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Achieving Sustainable Development Goal 11 requires addressing inequities in access to ecosystem services
provided by urban trees to ensure a fair distribution of environmental benefits across socioeconomic groups.
Ecosystem services estimates based on urban forest inventories often face challenges related to missing data or
traits recorded in numerical ranges. Measurement-level uncertainty, if unaccounted for, can lead to overly
optimistic estimates and limit their utility for urban planning. This study presents a methodological framework
for propagating uncertainty in ecosystem services estimation with i-Tree. The approach integrates machine
learning models to impute missing data and employs copulas and Monte Carlo simulations to assess the impact of
trait uncertainty on provision. These simulations are further incorporated into Bayesian Hierarchical Models to
evaluate how trait uncertainty influences estimates of inequities in ecosystem services accessibility across so-
cioeconomic groups at the census tract level. Results indicate substantial uncertainty in tree-level estimates,
which decreases with increasing spatial scale due to the central limit theorem. Model findings reveal inequities in
benefits accessibility across social groups, even after accounting for census tract tree density, unobserved
covariates and spatial autocorrelation via random effects, and tree trait uncertainty. Higher-income areas with
greater income inequality and lower proportions of minority ethnic populations tend to have greater access to
ecosystem services. This study provides a replicable methodology applicable to urban tree inventories with
similar data limitations and offers urban planners an analytical tool for designing targeted tree-planting stra-
tegies that promote equitable ecosystem services provision distribution and foster healthier, more resilient urban
communities.

1. Introduction scenario, driven by the intensification of Urban Heat Islands (UHI)

(Chapman et al., 2017; Rosenzweig et al., 2018), the rising intensity,

Currently, 57.7 % of the global population resides in urban areas, a
figure projected to increase to 67.9 % by 2050 (UN, 2025). Urban en-
vironments are particularly vulnerable to the effects environmental
hazards due to high population densities and the unique atmospheric
processes that define urban climates (Oke et al., 2017). The impacts of
extreme temperatures in cities have already led to severe public health
consequences. The three most lethal extreme heat events of the 21st
century alone have led to nearly 200,000 fatalities across Europe
(Robine et al., 2008; Barriopedro et al., 2011; Ballester et al., 2023).
Future projections of urban warming present an increasingly alarming
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frequency, duration, and spatial extent of heatwaves (Lorenzo et al.,
2021; Domeisen et al., 2023), and the interaction effect of
UHI-heatwaves (Founda and Santamouris, 2017).

Environmental hazards in urban areas extend beyond extreme heat,
with air pollution and flooding also posing significant public health risks
(Lelieveld et al., 2015; Hu et al., 2018). In 2021, an estimated 8.08
million (6.71 million — 9.48 million) deaths were attributed to air
pollution, with nearly 97 % linked to particulate matter exposure
(Murray et al., 2020). In Europe, despite a 33.7 % reduction in PMa.5
concentrations between 1990 and 2019, this pollutant remained
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responsible for 368,006 deaths in 2019 (Juginovic et al., 2021).
Regarding flood hazards, the number of people affected by flooding has
steadily increased over the past four decades (Hu et al., 2018).
Currently, an estimated 1.81 billion people, 23 % of the global popu-
lation, are directly exposed to flooding events with a 100-year return
period (Rentschler et al., 2022). Moreover, flood-related disasters are
projected to become more severe, prolonged, and frequent due to the
increasing occurrence of extreme precipitation events and rising sea
levels (Tellman et al., 2021).

These challenges highlight the urgent need for effective adaptation
and mitigation strategies to address the environmental issues affecting
urban areas. The scientific literature has explored various approaches to
enhance urban livability and resilience (Yu et al., 2020). Among these,
urban tree planting has increasingly been recognized as a nature-based
solution for mitigating multiple environmental challenges due to its
ability to provide essential ecosystem services (ES) (Pataki et al., 2021).
Ensuring the equitable distribution of urban tree canopy coverage across
socioeconomic groups is essential to guaranteeing fair access to its
benefits throughout the city (Schwarz et al., 2015). While there is a
well-established correlation between total ES provision and the overall
amount of green cover, the generation and supply of these services are
largely influenced by tree-specific traits (Miedema-Brown and Anand,
2022; Liang and Huang, 2023). Furthermore, studies on environmental
justice yield different results and conclusions depending on whether ES
provision is directly assessed or if tree canopy coverage is used as a
proxy, highlighting the need for a direct evaluation of ES (Riley and
Gardiner, 2020).

The implementation of Municipal Urban Tree Master Plans, along-
side the development of Urban Tree Inventories (UTIs), is increasingly
gaining traction in Spanish cities as part of broader efforts to align with
the Sustainable Development Goals (SDGs) (UN, 2023). UTIs serve as
detailed censuses of municipally managed urban tree populations, sys-
tematically recording essential attributes such as species composition,
structural traits, and geographic coordinates for each individual tree.
However, it is common for municipalities to have incomplete in-
ventories due to missing data or the use of ranges rather than numerical
values for certain structural traits (Baro et al., 2019). These character-
istics introduce significant uncertainty into the ES provided by urban
trees when using mechanistic models such as i-Tree (Nowak, 2024). If
this uncertainty is not properly accounted for in subsequent analyses, it
can lead to overconfident results (Gelman et al., 2013).

The study of uncertainty in i-Tree has only recently gained attention
(see Table 1 for a summary of the main contributions to date). Uncer-
tainty in model estimations can be attributed to four main sources: (1)
model misspecification and uncertainty in model parameter estimates,
(2) sampling uncertainty, and (3) uncertainty in the values of indepen-
dent variables. Previous research primarily focused on investigating the
relationships between input and output variables in i-Tree Eco and
identifying the most influential parameters for estimating urban forest
structure and functions (Pace et al., 2018; Lin et al., 2020). While i-Tree
Eco has proven valuable for urban forest planning and management (Lin
et al, 2019), direct implementation of uncertainty quantification
methods within i-Tree Eco has been limited exclusively to sampling
uncertainty (Nowak et al., 2008). The quantification of the other types
of uncertainty has been addressed only in isolated studies (Table 1), and
despite some of these showing improved model performance, their re-
sults have yet to be fully incorporated into the i-Tree model framework.

With respect to model misspecification, this can be understood as the
difficulty in accurately modeling the mechanistic processes underlying
ES provision. This challenge has led to the development of various
models with different structures (Lin et al., 2019), and the literature
highlights the variability observed when comparing different model
types (Aguaron and McPherson, 2012; Boukili et al., 2017), suggesting
that uncertainty due to misspecification and model selection is a sig-
nificant source of overall model uncertainty. In other fields of research,
discrepancies in predictions across models have led to the development

Table 1
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Summary of i-Tree Eco research on uncertainty quantification by type.

Uncertainty Studies Main contribution Key Findings
type
Integrated - Lin et al. First comprehensive Sampling uncertainty
Total (2021) Monte Carlo >90 % for most
framework assessing services; input/model
input, sampling, and <3 %; BVOC exception
model uncertainties with 18 % sampling
across multiple
ecosystem services
Sampling Martin et al. Quantified Standard 200-plot
(2013) inadequacy of protocol yields
standard 200-plot +11-24 % error;
protocol against requires 258-870 plots
complete census data for +£10 % accuracy
Lin et al. Bootstrap simulation Sampling uncertainty
(2021) analysis accounted for >90 % of
demonstrating total uncertainty for
sampling uncertainty leaf area, biomass, and
dominance carbon services
Input Szkop (2020) Quantified influence High variability
of air pollution between station types
monitoring station (CV: 0.24-0.57) vs. low
selection on model within-type variability
outputs (CV: 0.05-0.23)
Westfall et al. Monte Carlo Tree measurement
(2021) simulation framework variability contributed
assessing minimally to ecosystem
measurement service uncertainty
variability impact (standard error
using inter-observer increase <0.4 %)
replication
Lin et al. Monte Carlo Negligible effects of
(2021) simulations with input uncertainty on
independent normal total uncertainty (<3
distributions to %)
propagate tree traits
measurement error
Model McPherson Alternative leaf area Locally developed

et al. (2016)
Timilsina
et al. (2017)

Lin et al.

(2020)

Pace et al.
(2021)

Morani et al.
(2014)

Kofel et al.
(2024)

Manzini et al.
(2023)

estimation approaches
using species-specific
and DBH-based
models vs. i-Tree
defaults
Species-specific
allometric equations
for carbon storage
estimation vs. generic
forest-based equations

Direct field validation
of PM2.5 deposition
using eddy covariance
measurements

Direct field validation
of ozone fluxes using
eddy covariance in
Mediterranean climate

Comparison of
species-specific versus
genus-level
parameterization for
BVOC estimation
accuracy

integrates species-
specific parameters to
enhance pollutant
removal estimates

models outperformed
default i-Tree Eco
equations

Species-specific
equations improve
carbon storage
accuracy but limited by
equation availability
and applicability
Species-specific
deposition velocity
parameterizations
reduced PM2.5
estimation discrepancy
from 6 to 20 X to 2.2-
7.2 x vs. field data
Climate-specific
stomatal conductance
parameterization (m =
3 to 6.49) reduced
ozone overestimation
from 94 % to
0.68-16.95 %
Species-level
approaches showed 3-
4 x differences in
pollutant removal
estimates vs. genus-
level i-Tree
parameterization
Climate-adapted
species selection
framework identifies
high-efficiency species
under varying

(continued on next page)
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Table 1 (continued)

Uncertainty Studies Main contribution Key Findings
type
beyond generalized i- environmental
Tree Eco outputs. conditions
Coville et al. Direct field validation Calibration improved
(2022) of i-Tree Hydro accuracy substantially;
validated using default settings
empirical using overestimated runoff
paired-catchment and underestimated
experiments of tree benefits.
removal runoff data.
Lin et al. Application of Negligible effects of
(2021) variance-covariance model uncertainty on

matrices and Student’s total uncertainty (<3
t-distributions to %)

generate random

coefficient sets from

the allometric

equations

of integrated modeling frameworks, where a combination of estimates
from different models is produced. Fletcher et al. (2019) summarized a
broad spectrum of such techniques, ranging from simple data pooling to
more robust methods such as ensemble or stacking models, as well as
frameworks based on joint likelihood or shared components. In the
urban forestry field, however, these integrated approaches are not
commonly used. Model selection is further complicated by the use of
either urban-specific parameters or equations, which remain relatively
limited, or forest-derived equations adjusted for open-grown urban
trees.

i-Tree Eco currently estimates leaf area using crown-based allometric
equations developed from Chicago Park tree data (Nowak, 1996).
Alternative approaches include species-specific equations (IMcPherson
et al., 2016) and DBH-based models (Timilsina et al., 2017). Peper and
McPherson (2003) found Nowak’s method slightly overestimates leaf
area in northern California, and Timilsina et al. (2017) demonstrated
that locally developed models outperformed default i-Tree Eco equa-
tions for 74 urban trees across 5 species in Wisconsin. However, these
comparisons are limited to few species and single sites. While locally
developed allometric relationships can be superior, they require suffi-
ciently intensive and representative datasets (Van Breugel et al., 2011)
and substantially increase analysis costs.

Carbon storage and carbon sequestration in i-Tree Eco rely on forest-
based allometric equations with biomass correction factors for open-
grown environments (Nowak et al., 2013a). While these approaches
are popular in urban forestry, they may yield conservative biomass es-
timates (Aguaron and McPherson, 2012). Lin et al. (2020) observed that
employing species-specific allometric equations could substantially
improve the accuracy of carbon estimations. However, urban-specific
allometric relationships remain scarce and highly location-dependent,
with existing equations typically developed for street trees
(McPherson et al., 2016), thus limiting their widespread application.

For pollutant removal, the i-Tree Eco model applies constant depo-
sition velocities and resuspension rates across all tree species, leading to
substantial uncertainty when applied in diverse urban forests (Nowak
et al., 2013b). Moreover, the model’s assumption of complete particu-
late matter removal following rainfall events that exceed canopy storage
capacity fails to capture species-specific retention dynamics (Xu et al.,
2020). Field validation indicates that rainfall removes only 51-70 % of
accumulated particles (Xu et al., 2017), with retention varying signifi-
cantly depending on leaf surface traits. Pace et al. (2021), using eddy
covariance in a Mediterranean urban forest for direct quantification of
deposition fluxes at the ecosystem scale, revealed temporal mismatches
between modeled and observed peak deposition rates. Canopy-scale
measurements indicate that while i-Tree Eco simulations capture gen-
eral deposition patterns, they respond weakly to atmospheric and
meteorological variability. The standard model underestimates
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cumulative PM2.5 values, by 6-20 times compared to field measure-
ments, whereas species-specific parameterizations reduce this gap to
between 2.2 and 7.2 times. Authors suggest to incorporate
species-specific leaf traits, such as deposition velocity, particle retention
capacity, and wash-off rates to enhance model performance by avoiding
generalized assumptions, such as uniform resuspension behavior across
tree types (Hirabayashi et al., 2012). Pace and Grote (2020) also provide
a detailed review of the factors that should be considered in pollutant
removal models within i-Tree Eco to reduce the uncertainty associated
with model specification.

Morani et al. (2014) validated i-Tree ozone flux estimates against 74
days of eddy covariance measurements in a Mediterranean forest near
Rome. They found that the standard i-Tree model overestimated ozone
uptake by 94.18 %. Sensitivity analyses showed that the stomatal
conductance coefficient (m) was the key driver. Adjusting m to 3
reduced overestimation to 16.95 % in warm periods, and using m = 6.49
yielded only 0.68 % overestimation under cooler, well-watered condi-
tions (>15 % soil moisture). They found climate-specific parameteri-
zation critical for accurate ozone flux and ES estimates in water-limited
environments.

Similar limitations have been identified for Biogenic Volatile Organic
Compounds (BVOC) estimations, where i-Tree’s genus-level parame-
terization may lack sufficient refinement to identify species that
disproportionately impact urban air quality. Kofel et al. (2024)
compared species-specific BVOC calculations with i-Tree Eco estimates,
revealing substantial discrepancies, with differences ranging from
three-to fourfold between methods. The species-level approach likely
overestimated removal by using annual mean conditions versus i-Tree
Eco’s hourly temporal variability, while species-specific emission factors
captured greater within-genus variation than genus-level parameteri-
zation. Despite producing different absolute values, both approaches
yielded results within the same order of magnitude, suggesting
genus-level parameterization provides reasonable estimates but
species-level refinement could improve accuracy for identifying key
species with disproportionate air quality impacts, supporting enhanced
modeling frameworks like FlorTree (Manzini et al., 2023).

Despite the widespread use of i-Tree models to estimate the hydro-
logic benefits of urban trees, empirical field validation at the sewershed
scale remains critically limited (Kuehler et al., 2017; Coville et al.,
2022). i-Tree Eco, an adaptation of i-Tree Hydro, using national average
values and assumptions, such as full infiltration on permeable surfaces
and total runoff on impermeable ones, can estimate avoided runoff by
comparing tree-covered and treeless scenarios. In contrast, i-Tree Hydro
applies a more detailed, process-based framework, incorporating dy-
namic water table tracking, advanced infiltration modeling, and dis-
tinctions between connected and disconnected impervious surfaces.
Both models, however, rely on the same algorithms for plant-specific
hydrological processes (Hirabayashi, 2013, 2015; USDA Forest Ser-
vice, 2020). No empirical validation studies have been found for i-Tree
Eco, while for i-Tree Hydro, validation beyond the original publications
describing the model and its updates (Wang et al., 2008; Yang et al.,
2011), which reported satisfactory results, is limited to a single study.
Coville et al. (2022), using empirical data from Selbig et al. (2022), who
measured runoff before and after the removal of 31 street trees (2990 m?
of canopy) along a 400-m street segment, showed that calibrated i-Tree
Hydro produced accurate results. The model estimated avoided runoff
within 4 % of observed values, predicting 6120 L/tree and 63.5 L/m?,
compared to field measurements of 6380 L/tree and 66 L/m?2. However,
uncalibrated model outputs predicted nearly twice the total runoff and
only 34 % of the avoided runoff, highlighting discrepancies between
default parameter settings and field-calibrated performance.

Beyond studies comparing alternative parameterizations of i-Tree or
its validation against empirical data, which if used to inform future in-
tegrated prediction models or model selection, could be considered a
form of model specification uncertainty, sampling uncertainty has
received more attention than input uncertainty since the early
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development of i-Tree Eco. The standard i-Tree Eco sampling protocol
recommends a total of 200 plots; however, for example, Martin et al.
(2013), comparing against a full urban tree census, estimated that be-
tween 258 and 870 plots with at least one tree present would be required
to achieve an allowable error of +10 %, depending on the ES being
assessed. More recently, Lin et al. (2021) found that for leaf area,
biomass, carbon storage, and carbon sequestration sampling uncertainty
accounted for over 90 % of the total uncertainty.

Input uncertainty in i-Tree Eco can be disaggregated into two com-
ponents: (1) uncertainty associated with meteorological and pollutant
concentration data. Current i-Tree Eco restricts air pollution modeling to
single monitoring station data inputs, despite significant spatial het-
erogeneity in urban pollutant concentrations. Szkop (2020) quantified
the influence of air pollution data source selection on model outputs
using data from different monitoring station types, revealing substantial
variation in i-Tree Eco pollutant removal estimates based on input data
source. Coefficient of variation analysis showed low variability among
urban background stations but high variability between station types,
demonstrating that single-station approaches substantially underesti-
mate spatial variability in ES provision across heterogeneous urban
pollution environments. (2) Uncertainty associated with measured tree
traits. Current urban forest inventory applications largely overlook the
systematic quantification of how measurement variability affects ES
estimates, despite broad recognition that tree attribute measurements
are inherently uncertain (Roman et al., 2017; Bancks et al., 2018).
Common practices for handling incomplete or range-based observations
often involve discarding data points or imputing missing values using
genus-level averages or the midpoint of reported ranges (e.g., Baro et al.,
2019; Kofel et al., 2024). Westfall et al. (2021) applied a Monte Carlo
simulation framework to assess the influence of measurement variability
on ES estimates by systematically perturbing the original measurements
to replicate inter-observer variability. Each perturbed dataset was then
processed through the i-Tree Eco software. The results showed that
variability in tree measurements contributed minimally to overall un-
certainty in ES estimates, with standard error increases of approximately
0.4 % or less across most services.

Lin et al. (2021) represent the most significant advancement to date
in quantifying uncertainty in i-Tree Eco estimates. They employed a
comprehensive Monte Carlo uncertainty analysis framework to assess
input, sampling, and model structure uncertainties. Input uncertainty in
tree measurements was quantified by modeling measurement error
based on the USDA Forest Service’s Forest Inventory and Analysis (FIA)
field guide standards. These standards define measurement tolerance
(MT) as the acceptable measurement range, and measurement quality
objective (MQO) as the minimum percentage of measurements required
to fall within that range. Trait-specific MT and MQO values were used
for standard deviation calculation to construct independent normal
distributions for each tree trait, serving as probability distributions in
Monte Carlo simulations to propagate measurement error. Sampling
uncertainty was evaluated through bootstrap resampling of plot data
with replacement. Model uncertainty was incorporated by applying
variance-covariance matrices and Student’s t-distributions to generate
random coefficient samples from the allometric equations used. Total
uncertainty was then calculated under the assumption of independence
among the three sources using variance summation. Their results
showed that sampling uncertainty dominated total uncertainty,
contributing more than 90 % for most ES, while input and model un-
certainties remained negligible (<3 %). However, for BVOC emissions,
sampling uncertainty averaged 18 %, suggesting that all three sources
contribute meaningfully to the overall uncertainty in BVOC estimates.

Building upon the reviewed literature, an integrated approach to
address missing data and range-measured traits (henceforth referred to
as traits uncertainty) remains underdeveloped. Furthermore, it is un-
clear how traits uncertainty propagates to ES estimates across spatial
scales relevant to urban planning and when used as response variables in
second-step regression analyses. This study develops a methodological
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framework to propagate tree traits uncertainty in ES estimation to so-
cioeconomic inequalities in its accessibility, using the UTI of Malaga,
Spain. The methodological approach integrates machine learning (ML)
models, copula distributions, Monte Carlo simulations, and Bayesian
hierarchical models (BHM). This integrated framework leverages the
predictive capabilities of ML algorithms to estimate both the mean and
standard error of missing functional trait values, rather than discarding
incomplete observations or relying on averaging approaches. The
incorporation of copula distributions enables the modeling of complex
multivariate dependencies among tree traits while preserving their
observed correlation structures within the UTI, thereby avoiding the
limitations of univariate uncertainty simulations that ignore trait in-
terdependencies. Finally, the combination of Monte Carlo simulations
with BHMs provides a framework for propagating trait uncertainty
through ES estimations and subsequently analyzing relationships with
socioeconomic variables, enabling systematic evaluation of environ-
mental justice patterns and quantification of how trait uncertainty af-
fects the detection of inequitable access to urban forest benefits. This
framework offers a replicable methodology for UTIs with similar data
gaps and provides urban planners with a tool to guide equitable tree
planting strategies under uncertainty in measured tree traits.

2. Material and methods
2.1. study area

Malaga has a population of 586,770 inhabitants, making it the sixth
most populated city in Spain (NIS, 2023). It is a coastal city character-
ized by warm summers and mild winters, with an average annual tem-
perature of 19.0 °C and an average annual total precipitation of 494.9
mm (NIS, 2022a). Mélaga is divided into eleven municipal districts and
435 census tracts (Fig. 1), which constitute the smallest observational
unit for which open-access socioeconomic data are available.

2.2. method

The traits uncertainty accounting framework and its influence on the
assessment of inequities in accessibility to urban tree ES and exposure to
biogenic organic volatile compounds (BVOCs) at census tract scale is
summarized in Fig. 2.

2.2.1. urban tree inventory

UTIs only consider public managed trees, which means that trees on
private properties, forested areas, unmanaged spaces, or vacant lands
were excluded. For each tree, the following traits were recorded: species,
diameter at breast height (DBH), trunk and total heights, crown height,
crown diameter (measured in both N-S and E-W directions), and spatial
coordinates. DBH and height were measured in diametric and altimetric
classes generated by divisions of 10 cm and 5 m respectively.

2.2.2. machine learning (ML) imputation models

2.2.2.1. data pre-processing. Independent ML imputation models for
crown diameter and trunk height up to the crown (trunk height) have
been developed exclusively for trees. Palms were excluded from the
imputation process since all their observations lack measurements for
both variables (15,203 palm trees). Including them would lead to sig-
nificant extrapolation issues, primarily due to the differing structural
traits between palms and trees. Approximately 21 % of the trees
(22,071) had missing data for the covariables, making them the target
observations for imputation.

The following preprocessing steps were applied to the urban tree
inventory to avoid including species with very low representation. (1)
All observations belonging to the genera Mespilus and Taxus were
removed as no individuals had recorded measurements for the variables
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Fig. 1. Geographic Location of the Study Area focusing on the urban matrix. The background information includes data from the Spanish National Geographic
Institute for the boundaries of Spain and its municipalities. The orthophotography used is from the 2022 National Plan for Aerial Orthophotography project (NIG,

2022). Map represented in coordinate reference system: EPSG 25830.

to be imputed. (2) Observations of Albizia procera, Bauhinia candicans
and Pinus sylvestris were removed due to the absence of any recorded
observation for the imputation variable. A total of 2576 trees were
moved from the general training set to the prediction set due to missing
crown diameter measurements. This step was necessary because the
crown diameter was intended to be used as a predictor for trunk height
up to the crown. Importantly this removal did not result in any species
being composed exclusively of individuals with missing values thereby
avoiding the need for additional preprocessing to mitigate extrapolation
issues. Following these preprocessing steps the final dataset consisted of
62,387 observations for training the imputation models and 26,517
trees for which trunk height and crown diameter needed to be imputed.

Feature engineering was conducted via mlr3pipelines v.0.7.1 (Binder
et al,, 2021) and the following predictors were considered: family,
genus, species, average crown diameter, trunk height, average DBH,
average height, pruning history, and crown shape. (1) Family, genus,
and species were transformed using conditional target value impact
encoding. (2) Average crown diameter was used as a predictor for the
imputation model of trunk height, while trunk height up to the crown
was used as a predictor for crown diameter. (3) For DBH and total tree
height, the mean value of both recorded ranges was used as a predictor
in the models. (4) The type of the most recent pruning performed on
each tree was included in the models using one-hot encoding. The
pruning types recorded in the UTI dataset are as follows: maintenance
pruning, repeated tertiary pruning with lengths above 5 m, repeated
tertiary pruning with lengths below 2 m, crown lifting, no pruning,
topping, topiary pruning, and thin branches removal. (5) Crown
morphology was also included using one-hot encoding. The inventory
records the following crown shape categories: globular/spherical, nat-
ural, and pyramidal/conical. Each type can also be classified as
full-crown or half-crown. For trees without a crown, not associated with
senescence, the “no crown” category was used.

2.2.2.2. model implementation, tuning and validation. The development
ML models were carried out using the mlr3 framework in its version
0.22.1 in R (Lang et al., 2019; Bischl et al., 2024). Random Forest (RF)
model (Breiman, 2001) was selected as the learner. RF was chosen due
to its demonstrated ability to perform well across various types of
tabular datasets, i.e., data without spatial or temporal dimensions
(Ziegler and Konig, 2014). Although RF is recognized for its strong
predictive performance and robustness, even with default hyper-
parameter values (Probst et al., 2019), the impact of tuning is dataset
dependent. Therefore, optimizing hyperparameters is essential to ensure
the model achieves its best possible predictive performance and mini-
mizes generalization error for unseen data (Bischl et al., 2023).

Nested Cross-Validation (nested-CV) was employed instead of clas-
sical cross-validation methods due to its ability to mitigate bias when
used for both hyperparameter tuning and model evaluation (Bischl et al.,
2023). Unlike classical cross-validation, nested-CV ensures that test data
remain entirely separate from hyperparameter tuning (Schratz et al.,
2019; Raschka, 2020; Bischl et al., 2023). As the outer resampling
scheme, a Leave-Group-Out approach based on Feature Space Clustering
(LGO-FSC), also known as “environmental blocking”, was implemented
(Roberts et al., 2017). K-prototypes clustering, implemented in the
clustMixType v.0.4-2 R package (Szepannek, 2018), was applied to the
predictor space to stratify it into ten groups. LGO-FSC was selected due
to the interest in evaluating the predictive and generalization capabil-
ities of ML models across trees with differing traits, to test if this
approach could be considered for use in UTIs from other cities that may
contain data combinations not observed by the models developed in the
present study. A random 5-fold partition has been chosen as the inner
resampling scheme. Root Mean Squared Error (RMSE) was selected as
the minimization criterion in the nested-cv framework.

For hyperparameter tuning, Bayesian Model-Based Optimization
(MBO) was employed using the mlr3mbo package v.0.2.8 (Schneider
et al., 2025). The hyperparameter tuning space was selected based on
the recommendations of Bischl et al. (2023). A stagnation criterion of no
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Fig. 2. Flowchart summarizing the methodology developed for assessing inequities in accessibility to urban tree ecosystem services and exposure to ecosystem

disservices considering traits uncertainty.

improvement of at least 0.025 in the RMSE for the last 25 iterations was
chosen as the termination criterion of the optimization process.

The hyperparameter configuration yielding the best performance
during model evaluation for both RF models, was selected to fit the final
model on the complete training set. RF models were then used to make
predictions of the mean and standard error for their respective response
variables.

2.2.3. iTree-Eco

To assess the ES provision and BCOV production of urban trees, the i-
Tree Eco model, which is widely used in urban forest studies (e.g.
McPherson et al., 2011; Nowak et al., 2014; Nyelele and Kroll, 2020),
was used. For this study, the selected weather station is part of the
AEMET (State Meteorological Agency) monitoring network and is situ-
ated at Malaga Airport (36° 39' 58" N, 4° 28' 56" O) at 8 km from the city
center for the year 2015.

ES estimates reported from iTree and further analyzed were: (1)
Yearly removal of carbon monoxide (CO), nitrogen dioxide (NO3), ozone
(O3), particulate matter less than 10 pm (PM; ), particulate matter less
than 2.5 pm (PMy.5), and sulfur dioxide (SO2); (2) carbon storage; (3)
annual gross carbon sequestration; (4) oxygen production; (5) annual
emission of BVOCs (as isoprene and monoterpenes emissions); and, (6)
annual avoided run-off. Further details of the i-Tree Eco methods are
available at Nowak (2024). All the indicators were estimated at the in-
dividual tree level as point-support data. Data was rasterized to a 10 x
10-m grid and aggregated to a census tract support to allow statistical
analyses with socio-demographic variables.

2.2.3.1. data set post-processing for iTree. Considering the measured
trait in ranges and the predicted mean values and standard errors from
the imputation models, the following datasets were generated to eval-
uate the range of uncertainty in ES provision. The selection of trait
values combinations to determine the maximum and minimum provi-
sion estimates was based on the guidelines outlined by Lin et al. (2021),
Kofel et al. (2024), and Nowak (2024).

For palm, only DBH, height, and species information were used in i-
Tree, due to lack of data in the other traits. For tree species crown
diameter, live crown height, base-of-crown height (i.e., trunk height to
crown), and the percentage of missing crown were also included. Given
the absence of measurements for the latter, a default assumption of 0 %
missing crown was applied to all trees. However, for trees classified as
having “half a crown” in their crown morphology field, a 50 % missing
crown value was assigned.

(1) Dataset of minimum ES provision considering trait uncertainty.
For palm trees, the lowest values within their DBH and height
ranges were selected. For other tree species, the lowest values for
DBH and height were also considered. Imputation consisted of
mean plus one standard error. In cases where the imputed base-
of-crown height exceeded total tree height (3729 trees, 4.19
%), the mean prediction was used instead. For crown diameter,
the imputed value was set to the mean prediction minus one
standard error. For trees recorded in the UTI without a measured
crown, as well as those with an imputed crown diameter of zero
or less, a minimum crown width of 0.5 m was assigned since i-
Tree does not allow a crown diameter of zero.
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(2) Dataset of maximum ES provision considering trait uncertainty.
The highest values within the DBH and height ranges were used,
along with the mean prediction for crown diameter plus one
standard error and the mean prediction for base-of-crown height
minus one standard error.

2.2.4. uncertainty simulation framework

2.2.4.1. copula and Monte Carlo simulations for ES provision uncertainty.
A copula is a function that captures the dependence structure between
random variables, independent of their marginal distributions. A d-
dimensional copula is a cumulative distribution function (CDF) with
uniform marginals, satisfying monotonicity, marginality, boundary
conditions, and non-negativity constraints. Sklar (1959) states that any
joint distribution can be decomposed into a copula and its marginal
distributions. If the marginals are continuous, the copula is unique,
making it a fundamental tool for modeling dependencies in multivariate
distributions. Further details can be found in Nelsen (2005) & Schmidt
(2007).

A Gaussian copula was adjusted, using copula package v.1.1-4
(Hofert et al., 2025), because the only prior knowledge available were
the ranges of the marginal distributions and the correlations between ES.
A copula was specified for each tree. The provision of every ES is
considered as a random variable, which calculated ranges are selected as
ranges of the marginal distributions. Correlations between marginals of
every tree were selected depending on the number of observations. For
trees belonging to species with more than 50 individuals,
species-specific linear correlations are used. For trees that do not meet
this condition but belong to genera with more than 10 observations,
genus-specific linear correlations are assigned. Trees with fewer than 10
individuals in their respective genus are assigned family-specific corre-
lations. Trees that do not meet any of these criteria are assigned corre-
lations based on the entire UTI dataset.

To transpose the uncertainty in the ES estimates for each tree into the
BHM for studying inequities, a Monte Carlo simulation process was
implemented. A total of 1000 iterations were performed, during which a
provision vector, representing the set of provision values for each ES for
a tree, was randomly sampled independently for all 104,107 copulas. It
represents plausible provision values based on the traits uncertainty.
The results from each iteration are stored for subsequent aggregation at
both the grid and census tract levels, with the latter serving as the
observational unit for fitting the BHM in each iteration.

2.2.4.2. sensitivity analysis. Due to the lack of prior knowledge
regarding the appropriate probability distribution for copula marginals,
a sensitivity analysis was conducted to evaluate its impact on simula-
tions and estimated inequities in ES provision. Various truncated dis-
tributions were selected using the crch package v.1.2-1 (Messner et al.,
2016). The framework transitions from low to increasing certainty in
mean provision values, with probability distributions in ascending
order: uniform, truncated t-Student (high standard deviation), truncated
normal (high standard deviation), truncated t-Student (low standard
deviation), and truncated normal (low standard deviation). Truncated
normal distributions had 100 degrees of freedom, while truncated
t-Student had one. High and low standard deviations were set to
one-quarter and one-eighth of the range, respectively.

2.2.5. Bayesian Hierarchical Model

i-Tree outputs were used as response variables in the modeling
process after aggregation at the census tract level. Only microscale
ES and disservices were considered in the modeling process, as their
benefits are realized in their immediate surroundings, making them
particularly relevant for urban distributional justice analyses. These
include oxygen production, avoided runoff, BVOC emissions, and
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total pollutant removal. Transpiration, as a proxy for cooling ca-
pacity, was excluded due to the predominant role of tree canopy
shading in temperature reduction (Zardo et al., 2017). Additionally,
as shown in Figure A.1, transpiration exhibits a high correlation
(0.968) with avoided runoff at the individual tree level, indicating
that any estimated inequities in access to avoided runoff are directly
applicable to tree transpiration as well. Carbon stocks and carbon
sequestration were also excluded, as their benefits operate on a
global rather than a local scale.

2.2.5.1. socio-economic covariables. Initially, the following socioeco-
nomic variables were considered as covariates to assess inequalities in
accessibility and exposure to ES: (1) population distribution by country
of origin and age group (Annual Population Census, NIS, 2024); (2)
average household income and Gini index (Household Income Distri-
bution Atlas, NIS, 2022b); and, (3) unemployment rate and percentage
of the population with higher education (Quarterly Economic Activity
Indicators of the Population of Andalusia, ISCA, 202.3).

The population data were further disaggregated into: (1) total pop-
ulation within each census tract, (2) percentage distribution by country
of origin, and (3) percentage by age-group. Population data by country
of origin were reclassified into five broad categories: Africans, Ameri-
cans, Spaniards, Europeans, and Asians/Oceania. These regional popu-
lation data were transformed into simplex covariates. Similarly, the
population distribution by age group was categorized into three groups:
under 29 years old, 30-64 years old, and over 65 years old, and subse-
quently converted into simplex covariates.

To address multicollinearity issues inherent to simplex covariates,
the isometric log-ratio (ILR) transformation was applied using the
compositions R package (v.2.0-8) (van den Boogaart et al., 2024).
Pearson’s correlation coefficient and the generalized variance inflation
factor (GVIF) (car R package (v.3.0-12), Fox and Weisberg, 2019) were
computed prior to model implementation. Pairs of variables with high
correlation (Pearson’s r > 0.6) or high GVIF (GVIF >5) were identified,
and only one variable per pair was retained in the model. Due to a GVIF
exceeding 6 and a correlation coefficient greater than 0.6 with income,
the unemployment rate and the percentage of the population with
higher education were excluded from the final model.

The final set of selected variables comprised the Gini index, log-
transformed household income, log-transformed total population, ILR-
transformed percentage of population by origin, and ILR-transformed
percentage of population by age group and tree density which ac-
counts for potential effects related to variations in tree cover availability
across census tracts. All retained covariates exhibited a maximum GVIF
of 2.42. To facilitate model fitting in R-INLA, all covariates were stan-
dardized (z-score transformation).

2.2.5.2. Model specification. BHM are widely used in spatial statistics
due to their capacity to account for spatial autocorrelation by incorpo-
rating spatially structured priors on random effects. Properly accounting
for spatial autocorrelation is essential, as neglecting these dependencies
can lead to overly narrow credibility intervals and biased estimates of
the relative importance of model coefficients (Banerjee et al., 2014). A
Latent Gaussian Model, which can be considered a type of BHM with an
additive structure for the linear predictor and observed data modeled
through a likelihood function that depends only on the value of the
linear predictor, was implemented using the Integrated Nested Laplace
Approximation (INLA) framework and the INLA R package (v.22.12.16)
(Rue et al., 2009).

Different model structures were evaluated as detailed in Section
2.2.4.3. Equation (1) describes the selected model structure

log(Yij)|ni; ¢; ~ Gaussian (n,;, ¢;)
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Y;; represents the response variable (i.e., ES) j in census tract i. Y;;
was log-transformed to address its right-skewed distribution. @; denotes
the precision of the normal distribution of the data (likelihood). 7; j is the
value of the linear predictor. a; represents the model intercept. fxjj;
represents the varying slope effects for the covariate k on ES j. A partial-
pooling approach was applied, assuming that inequity patterns in access
to ES should be similar across different services and originate from a
common distribution. For the hierarchical priors of the effects, penalized
complexity (PC) priors were employed (Fuglstad et al., 2019). The
marginal standard deviation of the random effect (with zero mean) was
set such that there is a 0.2 probability of exceeding a standard deviation
of 1 for the varying slopes distribution for each covariate. 9;; represents
the effect from a BYM2 model for observation i and ES j. BYM2 is an
extension of the BYM model (Besag-York-Mollié Model) (Besag et al.,
1991), proposed by Riebler et al. (2016), 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. In the CAR specification, h denotes the
set of neighboring observations for i based on an adjacency matrix W,
using the queen contiguity condition. The main advantage of the BYM2
model is its ability to separately capture the impact of spatial depen-
dence and the effect of data variability. The random effects v;, which
constitute a structured effect via the CAR prior, and u;, modeled as an i.i.
d. effect, together form the implementation of BYM2. These effects are
modeled through 7j, which represents the marginal precision contribu-
tion from both random effects, and y;, which indicates the fraction of the
variance explained by the spatially structured random effect. Both pa-
rameters were specified using PC priors, assuming a 0.5 probability for
the standard deviation of 7; to exceed 2, and for yj, a probability of 0.5
that the fraction of the total variance attributed to the spatial de-
pendency structure exceeds 0.5. In contrast to the precision parameter ;,
the resulting PC prior for y; cannot be specified in closed form due to the
dependence on the graph structure of the Gaussian Markov Random
Field (Riebler et al., 2016).
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2.2.5.3. Model selection and validation. Thirty models were tested to
compare: (1) whether incorporating spatially structured random effects
as prior information improves the model’s predictive capacity and fit,
and (2) whether incorporating multivariate structure to the spatial
models leads to improvement. Additionally, three approaches were
considered for estimating the covariate effects for each model structure:
common fixed effects (complete-pooling), independent fixed effects (no-
pooling), and random varying slopes across different ES (partial-pool-
ing). MO represents the model in which spatial effects are not included, it
represents a linear regression model. M1-M6 are shared component ef-
fect models (SCM), where the spatially structured random effect esti-
mated for avoided runoff is shared among the other ES (Held et al.,
2005). M7-M18 are models that, in addition to the SCM, incorporate
spatially structured random effects specific to each response variable.
M19-M20 represent models with independent intrinsic MCAR (Multi-
variate CAR) and independent proper MCAR (Palmi-Perales et al., 2022)
respectively. M21-M29 are models where a specific spatially structured
effect is adjusted independently for each response variable. For further
details on the model structures, please refer to Table A.1.

A Buffering-Leave Group Out Cross Validation (b-LGOCV) approach
was implemented to evaluate model performance, as recent literature
suggests that LGOCV is a more appropriate alternative to Leave-One-Out
Cross Validation (LOOCV) when assessing the predictive performance of
models incorporating structured random effects (Adin et al., 2024).
LGOCYV was applied using the recently developed framework by Liu and
Rue (2022), which enables the calculation of cross-validation scores
without the need to rerun the model for each resampling iteration. A
1500 m buffer was applied around each observation, based on the
average estimated range for each response variable. The range was
derived from an exponential semivariogram fitted to the residuals of a
linear model, using the centroids of the census tracts. The semivario-
grams were computed using the gstat R package (v.2.0-7) (Pebesma,
2004). Observations within this buffer were used as the test set.

The model performance was formally evaluated using the LGOCV-
based log-score function (LGOCV score) (Equation (2)). Additional
metrics were calculated and are presented in Tables A.2 and A.3.

1
LGOCYV score = HZiﬂ:l T (Yi =Y

V) @

where, for each observation i, its Posterior Predictive Density (PPD, r) is
computed according to the group structure g defined in the resampling
scheme of b-LGOCV for that observation.

2.2.5.4. Uncertainty propagation in inequities estimates. Each Monte
Carlo iteration of its respective sensitivity analysis case was used to fit
the model. In the Bayesian framework, every variable estimated in the
model, whether observable or latent, is treated as a random variable
with an available posterior probability distribution (Gelman et al.,
2013). Thus, in each iteration, a sample of 1000 observations was drawn
from the posterior distributions of the covariate effects. By concate-
nating the vectors containing these posterior samples for a given vari-
able k, a new distribution is generated, thereby accounting for the
uncertainty in the estimation of ES and propagating this uncertainty into
the patterns of socioeconomic inequity in access to ES.

3. Results
3.1. urban tree inventory

The urban forest of Malaga consists of 104,690 trees, of which 14.6 %
(15,252) are palms and 85.4 % (89,438) are trees. Further details on the
distribution by district can be found in Table A.4. A total of 195 different
genera have been identified in Malaga, with the 44 most abundant
genera accounting for 95 % of the urban forest composition. The five
most abundant genera are Citrus (12,343, 11.8 %), Ficus (9,786, 9.35 %),
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Washingtonia (9,619, 9.19 %), Brachychiton (7,758, 7.41 %), and Jaca-
randa (6,943, 6.63 %). The specific richness is 417. Half of Malaga’s
urban forest is represented by the 11 most abundant species, while the
104 most abundant species make up 95 % of its composition. The 10
most represented species are: Citrus aurantium (11,754, 11.2 %), Wash-
ingtonia robusta (8,286, 7.91 %), Jacaranda mimosifolia (6,941, 6.63 %),
Tipuana tipu (5,892, 5.63 %), Ficus microcarpa (3,854, 3.68 %), Brachy-
chiton populneus (3,267, 3.12 %), Melia azedarach (2,775, 2.65 %),
Cupressus sempervirens (2,759, 2.64 %), Brachychiton acerifolius (2,248,
2.15 %), and Ficus benjamina (2,174, 2.08 %).

3.2. Urban trees ecosystem services

Results of the provision of ES by the whole urban forest are provided
in terms of average supply with uncertainty ranges defined by minimum
and maximum provision. The urban forest of Malaga stores 17,769 Tn C
[13,437-22,191], sequesters 1285 Tn C/y [975-1604], reduces runoff
by 0.011 hm®/year [0.009-0.014], emits BVOCs totaling 15.38 Tn/y
[11.98-18.83], produces oxygen at an average rate of 3429 Tn/y (T Oy/
year) [2602-4278], and removes pollutants at an annual rate of 38.72
Tn/y [30.59-47.00]. Additional queries regarding the provision for each
ES by district can be found in Table A.5, and for each census tract
through Figs. A.2 — A.7.

The spatial distribution of ES provision and BVOC production is
represented in Figures A.8-A.13. Significant variability per square meter
is observed across the study area, reflecting the wide diversity in species
composition and structural characteristics of the urban tree canopy
within 100 m? areas. On average, urban tree cover is estimated to store
2.5 kg C/m? + 3.5 [0.08, 12.35], with an annual carbon sequestration
rate of 0.18 kg c/m? + 0.2 [0.01, 0.69], avoiding 1.56 L/m? + 2.29
[0.02, 7.46] of runoff, producing 2.17 g/m2 +8.14 [0, 11.75] of BVOCs,
generating 0.48 kg O5/m? =+ 0.52 [0.03, 1.85], and removing 5.45 g/m?
+ 7.98 [0.08, 26.06] of air pollutants.

The uncertainty associated with the simulation process decreases as
the spatial scale of analysis increases (Table 2). Shifting from examining
variations in ES provision linked to trait uncertainty at the individual
tree level or rasterized data to the census tract scale results in an
approximate 20 % reduction in the mean coefficient of variation, with
an even greater decrease observed for carbon storage. At the finer spatial
scales, carbon storage exhibits the highest uncertainty across simula-
tions. However, at the census tract scale, BVOC production becomes the
most uncertain ES.

3.3. ML imputation models performance

The RF model selected for imputing canopy diameter had the
following hyperparameters: minimum node size = 17, proportion of

Table 2

Distributions of the coefficients of variation for different ecosystem services
across three spatial scales: individual trees (point support), 100 m? plots asso-
ciated with rasterization (pixel support), and census tract scale (areal unit sup-
port). Results are presented as the mean + standard deviation, along with the
0.025 and 0.975 quantile values derived from the simulations.

Ecosystem Service

Point support

Pixel support

Aerial support

Carbon storage

Carbon
sequestration
Avoided runoff

BVOC production
Oxygen

production
Pollutant removal

28.3 +14.9
[0.07, 57.9]

19.9 +12.6 [0,
49.5]

17.9 +15.4 [0.9,
55.4]

19.1 +15.1 [0.6,
56.1]

19.8 +£12.6 [0,
49.5]

17.7 £ 15.5 [0.6,
55.3]

24.9 +£14.4 [0.1,
57]

17.7 £11.8 [0,
45.3]

16.3 + 14.4 [0.8,
53.8]

17.3 £ 14.2 [0.6,
54.4]

17.6 +11.8 [0,
45.3]

16.1 + 14.4 [0.6,
53.6]

2.76 + 3.45 [0.55,
12.99]

2.34 + 2.79 [0.56,
9.52]

2.33 £ 2.67 [0.51,
8.62]

3.34 + 3.58 [0.74,
15.98]

2.34 + 2.8 [0.56,
9.43]

2.29 + 2.66 [0.5,
8.51]
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variables selected per split (mtry) = 0.245, number of trees = 675, and
sample fraction = 0.81. This model achieved a median RMSE of 2.14 +
3.04 m and a median R? of 0.299 + 0.109 across the 10 test sets.
Similarly, the RF model for imputing trunk height had a minimum node
size of 23, mtry = 0.405, number of trees = 615, and a sample fraction of
0.4, yielding a median RMSE of 1.08 + 0.41 m and a median R? of 0.265
+ 0.107. Notably, if a robust validation approach such as nested-CV
were not employed and instead a random 10 fold CV was used, the
models would have exhibited inflated performance metrics. Specifically,
the crown diameter model would have achieved an R? of 0.72 + 0.018
and an RMSE of 2.00 + 0.13 m, while the trunk height model would
have yielded an R? of 0.32 + 0.014 and an RMSE of 1.05 + 0.03 m,
highlighting the risk of overestimation when using less rigorous vali-
dation methods.

3.4. BHM results

The model selection process favors models that incorporate spatially
structured priors in their structure (M1-M29) over the simple linear
regression model that does not account for spatial autocorrelation (MO0)
(Table A.1). Based on the results obtained from the LGOCV score, two
distinct groups are observed. (1) Models with multivariate structure in
spatial components (M1-M18), which show the best results in the
LGOCV score. The collinearity among ES (Fig. A.1.) leads to perfect
predictions when spatial patterns are shared (SCMs) between the
response variables. In such cases, the probabilities assigned by the model
can be very high for all correct responses, resulting in a positive log-
score. Furthermore, as the collinearity between response variables ari-
ses from the deterministic iTree models, these correlation patterns
persist even in unseen data, thus explaining the performance of the
model, even in test sets. Based on these considerations and given the lack
of interest in studying whether ES provision shares spatial patterns due
to these being model-determined rather than observed data, models
with univariate structures in the spatial component were preferred
(M19-M29).

(2) M19-M29 show very similar LGOCV scores (Table A.1). This
suggests that the choice of spatially structured prior (Besag, Besag
proper, or BYM2) has little influence on the model’s predictive
performance. Given the highest LGOCV score for M29 and based
on previous experiences, where the choice of prior for the
spatially structured random effect had no significant impact on
the estimates of the fixed effects, this model was selected. M29
shows an R? of 1 and a relatively low RMSE for the various ES
(Table A.2), which can be attributed to the incorporation of an i.i.
d. effect in the BYM2 structure, allowing the model to capture the
specificities or anomalies in the provision of the different census
tracts. As a result, the model can capture 100 % of the observed
values for the provision of the various ES in the posterior distri-
butions of the linear predictor (p-LP-HPDI) and predictive (p-
PPD-HPDI), while also generating low average values for the
ranges of the PPD across the entire dataset (Table A.3).

Model estimates of the standard deviations for the likelihoods of the
response variables show very low values, indicating minimal unex-
plained variability by the model’s linear predictor (Table 3). The i.i.d.
component of the BYM2 model captures deviations and particularities
not accounted for by the remaining components of the linear predictor,
resulting in highly precise estimates. The random effects of the cova-
riates originate from population distributions with standard deviations
estimated with low uncertainty, except for the covariates ILR Asians, ILR
0-29, and ILR >65, where the estimation uncertainty spans several or-
ders of magnitude. This is related to the fact that these variables are not
related to the response variables. The model estimates that the spatially
structured random effects are generated by distributions with variability
exceeding one standard deviation, except in the case of oxygen
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Table 3
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Hyperparameters for model M29. The mean value, along with the 0.025 and 0.975 quantiles of its posterior distribution, are presented.

Hyperparameters Global Response variable specific
Avoided runoff COV production Oxygen production Pollutant removal
Std. of the Gaussian Likelihood - 0,008 [0,003, 0,019] 0,009 [0,003, 0,021] 0,009 [0,003, 0,024] 0,009 [0,003, 0,021]

Std.
Std.
Std.
Std.

0,341 [0,154, 0,687] -
0,294 [0,119, 0,637] -
0,464 [0,206, 0,912] -
0,432 [0,186, 0,844] -

of Gini varying slope

of Log Income varying slope

of Log Population varying slope
of ILR Africans varying slope

Std. of ILR Americans varying slope 0,337 [0,151, 0,669] -
Std. of ILR Europeans varying slope 0,115 [0,026, 0,322] -
Std. of ILR Asians varying slope 0,006 [0,002, 0,236] -
Std. of ILR 0-29 varying slope 0,011 [0,004, 0,223] -

Std. of ILR >65 varying slope 0,044 [0,017, 0,305] -
Marginal Std. of BYM2 model (t) -
Contribution of spatial structure in BYM2 (y) -

1212 [1,107, 1326]
0,510 [0,320, 0,697]

1580 [1,434, 1739]
0,528 [0,328, 0,727]

0,996 [0,908, 1090]
0,489 [0,293, 0,687]

1212 [1,106, 1326]
0,510 [0,320, 0,697]

production. The purely spatial effects of the BYM2 model contribute
approximately 50 % of the variability in the effect, while the remaining
portion is explained by the i.i.d. effect.

In general, the propagation mechanism of trait uncertainty leads to
estimates of the effects, i.e. inequities in access to ES and exposure to
BVOCs, with greater uncertainty estimated and mean values differing
from those obtained using a single model fitted to average ES provision
(Table A.6). Due to the high similarity of the sensitivity analysis results,
a summarized version of the findings presented in Table A.6 is shown in
the text (Table 4). Results show that the patterns of inequity among ES,
specifically the sign and magnitude of the varying slopes estimated by
the model, remain consistent across ES after controlling for urban tree
density at the census tract level.

Positive relationships between population size in a census tract and
the provision of each ES was found. In terms of elasticity, census tracts
with a 5 % larger population tend to exhibit, on average, approximately
2 % higher provision of every ES. This suggests an equitable distribution
of urban trees across census tracts relative to the number of residents.

Census tracts with higher average household income exhibit greater
accessibility to ES. The uncertainty propagation method estimates
stronger effects for this relationship, where, except for oxygen produc-
tion, the mean difference for the remaining ES is close to 1 % in com-
parison to not propagating uncertainty. Similarly, credibility intervals
are wider under the uncertainty propagation approach. While the
inequity patterns associated with income levels remain qualitatively
similar, the mean estimates indicate that exposure to BVOCs production
and oxygen production are the most related to increasing income levels.
In terms of elasticity, census tracts with a 5 % higher income level,
holding all other variables constant, tend to have urban forests with, on
average, 1.9 % greater annual runoff reduction, 2.18 % higher BVOCs
production, 1.76 % higher oxygen production, and 1.97 % greater
annual pollutant removal capacity.

The model estimates a strong positive effect of the Gini index on ES
accessibility across census tracts, where census tracts with a less equi-
table income distribution show higher ES accessibility and BVOCs
exposure. No differences are observed between uncertainty propagation
framework and without it. In general, census tracts with a one-point
increase in the Gini index tend to exhibit, on average, a 6.5 %-9.3 %
higher provision of ES, with BVOCs production being the most positively
associated and oxygen production showing the smallest estimated effect.
Notably, while these estimates exclude zero from their 95 % credibility
intervals, they still reflect considerable uncertainty, with intervals
ranging from 7.4 % to 14.3 % in width.

Inequities in ES accessibility based on the region of origin indicate
discrimination against minority ethnic groups, specifically Africans,
Americans, and Europeans. Notably, within the latter two groups, in-
dividuals from the American continent are composed of 66.2 % + 10.5
% Latin Americans compared to U.S. nationals across census tracts,
while 82.5 % + 9.91 % of Europeans in this category originate from
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Eastern Europe. Therefore, these two regional origins primarily reflect
populations from countries with worse socioeconomic conditions than
Spain, making them disadvantaged ethnic minorities. The model esti-
mates a negative effect of an increasing ratio of Africans relative to the
Spanish population in a given census tract, as well as of an increase in
South Americans relative to the geometric mean of Spaniards and Afri-
cans, and of an increase in Eastern Europeans relative to the geometric
mean of the previous three groups. Given that the Spanish-origin pop-
ulation dominates census tracts (87 % + 6.4 %), these findings can be
approximated as follows: census tracts with a higher proportion of Af-
ricans, South Americans, or Eastern Europeans relative to Spaniards
tend to have lower accessibility to ES provision and BVOC exposure. The
inequity in accessibility is estimated to be highest in census tracts with a
greater proportion of Africans relative to Spaniards, compared to the
other two groups. When comparing uncertainty propagation methods to
those without propagation, estimates for inequities in ES accessibility
for Africans remain largely similar. However, for Americans, estimates
vary more significantly between methods, with uncertainty propagation
reducing the estimated effect by more than two points while shifting and
widening credibility intervals closer to zero. The no-uncertainty prop-
agation approach does not estimate inequities in accessibility in census
tracts with a higher proportion of Eastern Europeans. In contrast, un-
certainty propagation does estimate a negative effect, with a 95 %
credibility interval that does not include zero.

No significant differences are estimated in ES accessibility or BVOC
exposure between census tracts with a higher proportion of the popu-
lation of Asian or Oceanian origin. Similarly, no inequities in access
appear to exist between age groups.

Fixed effects of increasing tree density in the census tract are of
particular interest for land-use planning, as they help justify the benefits
of increasing urban trees. As expected, an increase in urban tree density
is positively correlated with both the provision of ES and the generation
of BVOCs, regardless of the method employed. The estimated effect
presents the same value since a fixed effect was estimated using com-
plete pooling. The NU method produces slightly lower average fixed
effect estimates compared to the uncertainty propagation methods,
although the latter do not lead to an increase in the credibility interval
ranges. It is estimated that census tracts with one additional tree per
hectare tend to show about a 4.25 % [3.89 %, 4.58 %] higher provision
of any of the studied ES.

4. Discussion
4.1. Ecosystem services provision

This study highlights the significant contribution of urban trees in
Malaga to ES provision. The urban forest carbon storage (17,769 Tn C

[13,437-22,191]) is comparable to results obtained by Nowak and
Crane (2000). They observed carbon storage ranging from 1.2 million Tn
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Table 4

M29 Fixed Effect Estimates. For each response variable, the fixed effect of each
covariate is represented by its mean value along with the 0.025 and 0.975
quantiles. AX denotes the increase in the covariate that results in a AY change in
the response variable. Covariates with a unit type (—) indicate they are
dimensionless. No uncertainty propagation (NU), Uncertainty propagation with
uniform marginals in the gaussian copula framework (UN).

Avoided COV production Oxygen Pollutant
runoff (L/y) (g/y) (AY = %) production (Kg/ removal (g/y)
(AY = %) y) (AY = %) (AY = %)

Gini (-) (AX =1)

NU 8.2 [3.78, 9.24 [3.11, 6.56 [2.7, 8.2 [3.68,
12.73] 15.25] 10.17] 12.82]

UN 7.98 [2.82, 9.17 [2.33, 6.49 [2.14, 7.89 [2.6,
13.33] 16.37] 10.96] 13.38]

Log Income (Log €) (AX =5 %)

NU 1.08 [0.27, 1.1 [0.07, 1.07 [0.36, 1.08 [0.26,
1.92] 2.15] 1.78] 1.88]

UN 1.9 [0.95, 2.18 [0.88, 1.76 [0.95, 1.97 [0.99,
2.86] 3.47]1 2.57] 2.96]

Log Population (Log n) (AX = 5 %)

NU 1.79 [1.24, 2.04 [1.3, 1.9 [1.46, 2.36] 1.79 [1.21,
2.37] 2.75] 2.37]

UN 2.03 [1.37, 2.31 [1.42, 2.17 [1.59, 2.06 [1.37,
2.7] 3.21] 2.74] 2.76]

ILR Africans (—) (AX = 0.1)

NU —6.86 [-9.54, —7.61 [-11.03, —5.21 [-7.8, —6.76 [-9.83,
-4] -3.71] -2.65] -3.75]

UN —6.93 —7.66 [-12.1, —5.88 [-8.8, —6.94
[-10.31, -3.06] -2.89] [-10.42,
-3.46] -3.36]1

ILR Americans (—) (AX = 0.1)

NU —6.89 [-9.77, —7.97 [-11.44, —5.68 [-8.28, —6.84 [-9.79,
-3.74] -4.16] -3.25] -3.83]

UN —4.76 [-8.06, —5.58 [-9.84, —3.55 [-6.41, —4.66 [-8.05,
-1.371 -1.17]1 -0.62] -1.16]

ILR Europeans (—) (AX = 0.1)

NU -0.48 [-3.57, —1.75 [-5.94, —1.08 [-4.06, —0.56 [-3.76,
1.15] 0.81] 0.35] 1.2]

UN —4.17 [-7.7, —6.56 [-11.1, —4.74 [-7.73, —4.47 [-8.1,
-0.54] -1.88] -1.68] -0.74]

ILR Asian (—) (AX = 0.1)

NU  0.08 [-0.6, 0.04 [-0.71, 0.11 [-0.46, 0.78]  0.05 [-0.58,
0.72] 0.76] 0.7]

UN 0 [-0.44, 0.45] 0 [-0.54, 0.53] 0.03 [-0.5, 0.59] 0 [-0.45, 0.45]

ILR 0-29 (-) (AX = 0.1)

NU —0.74 [-7.29, —0.69 [-7.49, —0.97 [-7.34, —0.97 [-7.52,
6.48] 6.74] 5.51] 5.86]

UN  2.01 [-5.53, 1.85 [-6.62, 1.74 [-5.36, 2.36 [-5.4,
11.59] 12.35] 10.39] 12.29]

ILR >65 (-) (AX = 0.1)

NU 0.76 [-1.21, 0.87 [-1.25, 0.14 [-1.77,2.12]  0.74 [-1.27,
3.54] 4.21] 3.44]

UN 0.44 [-1.85, 0.55 [-1.93, —0.2 [-2.5, 2.04] 0.4 [-1.92,
3.2] 3.73] 3.17]

Tree density (trees/ha) (AX = 1)

NU 3.82 [3.47, 3.82 [3.47, 3.82 [3.47, 3.82 [3.47,
4.21] 4.21] 4.21] 4.21]

UN  4.22 [3.89, 4.22 [3.89, 4.22 [3.89, 4.22 [3.89,
4.55] 4.55] 4.55] 4.55]

C to 19,300 Tn C for ten U.S. cities. When standardizing carbon storage
values by tree cover area, Nowak and Crane (2002) reported median
values of 9.25 kg C/m? [4.4-36.1]. In this study, carbon storage distri-
butions based on 100 m? grid cells yielded an average of 2.5 kg C/m? +
3.5 [0.08-12.35]. Regarding gross sequestration rates, the urban forest
of Malaga is estimated to sequester 1285 Tn C/year [975-1604], placing
it at the lower end of the range estimated by Nowak and Crane (2002),
which varied from 42,100 Tn C/year in Atlanta to 800 Tn C/year in
Jersey City.

The estimated annual air pollutant removal is 38.72 Tn/year
[30.59-47.00], a value lower than those reported in other scientific
studies. Selmi et al. (2016) found that urban trees in Strasbourg, France,
removed 65 Tn of pollutants (PM;o and O3) between July 2012 and June
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2013. Bottalico et al. (2017), using a local-scale model instead of iTree,
estimated that the urban forest in Florence, Italy, removed 249 Tn of
pollutants in 2013. Similarly, Nowak et al. (2006) estimated pollutant
removal across 48 U.S. cities, with a wide range from 8 to 14,900
Tn/year, largely attributed to differences in city size and canopy cover.
More recently, Kofel et al. (2024) estimated that urban trees in Geneva
removed 14 Tn/year of PM; and 52 Tn/year of Os. The gross results of
this study are consistent with those of Baro et al. (2019) for Barcelona, a
city with similar characteristics to Malaga, where pollutant removal was
estimated at 28 Tn in 2018. On a per-area basis, we found that the
distribution of annual pollutant removal rates has an average value of
5.45 g/m? [0.08-26.06]. This variability across different plots aligns
with existing literature. Escobedo and Nowak (2009) reported annual
removal rates ranging from 4.8 to 21.5 g/m? in the Santiago Metro-
politan Region, Chile. Nowak et al. (2006) estimated pollution removal
values per unit of canopy cover ranging from 6.2 to 23.1 g/m?, with a
median value of 10.8 g/m? across 48 U.S. cities. The urban forest of
Geneva was estimated to have removal rates ranging from 0 to 8.4 g/m?
for PM; and 0-32.7 g/m? for Oz (Kofel et al., 2024).

The contribution of the urban forest to runoff reduction is estimated
at0.011 hrn3/year [0.009-0.014], a value considerably lower than those
reported in the literature. In Dalian, Liaoning Province, China, an i-Tree
analysis estimated that urban trees intercept approximately 0.217 hm®/
year of precipitation annually (Wang et al., 2018). Similarly, Soares
et al. (2011) estimated that urban trees in Lisbon, Portugal, mitigate
0.18 hm®/year of stormwater runoff annually. Peper et al. (2007), using
i-Tree, found that municipal tree cover in another study site helped
avoid approximately 3.37 hm?/year of runoff per year. In a more com-
parable setting, Baro et al. (2019) estimated 0.84 hm3/year of avoided
runoff in Barcelona, Spain.

Oxygen production was estimated at 3429 T Oy/year [2602-4278].
However, given the vast and relatively stable amount of oxygen in the
atmosphere and the significant contribution of aquatic systems, this
benefit is relatively minor compared to other ES (Suresh Ramanan et al.,
2021). While Ginzburg et al. (2014) reported lower local oxygen con-
centrations in urban areas compared to those near green spaces, Suresh
Ramanan et al. (2021) argue that current research remains inconclusive
on this matter. Therefore, we do not consider oxygen production to be a
key ES for guiding urban environmental equity efforts. Given its pre-
dominantly global nature and the relative stability of atmospheric ox-
ygen concentrations, urban planning strategies should prioritize other
ES that have a more direct and localized impact on environmental
quality and public health.

BVOCs are recognized as a significant ecosystem disservice in urban
environments due to their role in ozone and secondary organic aerosol
(SOA) formation in areas with high nitrogen oxide (NOx) concentrations
(Escobedo et al., 2011). Their emissions vary widely among tree species
and are influenced by both physiological and environmental factors
(Benjamin and Winer, 1998). The urban forest of Malaga generates an
estimated 15.38 Tn BVOCs/year [11.98-18.83], significantly lower than
the 50 Tn/year reported for Geneva (Kofel et al., 2024). Per unit area,
BVOC production averages 2.17 g/m2 [0-11.75], compared to Geneva’s
broader range of 0-16.5 g/m>.

The differences in ES provision estimates between cities, and even
within a single city, i.e., their spatial distribution as shown in
Figures A.2-A.13, depend on multiple factors. (1) City size and urban
forest coverage. As observed by Nowak and Crane (2002), total carbon
storage and sequestration tend to increase with larger urban areas. (2)
Differences in the standardization surface for ES provision. Most of the
studies discussed standardized ES provision by tree canopy cover,
reporting values in terms of provision per unit of canopy area. However,
in the present study, standardization of ES provision is based on 100 m?
grid cells, to understand the spatial distribution of ES provision per unit
area of the urban matrix where urban trees are present. Except for Kofel
et al. (2024), which also reports results using a pixel-based approach,
differences in the reference unit of surface area may influence the
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discrepancies observed between studies. Standardizing results by urban
matrix area rather than canopy area leads to lower ES provision per unit
area, as the latter exclusively represents surface with full provisioning
capacity. (3) Differences in annual precipitation and background
pollution levels across cities. Escobedo and Nowak (2009) observed that
in areas with higher pollution levels, particularly PM10, the annual
removal rate per square meter of tree canopy was higher. They sug-
gested that lower vegetation cover in these areas might contribute to
higher PM10 suspension rates, leading to increased ambient concen-
trations. Consequently, higher pollution availability results in greater
potential for vegetation to remove pollutants, leading to higher esti-
mated removal rates. A similar principle applies to annual precipitation.
In cities with lower accumulated annual precipitation, less water is
available to contribute to runoff formation, thereby reducing the total
avoided runoff potential of urban vegetation. (4) Differences in urban
tree density and dominant diameter classes. Higher tree density and a
greater proportion of large-diameter trees generally lead to an increase
in overall carbon storage density (Nowak and Crane, 2002). This dif-
ference in tree size distribution and overall tree density can significantly
influence the carbon storage and sequestration capacity of urban forests,
contributing to variations in ES provision across cities and regions. (5)
Differences in species composition and structural traits. Species
composition is a key factor influencing both the provision of ES and the
production of BVOCs. The spatial distribution of high-emitting and
low-emitting species is a critical factor driving exposure inequalities to
BVOCs across different parts of the city (Vivaldo et al., 2017). In addi-
tion, species, along with management practices, also determine the Leaf
Area Index (LAI). LAI varies across urban forests due to differences in
foliation periods and canopy structure among species, which introduces
spatial and temporal variability in the avoided runoff service (Dowtin
et al., 2023). For evergreen species, the LAI, and consequently the
interception of precipitation, is consistently higher throughout the year
compared to deciduous species, which lose their foliage for a significant
portion of the year (Clapp et al., 2014). This temporal variability in
foliation for deciduous trees reduces their canopy interception storage
compared to evergreen species over the course of a year (Yang et al.,
2019; Yue et al., 2021). Similarly, the ability to remove pollutants is
directly dependent on tree leaf area (Kofel et al., 2024).

4.2. Uncertainty estimates

Uncertainty arises both randomly and systematically, being associ-
ated with sampling, measurement, or systematic errors in data collec-
tion; epistemic uncertainty, which stems from a lack of knowledge; or
structural uncertainty regarding the model itself (Hastie et al., 2009). In
i-Tree Eco, only the sampling error from field plot data is evaluated,
while other sources of uncertainty are not accounted for.

Uncertainty is gaining prominence in urban forest ES modeling, as
researchers recognize the importance of quantifying variability and
error to improve the reliability of estimates. Lin et al. (2021) assessed
input, sampling, and model structure uncertainties, integrating these
three sources to derive an estimator of total uncertainty. Their study
focused on leaf area, biomass, carbon storage and sequestration, and
BVOC emissions, reporting aggregated values across 15 U.S. cities. For
carbon storage, they found a total coefficient of variation (CV) of 13.4 %
+ 3.4, while for carbon sequestration, the CV was 11.1 % =+ 2.6. Their
findings highlighted that sampling uncertainty played the dominant
role, model uncertainty had a minor influence, and input uncertainty
contributed negligibly (less than 0.1 % on average). In contrast, for
BVOC emissions, total uncertainty was significantly higher, with a CV of
40.7 % + 7.9 for isoprene and 25.0 % =+ 5.1 for monoterpenes. Unlike
carbon-related ES, all three uncertainty sources played substantial roles
in BVOC estimates, with input uncertainty emerging as a major
contributor. Kofel et al. (2024) revealed uncertainty values of 40 % for
BVOC production and a 83 % for PM10 removal based on the variances
of each input variable.
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Together with the work by Westfall et al. (2021), both prior studies
represent the only research to date that examines the impact of input
data uncertainty in i-Tree estimates. However, none of these studies
propose an integrated methodology for addressing scenarios where data
exhibit trait uncertainty (i.e., tree traits recorded as ranges) or where
certain tree traits are missing for some observations. These situations are
common in UTIs, as range-based measurement approaches improve data
collection efficiency, and the absence of specific measurements often
results from limitations in available materials or resources on the part of
the organizations or managers responsible for UTI implementation.

In the literature, trait uncertainty has led to employing the range
mean value as measurement for use in i-Tree Eco (e.g., Bar¢ et al., 2019)
and in the case of missing data, discarding incomplete observations or
using genus-level averages is a common practice (e.g., Kofel et al.,
2024). These approaches, while pragmatic, represent over-
simplifications that may propagate systematic biases and underestimate
the true uncertainty associated with ES quantifications, particularly
when applied to heterogeneous urban forest contexts where measure-
ment precision and data completeness vary considerably across different
management sections and inventory protocols.

Our simulation-based approach enabled the quantification of un-
certainty related to trait uncertainty at the individual tree scale,
avoiding heuristic approaches in data preprocessing such as deletion or
imputation based on averages. A key component of our framework in-
volves ML models for imputing crown diameter and trunk height. ML
models, specifically Random Forest (Breiman, 2001) in this study, a
model extensively employed across numerous scientific fields for data
imputation (Shah et al., 2014; Tang and Ishwaran, 2017; Kim and Violi,
2022; Zhou et al., 2024), enable the imputation of unmeasured values of
crown diameter and trunk height by exploiting the capacity to model
non-linear relationships and interactions within the feature space of
selected covariates. The selected covariates, chosen considering factors
that can model the patterns of these missing traits, contribute to more
informed imputation of missing values due to existing correlations be-
tween functional traits and species, as well as the management type
applied to each tree (Baines et al., 2020). Furthermore, a fundamental
advantage of using ML models is that for each tree, both the mean
imputed value and its standard error are predicted, allowing the inte-
gration and propagation of prediction uncertainty in subsequent steps, a
characteristic not available by the previously mentioned heuristic
imputation methods.

Although the validation metrics may initially appear low, it is
important to note that these were computed under conditions that
forced the models to extrapolate to unobserved datasets (Roberts et al.,
2017). Specifically, the segregation in feature-space in a nested
cross-validation resampling scheme allowed the generation of tree
blocks as different as possible from each other and evaluated the pre-
diction capacity on these blocks without the model being informed with
these specific data patterns. This type of validation prevents overfitting
and evaluates the generalization capacity of the imputation model to
UTIs from other cities. The results indicate that while the models exhibit
limited generalization capacity to entirely new UTIs, or more precisely,
to UTIs with species and/or structural traits combinations not observed
in the Malaga UTIL, they do produce satisfactory results in cases of
interpolation within the same dataset, i.e. the model is reliable for use on
the Malaga inventory. Another virtue of ML models is the existing fa-
cility to improve their transferability to new datasets. As the model is
applied and trained with data from other UTIs, patterns will be esti-
mated more precisely, capturing greater variability, and a priori, greater
generalization capacity to new inventories would be expected (Jin et al.,
2018; Balestriero et al., 2021; Bjerre et al., 2022; Priyatikanto et al.,
2023)

The integration of trait uncertainty and uncertainty in predictions
from ML imputation models within a copula framework enables the
explicit modeling of the dependence structure between ES estimates
(Fig. A.1), capturing the correlations that exist between urban tree traits
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and between ES (Ghosh et al., 2020; Lin et al., 2021). This approach
offers a more flexible and comprehensive framework for uncertainty
propagation compared with traditional univariate methods, which as-
sume independence and are limited in specifying marginal distributions,
thereby providing a robust tool for analyzing complex urban forest
systems. Furthermore, the copula framework allows for the adaptation
of marginal probability distributions, which serve to characterize the
type of uncertainty existing for each variable. In this study, we assumed
that no systematic bias exists, neither through overestimation nor un-
derestimation of each ES based on trait measurements, establishing the
means of marginal distributions at zero. However, if bias exists, based on
prior information provided by urban forest managers, this could be
perfectly incorporated into the model. The selection of probability dis-
tributions additionally allows for defining how uncertainty behaves,
enabling the establishment of more informative distributions around the
central value such as Gaussian or Laplace distributions, or
non-informative distributions such as uniform distributions. This pro-
vides greater control and fine-tuning according to the needs and par-
ticularities of the UTI of the city where the method is intended to be
applied.

The developed method is influenced by the Central Limit Theorem
(CLT), particularly as the scale of analysis increases. This theorem states
that if a sufficiently large number of i.i.d. random variables are summed,
their distribution tends to approximate a normal distribution, regardless
of the original distribution (Fischer, 2011). In this study, each random
variable corresponds to the marginal distribution of ES provision
incorporated into the copula for each individual tree. As the spatial scale
of analysis increases, a greater number of random variables are summed,
leading to a greater cancellation of individual fluctuations associated
with independent simulations of ES provision at the tree level. At larger
scales (i.e., census tracts), simulated values tend to converge toward the
mean of the simulations, and uncertainty tends to decrease due to the
cancellation of individual variations. This could also partially explain
why any differences were observed in the sensitivity analysis regarding
the selection of marginal probability distributions in the copula.

This same pattern has been reported by both Lin et al. (2021) and
Westfall et al. (2021), who concluded that the effects of measurement
uncertainty of input variables on ES estimation uncertainty are negli-
gible at landscape scale or for computing aggregated values and their
uncertainty at city scale. In any case, we consider that it is not that
measurement uncertainty is unreliable, but rather that a process exist-
s—in this case, we hypothesize it is the CLT—that leads to a cancellation
of simulated uncertainty as the number of entities in an area increases.
This aligns with the behavior of the uncertainty pattern across spatial
scales, where at the highest level of detail (individual trees), uncertainty
is maximum and decreases as area increases from pixel-support to
census tract support, up to the scale of Malaga as a whole. This statistical
phenomenon explains why landscape-scale estimates of ES can maintain
reasonable precision despite substantial uncertainties in individual tree
measurements. The hierarchical nature of uncertainty propagation in
spatial ES assessments demonstrates that while individual tree pre-
dictions may carry significant uncertainty, the aggregation process
inherently reduces the relative impact of these uncertainties on
landscape-scale estimates.

These results are also consistent with findings reported in the forestry
literature. McRoberts and Westfall (2015) demonstrated that although
individual tree measurements may exhibit considerable variability, their
impact on plot- and population-level forest estimates is minimal. This is
primarily due to the statistical aggregation of random errors across
multiple trees within plots, which effectively cancels out
individual-level deviations. Paul et al. (2017) similarly confirmed that
measurement errors in stem diameter, while significant at the individual
tree level, have substantially reduced impacts on stand-scale estimates.
As a result, measurement uncertainty contributes little to the overall
variance in large-area estimates of forest attributes and ES. These studies
point out the need to differentiate between random measurement error,
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which averages out during aggregation, and systematic bias, which
persists and must be addressed through improved model calibration.

4.3. Inequities in urban tree ES provision accessibility

The BHM results highlight inequities in access to ES among social
groups after accounting for census tract tree density, unaccounted
covariables and spatial autocorrelation via random effects, and tree
traits uncertainty. Riley and Gardiner (2020) recommend accounting for
spatial structure when analyzing urban tree distribution and associated
ES. Models incorporating spatial dependence, they use Spatial Autore-
gressive (SAR) models, outperform traditional linear regressions by
providing more accurate and reliable estimates. By addressing spatial
autocorrelation, these models reduce estimation errors and prevent
misleading inferences about the relationships between socioeconomic
covariables and response variables. Incorporating spatial structure thus
not only enhances model performance but also improves our under-
standing of the complex dynamics within urban socio-ecological systems
(Locke et al., 2016) Two fundamental advantages of using BHMs over
frequentist models such as SAR or spatial lag models are: (1) the flexi-
bility of BHMs, which can incorporate other latent structures into the
model if the data require it, such as temporal random effects if
spatio-temporal inequality patterns of accessibility data were available;
(2) availability of posterior probability distributions of model effects and
the possibility of performing combinations or operations between them
following the rules of probability. The concatenating process applied for
integrating uncertainty from different simulations in ES inequality ac-
cess patterns, framed by the effects of covariates in the model, is ideally
achievable under the Bayesian framework. This Bayesian approach en-
ables comprehensive uncertainty propagation throughout the modeling
framework, allowing for probabilistic statements about ES inequities
that properly account for multiple sources of uncertainty. The hierar-
chical structure facilitates borrowing strength across spatial units while
maintaining the ability to capture local variations in urban forest ben-
efits distribution.

It was found that lower Gini index, median household income, and
population size, as well as a higher proportion of African, South Amer-
ican, or Eastern European populations relative to the Spanish population
at the census tract level, were associated with reduced accessibility to ES
and increased exposure to BVOCs emitted by urban trees. The results in
the literature are mixed, and this variability is largely due to the specific
cities studied, each of which has its own unique socio-demographic
patterns that ultimately shape the inequity patterns in access to ES.
Cohen et al. (2012) and Escobedo and Nowak (2009) observed higher ES
delivery in lower-income areas compared to wealthier zones in Paris and
Santiago de Chile, respectively. Graca et al. (2017), in Porto, Portugal,
observed that wealthier areas experience higher ES provision. Bar¢ et al.
(2019) in Barcelona found that ES provision was neither significantly
associated with income nor ethnicity. However, they found a positive
association with elderly residents and those with lower educational
attainment, indicating that accessibility tends to favor vulnerable
groups. Additionally, they reported that the most affluent neighbor-
hoods in the city generally displayed intermediate to low ES provision,
while the most disadvantaged neighborhoods tended to show interme-
diate to high values. Riley and Gardiner (2020), for nine cities in the
United States, found that income levels and the percentage of the pop-
ulation with undergraduate education were generally positively related
to ES provision. Conversely, the variables “percent without a high school
degree” and “percent renters,” when significant, were negatively
related. They observed that inequities related to population origin var-
ied widely depending on the city; in the Midwest, significant relation-
ships were positive, while the pattern was reversed when the variable
was a significant predictor in East and West Coast cities. Nyelele and
Kroll (2020) found that carbon storage, stormwater runoff reduction, air
pollutant removal, and heat index reduction services are unequally and
inequitably distributed across different socio-demographic and
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socio-economic groups. They found that disadvantaged communities,
particularly those with low median income and high poverty rates,
receive disproportionately lower benefits from these services.

Income levels are the primary factor explaining the inequitable dis-
tribution of ES, which predominantly affects disadvantaged and
marginalized socio-demographic neighborhoods. High-income earners
have been shown to afford properties in neighborhoods with greener
areas with greater tree cover, due to their higher purchasing power
(Gerrish and Watkins, 2018). Urban trees represent an economic good
that does not typically become a priority until residents have sufficient
income to at least cover their basic needs. Consequently, demand for tree
cover tends to increase significantly with rising income levels (Zhu and
Zhang, 2008).

In Malaga, new urban development projects are increasingly incor-
porating higher urban canopy coverage in pedestrian-accessible areas.
However, due to the high real estate prices in these areas, access is
largely restricted to high-income families, thereby exacerbating the
observed inequities in income levels and access to ES provided by urban
trees. This pattern also explains the positive relationship observed with
the Gini coefficient. In peripheral census tracts, where most new de-
velopments are taking place, pre-existing built-up areas often coexist
with vacant lands. These areas are where most urban expansion is
occurring. As a result, the increase in tree canopy coverage in these
census tracts, coupled with the influx of higher-income families into
these newly developed areas, leads to growing local income disparities,
raising the Gini index. This process may explain the observed positive
relationship between income inequality and ES accessibility; however,
further research is necessary to confirm this association.

In most developed countries, ethnic minorities tend to have the
lowest income levels (Makhlouf, 2023), which often translates into
residing in neighborhoods with lower urban tree canopy coverage and,
consequently, reduced access to the ES provided by urban trees. This
pattern could explain the lower accessibility to ES estimated for ethnic
minorities in the present study. In addition to having limited access to
urban green spaces and their associated benefits, ethnic minorities are
also disproportionately exposed to urban environmental hazards, such
as higher levels of air pollution and reduced thermal comfort (Hsu et al.,
2021; Aznarez et al., 2024; van den Brekel et al., 2024).

4.4. Limitations

While this study has quantified ES provision and BVOC production
by urban trees and highlighted the inequities in accessibility and
exposure among sociodemographic groups, several limitations warrant
further investigation:

(1) The Monte Carlo simulation using Gaussian copulas provides
accurate uncertainty estimates at the individual tree level.
However, there are two limitations that warrant further investi-
gation. First, the method is subject to the CLT due to the random
sampling used to sample from the copula of each tree. This im-
plies that estimates across simulations tend to converge towards
the mean, reducing uncertainty, particularly at larger spatial
scales. Further work is needed to systematically explore how this
effect evolves with increasing scale in a systematic way, as well as
to test different methods for sampling values. Second, the copula
is used on the theoretical provision ranges derived from the
combination of maximum and minimum traits. This represents a
compromise solution that allows for provision ranges over which
simulations can be conducted. Ideally, simulations would begin
by adjusting copulas at the trait level. This approach would
enable the generation of different UTI for each iteration, with
trees of varying sizes corresponding to uncertainty in trait mea-
surement. However, this is not feasible as iTree requires manual
data entry, making it resource-intensive for thousands of simu-
lations. Therefore, implementing iTree models within
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programming environments such as R or Python would facilitate

the integration of uncertainty propagation frameworks, enabling

more automated simulation and estimation processes.

In this study, BVOC generation was the only disservice consid-

ered. However, another important disservice is pollen exposure.

Living near urban parks and trees can pose health risks due to

increased exposure to allergenic pollen. Similar to BVOC spatial

patterns, pollen allergenicity riskscapes in different cities are
shaped by the dominant tree species in the urban forest

(Sousa-Silva et al., 2021). For example, the widespread use of

plane trees (Platanus spp.) as ornamental species in many Medi-

terranean cities has been linked to the emergence of new allergies
among residents (Picornell et al., 2024). Future research should
integrate pollen allergenicity riskscapes to assess potential

socio-demographic inequalities in pollen exposure, providing a

more comprehensive evaluation of the benefits and disservices of

urban greening.

(3) According to scientific literature, inequalities in access to ES
provided by urban trees, exposure to BVOCs generated by urban
trees, and exposure to pollutants across social groups vary
significantly depending on the city. An important avenue for
future research would involve extending the current study, along
with the previously outlined limitations, to the major provincial
capitals in Andalusia and, more generally, to include all munic-
ipalities with a complete UTI available. Incorporating multilevel
structures into the model presented in this article will allow for
the estimation of the specificities of different cities and help
identify whether common patterns exist in the relationships be-
tween inequities and the provision of ES.

2

—

5. Conclusion

This study introduces an integrated uncertainty propagation frame-
work that combines machine learning imputation of missing tree trait
values, copula-based integration of imputation and trait measurement
uncertainty, and Monte Carlo simulation. The framework effectively
quantifies the influence of measurement uncertainty on i-Tree Eco es-
timates of urban forest ecosystem services. Across spatial scales, un-
certainty decreases progressively, reflecting aggregation effects as areas
expand from individual trees to entire cities.

The BHM results reveal systematic inequities in ecosystem service
access among socioeconomic groups, even after controlling for census
tract-level tree density, unobserved covariates, spatial autocorrelation,
and tree trait uncertainty. While trait uncertainty propagation in the
BHM generally preserves the posterior distribution means of socioeco-
nomic variable effects, it systematically increases credibility interval
widths. This widening reflects successful uncertainty propagation
through the modeling framework. Importantly, inequality patterns
remain largely consistent between propagation and non-propagation
scenarios, though uncertainty propagation enables detection of cred-
ible relationships at the 95 % level that would otherwise be missed.

From a methodological perspective, the results suggest that the value
of propagating trait-level uncertainty into second-stage models depends
critically on the spatial scale of analysis. At coarse aggregation levels
such as census tracts, while error cancellation effects reduce the impact
on point estimates, uncertainty propagation remains valuable for
assessing parameter reliability, detecting previously unidentified re-
lationships, and providing comprehensive credible intervals for deci-
sion-making.

Future work should systematically evaluate uncertainty attenuation
patterns across incremental spatial scales, establish guidelines for
optimal aggregation levels in ecosystem service studies, and explore
trait uncertainty propagation in analyses conducted at finer resolutions
(e.g., when ecosystem service estimates and their uncertainty are
employed in pixel-grid support models or when individual trees
constitute observational units), where the high quantified uncertainties
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would likely result in substantial propagation effects in second-stage
models. Validation across diverse urban contexts will be essential to
confirm the framework’s broader applicability and refine recommen-
dations for uncertainty propagation in urban forest research.
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