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A B S T R A C T

Forest ecosystem services (ES) emerge across multiple spatiotemporal scales, are context-dependent, and often 
display non-linear dynamics. Yet, ES assessments often rely on global statistical methods applied to predefined 
spatial units, limiting their ability to capture context-specific interactions at the scales at which they emerge. 
Addressing this gap is critical for integrating ES into planning and management, particularly in multifunctional 
forest landscapes. Here, we demonstrate how geographically weighted machine learning with adaptive kernels 
can be used to identify the spatial scales at which individual ES are most strongly expressed, reveal their un
derlying non-linear drivers, and capture interactions among ES operating at different scales. Focusing on 
montane and subalpine forests in Catalonia (northeast Spain), we assessed four forest ES indicators: biomass 
production, fire risk, mushroom production, and scenic beauty, empirically quantified based on the 399 per
manent plots with the presence of Scots pine (Pinus sylvestris), black pine (Pinus nigra), mountain pine (Pinus 
uncinata), and European silver fir (Abies alba), re-measured in the three cycles of the Spanish National Forest 
Inventory spanning 1989 to 2015. We first identified dominant global drivers of each ES using the Random Forest 
(RF) algorithm and then applied Geographically weighted Random Forest (GRF) to capture spatial heterogeneity 
in ES–driver relationships. Local scales were defined as the spatial extents that maximized model performance. 
These scales were subsequently employed in spatially weighted non-parametric correlation analyses to assess ES 
interactions. Our results reveal scale and driver dependency: ES dominated by a single structural driver, such as 
biomass production and fire risk, operated at broader spatial scales and exhibited relatively consistent interaction 
patterns, whereas services shaped by multiple co-dominant drivers, such as mushroom production and scenic 
beauty, displayed localized, heterogeneous patterns. By employing geographically weighted adaptive kernels, 
our framework captured both global and local ES relationships, demonstrating its value for multi-scale assess
ments, that can effectively aid geographically oriented forest management planning. Future work will expand the 
observational domain, thereby enhancing machine learning applications for spatially explicit forest ES analyses.

1. Introduction

Ecosystem services (ES), defined as benefits that nature provides to 
human societies (Costanza et al., 1997), are commonly framed through a 
utilitarian perspective that interprets ecological functions in terms of 
provisioning, cultural, regulating, and supporting services (Haines- 
Young and Potschin, 2018; Millennium Ecosystem Assessment, 2005). 
By conceptualizing ecosystem-society relationships through socio- 
economic constructs such as ES flow, demand, supply and delivery (cf. 

Serna-Chavez et al., 2014; Villamagna et al., 2013; Burkhard et al., 
2012; Schägner et al., 2013), the ES framework facilitates the incorpo
ration of environmental sustainability objectives into policy and 
decision-making processes (Burkhard et al., 2018; Costanza et al., 1997; 
Maes et al., 2012). To inform management and planning, however, these 
concepts must be translated into spatially explicit assessments that 
characterize the distribution of ecosystem services and their interactions 
in space and time. Consequently, spatial scale becomes a central 
consideration in ES research, as it influences how ES dynamics are 
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observed, represented, and interpreted.
In ecology, scale is commonly understood as the spatial and temporal 

dimension at which ecological patterns and processes are observed and 
analysed, and is typically characterized by grain, defined as the smallest 
unit of observation or measurement, and extent, referring to the total 
spatial or temporal domain over which observations are made (Gibson 
et al., 2000; Lam and Quattrochi, 1992; Wu et al., 2006). In geograph
ical sciences, several complementary definitions of scale have been 
proposed. These include cartographic scale, defined as the ratio between 
map and real-world units; geographic scale, referring to the spatial 
extent of a study area; observational or measurement scale, corre
sponding to the resolution at which data are collected or represented; 
and process or operational scale, representing the spatial or temporal 
dimensions at which a phenomenon or ecological process operates 
(Dabiri and Blaschke, 2019; Oshan et al., 2022). Because ecological 
processes operate across multiple hierarchical levels and exhibit scale- 
dependent dynamics (Allen and Starr, 1982), the choice of analytical 
scale, i.e., the scale at which data are aggregated, analysed, or modelled, 
has important implications for ecological inference. Atkinson and Tate 
(2000) argue that patterns and relationships detected in environ
mental systems are contingent on the scale of observation, which may 
differ from the scale at which underlying processes operate. These scale 
effects, reflecting the sensitivity of study findings to variations in the 
operational scale of the research, are also addressed in geography by the 
modifiable area unit problem (MAUP) (Openshaw, 1984; Wong, 2004). 
Hence, a scale mismatch may arise when the scale of observation, 
analysis, management, or governance does not correspond to the scale at 
which ecological or socio-ecological processes occur, hindering the 
detection of relevant ecological relationships, and consequently 
reducing the effectiveness of environmental management and decision- 
making (Cumming et al., 2006). This issue is particularly relevant for ES 
assessments, which are commonly conducted within predefined spatial 
units, including administrative boundaries (e.g., municipalities, regions, 
or watersheds) (Hein et al., 2006; Nocentini et al., 2022) and ecosystem 
management units. While useful for reporting, the predefined bound
aries do not necessarily coincide with the processes underpinning ES 
provision that operate across multiple scales (Peters et al., 2007, 2004; 
Qiu et al., 2018; Roces-Díaz et al., 2018; Xue et al., 2023). Consequently, 
whether an ES relationship with an environmental driver, or another ES 
(i.e., synergy, trade-off or bundle) is detected often depends on the 
reference scale (Cord et al., 2017), as relationships observed at one scale 
may not hold or may take a different form at other scales (Stuber and 
Gruber, 2020).

Forest ES, in particular, depend on multiple interacting drivers that 
operate at different spatial or temporal scales. Biomass production, for 
instance, emerges from interactions among tree-level functional traits 
and physiological processes (e.g., carbon assimilation), stand-level 
competition for resources, and landscape-level environmental drivers 
such as climate and disturbances; yet forest management interventions 
are typically planned within clearly delineated management units. 
Recognizing this challenge, several studies have advocated to use multi- 
scale/multi-level approaches. For example, Anaya-Romero et al. (2016)
evaluate forest ES at regional and sub-regional levels, while Başkent 
(2020, 2021, 2023) explicitly argues that ES integration in forest man
agement requires identification, quantification, assessment, and regu
lation within a multi-level planning framework. Similarly, Knoke et al. 
(2021) advocate integrating ES and biodiversity information across 
different forest planning levels, reinforcing the need for hierarchical 
planning from stand to broader landscape scales. These approaches 
reflect the perspective of ecological processes and management de
cisions organization, in which phenomena occurring at any given level 
are influenced by processes operating at both finer and broader scales. 
These traditional multi-scale frameworks view scale as a hierarchy of 
fixed and nested spatial units (Allen and Starr, 1982). More recent 
perspectives, however, conceptualize scale as an emergent property of 
spatial processes, where the spatial extent of influence varies according 

to the phenomenon under investigation (Fotheringham, 2020; Fother
ingham et al., 2017). Under this framework, operational scale refers to 
the geographical extent over which a process exerts its strongest influ
ence and can be empirically estimated rather than assumed a priori. This 
perspective is particularly relevant to ES research, where ecosystem 
functions emerge from interactions among ecological, environmental, 
management, and socio-economic processes operating across multiple 
spatial extents. While land use/land cover, climate, topography, soil 
characteristics, biodiversity, management practices, and socio-economic 
conditions are widely recognized as key ES drivers (Burkhard et al., 
2018; Cord et al., 2017; Maes et al., 2012), their relative influence 
varies across spatial scales. For example, Liu et al. (2017) found that 
anthropogenic and socio-economic factors exerted the strongest influ
ence on agroecosystem services at an operational scale of approximately 
12 km, whereas physical-environmental drivers became dominant at 
broader scales of approximately 83 km. In forest ecosystems, stand 
structural and compositional attributes have been shown to be strong 
predictors of multiple ES (Felipe-Lucia et al., 2018), raising the question 
of whether their influence remains consistent across scales. Investigating 
ES-driver interactions requires analytical approaches capable of 
capturing complex, non-linear relationships, such as machine-learning 
methods (ML). ML algorithms based on decision trees, such as the 
Random Forest (RF) algorithm (Breiman, 2001), have been increasingly 
applied in ES research (e.g., Cutler et al., 2007; Elith et al., 2008). More 
recently, spatially weighted Random Forest algorithms have enabled the 
analysis of spatially varying relationships by combining the predictive 
capacity of ML with local modelling. Specifically, their application in 
forest-related topics includes mapping of aboveground biomass and 
carbon density from remote sensing data (Wu et al., 2024; Zhou et al., 
2025), identification of deforestation and reforestation drivers (Santos 
et al., 2019), and forest fire occurrence and risk modelling (Su et al., 
2021). However, the use of spatially weighted RF in assessing multiple 
forest ES and identifying their characteristic operational scales remains 
largely unexplored.

In this study, we develop a scale-adaptive framework to assess forest 
ES, in which the operational scale of analysis is determined on observed 
ES-drivers' relationships. Using the Geographically weighted Random 
Forest (GRF) algorithm (Georganos et al., 2021) we determine the 
operational scale for four representative forest ecosystem services in 
Catalonia (NE Spain) that operate at different spatial extents. We do not 
test predefined scales against each other; rather, we let the data identify 
the optimal scale per ES. We then use this scale to map ES interactions. 
Following McGarigal et al. (2016) and Stuber and Gruber (2020), we 
define scale as the spatial extent(s) at which driver-response relationship 
is the strongest. Thus, ES operational scale translates into the bandwidth 
at which the local GRF model maximizes R2 in the ES-drivers relation
ship. Bandwidth in this context is the number of neighbouring obser
vations in a local model. We define ES provision as the ecosystem's 
capacity to deliver services based on biophysical properties and func
tions (van Oudenhoven et al., 2012). As such, we recognize spatial 
dependence as an intrinsic characteristic of natural systems and posit 
that the spatial configuration and heterogeneity of ecosystems are crit
ical in mapping ES drivers and relationships.

2. Material and methods

2.1. Study area and forest data

We centred our study on the montane and subalpine conifer forests of 
Catalonia (northeast Spain), spanning elevations from 800 to 2,400 m a. 
s.l. across the Pyrenean, Pre-Pyrenean, and interior mountain ranges 
(Fig. 1). These forests are particularly sensitive to anthropogenic climate 
change because they grow near the upper and lower climatic limits for 
tree survival and growth, have slower growth rates, and are constrained 
by shallow, nutrient-poor soils, which limit resilience to disturbances 
such as drought, pests, and wildfire (IPCC, 2022). In Catalonia, 
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coniferous species occupy a substantial portion of the forested land
scape, covering approximately 38% of the region's 64% forested land 
(Generalitat de Catalunya, 2010), and are used for timber, particularly 
Scots pine and black pine (Piqué et al., 2017), recreational activities 
(Farías Torbidoni, 2011), and mushroom production (Bonet et al., 
2014).

Since the mid-20th century, many montane areas in the region have 
experienced extensive rural depopulation and land abandonment, 
leading to the cessation of traditional agricultural and pastoral practices, 
and allowing for natural vegetation succession (Chauchard et al., 2007). 
While this expansion of forested land contributed to carbon sequestra
tion, the increase in unmanaged forest biomass has also led to higher 
fuel loads, thereby increasing the risk of high-intensity wildfires (Pausas 
and Fernández-Muñoz, 2012). With rising temperatures and more 
frequent droughts contributing to longer fire seasons and more extreme 
fire weather conditions (Turco et al., 2018), forests in the region and 
their associated ES are becoming more vulnerable. Understanding their 
recent dynamics may better inform sustainable management. To this 
end, National Forest Inventories (NFIs) provide robust forest data, given 
their standardized sampling protocols and detailed biophysical mea
surements (Snäll et al., 2021). The Spanish NFI sampling design is based 
on a 1 km grid with nested circular plots (5 to 25 m radius), enabling 
representative estimates of tree-level attributes (Alberdi et al., 2014). In 
addition, the Spanish NFI collects ancillary data on soil, understory 
composition, disturbances, and management practices, available for 
three systematic inventories conducted in the 1980s–1990s, 2000s, and 
2010s, corresponding to the NFI2, NFI3, and NFI4 campaigns (MITECO, 
2023). Our study focused on remeasured permanent plots of Pinus syl
vestris (Scots pine), Pinus uncinata (mountain pine), Pinus nigra (black 
pine), and Abies alba (European silver fir) (N = 399, Fig. 1). Plot level 

data were scaled to 1 ha stand level (Supplementary Material, Appendix 
A) to calculate the stand attributes (Table 1) and quantify ES metrics 
(Table 2).

2.2. Ecosystem services and their drivers

Considering the ecological and socio-economic characteristics of the 
study area, we quantified four key forest ES using ForeMA decision 
support tool (Cristal et al., 2019): biomass production (BM) as an indi
cator of carbon storage (regulating service) and timber production 
(provisioning service); mushroom production (MP) that represents both 
cultural (e.g., mushroom picking) and provisioning service (annual 
yield); fire risk (FR) as an inverse indicator of fire regulation capacity, 
where higher fire risk implies a reduced capacity of the ecosystem to 
regulate wildfires; and scenic beauty (SB) as an indicator of recreational 
and aesthetic values.

The four ES indicators were quantified using empirical models 
derived from NFI data and long-term experimental plots. BM was 

Elevation (m a.s.l.)
0

1000   

2000

3000

Dominant species

Legend

Abies alba
Pinus uncinata
Pinus sylvestris
Pinus nigra

Fig. 1. Study area and forest stand distribution along the elevation gradient.

Table 1 
National forest inventory stand characteristics: averages and ranges of values (in 
parenthesis).

Census years in 
Catalonia

Mean diameter at 
breast height (cm)

Total basal 
area ha− 1 (m2)

Total stems 
(per ha)

NFI2 1989–1990 18.45 (8.37; 45.62)
17.28 (0.40; 
57.15)

650 (14; 
3232)

NFI3 2000–2001 19.34 (9.49; 48.31)
23.58 (0.45; 
64.03)

807 (26; 
4311)

NFI4 2013–2016 20.14(10.29; 47.69)
29.45 (0.92; 
69.70)

903 (28; 
3958)
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estimated from species-specific component allometric models for 
P. sylvestris, P. uncinata, P. nigra, and A. alba, developed by Ruiz-Peinado 
et al. (2011), Eq. S1. The authors used diameter at breast height (DBH) 
as a predictor, and a system of additive component equations for stem, 
branches, foliage and roots, fitted via nonlinear Seemingly Unrelated 
Regression. Calibrated across multiple species and size classes 
throughout Spain, and harmonized with NFI data (species identity, DBH, 
and height), these models have been widely used for national-scale 
biomass-related ecosystem services assessments, such as carbon stock 
evaluation (e.g., Neumann et al., 2016), and for validating remote sen
sing–derived biomass products (Pascual et al., 2023), which make them 
particularly suitable for NFI-based biomass quantification in the study 
area. MP was estimated using empirical models of total annual mush
room yield per hectare, developed by de Miguel et al. (2014), Eq. S2, 
based on mixed-effects models calibrated with weekly monitoring data 
from 107 experimental plots across Catalonia (1995–2014). These 
models have been applied in several studies, for instance, to assess non- 
wood forest ES across Europe (Lovrić et al., 2020) and to quantify trade- 
offs among multiple ES (Morán-Ordóñez et al., 2020). Their use of 
locally calibrated parameters ensures regional consistency and enhances 
ecological realism in model outputs.

FR was estimated using the empirical probability model developed 
by González et al. (2006), Eq. S3, calibrated with NFI2 data and vali
dated with NFI3 in Catalonia. The model predicts the 12-year proba
bility of fire occurrence based on stand-level structural variables, 
providing a regionally tested indicator of the ecosystem's capacity to 
regulate wildfire risk. It has been widely applied in forest disturbance 
research (e.g., Reyer et al., 2017) and incorporated into regional forest 
management planning tools (Cristal et al., 2026), underscoring its 
suitability for this study.

SB was estimated using the regression-based model developed by 
Blasco et al. (2009), Eq. S4, which predicts perceived aesthetic value 
from forest structural attributes such as tree density, composition, and 
understorey cover. The model was calibrated using public preference 
data obtained from visual assessments of Catalan forest landscapes and 
has been applied in ES studies (e.g., Krsnik et al., 2023) to link 
measurable stand structural attributes with perceived scenic beauty and 
recreational priorities.

Table 2 
Data description and sources.

Ecosystem 
service drivers

Variable 
code (unit)

Variable 
description

Source

Direct Stand 
attributes

DBH (cm) Mean diameter at 
breast height 
(DBH): indicator of 
stand maturity.

Spanish 
National 
Forest 
Inventory 
(NFI, 1 km 
grid, www. 
miteco.gov. 
es)

SD_DBH 
(cm)

Standard deviation 
(SD) of DBH: 
indicator of 
horizontal 
heterogeneity.

HDOM (m) Dominant Height 
(HDOM) as mean 
height of the tallest 
trees in the stand.

SD_HDOM 
(m)

Standard deviation 
(SD) of height: 
indicator of 
vertical 
heterogeneity.

BA (m2) Stand Basal Area 
(BA), as cumulative 
tree basal areas: 
indicator of tree 
stock.

DW (m2) Dead Wood (DW), 
as cumulative BA 
of all the dead trees 
in the stand.

SR (number) Species Richness 
(SR), as the total 
number of tree 
species in a stand.

MT 
(category)

Management Type 
(MT), including 
soil improvement, 
structure and 
composition 
improvement, or 
combination of 
them.

Site attributes STEX 
(category)

Soil Texture 
(STEX) classified 
as:  

1. Sandy (no 
cohesive 
cylinders),

2. Loam (forms 
thick cylinders),

3. Clay (forms 
cylinders ~5 
mm).

STYPE 
(category)

Soil Types (STYPE) 
classified into:  

1. Non- 
problematic,

2. Saline,
3. Gypsiferous,
4. Hydromorphic.

SLOPE 
(degrees)

Steepness of the 
terrain.

Digital 
Terrain 
Model (DTM, 
10 m pixel 
size, 
https://www. 
icgc.cat)

ASP 
(category)

Aspect (ASP): slope 
direction relative 
to north

ELEV (m) Elevation in meters 
above sea level.

LAI (m2/m2) Leaf area index 
(LAI) One-sided 
tree leaves' area per 
square meter.

Calculated for 
each NFI plot 
using the R 
Package 
meteoland (De 
Caceres et al., 
2018)

Climate MP10 (mm) 10-year averages of 
total Monthly  

Table 2 (continued )

Ecosystem 
service drivers 

Variable 
code (unit) 

Variable 
description 

Source

Precipitation 
(MP10)

MT10 
(degrees 
Celsius)

10-year averages of 
mean Monthly 
Temperature 
(MT10)

Climate 
change

PA (mm) Precipitation 
Anomaly (PA) and 
Temperature 
Anomaly (TA) as 
the difference of 
actual means from 
the baseline 
climate 
(1961–1990)

TA (degrees 
Celsius)

Indirect Demographic PDEN 
(inhabitants 
per km2)

Population density 
(PDEN) values for 
each municipality.

Statistical 
Institute of 
Catalonia (
IDESCAT, 
2025)

Infrastructure 
development

RDEN (km/ 
km2)

Forest Road 
density (RDEN) as 
total length of 
forest roads within 
each municipality 
boundaries divided 
by the municipality 
area

Catalan 
government (
GRAF, 2023)
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Forest ES are influenced by both direct and indirect drivers (Table 2), 
where direct drivers are site and stand attributes, management, climate 
and climate change (Millennium Ecosystem Assessment, 2005). Stand 
attributes comprise stand structure, i.e., horizontal and vertical tree 
distribution, measured by diameter and breast height (DBH) and 
dominant height (Vayreda et al., 2012), and species richness expressed 
by the number of identified tree species within a forest stand. Site at
tributes are soil, topography, and climate i.e., site quality (Avery and 
Burkhart, 2001). We also considered forest management, and soil 
water availability approximated by the Leaf Area Index (LAI, for 
calculation refer to Supplementary material, Appendix C). We used 
annual aggregates of temperature and precipitation of 10 years prior to 
each inventory to account for climatic variability, and, as an indicator of 
climate change, we calculated the temperature and precipitation 
anomalies of each inventory interval relative to the 1961–1990 climatic 
normal (cf. Benito-Garzón et al., 2013; Ruiz-Benito et al., 2013). As in
direct ES drivers, we considered the population and infrastructure 
development (i.e., forest road density and proximity to settlements) and 
calculated their metrics at the municipality level for approximate year 
corresponding to each NFI (i.e., 1990, 2000 and 2015).

2.3. Analyses

To examine ES dynamics, we followed an analytical framework 
shown in Fig. 2. Building on stand-level ES quantification (Section 2.2), 
we first assessed temporal trends, evaluating whether ES provision 
increased, decreased, or remained time-stationary over the entire study 
area. We then examined changes at a stand level, testing whether ES 
exhibit accelerating, decelerating, or stationary patterns. Next, we 

investigated spatial dependencies among neighbouring stands to deter
mine whether ES provision is spatially structured. Subsequently, we 
identified the main drivers of each ES for the whole study area and 
analysed their temporal variability. We then determined the operational 
scale of each ES and assessed whether dominant drivers vary spatially. 
Finally, we analysed interactions among ES at both the regional (i.e., 
Catalonia's spatial extent) and ES operational scales, assessing whether 
relationships among ES (i.e., trade-offs and synergies) change over time 
and vary spatially.

2.3.1. Exploratory analysis
To assess global temporal patterns, we first re-scaled ES values to the 

0–1 range using min–max normalization to ensure comparability among 
ecosystem services in each NFI, and then visualized their distribution 
using boxplots. We subsequently calculated changes in ES provision 
rates between inventory periods at a stand level. For each plot, the 
relative change between NFI2 and NFI3 (ΔNFI2-NFI3) was subtracted from 
the relative change between NFI3 and NFI4 (ΔNFI3-NFI4), denoting ac
celeration when the values had a positive sign; deceleration when the 
values had a negative sign; or temporal stationarity when the values 
were close to zero (Supplementary material, Appendix D). The spatial 
autocorrelation of each ES was evaluated using global Moran's I test 
(Moran, 1950) under the randomisation assumption (Eq. (1)). Global 
Moran's I close to 1 indicates strong spatial clustering of similar ES 
values (high–high or low–low neighbourhoods), values near 0 indicate 
spatial randomness, and negative values indicate a dispersed (checker
board) pattern. The local indicator of spatial association (LISA, Anselin, 
1995) was subsequently used to identify the local contribution of each 
stand-level ES metric to the overall spatial autocorrelation pattern. 

Fig. 2. Analytical framework: (1) Exploratory (pattern) analysis identifies global and local ES dynamics and spatial dependencies; (2) Driver analysis maps main 
factors influencing ES provision; (3) Correlation analysis reveals ES synergies and trade-offs at global and local scales. Dashed arrows represent the workflow for the 
global analyses. Solid arrows represent local analyses workflow and dependencies among analytical steps. Bidirectional arrows denote comparisons between global 
and local results.
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Unlike the single-value global Moran's I, LISA detects localized clusters 
and spatial outliers by classifying observations into high–high, low–low, 
and low–high neighbourhoods. Both global and local spatial autocor
relation analyses were employed in three forest inventory datasets: 
NFI2, NFI3, and NFI4. We applied k-nearest neighbour spatial weights 
and assessed their performance through a sensitivity analysis using k- 
values ranging from 4 to 80 (Supplementary Material, Appendix E, 
Table S4, Fig. S3). All ESs showed moderate to low yet significant spatial 
autocorrelation, with higher values at smaller neighbourhood sizes. To 
capture relevant local patterns without compromising spatial continu
ity, a neighbourhood size of k = 30 was selected for the LISA analysis. 

I =
N
W

∑N
i=1

∑N

j=1
wij(xi − x)

(
xj − x

)

ij

∑N
i=1(xi − x)2 (1) 

where, N is the number of NFI plots, xi is the value of an ES metric at a 
specific location, xj is the ES metric value at another location, x is the ES 
metric mean, wij is the weight indexing location j relative to i, and W is 
the sum of all wij.

2.3.2. ES main drivers
To identify dominant drivers of ecosystem services, we used the 

Random Forest (RF) algorithm (Breiman, 2001)—an ensemble learning 
method that constructs a “forest” from multiple decision trees trained on 
a random subset of data (bootstrapped samples) and aggregates their 
predictions. RF was chosen over other machine learning methods 
because: (i) it has proven applications in ecological studies (e.g., Cutler 
et al., 2007; Jevšenak and Skudnik, 2021), (ii) it demonstrates robust
ness with small datasets (Mi et al., 2017); and (iii) it is integrated within 
the geographically weighted RF (GRF, Georganos et al., 2021; 
Georganos and Kalogirou, 2022), implemented in this study. Decision 
trees in each RF model are inherently subject to stochastic variability 
due to bootstrap sampling and random feature selection at each node. To 
enhance RF model robustness, we set the number of trees in each forest 
to 1000, a value sufficiently above the empirical convergence threshold 
for variable importance and out-of-bag (OOB) error stabilization (Probst 
and Boulesteix, 2018). Practically, a large ensemble ensures that iden
tified ES drivers are less sensitive to stochastic variation in model con
struction. To mitigate the effects of multicollinearity among predictors, 
we set the number of variables randomly selected at each split (mtry) to 
the square root of the total number of variables. We prioritized inter
pretation over predictive performance, thus analysing all observations 
(N = 399) and adopting Permutation Importance (PI) to measure vari
able importance. PI mitigates biases in variable selection common in 
small samples (Nicodemus et al., 2010) and is invariant to feature 
scaling (Altmann et al., 2010). Given the focus on ecological inference, 
PI values were averaged across 150 model runs, thus mitigating sto
chastic variability in variable importance and ensuring that identified 
drivers were consistently important across runs. Global RF models were 
run separately for each ES (i.e., BM, FR, SB, and MP) calculated in each 
NFI (i.e., NFI2, NFI3, and NFI4) to detect global patterns and inform the 
potential need for geographically explicit modelling. For instance, when 
a variable known to be influential in specific ecological contexts exhibits 
low importance in the global model, this may suggest the presence of 
masked localized relationships, thereby justifying the application of 
spatially disaggregated models.

After confirming through spatial autocorrelation analysis that ES are 
not randomly distributed in space, we employed GRF to examine the 
spatial variation in ES drivers. Geographically weighted methods use 
spatial kernels to construct localized models, where observations are 
weighted according to their spatial proximity to a focal location, 
reflecting the Tobler's First Law of Geography (Tobler, 1970). GRF 
constructs local RF models (Eq. (2)) for each location using a specified 
number of neighbouring observations (kernel bandwidth). In our 
implementation, we optimized the bandwidth by selecting the number 

of neighbouring observations that maximized OOB accuracy via grid 
search, postulating that ES exhibit scale-dependent spatial processes. 
However, we enforced a minimum bandwidth threshold of 50 neigh
bours to ensure a sufficient sample size for stable local RF estimation and 
PI inference, as well as ecologically meaningful variation among stand- 
level ES, and a maximum bandwidth of N/2 (approximately 200 
neighbours) to prevent each local model to collapse into the global RF. 
This upper bound preserves spatial heterogeneity in ES–drivers re
lationships, which is the main focus of the analysis, as larger bandwidths 
would increasingly homogenize regional patterns that we explicitly aim 
to resolve. For each GRF model we employed 10-fold cross-validation to 
identify the optimal mtry (number of variables per split), constrained to 
a maximum of ¼ of the total variables to reduce correlation among trees 
while maintaining feature diversity. Finally, we selected dominant 
drivers based on PI, where only observations within the bandwidth were 
permuted to preserve spatial structure. 

ŷ(si) =
1
B
∑B

b=1
Tb(X(si) ;Θb ,W(si) ) (2) 

where ŷ(si) is the RF at location si, B is the total number of decision trees 
in a RF, Tb is the bth decision tree in the forest, using the input features 
X(si), tree parameters Θb and the spatial weights W(si).

2.3.3. ES associations
To quantify spatially varying relationships between pairs of 

ecosystem services, we applied geographically weighted ranked corre
lation, a localized non-parametric method that extends Spearman's rank 
correlation to account for spatial non-stationarity. Local correlation 
identifies where and how ES interactions change across a landscape, 
revealing geographically explicit trade-offs (negative correlations) and 
synergies (positive correlations). In this study, the definition of both is 
statistical and not necessarily causal. In addition, global associations 
were analysed using Spearman's rank correlation with the whole data
set. Both global and local correlation analyses were repeated for all pairs 
of ES in the three NFI cycles.

All analyses were conducted in R version 4.4.0 (R Core Team, 2024), 
using the Spatial ML package (Kalogirou and Georganos, 2024) to 
implement Geographical Random Forest, GWmodel (Gollini et al., 2015) 
for calculating geographically weighted summary statistics, dplyr 
(Wickham et al., 2023) for data manipulation, and ggplot2 (Wickham, 
2016) for data visualization.

3. Results

3.1. Temporal trends of ecosystem services

Based on NFI data, forest biomass production increased 70% in 25 
years, with the first decade exhibiting 35% and the second around 30%. 
Fire risk decreased, suggesting a potential increase in fire regulation 
ecosystem service. Scenic beauty and mushroom production saw a slight 
decrease (Fig. 3). At the stand level, all ecosystem services exhibited 
both positive and negative acceleration, with decelerating changes 
generally showing greater magnitude in fire risk (Fig. S2). Notably, 
scenic beauty exhibited a relative temporal stability for the study period, 
with a maximum stand-level rate of change of 42%.

3.2. Global drivers

Fig. 4 illustrates the top five predictors of each ecosystem service 
metric, i.e., biomass production, fire risk, scenic beauty, and mushroom 
production, in the three National Forest Inventory campaigns (NFI2, 
NFI3, NFI4). Variable importance is expressed as the mean permutation 
importance across 150 RF runs, with corresponding R2 values reflecting 
the average models' explanatory power. The drivers of biomass pro
duction exhibited strong temporal stability, with basal area (BA) 
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consistently being the most influential variable (R2 = 0.95 across all 
NFIs). It was followed by the leaf area index (LAI), and tree structural 
attributes. Fire risk drivers were also relatively stable over time, pri
marily driven by mean diameter at breast height (DBH), dominant tree 
height (HDOM), and DBH standard deviation (R2 = 0.66 in NFI2; 0.67 in 
NFI3 and 0.69 in NFI4). Scenic beauty (R2 = 0.70 in NFI2; 0.66 in NFI3 
and 0.65 in NFI4) was mainly driven by mean DBH, BA and LAI. 
Mushroom production showed the lowest model performance (R2 =

0.40 in NFI2; 0.30 in NFI3 and 0.37 in NFI4) and a temporal shift in the 
main drivers: while BA was the main driver in NFI2, temperature 
anomaly (TA) and 10-year average precipitation (MP10) emerged as 
more important in NFI3 and NFI4 (Fig. 4).

3.3. Local drivers

Global Moran's I indicated statistically significant (p < 0.001) but 
relatively weak spatial autocorrelation in all ES indicators (Table S3), 
while the local Moran's I revealed spatial patterns of the presence of 
spatial autocorrelation via clusters of high and low values (hotspots and 
cold spots, Fig. S4). These localized patterns provided a rationale for 
employing Geographically Weighted Random Forest (GRF), which ac
commodates spatially varying relationships between ES indicators and 
their drivers. GRF revealed that BM and FR were primarily influenced by 
a limited set of structural forest attributes operating at broad spatial 
scales. In contrast, SB and MB, exhibited finer-scale spatial variation and 
were driven by more diverse, locally specific drivers. As shown in Fig. 5, 
dominant drivers were identified for each forest ES in the three NFIs: 
colours denote driver identity and point opacity corresponds to local 
model fit (R2), where higher transparency indicates weaker explanatory 
power (R2 < 0.3). BM exhibited strong predictive performance (R2 =

0.91–0.93) in all inventories, with optimal bandwidths ranging from 
140 to 220 neighbours. Basal area (BA) emerged as the primary driver, 
showing spatial and temporal consistency. Similarly, FR showed better 
performance at relatively large spatial scales (bandwidth = 180; R2 =

0.57–0.62), with mean DBH and, to a lesser extent, dominant tree height 
emerging as dominant structural drivers. In contrast, SB exhibited 
intermediate-to-large spatial scales of predictor influence (bandwidths 
= 140–200 neighbours; R2 = 0.61–0.62), where NFI2 and NFI3 had 
similar spatial distribution of the dominant drivers with BA and LAI 
dominating in the majority of the forest stands, while mean DBH was 
most important in the north-west (Pyrenees) and south-west. In NFI4 the 
main drivers displayed a clear spatial clustering of the dominant height 
in the north-west (Pyrenees), BA in the pre-Pyrenees, and LAI in the 
coastal mountains on the east and mean DBH in the south.

MP exhibited the highest spatial and temporal heterogeneity, char
acterized by narrower optimal bandwidths (100–160 neighbours) and 
lower mean R2 values (0.27–0.39). In NFI2, BA emerged as the dominant 
MP driver in the Pyrenees (north-west), while temperature and tem
perature anomalies clustered in the pre-Pyrenees. Elevation appeared as 
a key driver in the eastern Pyrenees, whereas in the central lowlands, 
LAI was dominating in combination with BA. In NFI3, the northern and 
north-western regions remained dominated by BA, though the Pyrenees 
in the north-west displayed low explanatory power (R2 < 0.3). Precip
itation showed a spatial cluster in the central zone, while precipitation 
anomalies in the west, yet with low predictive performance. By NFI4, the 
BA-dominated cluster had contracted in the north, with the north-west 
still showing low performance. The precipitation cluster had expanded 
to cover the pre-Pyrenean belt, where temperature-dominated drivers 
were also evident. Notably, road density emerged as a primary driver in 
southern part of the study area. A decline in model performance was 
observed in eastern coastal montane areas.

3.4. Local trade-offs and synergies

Temporal dynamics in the correlations among ecosystem services 
(ES) revealed shifting synergies and trade-offs (Fig. 6). Biomass pro
duction and fire risk exhibited a strengthening negative correlation over 
time, similar to the relationship observed between fire risk and scenic 

Fig. 3. Temporal trends in the main forest ecosystem services based on National Forest Inventory data. The values are scaled to compare the direction and magnitude 
of change.
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beauty. Biomass and scenic beauty maintained a consistently strong 
positive correlation across space in successive NFI measurements. The 
relationship between biomass and mushroom production shifted over 
time: initially positive (though weaker in the Pyrenees), it transitioned 
to a weak negative correlation in the Pyrenees and a weak positive 
correlation elsewhere in NFI3, before finally becoming negative across 
all regions in NFI4 (with the strongest effect in the Pyrenees). 
Conversely, fire risk and mushroom production displayed a progressive 
increase in correlation strength. While only a weak positive correlation 
was observed near the Pyrenees in NFI2, this relationship intensified and 
expanded geographically in subsequent inventories. In contrast, the 
association between scenic beauty and total mushroom production 
weakened over time. After showing a moderate, spatially consistent 
correlation in NFI2, it declined by nearly half in NFI3, with the Pyrenees 
displaying very weak associations. By NFI4, the Pyrenees exhibited a 
weak negative correlation, while the positive correlation in other re
gions further diminished.

4. Discussion

4.1. Overview

In this study, we developed a methodological framework to analyse 
multiple ecosystem services (ES), explicitly accounting for their spatial 
heterogeneity and temporal dynamics. We first examined temporal 
snapshots of four forest ES across successive forest inventory measure
ments to see that overall, the biomass (BM) increased, fire risk (FR) 
decreased while scenic beauty (SB) and mushroom production (MP) had 
a small negative change in their provision. At a stand level, however, we 
saw a heterogeneous distribution of magnitude and direction of this 
change (see Section 4.2 for details), suggesting that the average trend for 
the whole area masks important local variation. Thus, we assessed the 
ES spatial structure using both global and local Moran's I test in each 
NFI. The global Moran's I indicated moderate but statistically significant 
spatial autocorrelation, while the local Moran's I revealed the spatial 
distribution of positive and negative clusters (Supplementary Material, 
Appendix E). In our montane–subalpine system, global Moran's I values 

Fig. 4. Top five drivers for each ecosystem service (columns) calculated in each National Forest Inventory (rows: NFI2, NFI3, NFI4). The bar plots show raw 
permutation importance (PI, y-axis) and R2 mean values derived from 150 Random Forest iterations per model. The variable codes on the x axis denote basal area 
(BA), diameter at breast height (DBH), elevation (ELEV), dominant tree height (HDOM), leaf area index (LAI), 10-year mean precipitation (MP10), 10-year mean 
temperature (MT10), standard deviation of DBH (SD_DBH), standard deviation of HDOM (SD_HDOM), slope (SLOPE), temperature anomaly (TA).
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(Table S3, p < 0.001) are consistent with spatial heterogeneity driven by 
topography and climate gradients. LISA (local Moran's I) further 
revealed that biomass production formed high–high clusters in the 
Pyrenees, where cooler, moister conditions and mature stands favour 
biomass accumulation, and low–low clusters in the interior lowlands 
dominated by Scots pine. Fire risk exhibited the opposite pattern, with 
high–high clusters concentrated at lower elevations where warmer 
climate and structurally younger stands promote fuel connectivity, and 
low–low clusters in cooler, mature high-elevation forests. In contrast, 
scenic beauty and mushroom production displayed smaller and more 
fragmented clusters, reflecting their dependence on multiple local 
drivers and site-specific conditions. To identify the main drivers of each 
ES, we applied the global RF model, which showed a clear dominance of 
basal area and mean tree diameter for BM and FR, respectively, and 
multiple co-dominant drivers for SB and MP, albeit with varying 
explanatory power. The drivers' co-dominance may suggest that 
different drivers may dominate in different regions. However, this 
cannot be confirmed with an aspatial approach. Given that autocorre
lation analyses confirmed the non-random spatial distribution of ES, and 
the RF results indicated potential spatial variation in driver importance, 
we employed a Geographically weighted Random Forest (GRF) to test 
for non-stationarity in the ES-driver relationships. Rather than using a 
fixed bandwidth, we further hypothesized that these relationships are 

scale-dependent; thus, the spatial kernel was adapted to the optimal 
model fit, defining “operational scale” as the spatial extent at which 
environmental drivers exert the strongest influence on ES provision. 
Consistent with RF results, which identified a single dominant driver for 
biomass production and fire risk, the GRF analysis showed that these ES 
operate over broader spatial extents. In contrast, scenic beauty and 
mushroom production exhibited multiple co-dominant drivers in the 
global RF, which translated into finer, more localized clusters of domi
nant drivers in GRF (Section 4.3). We further explored spatial in
teractions among ES using both global and geographically weighted 
Spearman's correlation analyses. Global correlations indicated strong 
positive relationships between biomass and scenic beauty, strong 
negative associations between biomass and fire risk, and weaker, vari
able associations between mushroom production and scenic beauty. 
However, spatially weighted correlation analysis revealed localized ef
fects, with some relationships shifting from positive to negative (Fig. 6; 
Section 4.3). The observed spatial heterogeneity in driver importance 
mirrors findings from forest‑carbon and above-ground biomass GRF 
studies (Zhou et al., 2025; Wu et al., 2024) and from forest-change 
driver analyses in the Ecuadorian Amazon (Santos et al., 2019), all of 
which report that local driver importance can diverge substantially from 
global RF results. Our finding that single-driver ES exhibit broader 
spatial coherence than multi-driver ES is consistent with the results 

Fig. 5. Dominant ecosystem service (ES) drivers' distribution for each ES (x-axis) in each National Forest Inventory (NFI) cycle (y-axis), estimated at ES operational 
scales using Geographically weighted Random Forest (GRF) with adaptive bandwidth (bw, number of nearest neighbouring plots). Low opacity areas denote local R2 

< 0.3.
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reported by Liu et al. (2017) for agricultural ES and Spake et al. (2017)
on the scale-dependence of ES trade-offs and synergies. Recent reviews 
(e.g., Cord et al., 2017) emphasize the need for scale-explicit analyses of 
ES interactions, a gap this study directly addresses for forest ES. While 
all models are subject to uncertainty, as discussed in Section 4.5, our 
spatially explicit approach provides more nuanced insights into ES dy
namics, offering valuable implications for sustainable forest manage
ment (Section 4.6).

4.2. Temporal patterns of ecosystem services

Over the 25-year period covered by the National Forest Inventory 
(NFI), Catalonia's forests experienced substantial changes. While land 
abandonment in the 1960s–70s promoted forest expansion increasing 
the carbon stock, recent years have witnessed a forest decline, driven by 
droughts and wildfires (Pausas and Fernández-Muñoz, 2012). This led to 
a ecosystem services (ES) heterogeneous response in time and space. The 
overall increase in biomass production (Table 1) can be attributed to the 
surge of forest cover from about 36% in the 1970s to roughly 65% today 
(ICGC, 2024), caused by agricultural land abandonment due to mass 
rural exodus in Catalonia over the past century (Cristal, 2024; Palmero- 
Iniesta et al., 2021; Vilà-Cabrera et al., 2017). Consistent with similar 
studies (Astigarraga et al., 2020; Benito-Garzón et al., 2013) we link 
biomass accumulation pattern to the progression of “new forest” 
development stages, i.e., the successional transition from abandoned 
farmland to mature secondary forest, characterized by rapid biomass 
accumulation during early succession and progressively slower growth 
as stands mature. Temporal trends (Section 3.1) confirmed that the NFI 
period 1989–1990 exhibited a faster increase, also supported by Vilà- 
Cabrera et al. (2017) who showed that these young forests experi
enced a 25% higher growth rate between NFI2 and NFI3 compared to 

older forest stands. Furthermore, Astigarraga et al. (2020) observed a 
decrease in tree size inequality and growth between NFI2 and NFI4, 
alongside an overall increase in both basal area and average tree size. 
This suggests that the new forests began to reach a more mature and 
structurally stable state during the second period, which likely 
contributed to the observed deceleration in biomass accumulation. The 
transition toward stand maturity and increased structural homogeneity 
may also explain a reduction in fire risk. Although temporal changes in 
total mushroom production appear overall stationary (Fig. 3), spatial 
patterns reveal notable differences: inland areas experienced a decel
eration of up to 40%, while montane regions showed an acceleration of 
up to 20% (Fig. S2). Since fungal productivity largely depends on stand 
structure and weather (de Miguel et al., 2014), the observed increase in 
total stand basal area (Table 1), combined with the decline in total 
annual precipitation (cf. Astigarraga et al., 2020), can help explain these 
spatially divergent trends. Similar findings were reported by Roces-Díaz 
et al. (2021), who attributed the decline in edible mushroom yields to 
increasing stand basal area and the past forest fire events.

4.3. ES drivers

Forest stand characteristics, such as basal area (indicator of tree 
stock) and mean tree diameter (indicator of stand age), played a 
prominent role in driving changes in biomass-related forest ecosystem 
services (ES) at a global level, coherent with previous research (e.g., 
Castedo-Dorado et al., 2012; Felipe-Lucia et al., 2018). Biomass pro
duction primarily reflects a structural accumulation process driven by 
stand density and tree size, such that increases in basal area and stem 
dimensions translate into higher biomass stocks, albeit modulated by 
local environmental conditions. Fire risk (FR) was mainly driven by 
stand mean diameter at breast height (DBH), a critical structural 

Fig. 6. Local pairwise associations between four ecosystem services (ES, x-axis): biomass production (BM), scenic beauty (SB), fire risk (FR), and mushroom pro
duction (MP), for the three forest inventories (y-axis; NFI2, NFI3, and NFI4), using geographically weighted Spearman's correlation with GRF-optimized bandwidth 
for each ES. Red colour indicates synergies, blue indicates trade-offs, and colour intensity represents the strength of the correlation. The values below each map show 
the global Spearman's ρ calculated using the entire dataset. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.)
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attribute influencing wildfire risk, as it reflects the maturity of a forest 
stand. Specifically, forests dominated by smaller-diameter trees often 
have higher stem densities and greater accumulations of surface and 
ladder fuels, which can facilitate the vertical and horizontal spread of 
fire; conversely, larger mean DBH, typically found in mature forest 
stands, have reduced fuel continuity, higher crown base heights, and less 
dense understory vegetation, thus diminishing the likelihood of fire 
ignition and spread (Goodale et al., 2009).

Random Forest models for BM and FR exhibited a substantial dif
ference between their top and secondary drivers, a pattern also reflected 
in the GRF, which revealed spatially invariant dominant drivers and 
larger bandwidths (i.e., between 140 and 200 neighbours), indicating 
broad-scale operational domains driven by forest structural attributes. 
Basal area (dominant driver in BM) reflects underlying ecological pro
cesses of tree growth, competition, and resource acquisition, which 
underpins biomass accumulation in a comparable way across different 
environments; while DBH (dominant driver in FR) as an indicator of tree 
age and stand developmental stage reflects fuel structure and continuity. 
Because these structural characteristics emerge from fundamental 
ecological processes that operate similarly across forest ecosystems, 
their influence remains relatively consistent across space. This spatial 
consistency likely explains the broader operational scales identified by 
the GRF model and supports the suitability of global models for ana
lysing BM and FR. In contrast, scenic beauty (SB), also driven by 
structural attributes, revealed three co-dominant drivers (LAI, BA, and 
mean DBH) in the global RF analysis, with GRF further demonstrating 
that these drivers formed spatially clustered patterns that varied 
temporally. In this study, LAI represents the one-sided leaf area per 
square meter that in the context of SB modelling can be interpreted as 
canopy density. Moderate canopy densities are typically associated with 
higher scenic value, balancing light penetration and canopy cover to 
create visually engaging light-shadow patterns. LAI emerged as a sig
nificant driver of SB across most stands dominated by P. sylvestris and 
P. nigra, yet its influence extended to higher elevation stands of 
P. uncinata in NFI3. Similarly, stand BA, which is the cumulative cross- 
sectional area of trees, can reflect a balance between tree density and 
open space that provides sufficient canopy cover for visual interest, 
while maintaining openness that allows for depth perception and 
movement within the landscape (Ribe, 2009). The GRF model for scenic 
beauty revealed a pronounced clustering of BA, as a top driver, in the 
northern part of the study area, which is dominated by P. uncinata. The 
mean diameter at breast height (DBH), a common indicator of tree 
maturity and forest age, emerged as an important local driver of SB in 
the highest elevations of Abies alba-dominated stands in the north
western Pyrenees. Larger DBH values denote the presence of mature, 
well-developed trees that enhance forest aesthetics (Blasco et al., 2009). 
Notably, in NFI4, DBH was replaced by the dominant tree height as the 
top driver. These spatial and temporal dynamics suggest that scenic 
beauty in mountain forests is tied to stand development, but unlike BM 
and FR, SB is rooted in aesthetic perceptions, which adds complexity in 
its modelling.

Mushroom production (MP) exhibited smaller operational scales 
(bandwidths: 100–160), lower predictive accuracy (R2 = 0.27–0.39), 
and heterogeneous clusters of the main drivers, reflecting its depen
dence on localized climatic and microhabitat conditions. This patchiness 
aligns with documented climate-driven shifts in fungal dynamics, where 
epigeous fungal fruiting responds to autumn conditions (Andrew et al., 
2018), while Mediterranean truffle yields are constrained by summer 
soil moisture deficits (Büntgen et al., 2012). We used total mushroom 
yield as an integrative indicator encompassing both ectomycorrhizal 
fungi, which are closely associated with living host trees, and sapro
trophic fungi, which rely on decomposing organic matter. In NFI2, high 
basal area emerged as a dominant driver, likely reflecting favourable 
conditions for ectomycorrhizal species in mature, structurally complex 
stands typical of the Pyrenean region (Bonet et al., 2010). In contrast, in 
mid-elevation zones, precipitation and temperature exerted stronger 

influence in NFI3 and NFI4, consistent with the requirements of fungal 
productivity, which is highly sensitive to moisture availability and 
temperature (Sánchez-González et al., 2019). The shift from structural 
to climatic dominance between NFI2 and NFI4 is consistent with the 
increasing temperature anomalies recorded in the Pyrenees over the 
study period. Notably, road density appeared to be an influential factor 
mirroring broader research highlighting the influence of land-use 
changes and human disturbances on fungal communities (Zeng et al., 
2024).

Interestingly, forest management showed weak explanatory power. 
However, it is important to note that forest management directly in
fluences forest structure and composition, thereby acting as a latent 
variable. Another potential explanation for this weak predictability is 
the lack of specificity within the management categories used in the 
Spanish NFI. For example, the category “soil improvement” includes 
fertilization, understory removal, and prescribed burning—each with 
distinct ecological impacts. Similarly, the “stand improvement” category 
encompasses activities like pruning or thinning, but without indicating 
the intensity or method applied (MITECO, 2023).

While GRF demonstrated effectiveness in identifying the spatial 
distribution and relative importance of ES drivers, stronger ecological 
inference would benefit from spatially continuous data beyond the plot- 
based observations provided by the NFI. Integrating remote sensing 
products would expand the observational domain, improve the charac
terization of spatial ecological processes, and support more reliable 
spatial predictions.

4.4. Spatial trade-offs and synergies

Spatially weighted correlation analysis revealed insightful patterns 
in the interplay among ecosystem services. ES driven by forest structure, 
i.e. BM, SB, FR showed a relatively uniform spatial pattern in their as
sociation distribution, while MP, characterized by temporal and spatial 
heterogeneity showed localized patterns. The observed moderate 
negative correlation between biomass production and fire risk in NFI2, 
which intensified in subsequent NFI periods, suggests that increased 
biomass is associated with reduced fire risk. This may seem counterin
tuitive, as higher biomass often implies more available fuel. However, 
forests with higher biomass typically exhibit larger tree diameters and 
closed canopies, that may reduce understory vegetation and fuel conti
nuity, thereby lowering fire susceptibility. Insightful associations were 
revealed between small and large operational scales. The interaction of 
MP with BM shifted from positive in NFI2 to negative in NFI4 with 
varying intensities. This shift may suggest that while moderate biomass 
levels may support mushroom diversity and abundance, with increased 
biomass, competition may negatively impact fungal growth. The posi
tive correlation of MP and FR implies that areas with higher fire risk may 
also experience an increase in mushroom production. Yet, this rela
tionship was weak in NFI2, which showed higher fire risk levels, and 
increased in NFI4, where the fire risk decreased.

4.5. Data limitations and modelling uncertainties

The present study used data from the Spanish National Forest In
ventory (NFI), which has been extensively applied to model forest dy
namics (e.g., Astigarraga et al., 2020; Ruiz-Benito et al., 2014) and 
natural disturbances (González et al., 2006; Selkimäki, 2020). Never
theless, forest inventories are inherently prone to sampling errors, 
measurement tool errors, and human induced errors (Berger et al., 2014; 
Castelo et al., 2018; Fortin et al., 2016). For instance, Fortin et al. (2016)
reported that sampling errors accounted for 60% of total uncertainty in 
the Spanish NFI2 and NFI3. In addition to data quality, we acknowledge 
uncertainties present in the empirical models used to quantify ecosystem 
services, associated with the variability in environmental processes, the 
amount and availability of data, and our limited knowledge of natural 
systems (Shugart, 1984). Empirical models capture the statistical 
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relationships of the data used for calibration; thus, their accuracy may 
decline under changing environmental or management conditions. 
Nonetheless, the ES models employed in this study have been widely 
used in scientific literature to study multiple forest ecosystem services 
(e.g., Morán-Ordóñez et al., 2020; Roces-Díaz et al., 2021; Krsnik et al., 
2023), supporting their robustness and regional relevance. Regarding 
data constraints, our analysis was limited by two factors: a) we focused 
on specific tree species for which ES models were available, and b) we 
selected only the re-measured in all inventories forest plots. The latter 
notably reduced the amount of data available, as a considerable number 
of plots was replaced between NFI3 and NFI4 (MITECO, 2023). The 
reduced sample size limits RF performance, but since our focus was 
variable importance inference instead of prediction, we adjusted the RF 
and GRF parameters to enhance interpretability (cf. Methodology sec
tions, Breiman, 2001). Though small datasets may influence perfor
mance, empirical ecological studies confirm RF's robustness with limited 
data (Luan et al., 2020; Mi et al., 2017), because of its ability to model 
nonlinearity, variable interactions, and high-dimensional feature spaces 
(Cutler et al., 2007). Moreover, due to its ensemble nature and built-in 
cross-validation through out-of-bag error estimation, RF often out
performs other models even in low-data scenarios (Prasad et al., 2006).

The study employed bandwidth optimization based on RF R2 to 
elucidate the spatial operational scale of each ES. Notably, machine 
learning (ML) enhances accuracy as observation density increases. 
However, data constraints, particularly the discontinuous 1 km grid of 
NFI plots and limited sample size, led to larger bandwidths (number of 
observations), potentially affecting ecological interpretations due to 
spatial aggregation biases. While remote sensing (RS) could mitigate this 
by providing continuous data, many RS-derived datasets lack the spatial 
and thematic granularity required for accurate assessments (Schulp 
et al., 2014; Cord et al., 2017). This is particularly evident when 
modelling ES that depend on structural vegetation attributes, species 
composition, or land management practices, which are often difficult to 
capture by RS sensors. A promising solution lies in hybrid approaches 
that integrate RS with NFI data, enabling both large-scale, continuous 
coverage, and field-based measurement accuracy.

4.6. Implications

Modelling ecosystem services (ES) dynamics and their drivers pro
vides critical ecological insights with direct implications for sustainable 
management. Methodological choices, such as the selection of spatial 
resolution and timeframe, can significantly affect the outcomes and thus 
influence management decisions. Multi-scale studies typically impose a 
discrete set of analysis scales (administrative units, fixed grids) and test 
for scale effects post hoc. Previous studies based on NFI data have 
divided study areas into geographically explicit regions (e.g., Roces-Díaz 
et al., 2021, 2018) and applied global models to identify patterns and 
drivers of ES. While effective for illustrating broad spatiotemporal 
trends, these approaches may overlook localized dynamics where 
ecosystem services interact—insights that are increasingly relevant in 
light of the New EU Forest Strategy 2030, which promotes forest di
versity and calls for context-specific and multifunctional management 
practices. Because ecosystem services operate across multiple scales, 
artificially fragmenting the landscape can obscure important in
teractions. Our framework therefore derives an empirically optimized, 
ES-specific operational scale directly from the data and subsequently 
incorporates that scale into the analysis of ES associations. Specifically, 
we employed Geographically weighted Random Forest (GRF) to deter
mine the operational scale of each ES by optimizing the bandwidth 
(number of neighbouring plots) based on local model performance (R2). 
The resulting bandwidths were then applied in geographically weighted 
Spearman's correlation analysis to reveal synergies and trade-offs at ES 
operational scales. To our knowledge, this data-driven scale optimiza
tion has not previously been applied in forest ecosystem service research 
and represents the main methodological contribution of this study. By 

integrating operational scale adjustments and accounting for neigh
bourhood dynamics, this approach identifies natural patterns and in
teractions without imposing artificial boundaries, thereby enabling a 
more refined analysis of ES over a continuous geographic space. 
Accordingly, we advocate for the use of local geostatistical methods in 
large-scale ES assessments to better support geographically oriented 
management.

5. Conclusions

This study presented a geospatial scale-adaptive framework for 
analysing spatiotemporal dynamics of forest ecosystem services (ES) and 
their drivers, using data from National Forest Inventory (NFI). Through 
non-parametric modelling with adaptive kernels, where kernel band
widths were optimized based on local R2, we determined the most 
explanatory spatial extent for each ES. The services driven primarily by a 
single structural attribute, i.e., biomass production and wildfire risk, 
maintained consistent spatial relationships with stand basal area and 
mean tree diameter, respectively, at larger scales. Conversely, those 
mediated by environmental or cultural factors (e.g., mushroom pro
duction and scenic beauty) exhibited multiple co-dominant drivers and 
pronounced local variability. The observed trade-offs and synergies 
between services varied significantly in cross-scale interactions, under
scoring the limitations of stationary modelling assumptions in multi-ES 
assessments. The Geographically weighted Random Forest algorithm 
with adaptive kernels effectively captured both landscape-level patterns 
and fine-scale variations in ES relationships. By demonstrating the 
importance of scale-adapted approaches, this study contributes to 
advancing spatial ES assessments and highlights the need for flexible, 
spatially explicit frameworks to support more effective forest ecosystems 
management. Future research will incorporate remote sensing data to 
provide continuous observational coverage, while extending the 
framework toward a multi-scale implementation in which each driver is 
assigned its own optimal spatial bandwidth.
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aderia, Pesca i Alimentació, of the Generalitat de Catalunya; “Forest 
Landscape Planning and Decision Making; towards resilient landscapes 
(ForPLADEM)” research group, GRC (2021 SGR 01544); Spanish Min
istry of Science and Innovation under the project “Sistema Inteligente de 
Apoyo a la toma de Decisiones FORestales en condiciones de riesgo e 
incertidumbre (SIADFOR)” (PID2020-120355RB-I00), and the European 
Union's Horizon 2020 Research and Innovation Programme under grant 
agreement 101007950–DecisionES.

Declaration of competing interest

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.ecoser.2026.101896.

I. Cristal et al.                                                                                                                                                                                                                                   Ecosystem Services 81 (2026) 101896 

12 

https://doi.org/10.1016/j.ecoser.2026.101896
https://doi.org/10.1016/j.ecoser.2026.101896


Data availability

Data will be made available on request.

References
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Haines-Young, R., Potschin, M., 2018. Common International Classification of Ecosystem 

Services (CICES) V5.1 Guidance on the Application of the Revised Structure. 
European Environment Agency, Copenhagen. 

Hein, L., van Koppen, K., de Groot, R.S., van Ierland, E.C., 2006. Spatial scales, 
stakeholders and the valuation of ecosystem services. Ecol. Econ. 57, 209–228. 
https://doi.org/10.1016/j.ecolecon.2005.04.005.

ICGC, 2024. Land Cover Map of Catalonia (MCSC). Institut Cartogràfic i Geològic de 
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Roces-Díaz, J.V., Vayreda, J., Banqué-Casanovas, M., Díaz-Varela, E., Bonet, J.A., 
Brotons, L., de Miguel, S., Herrando, S., Martínez-Vilalta, J., 2018. The spatial level 
of analysis affects the patterns of forest ecosystem services supply and their 
relationships. Sci. Total Environ. 626, 1270–1283. https://doi.org/10.1016/j. 
scitotenv.2018.01.150.
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Selkimäki, M., 2020. Integrating Erosion Risk into Forest Management in Catalonia, 
Spain. Dissertationes Forestales 290. https://doi.org/10.14214/df.290.

Serna-Chavez, H.M., Schulp, C.J.E., Van Bodegom, P.M., Bouten, W., Verburg, P.H., 
Davidson, M.D., 2014. A quantitative framework for assessing spatial flows of 
ecosystem services. Ecol. Indic. 39, 24–33. https://doi.org/10.1016/J. 
ECOLIND.2013.11.024.

Shugart, H.H., 1984. A Theory of Forest Dynamics: The Ecological Implications of Forest 
Succession Models. Springer-Verlag, New York. 

Snäll, T., Triviño, M., Mair, L., Bengtsson, J., Moen, J., 2021. High rates of short-term 
dynamics of forest ecosystem services. Nat. Sustainability 4, 951–957. https://doi. 
org/10.1038/s41893-021-00764-w.

Spake, R., Lasseur, R., Crouzat, E., Bullock, J.M., Lavorel, S., Parks, K.E., Schaafsma, M., 
Bennett, E.M., Maes, J., Mulligan, M., Mouchet, M., Peterson, G.D., Schulp, C.J.E., 
Thuiller, W., Turner, M.G., Verburg, P.H., Eigenbrod, F., 2017. Unpacking ecosystem 
service bundles: Towards predictive mapping of synergies and trade-offs between 
ecosystem services. Global Environmental Change 47, 37–50. https://doi.org/ 
10.1016/j.gloenvcha.2017.08.004.

Stuber, E.F., Gruber, L.F., 2020. Recent methodological solutions to identifying scales of 
effect in multi-scale modeling. Curr. Landsc. Ecol. Rep. 5, 127–139. https://doi.org/ 
10.1007/s40823-020-00055-8.

Su, Z., Zheng, L., Luo, S., Tigabu, M., Guo, F., 2021. Modeling wildfire drivers in Chinese 
tropical forest ecosystems using global logistic regression and geographically 
weighted logistic regression. Nat. Hazards 108, 1317–1345. https://doi.org/ 
10.1007/s11069-021-04733-6.

I. Cristal et al.                                                                                                                                                                                                                                   Ecosystem Services 81 (2026) 101896 

14 

https://www.ipcc.ch/report/ar6/wg2/
https://www.ipcc.ch/report/ar6/wg2/
https://doi.org/10.1016/j.foreco.2020.118601
http://refhub.elsevier.com/S2212-0416(26)00084-7/rf0260
http://refhub.elsevier.com/S2212-0416(26)00084-7/rf0260
https://doi.org/10.1007/s40725-021-00138-7
https://doi.org/10.1016/j.geosus.2023.09.002
https://doi.org/10.1111/j.0033-0124.1992.00088.x
https://doi.org/10.1111/j.0033-0124.1992.00088.x
https://doi.org/10.1038/s41598-017-09863-1
https://doi.org/10.1016/j.forpol.2020.102175
https://doi.org/10.1016/j.fishres.2020.105534
https://doi.org/10.1016/j.ecoser.2012.06.004
https://doi.org/10.1016/j.ecoser.2012.06.004
https://doi.org/10.1007/s10980-016-0374-x
https://doi.org/10.7717/peerj.2849
http://refhub.elsevier.com/S2212-0416(26)00084-7/rf0295
http://refhub.elsevier.com/S2212-0416(26)00084-7/rf0295
http://refhub.elsevier.com/S2212-0416(26)00084-7/rf0315
http://refhub.elsevier.com/S2212-0416(26)00084-7/rf0315
https://doi.org/10.1093/biomet/37.1-2.178
https://doi.org/10.1016/j.ecoser.2020.101174
https://doi.org/10.1016/j.foreco.2015.11.016
https://doi.org/10.1016/j.foreco.2015.11.016
https://doi.org/10.1186/1471-2105-11-110
https://doi.org/10.1007/s40725-022-00167-w
http://refhub.elsevier.com/S2212-0416(26)00084-7/rf0345
http://refhub.elsevier.com/S2212-0416(26)00084-7/rf0345
https://doi.org/10.1007/s10109-022-00384-8
https://doi.org/10.3390/land10080817
https://doi.org/10.1016/j.foreco.2023.120975
https://doi.org/10.1007/s10584-011-0060-6
https://doi.org/10.1073/pnas.0403822101
https://doi.org/10.1073/pnas.0403822101
https://doi.org/10.1007/s10021-007-9055-6
https://doi.org/10.5424/fs/2017262-10627
https://doi.org/10.5424/fs/2017262-10627
https://doi.org/10.1007/s10021-005-0054-1
http://refhub.elsevier.com/S2212-0416(26)00084-7/rf0390
http://refhub.elsevier.com/S2212-0416(26)00084-7/rf0390
https://doi.org/10.1088/1748-9326/aabb87
https://doi.org/10.1088/1748-9326/aabb87
https://www.R-project.org/
https://www.R-project.org/
https://doi.org/10.1088/1748-9326/aa5ef1
https://doi.org/10.1088/1748-9326/aa5ef1
https://doi.org/10.1016/j.jenvman.2009.08.014
https://doi.org/10.1016/j.jenvman.2009.08.014
https://doi.org/10.1016/j.scitotenv.2018.01.150
https://doi.org/10.1016/j.scitotenv.2018.01.150
https://doi.org/10.1016/j.foreco.2020.118623
https://doi.org/10.1371/journal.pone.0056843
https://doi.org/10.1371/journal.pone.0056843
https://doi.org/10.1007/s10021-014-9806-0
https://doi.org/10.5424/fs/2011201-11643
https://doi.org/10.5424/fs/2011201-11643
https://doi.org/10.1186/s40663-019-0211-1
https://doi.org/10.1371/journal.pone.0226224
https://doi.org/10.1016/J.ECOSER.2013.02.003
https://doi.org/10.1016/J.ECOSER.2013.02.003
https://doi.org/10.1371/journal.pone.0109643
https://doi.org/10.14214/df.290
https://doi.org/10.1016/J.ECOLIND.2013.11.024
https://doi.org/10.1016/J.ECOLIND.2013.11.024
http://refhub.elsevier.com/S2212-0416(26)00084-7/optesahBqpZ5C
http://refhub.elsevier.com/S2212-0416(26)00084-7/optesahBqpZ5C
https://doi.org/10.1038/s41893-021-00764-w
https://doi.org/10.1038/s41893-021-00764-w
https://doi.org/10.1016/j.gloenvcha.2017.08.004
https://doi.org/10.1016/j.gloenvcha.2017.08.004
https://doi.org/10.1007/s40823-020-00055-8
https://doi.org/10.1007/s40823-020-00055-8
https://doi.org/10.1007/s11069-021-04733-6
https://doi.org/10.1007/s11069-021-04733-6


Tobler, W.R., 1970. A computer movie simulating urban growth in the Detroit region. 
Econ. Geogr. 46, 234–240. https://doi.org/10.2307/143141.

Turco, M., Rosa-Cánovas, J.J., Bedia, J., Jerez, S., Montávez, J.P., Llasat, M.C., 
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