spatial specifications, each 1% increase in the Gini index within a census tract
was associated with reductions of —3.31% [—6.18%, —0.40%] or —3.45% [—6.10%, —0.75%]
in avoided runoff, —5.18% [—8.92%, —1.35%] or —4.11% [—-7.62%, —0.50%] in BVOCs
production, —2.36% [—4.98%, 0.32%] or —1.64% [—3.98%, 0.73%] in oxygen production,
and —3.31% [—6.18%, —0.40%] or —3.47% [—6.13%, —0.75%] in removed pollutants, with
the first value corresponding to Linear and the second to Spatial estimates for each service.

Malaga Sevilla
Log(Population) .:.: _i:
= ) )
Log(Income) 4 P ——E— —eifie—
E - | °
Log(Area) - —i=— :t_.
. @
Gini ::.j' ol
®
Const. year f: -@=
CLR Moroccans ':—-_-—' '—I—
CLR EU-other 4 I '—1—'
CLR EU-east 4 ———— ' -—I—-
CLR AsOc - — e —— ' o
- | — =l
CLR Americans '—--'—' '.‘I‘
CLR Africans | rei s  —
NN ==
CLR 65+ ——— .
CLR 0-14 ——mgm—— __-:t:-‘t
.
-0.5 0.0 0.5 -0.5 0.0 0.5

® Lincar @ Spatial @ Spatial+

Figure 6. Fixed-effect estimates of covariates on oxygen production in the model’s fitting scale, i.e.,
effects are reported on the linear predictor (log) scale, with covariates expressed as z-scores. Results
are presented comparatively for each covariate and city across the three models: linear, spatial, and
Spatial+. Estimates are shown as the posterior mean with credible intervals at 50%, 75%, and 95%.
Back-transformed effects in the natural covariate scale are reported in Table S1.

Total population in census tracts exhibited progressive strengthening of effects from
Linear to Spatial to Spatial+ models in Mélaga, but remained stable across specifications in
Sevilla. In Méalaga, Linear models produced non-credible effects, with the sole exception
of oxygen production. Spatial and Spatial+ models consistently identified positive rela-
tionships between population size and ES provision across all services; each 1% increase
in census tract population is related to an average increase in provision ranging from
0.44% to 0.54% under the Spatial model and from 0.77% to 0.86% under Spatial+, with
variation attributable to ES type. In Sevilla, only the Spatial model estimated relationships
that achieved 95% credibility, albeit with effects marginally distinct from zero. Notably,
in Sevilla, census tracts with larger populations were not estimated to be associated with
greater BVOC production by urban trees under any model specification.
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Figure 7. Fixed-effect estimates of covariates on removed pollutants in the model’s fitting scale, i.e.,
effects are reported on the linear predictor (log) scale, with covariates expressed as z-scores. Results
are presented comparatively for each covariate and city across the three models: linear, spatial, and
Spatial+. Estimates are shown as the posterior mean with credible intervals at 50%, 75%, and 95%.
Back-transformed effects in the natural covariate scale are reported in Table S1.

Compositional age classes showed consistent negative effects across models and
cities, suggesting that census tracts with higher proportions of vulnerable age groups,
young residents and/or elderly populations, were associated with reduced ES provision
by urban trees. CLR 0-14 years (proportion of young residents) demonstrated strong
negative associations with all ES in both cities. In Méalaga, Spatial and Spatial+ models
consistently estimated credible negative relationships across all ES, with Spatial+ yielding
attenuated effect magnitudes. These patterns were absent in the Linear model, which
detected no credible associations for this age group. In Sevilla, all three models produced
highly credible negative effects (Linear: —38.23%, Spatial: —36.51%, Spatial+: —22.81%; PD
= 1.00), with Spatial+ estimating substantially reduced magnitudes (approximately 40%
attenuation relative to Linear/Spatial). CLR 65+ years (elderly proportion) exhibited fully
consistent patterns among models but revealed pronounced differences between cities. In
Malaga, no model detected credible relationships between CLR 65+ years ES provision
In contrast, all three models in Sevilla consistently estimated inequities in ES access for
elderly populations, with Spatial model producing the strongest negative associations and
Spatial+ yielding the most attenuated yet still credible effects. Averaging estimates across
the four ES, given their similarity in magnitude and uncertainty, each 1 standard deviation
increase in CLR 65+ years (reflecting a compositional shift relative to the geometric mean)
was associated with decreases of —28.03%, —31.69%, and —20.05% in ES provision under
Linear, Spatial, and Spatial+ models, respectively.

https://doi.org/10.3390 /urbanscil0040205


https://doi.org/10.3390/urbansci10040205

Urban Sci. 2026, 10, 205

21 of 35

In Maélaga, ethnicity showed credible negative effects under all three model specifi-
cations. Census tracts with higher proportions of Moroccan-origin residents represented
the sole exception, showing no credible associations with ES provision across models
and services. CLR Africa and CLR Asia-Oceania displayed the largest inequities: each
1 standard deviation increase in African-origin residents was associated with reductions
averaging —33.54% (Linear), —30.89% (Spatial), and —31.97% (Spatial+) across the four
ES, while Asian-Oceanian populations demonstrated comparable magnitudes (—40.40%,
—30.38%, —31.20%, respectively). CLR Americans produced credible negative effects of
intermediate magnitude (averages: —29.58% Linear, —17.63% Spatial, —14.67% Spatial+),
though oxygen production showed no associations under Spatial and Spatial+ models.
European-origin categories (CLR EU east, CLR EU other) exhibited moderate negative
effects with greater model sensitivity and greater inequity for Eastern European than other
European foreign-born populations. For CLR EU east, all three models consistently esti-
mated (75% of cases) reduced ES access in census tracts with higher proportions of this
population relative to the geometric mean composition, except under the Spatial model for
avoided runoff, oxygen production, and removed pollutants. Linear models produced the
largest average estimates (—19.52% to —37.82% depending on ES), followed by Spatial+
(—16.36% to —27.18%). CLR EU other showed predominantly non-credible associations
across ES and models (67% of cases). Linear models consistently estimated negative rela-
tionships with ES, whereas Spatial and Spatial+ detected no credible associations except
for a marginal negative effect on BVOCs production under the Spatial model. In contrast to
Malaga, ethnic composition showed no credible associations with ES provision in Sevilla.
All migration-origin covariates produced non-credible effects across models, with the sole
exception of oxygen production for CLR Americas (11.65-16.49%, PD = 0.99 across models)
and CLR Africa under Spatial+ (18.10% [1.65%, 36.32%], PD = 0.98), which indicated weak
positive associations, opposite to Malaga’s negative inequities.

Morphological characteristics of census tracts also showed associations with ES provi-
sion. Mean construction age exhibited predominantly non-credible relationships across ES
and models, with credible effects detected only in Sevilla (42% of cases) and none in Mélaga,
though effects were consistently positive, albeit non-credible, in both cities. In Sevilla, the
Linear model estimated positive credible effects for all ES, whereas Spatial and Spatial+
detected credible associations only for BVOCs production. All models systematically esti-
mated positive credible effects with low uncertainty for census tract area. Moreover, Area
exhibited the largest between-model differences in effect magnitude while maintaining con-
sistent directionality. In Mélaga, Spatial+ estimated effects 2.5-2.9 times larger than Linear
or Spatial models across all ES (Spatial+: 12.56-14.96% vs. Spatial: 4.94-5.88% vs. Linear:
4.36-5.46% per 10% area increase). In contrast, Sevilla showed minimal between-model
variation (Linear: 7.52-8.49%, Spatial: 7.37-8.31%, Spatial+: 7.97-8.49%), with Spatial+
estimates remaining within 10% of Linear/Spatial values.

4. Discussion

These results reveal substantial inter-city differences in urban forest structure and
composition, ES provision, and inequity patterns. While Sevilla maintains higher and more
consistent tree density with greater ES provision, Mdalaga exhibits superior taxonomic di-
versity. Malaga’s composition features exotic species of Arecaceae and Moraceae (specially
of the genus Ficus) families, taxa substantially underrepresented in Sevilla’s dominant
ranks. Conversely, Sevilla’s exclusion of these subtropical elements reflects greater ad-
herence to traditional continental-Mediterranean species selection. Applying Santamour
rule (10-20-30) [104], Sevilla exhibits severe structural vulnerability, significantly exceeding
recommended thresholds at both genus and species levels. The overwhelming dominance
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of C. aurantium renders the city’s urban forest effectively a monoculture, creating high
vulnerability to host-specific pest or pathogen outbreaks. In contrast, Mdlaga demonstrates
superior compliance with diversity targets, maintaining dominant families and genera
well within safety limits with only marginal deviation for C. aurantium at the species
level. This more balanced composition constitutes a robust portfolio capable of buffering
against biological disturbances. These findings demonstrate how divergent urban forestry
management practices and species selection preferences generate distinct structural and
compositional outcomes between cities.

Total annual air pollution removal was higher in Seville (92.7 Tn/year) than in Malaga
(37.6 Tn/year). Both estimates are generally consistent with values reported in the literature
for other urban forests, although Malaga’s estimate falls at the lower end of this range.
Urban forest pollutant removal capacity varies substantially across cities due to differences
in canopy extent, species composition, and environmental conditions. Nowak et al. [105]
estimated absolute pollutant removal ranging from 8 to 14,900 Tn/year across 48 U.S. cities.
Selmi et al. [106] quantified 65 Tn of PM;g and Os removal in Strasbourg, France, between
July 2012 and June 2013, while Bottalico et al. [107] estimated 249 Tn for Florence, Italy, in
2013 using a local-scale modeling approach rather than i-Tree. Recent assessments continue
to reveal this scale dependency, with Geneva’s urban forest removing 14 Tn/year of PMjq
and 52 Tn/year of O3 [108]. Mdalaga’s gross removal aligns closely with Barcelona’s 28 Tn
estimated by Baro et al. [109] for 2018, a city sharing similar Mediterranean climate and
urban morphology.

Normalizing removal capacity by area provides more robust cross-city compar-
isons and reveals substantial within-city heterogeneity. Our analysis yielded mean an-
nual removal rates of 1.52 g/m?/year (range: 0.004 to 7.39 g/m?/year) for Sevilla and
0.84 g/m?/year (range: 0.006 to 5.15 g/m?/year) for Méalaga. The observed variations
across census tracts are consistent with prior research. For instance, annual removal rates
between 4.8 and 21.5 g/m? were identified in Chile’s Santiago Metropolitan Region [110].
Similarly, a study encompassing 48 cities in the United States reported a median removal
value of 10.8 g/m? (ranging from 6.2 to 23.1 g/m?) per unit of canopy cover [105]. These
findings also mirror data from Geneva’s urban forests, where removal capacities were
measured at 0-8.4 g/ m? for PM;g and 0-32.7 g/ m? for O3 [108].

Runoff reduction provided by urban forests was found to be substantially below
levels documented in previous studies, with values of 0.048 hm3/ year in Sevilla and
0.011 hm?/year in Malaga. In Dalian, Liaoning Province, China, i-Tree analysis revealed
that urban trees intercept approximately 0.217 hm?/year of precipitation [111]. Compa-
rable Mediterranean contexts provide relevant benchmarks: Soares et al. [112] quantified
0.18 hm3/ year of stormwater runoff mitigation in Lisbon, Portugal, while Baré et al. [109]
estimated 0.84 hm?/year of avoided runoff in Barcelona, Spain. Municipal tree cover in New
York prevented approximately 3.37 hm?/year of runoff using i-Tree methodology [113].

BVOCs mediate critical ecological processes, including indirect herbivore defense,
pollinator attraction, interplant communication, thermotolerance, environmental stress
adaptation, and predator protection [114]. Emission profiles exhibit substantial interspe-
cific and intraspecific variation driven by both physiological status and environmental
conditions [115-117]. In urban and suburban environments characterized by elevated
nitrogen oxide (NOXx) concentrations, BVOCs undergo photochemical transformations
that generate ozone and secondary organic aerosols (SOA). These reaction products pose
significant public health hazards, elevating risks of respiratory and cardiovascular diseases
while contributing to increased mortality [118-120]. In different areas of the city, exposure
inequalities to BVOCs arise from the composition of the urban forest. Furthermore, smog
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and ozone pollution can be exacerbated [117] by increased BVOC emissions resulting from
the improper selection and spatial configuration of tree species.

Despite lower tree abundance and density, Mélaga recorded higher total BVOC
emissions (15.1 Tn/year) than Sevilla (14.5 Tn/year) and greater per-area emissions
(0.28 g/m? /year; range: 0-3.77 g/m? /year) compared to Sevilla (0.23 g/m?/year; range:
0-1.68 g/m?/year). These differences reflect contrasting species composition and the inter-
play between tree biomass and genus-specific emission factors employed by i-Tree Eco ([74]
Appendix 12). Sevilla’s urban forest is dominated by Citrus aurantium (27%), a monoterpene-
emitting species that generates moderate volatile loads due to smaller canopy volumes
associated with street tree management practices. Conversely, Mélaga harbors substantially
larger populations of high-emitting genera that achieve greater biomass: Ficus species
(Moraceae, 9%), conifers including Pinus and Cupressus (combined 8%), and Washingtonia
(9%) [74,116]. These taxa, markedly less abundant in Sevilla, primarily account for Mélaga’s
elevated BVOC emissions.

Inter-city variation in ES delivery depends on multiple interacting factors that shape
both the magnitude and distribution of urban forest benefits. (1) City morphology and veg-
etation extent. Urban area and forest coverage exert primary control on aggregate service
provision, with biomass accumulation increasing proportionally with larger metropolitan
extents [70]. (2) Background pollution concentrations and precipitation regimes introduce
substantial variation in service delivery. Escobedo and Nowak [110] demonstrated that
higher ambient PMjj levels correspond to elevated removal rates per unit canopy area.
Precipitation exerts analogous control on runoff mitigation, where cities with lower annual
precipitation constrain the volume that vegetation can intercept and thereby reducing total
avoided runoff. (3) Species composition and functional traits. Taxonomic diversity intro-
duces critical variation in both service provision and disservice generation. Species identity
determines BVOCs emission rates, with the spatial arrangement of high- and low-emitting
taxa driving exposure inequalities across neighborhoods [114]. Simultaneously, species
composition shapes Leaf Area Index (LAI) patterns through interspecific differences in
phenology and canopy architecture, introducing temporal variability in runoff interception.
Evergreen species maintain consistently higher LAI and precipitation interception through-
out the year, while deciduous taxa experience prolonged leafless periods that substantially
reduce annual canopy storage capacity relative to evergreens [121-123]. Management
practices further modulate LAI by influencing canopy development and structure [124].
Since pollutant removal capacity scales directly with leaf area [108], these species-driven
variations in LAI translate into corresponding differences in air quality regulation across
urban forests. (4) UTI characteristics differed substantially between cities, potentially intro-
ducing systematic biases into our estimates. Sevilla’s inventory employed direct numerical
measurements of structural attributes, whereas Malaga’s inventory recorded tree dimen-
sions as categorical ranges. Using range midpoints as representative values for Malaga
may have generated both positive biases (wWhen midpoint exceeds actual tree dimensions)
and negative biases (When midpoint underestimates actual dimensions) across individual
trees. Under purely random measurement error, these biases would theoretically cancel
out at the population level. However, systematic tendencies by urban forestry managers to
consistently under- or overestimate diameter and height classes when assigning trees to cat-
egorical bins could produce directional bias. This methodological discrepancy may partially
explain observed differences in ES provision estimates between Malaga and Sevilla.

Regarding patterns of inequity, the results differ substantially depending on the statis-
tical model employed and the country analyzed. In the United States, findings consistently
indicate that urban canopy cover is significantly lower in low-income neighborhoods and
in areas with a higher proportion of racial minority residents [38,40,41,54,125-128]. In
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32 Canadian cities, Martin et al. [43] reported that residential instability and economic de-
pendency were negatively associated with street tree density in 16 and 9 cities, respectively.
Ethnocultural composition was negatively related to street tree density in 11 cities of the
32 cities. Similar income-related disparities have been identified in Pakistan [129] and in
Cali, Colombia [130].

Conversely, several cities show no consistent relationship between income and urban
tree distribution. For example, no significant socioeconomic gradients were detected
in Santiago, Chile [131], or in Santo Domingo, Dominican Republic [132]. Recent meta-
analyses [36,37] reviewing the literature, acknowledging a predominant focus on U.S.
studies, suggest that income- or ethnicity-based inequities are not consistently observed
when spatial effects are incorporated into statistical models. These studies found that
accounting for spatial autocorrelation decreases the mean effect size and increases its
uncertainty, rendering conditional mean estimates statistically indistinguishable from
zero. Interestingly, Walter et al. [133] reported that median household income was not
significantly correlated with overall tree cover in any of their five study cities. However,
within their spatial regression model, income emerged as a significant positive determinant
in Baltimore and Philadelphia. Collectively, these findings underscore the importance of
applying spatially explicit models tailored to each urban context, as unobserved spatial
confounders may attenuate or amplify estimated effects depending on the socioeconomic,
demographic, urban geometric, and canopy distribution characteristics of each city.

Guided by the argument advanced by Schwarz et al. [54] that equity assessments
should be based on ES rather than focus solely on tree distribution or canopy cover, several
studies have directly examined socioeconomic and demographic inequities in access to
urban tree ES. In Porto (Portugal) Graca et al. [134] supported the luxury hypothesis, re-
porting higher ES provision in wealthier areas. By contrast, Cohen et al. [135] and Escobedo
and Nowak [110] found higher ES delivery in lower-income areas than in wealthier zones
of Paris (France) and Santiago de Chile (Chile), respectively. In Barcelona (Spain), Bar6
et al. [109] reported no significant associations between ES provision and either income
or ethnicity. Instead, ES provision was positively associated with the proportion of older
residents and with lower educational attainment, suggesting a distribution that may favor
vulnerable groups. Consistent with this pattern, they also observed that the most affluent
neighborhoods generally exhibited intermediate-to-low ES provision, whereas the most
disadvantaged neighborhoods tended to show intermediate-to-high values. A positive
association was generally observed between ES provision and both income and the share of
residents with an undergraduate education across nine U.S. cities. Conversely, the percent-
age of renters and the percentage without a high school degree were negatively associated,
where significant [47]. Their findings also highlighted that inequities related to population
origin varied substantially depending on the city. In a similar vein, Nyelele and Kroll [73]
demonstrated that carbon storage, stormwater runoff reduction, air pollutant removal,
and heat index reduction are unequally distributed among various sociodemographic and
socioeconomic groups. Specifically, disadvantaged communities, particularly those with
high poverty rates and low median income, were shown to receive disproportionately
lower benefits.

Similar variations in inequity patterns between spatial and linear models have been
observed when ES, rather than canopy cover, serve as response variables, despite much
less existing literature. Riley and Gardiner [47] highlighted the critical importance of
accounting for spatial structure. By incorporating spatial dependence, they used Spatial
Autoregressive models, outperformance over linear models were observed and yielded
parameter estimates more reliable and accurate. Through addressing spatial autocorrela-
tion, such spatially explicit approaches function to reduce estimation errors and prevent
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misleading inferences regarding the relationship between response variables and socioeco-
nomic covariates. Ultimately, the integration of spatial structure does more than enhance
model performance, facilitating a more profound understanding of the complex dynamics
inherent in urban socio-ecological systems [86].

Our BHMs revealed that inequity patterns were highly consistent across the four ES,
indicating that Linear, Spatial, and Spatial+ model specifications affected all services equiv-
alently. This consistency suggests that the analyzed services respond similarly to socio-
spatial gradients within each city regardless of the spatial adjustment approach employed.
We adopted BHMs over frequentist alternatives such as spatial autoregressive, spatial error,
or spatial lag models for several reasons. First, BHMs offer greater flexibility to accommo-
date additional latent structures, such as temporal random effects, if spatiotemporal data
become available. Second, BHMs provide full posterior distributions for model parame-
ters, enabling probabilistic inference and direct computation of parameter combinations
or contrasts without requiring post hoc corrections [136]. Third, this framework ensures
comprehensive uncertainty propagation, allowing for rigorous probabilistic statements
about ES inequities. Finally, the hierarchical structure permits information sharing across
spatial units while retaining the capacity to capture localized heterogeneity in urban forest
benefit distribution.

The BHM results reveal significant inequities in ES access among socioeconomic and
demographic groups after accounting for census tract area, unobserved covariates, spatial
autocorrelation via random effects, and spatial confounding. City-level differences domi-
nated the observed patterns, and model specification influenced the magnitude, precision,
and credibility of estimated effects, though effect directionality remained consistent. Mélaga
and Seville exhibited divergent and opposing inequity patterns in ES access across socioe-
conomic strata, indicating that local urban context mediates these relationships. In Seville,
inequity patterns were inconsistent with the luxury hypothesis and occurred primarily
across age-based demographic strata, whereas in Mdlaga they manifested predominantly
along ethnicity, with weaker evidence of income-related disparities.

In Malaga, higher average income at the census tract level is associated with greater
ES provision under both Linear and Spatial model specifications, though this relationship
becomes marginally non-credible under the Spatial+ specification. In Sevilla, all three mod-
els consistently indicate no influence of income on access to ES, suggesting equity across
economic strata. However, greater income inequality among census tract residents (Gini
index) correlates with reduced provision of all ES in Sevilla, but not in Mélaga. Although
these variables differ, both capture inequities within the economic dimension, suggesting
that socioeconomic factors generate inequities in both cities. However, these patterns
depend on local urban structure and composition, with model specification introducing
additional variability in effect magnitude without altering directional patterns. Previous
research demonstrates that high-income earners can afford properties in neighborhoods
or parcels with greater tree cover due to their higher purchasing power [36]. Urban trees
represent an economic good that typically becomes a priority only after residents have
sufficient income to cover basic needs. Consequently, demand for tree cover increases
substantially with rising income levels [137].

After controlling for census tract size, spatial models revealed that higher population
was associated with greater ES provision, indicating no mismatch between densely popu-
lated areas and ES availability. Demographic composition by ethnicity and age emerged as
the principal determinants of inequity in both cities and exhibited greater stability across
model specifications. While both cities displayed evidence of environmental injustice, the
demographic drivers differed substantially. In Seville, age-based disadvantage was robust
across all statistical approaches, with all three models confirming reduced ES provision
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for both youth (0-14 years) and elderly (65+ years) populations. In Malaga, age-based
inequities for youth were detected only in spatial models and were entirely absent for
the elderly, whereas ethnicity emerged as a critical factor. With the notable exception of
Moroccan-origin residents, ethnic minority groups in Malaga faced consistent disadvan-
tages, with the most pronounced inequities observed for African and Asian-Oceanian
communities, followed by Latin American and Eastern European populations.

A central question for urban and territorial planners remains unresolved: which
modeling approach should guide analyses of inequity patterns in ES provision by urban
trees? Put differently, should we assume a spatial data-generating process, control for
spatial autocorrelation, evaluate unobserved spatial confounding, and consider minimizing
collinearity between fixed effects and spatial effects? Based on our results, we recommend:
(1) incorporating spatial effects to ensure valid inference, model plausible unobserved
spatial covariates, improve model fit and predictive performance, and respect the inherently
spatial nature of the data and its autocorrelation structure; (2) reporting results from both
conventional spatial models and spatial confounding mitigation approaches in multi-city
ES studies to identify city-specific collinearity patterns between spatial and fixed effects.
Such patterns may reveal local socioecological dynamics and prevent biased inferences
about inequities that, if applied uncritically in urban planning and tree-planting initiatives,
could misallocate resources to areas where apparent disparities are statistical artifacts of
inappropriate model selection rather than genuine inequities.

Generally, residualizing covariates in the Spatial+ specification to estimate direct ef-
fects on ES provision independent of shared spatial trends produces minimal changes
for socioeconomic variables, although it increases uncertainty and renders some effects
marginally non-credible. However, marked city-specific differences in spatial confounding
of census tract area were observed. In Mdlaga, strong collinearity between tract size and
the BYM2 spatial effect appears to cause conventional models to underestimate the area
effect. The Spatial+ specification corrected this by isolating local variation from spatial
trends, thereby increasing the estimated effect size. Conversely, coefficient stability across
all models in Seville indicates minimal confounding between tract area and ES drivers.
These divergent patterns suggest that the extent to which administrative boundaries mask
underlying relationships varies substantially depending on city-specific historical and topo-
graphical planning contexts. Consequently, city-specific and covariate-specific evaluations
are necessary, as between-city variation emerged as the dominant source of heterogeneity
in our results.

For practitioners allocating resources, navigating these model-dependent findings
requires a tiered approach to intervention design. When socioeconomic fixed effects
remain robust across both modeling specifications, planners can confidently use these
variables as primary, systemic criteria for prioritizing tree-planting initiatives. Crucial
nuance is required, however, when the Spatial+ specification renders an effect marginally
non-credible. Because the directionality of these effects remains consistent, and because
this marginal loss of credibility may partly stem from methodological caveats in standard
spatial residualization practices (see Limitations), planners should not reflexively discard
these socioeconomic metrics. Instead, these variables should serve as secondary targeting
criteria to ensure equitable resource allocation despite methodological uncertainties.

Limitations and Future Research Directions

While the present study quantified ES provision and BVOC emissions by urban trees
and estimated inequities across sociodemographic groups, several limitations warrant
further investigation:
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Due to limitations in the spatial resolution of available census demographic data, we
assumed uniform accessibility to urban tree ES for all residents within the same census
tract. This simplification overlooks individual-level variability introduced by factors
such as canopy cover in the immediate vicinity of residences, proximity to major
green spaces, and differences in mobility that significantly shape actual accessibility.
Nonetheless, the proposed models enable assessment of citywide inequities at a spatial
scale operationally relevant for urban planning processes. When applied, these models
facilitate counterfactual scenario analyses, allowing planners to identify census tracts
where additional tree planting would most effectively reduce ES provision inequities.
The literature clearly demonstrates that inequities exist not only in access to tree bene-
fits but also in exposure to environmental hazards. Regarding air pollution, studies
consistently highlight disparities affecting ethnic minority groups [138-140]. Income-
related inequities exhibit more varied patterns, ranging from higher exposure among
lower-income populations [140] to nonlinear relationships [141] or instances where
lower exposure coincides with higher health susceptibility [142]. However, because
ethnic minorities often have the lowest income levels in developed countries [143],
they face disproportionate cumulative environmental burdens, including elevated air
pollution exposure and reduced thermal comfort [144,145]. Future research should
integrate hazards to comprehensively evaluate cumulative environmental burdens on
vulnerable populations by simultaneously assessing inequities in benefit access and
hazard exposure through multivariate model specifications.

Although the Spatial+ model is widely applied for spatial confounding minimiza-
tion, an important limitation exists. Bayesian modeling provides access to the full
posterior distribution of residuals. However, using the posterior mean or median for
residualizing covariates is standard practice. This may introduce biased inference for
socioeconomic effect estimates that vary fundamentally with residual uncertainty, po-
tentially explaining why our Spatial+ models yielded marginally non-credible effects
at the 95% level. Future work should evaluate how inequity patterns change when
residualization accounts for the entire posterior distribution using Bayesian two-stage
hierarchical frameworks that propagate uncertainty through posterior resampling
and Bayesian model averaging [146]. Recently, Urdangarin et al. [147] proposed a sim-
plified Spatial+ approach that eliminates separate model fitting by removing spatial
dependence through decomposition of covariates as linear combinations of eigen-
vectors from the spatial effect precision matrix. This spectral decomposition enables
single-step regression while preserving short-scale covariate-outcome associations.
However, selecting the optimal number of retained eigenvectors substantially affects
fixed effect estimation properties. Future studies should evaluate the sensitivity of
estimates to spatial confounding methods.

Inter-city variability in inequity patterns emerged as the most important source
of heterogeneity. Malaga and Seville exhibited substantial differences in observed
patterns; however, our analyses were limited to descriptive comparisons due to in-
sufficient cities for more robust inference. Future work should prioritize compiling
UTIs across multiple Spanish cities. This would enable meta-regression of inequity
patterns across cities, estimation of shared trends, evaluation of factors mediating
inter-city differences, and partitioning of variance contributions between statistical
model selection and genuine city-level heterogeneity. Advancing this research agenda
would elucidate whether systematic inequities exist across major Spanish cities and
identify city-specific characteristics that could guide urban forest managers in im-
plementing interventions to ensure equitable ES access across socioeconomic and
demographic strata.
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Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/urbanscil0040205/s1, Figure S1. Observed and predicted yearly
avoided runoff in Malaga using the linear model. Figure S2. Observed and predicted yearly BVOC
production in Malaga using the linear model. Figure S3. Observed and predicted yearly oxygen
production in Malaga using the linear model. Figure S4. Observed and predicted yearly removed
pollutants in Malaga using the linear model. Figure S5. Observed and predicted yearly avoided
runoff in Sevilla using the linear model. Figure S6. Observed and predicted yearly BVOC production
in Sevilla using the linear model. Figure S7. Observed and predicted yearly oxygen production in
Sevilla using the linear model. Figure S8. Observed and predicted yearly removed pollutants in Sevilla
using the linear model. Figure S9. Observed and predicted yearly avoided runoff in Malaga using
the Spatial model. Figure S10. Observed and predicted yearly BVOC production in Malaga using
the Spatial model. Figure S11. Observed and predicted yearly oxygen production in Malaga using
the Spatial model. Figure S12. Observed and predicted yearly removed pollutants in Malaga using
the Spatial model. Figure S13. Observed and predicted yearly avoided runoff in Sevilla using the
Spatial model. Figure S14. Observed and predicted yearly BVOC production in Sevilla using the
Spatial model. Figure S15. Observed and predicted yearly oxygen production in Sevilla using the
Spatial model. Figure S16. Observed and predicted yearly removed pollutants in Sevilla using the
Spatial model. Figure S17. Observed and predicted yearly avoided runoff in Malaga using the Spatial+
model. Figure S18. Observed and predicted yearly BVOC production in Malaga using the Spatial+
model. Figure S19. Observed and predicted yearly oxygen production in Mélaga using the Spatial+
model. Figure S20. Observed and predicted yearly removed pollutants in Malaga using the Spatial+
model. Figure S21. Observed and predicted yearly avoided runoff in Sevilla using the Spatial+ model.
Figure S22. Observed and predicted yearly BVOC production in Sevilla using the Spatial+ model.
Figure S23. Observed and predicted yearly oxygen production in Sevilla using the Spatial+ model.
Figure 524. Observed and predicted yearly removed pollutants in Sevilla using the Spatial+ model.
Figure S25. Posterior predictive checks and diagnostic plots for the linear model fit of avoided runoff in
Malaga. Figure 526. Posterior predictive checks and diagnostic plots for the linear model fit of BVOCs
production in Malaga. Figure S27. Posterior predictive checks and diagnostic plots for the linear model
fit of oxygen production in Malaga. Figure S28. Posterior predictive checks and diagnostic plots for the
linear model fit of removed pollutants in Malaga. Figure S29. Posterior predictive checks and diagnostic
plots for the linear model fit of avoided runoff in Sevilla. Figure S30. Posterior predictive checks and
diagnostic plots for the linear model fit of BVOC production in Sevilla. Figure S31. Posterior predictive
checks and diagnostic plots for the linear model fit of oxygen production in Sevilla. Figure S32. Pos-
terior predictive checks and diagnostic plots for the linear model fit of removed pollutants in Sevilla.
Figure S33. Posterior predictive checks and diagnostic plots for the Spatial model fit of avoided runoff
in Malaga. Figure S34. Posterior predictive checks and diagnostic plots for the Spatial model fit of
BVOC production in Malaga. Figure S35. Posterior predictive checks and diagnostic plots for the
Spatial model fit of oxygen production in Malaga. Figure S36. Posterior predictive checks and diag-
nostic plots for the Spatial model fit of removed pollutants in Malaga. Figure S37. Posterior predictive
checks and diagnostic plots for the Spatial model fit of avoided runoff in Sevilla. Figure S38. Poste-
rior predictive checks and diagnostic plots for the Spatial model fit of BVOCs production in Sevilla.
Figure S39. Posterior predictive checks and diagnostic plots for the Spatial model fit of oxygen produc-
tion in Sevilla. Figure S40. Posterior predictive checks and diagnostic plots for the Spatial model fit
of removed pollutants in Sevilla. Figure S41. Posterior predictive checks and diagnostic plots for the
Spatial+ model fit of avoided runoff in Malaga. Figure S42. Posterior predictive checks and diagnostic
plots for the Spatial+ model fit of BVOC production in Malaga. Figure S43. Posterior predictive checks
and diagnostic plots for the Spatial+ model fit of oxygen production in Malaga. Figure S44. Posterior
predictive checks and diagnostic plots for the Spatial+ model fit of removed pollutants in Malaga.
Figure 545. Posterior predictive checks and diagnostic plots for the Spatial+ model fit of avoided
runoff in Sevilla. Figure 546. Posterior predictive checks and diagnostic plots for the Spatial+ model
fit of BVOC production in Sevilla. Figure S47. Posterior predictive checks and diagnostic plots for
the Spatial+ model fit of oxygen production in Sevilla. Figure S48. Posterior predictive checks and
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diagnostic plots for the Spatial+ model fit of removed pollutants in Sevilla. Table S1. Inequity patterns
in access to urban tree ecosystem service provision as modeled by fixed effects.
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The following abbreviations are used in this manuscript:

ES Ecosystem services

RSR Restricted spatial regression

BHM  Bayesian hierarchical model

UTI Urban tree inventory

BVOC  Biogenic volatile organic compound
CLR Centered Log ratio

INLA  Integrated nested laplace approximation
BYM Besag-York-Mollié model

CAR Conditional autoregressive model

ICAR  Intrisic conditional autoregressive model
PC Penalized complexity

WAIC  Watanabe Akaike Information Criteria
LSCP  Log score on Conditional predictive ordinates
PIT Probability integral transformation

PD Probability of direction

LAI Leaf area index
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