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Abstract
1.	 Maps of ecosystem service (ES) supply are frequently used to guide spatial plan-

ning, policymaking and ecosystem management. However, these are typically 
based upon coarse land-cover proxies. This approach lacks a strong mechanistic 
basis and neglects spatial biodiversity dynamics and interactions among land-
scape properties that can modify ES provision.

2.	 We present an analytical framework for ES upscaling that incorporates spatial 
interactions between landscape properties, which determine ES supply. The re-
sulting models can be viewed as a spatially informed ES production function. Key 
aspects of our synthetic framework include (i) the systematic assessment of mul-
tiple drivers across many levels of abiotic and biotic organization to formulate the 
statistical ES production function, (ii) the inclusion of spatial interactions with 
the surrounding environment into the ES production function and (iii) the use of 
expert input to inform ES production functions.

3.	 We demonstrate the approach using two example ES from German grasslands: 
biodiversity conservation and water supply. We show that the inclusion of spatial 
interactions in the upscaling model improved model predictions by 15%–33%, 
depending on the ES evaluated. In addition, inclusion of spatial interactions led to 
reduced error associated with the upscaled estimates.

4.	 By overcoming several shortcomings of existing upscaling approaches, we gener-
ate maps of ES supply that can more reliably inform spatial planning. Further, the 
underlying models allow for simulation of changes in the drivers of ES supply and 
estimation of respective outcomes. These advantages have the potential to bet-
ter link detailed local-scale ecological understanding and land management with 
large-scale ES supply mapping, and thus better inform decision making.
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1  |  INTRODUC TION

Within ecology and land management, it is often necessary to 
upscale small-scale, often plot-level, ecological measurements to 
the larger spatial scales at which most ecosystem management 
decisions are made (Maes et al., 2012). This is particularly true for 
ecosystem services (ES), which are mapped in both research projects 
and in national and regional assessments that inform environmental 
planning and communicate ecological information to stakeholders 
(IPBES, 2019; Nelson et al., 2009).

ES mapping is conducted using several methods. Perhaps the 
simplest and most widely applied is the use of land use proxies. 
Here, ES supply is derived from land cover maps, with each unit 
of land cover typically having a fixed ES supply rate across its en-
tire area (McGuire et al., 2001; Nelson et al., 2009). This approach 
is often used in the absence of detailed field data but can be in-
accurate as many other factors including abiotic factors, specific 
biodiversity components or landscape structure also drive ES sup-
ply (Eigenbrod et al., 2010). Errors associated with this approach 
can further propagate if ES valuation applies an estimate of eco-
nomic value to a land unit based solely on its land cover (Nelson 
et al., 2009; Plummer, 2009). While this simple approach is com-
mon, significant progress in mapping ES has been made by inte-
grating more detailed biological data, such as vegetation indices or 
functional traits (e.g. Lavorel et al., 2011; Lavorel & Grigulis, 2012), 
and incorporating multiple drivers operating at different spatial 
scales (González-Chaves et al., 2022; Martínez-Harms et al., 2016; 
Spake et al., 2019).

ES mapping may also be achieved via upscaled data. Upscaling 
uses local-level ES data to predict/infer ES at larger spatial scales. 
Recent years have seen the emergence and rapid development of 
machine learning techniques for ES upscaling, in which automated 
procedures select and generate high performing models from many 
candidate variables (Scowen et  al.,  2021; Willcock et  al.,  2018). 
Further, the emergence of platforms such as ARIES (Artificial 
Intelligence for ES) has also facilitated the generation of ES predic-
tions (Villa et al., 2014). Although machine learning techniques were 
designed to capture complex systems, the resulting models often 
lack a clear mechanistic/causal link to the service in question, mostly 
due to lack of a hypothesis-based selection of variables. This also 
leads to issues regarding the interpretability of the selected model 
and its predictions (Perry et al., 2022). A shift towards a more mech-
anistic representation of the relationships between ES and their 
drivers should provide more reliable predictions (Spake et al., 2019) 
and allow the causes of trade-offs and synergies between multiple 
ES to be identified (Neyret et al., 2021), resulting in better informed 
decision making.

An important aspect missing from most ES upscaling and map-
ping approaches is the incorporation of spatial processes and inter-
actions between landscape components. We propose that this is 
achievable by incorporating landscape ecology concepts into mod-
elling (see Metzger et al. (2021), for a conceptual overview). In recent 
years, the field of landscape ecology has provided significant con-
ceptual and empirical insights into the impact of landscape structure 
and spatial interactions in driving ecological processes (Tscharntke 
et al., 2012; Mitchell et al., 2015) and ES (Le Provost et al., 2023; 
Martin et al., 2019). Unfortunately, this knowledge remains poorly 
integrated into ES upscaling approaches (but see González-Chaves 
et  al.  (2020); Spake et  al.  (2019); Grafius et  al.  (2018); Verhagen 
et  al.  (2016) and O'Brien et  al.  (2025), for examples of landscape 
ecology perspectives applied on ES modelling). Spake et al.  (2019) 
also highlighted the spatial-context dependencies of ecological re-
sponses, aiming to identify where management actions are most 
effective for enhancing natural capital, the ecosystem components 
that deliver ES. While existing approaches discuss the integration of 
multiple scales of effects when upscaling ES (e.g. Spake et al., 2017, 
2019) very few consider spatial interactions and processes explic-
itly (González-Chaves et  al.,  2022; Le Clec'h et  al.,  2019; Spake 
et al., 2019), and none that we are aware of provide clear concep-
tual and methodological guidelines on how such processes must be 
represented in upscaling models. This needs to be addressed as up-
scaling has much to gain; when spatial interactions are accounted 
for in ES upscaling, they are often very important, with ES supply 
estimates changing by ~20%–700% (min–max) depending on the ES 
considered (Verhagen et al., 2016). Further, for spatial interactions 
to be accurately incorporated into upscaling, the underlying mech-
anisms should ideally be represented by landscape metrics that re-
flect them. This requires expert understanding of the physical and 
ecological processes involved in supplying the ES.

Here, we present an ES upscaling framework that is based on sta-
tistical ES production functions (i.e. statistical models that contain 
variables representing the fundamental drivers of ES supply; Bruins 
et al., 2017; Figure 1) rather than proxies of ES supply. It synthesizes 
theoretical principles from other key literature in the field (e.g. Díaz 
et al., 2007; Metzger et al., 2021; Spake et al., 2019) and additionally 
advances the field of ES upscaling by tackling challenges in model 
transferability and applicability, through an application-oriented 
framework. We also provide practical tools for implementation. Key 
aspects of the framework include (i) the systematic assessment of 
multiple drivers across many levels of abiotic and biotic organization 
to formulate the statistical ES production function; (ii) the inclusion 
of landscape variables representing spatial interactions with the sur-
rounding environment into the ES production function; and (iii) use of 
expert input to inform ES production functions. While we recognize 
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    |  3BOESING et al.

the importance of considering ES demand when studying ES, its up-
scaling and mapping requires different approaches (Wolff et al., 2015) 
than the upscaling of potential ES supply, which we focus on here.

Our framework encompasses seven key steps. We first describe 
the rationale behind each step and then demonstrate the application 
of the framework with two ES examples: biodiversity conservation 
and water supply. We used data from the large-scale and long-term 
German Biodiversity Exploratories (Fischer et al., 2010; https://​www.​
biodi​versi​ty-​explo​rator​ies.​de/​en) to train the models and upscale.

2  |  SE VEN STEPS TO UPSC ALE ES

The seven steps of our framework (Figure  2) are as follows: (1) 
Define the area for which upscaling is required (Define the area). (2) 
Identify which ES are demanded by stakeholders and appropriate 
indicators of these (Identify ecosystem services). (3) Identify spatially 
explicit indicators of the potential biotic and abiotic drivers of each 
ES (Identify multiple proxy drivers). (4) Select a spatially explicit sta-
tistical model for upscaling (Select the statistical model). (5) Conduct 
expert evaluation of the selected models' validity and adjust accord-
ingly (Expert evaluation). (6) Cross-validate the model to assess per-
formance (Validate the re-fitted model). (7) Upscale, acknowledging 
uncertainty in model predictions (Upscale) (Figure 2). The following 
sections describe these steps in detail.

2.1  |  Define the area

Upscaling ES involves using existing local-level ES point data to 
predict/infer ES in larger units or unmeasured locations. In some 
cases, predictive models are applied outside the original study area 
to new geographic contexts that might differ from the training 
data in their environmental properties (Meyer & Pebesma,  2021), 
potentially leading to erroneous predictions. Thus, before upscaling, 
the boundaries of the area to be predicted must be defined to ensure 
that appropriate indicators, proxies and baseline data are used. If ES 
supply measures need to align with demand measures or other human 
factors, as is often the case in national and regional assessments, 
then it is appropriate to define this boundary as that of the socio-
ecological system. Whilst ecological boundaries are usually defined 
by interfaces between different ecosystems, social boundaries are 
typically set by institutional forces, and represented as cultural and/
or administrative borders (Dallimer & Strange,  2015). For further 
discussion of area delimitation, see Supporting Information S1.

2.2  |  Identify ESs

ESs are linked to human demands; therefore, mapping the ES that 
are actually demanded (defined here as those prioritized by people; 
Wolff et  al.,  2015; Linders et  al. 2021), along with the underlying 

F I G U R E  1  Representation of (a) spatially informed ecosystem service (ES) production function and (b) the expected importance of 
spatial interactions in driving the supply of different ES. The hierarchy of proxy drivers in (a) includes abiotic factors, management factors, 
landscape factors, and biotic factors. We hypothesize that biodiversity-mediated ES (e.g. pollination, disease regulation) are typically more 
influenced by spatial interactions than abiotic process-based ES (dominated by abiotic drivers; e.g. nutrient cycling, water recharge).
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4  |    BOESING et al.

regulating services that support them (e.g., nutrient cycling and pol-
lination), helps ensure the relevance of the resulting measures. This 
requires a multidisciplinary approach involving social scientists to 
accurately assess stakeholder's ES preferences (Neyret et al., 2023; 
Peter et al., 2022). However, we acknowledge in some cases specific 

services that may not be acknowledged by stakeholders, for exam-
ple, due to a lack of ecological understanding, may be the priority 
for upscaling.

Once the demanded ESs are identified, it is necessary to identify 
appropriate indicators (Müller & Burkhard,  2012) that capture the 
characteristics and status of each ES, and which can be measured and 
upscaled appropriately. For instance, carbon storage and/or seques-
tration rates can indicate climate regulation (Smith et al., 2013); pol-
linator abundance can indicate pollination (Woodcock et al., 2019), 
and species richness in priority taxa can indicate biodiversity con-
servation value (Veach et al., 2017). Such indicators are usually only 
proxies of ES supply and already introduce uncertainty in the model-
ling process. Thus, good indicators, that is, those that closely approx-
imate the ES they represent, both conceptually and quantitatively, 
minimize uncertainty. ES indicators are ideally collected at the plot 
level in a well-replicated study design, which encompasses the full 
environmental variability of the defined region (Redlich et al., 2022).

2.3  |  Identify multiple proxy drivers

Before creating the statistical model for upscaling, multiple potential 
drivers of the ES indicator must be identified. The first step in this 
process is to review existing knowledge of the indicator, and select 
candidate variables that may drive it, including, where appropriate, 
abiotic drivers, land use, landscape features (e.g. surrounding land 
cover, and its configuration) and biotic properties (e.g. species 
richness and composition). This approach is hypothesis-driven, 
which helps limit the selection of closely fitting but mechanistically 
unrelated variables, but requires consideration and knowledge of the 
ES. Next, we must identify reliable proxy measures of these driver 
variables, for example remotely sensed measures, or those mapped 
conventionally. These should be available at the landscape scale, but 
also accurately represent the true observed local drivers. Advances 
in remote sensing data in recent years have substantially improved 
the resolution, accuracy, and temporal range of the available data, 
for example to derive landscape structure drivers (Cavender-Bares 
et al., 2022).

We advocate using proxies from at least four variable classes, 
which form a ‘hierarchy of controls’ (Figure 1a). These are: abiotic 
factors, management factors, landscape factors and biotic factors. 
Abiotic factors including climate and soil attributes (e.g. soil type, 
pH, texture and depth) underpin many ES (e.g. nutrient cycling, 
soil carbon storage) and data are increasingly available at regional 
and national levels (e.g. Copernicus, European Soil Data Centre). 
Topographic and geological properties, such as slope, aspect and 
topographic wetness index, may also be important abiotic drivers 
and can derived from digital terrain models and geological maps. 
Management factors such as management intensity and type are 
often important local-level predictors of ES, especially for pro-
visioning services such as crop, livestock and fodder production. 
Proxy measures of management factors may be unavailable but 
remotely sensed anthropogenic activity measures are constantly 

F I G U R E  2  Seven-step analytical framework for spatially 
informed ecosystem service (ES) production function upscaling, 
indicating the novelty of the steps compared to standard upscaling 
approaches. The procedures are appropriate when high-quality 
plot-level data on ES supply and its drivers are available.
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    |  5BOESING et al.

improving: reliable geospatial information describing forest distur-
bance, crop and grassland type and land use intensity now exists 
(e.g. Griffiths et  al.,  2020; Lange et  al.,  2022). Landscape factors 
characterize the surroundings of the focal plots from which the 
ES are measured. They include landscape composition (i.e. land-
cover types) and configuration (i.e., land-cover arrangement 
within a landscape), and landscape scale land management mea-
sures derived from remote-sensing (Griffiths et  al.,  2020; Lange 
et  al.,  2022). These variables should represent hypothetically 
important spatial processes such as spillover effects or coloni-
zation and extinction rates (see Metzger et al., 2021; Tscharntke 
et al., 2012) that may affect ES supply by influencing the move-
ment, diversity and abundance of ES providing organisms (Le 
Provost et al., 2023; O'Brien et al., 2025), and the flow of abiotic 
materials such as water and pollutants (Cole et al., 2020). Finally, 
biotic factors include variables such as species richness and com-
position, biomass and functional composition. The availability and 
quality of remote sensed data for biotic factors has dramatically 
improved in several domains, including plant species richness and 
composition (e.g. Civantos-Gómez et al., 2021; Muro et al., 2022), 
but also functional traits (Martínez et  al.,  2016). The examples 
cited here provide a flavour of the many variables that can be 
employed, and which together form the main drivers of ES sup-
ply (Potschin & Haines-Young, 2011). Importantly, these variables 
must be selected using a knowledge-based approach and tailored 
to the ES and social-ecological system under evaluation. It is para-
mount to assess the correlation among variables, both within and 
across hierarchical levels, to ensure only uncorrelated variables 
are retained (details in Supporting Information S4 and Tutorials).

The next step is to determine the ‘hierarchy of effects’ of the 
chosen proxy drivers, based upon the principles of hierarchy theory 
(Allen & Starr, 1982; Müller, 1992). As part of this, it must be decided 
how each level's dynamics (i.e. drivers) are controlled by, and nested 
within the larger system (Müller, 1992). In general, lower level hier-
archy is often influenced by the upper level hierarchy, but in most 
cases, not vice versa (Figure 1a). We also propose that deciding the 
driver variables used and the order of the hierarchy should be similar 
in philosophy to structural equation model formulation (see Grace 
2006), in that each potential causal driver should be previously es-
tablished via theoretical or empirical evidence, and the direction of 
causality should also be known, to determine the order of inclusion 
in the modelling process. To determine the hierarchy, we suggest 
that variables of climate, soil, geology or hydrology (which are in-
herent ecosystem properties and relatively time invariant) are likely to 
be basal in the hierarchy, while more temporally dynamic variables, 
such as land cover, landscape structure and biodiversity (which are 
typically manageable) are likely to be more apical in the hierarchy. 
These apical properties might feed-back upon each other. In such 
cases, we suggest assessing the relative strength of feedback arrows 
(i.e. which direction of the loop is dominant) based on scientific and 
expert knowledge to assign the subsequent order.

To exemplify the establishment of a hierarchy, consider a grass-
land ecosystem where abiotic factors (e.g. slope and hydrology) are 

basal variables (more static) that set the long-term conditions for soil 
depth and fertility. These abiotic factors (basal-levels) may influence 
management factors (apical-levels) (e.g. mowing or fertilization re-
gimes) and landscape factors (such as land cover of other habitat 
types or grassland connectivity), but the opposite is rarely true (even 
though in some cases management practices may influence some 
soil aspects locally for instance). All levels described above would 
influence local biodiversity and community structure (Le Provost 
et  al.,  2021), but these biological properties will rarely influence 
the other properties significantly, meaning they are apical within 
this hierarchy. Thus, in this case, the hierarchical order would be: 
abiotic factors, management factors, landscape factors, and finally, 
biodiversity.

While the establishment of these hierarchies may oversimplify 
the complexity of ecological systems, their purpose is not to capture 
the full complexity of it, but rather to provide a logical and plausible 
structure that best identifies the true causal drivers and thus guide 
the establishment of a final upscaling model that approximates the 
true drivers of the ES. A caveat of the hierarchical approach is that 
apical levels may be underrepresented, or with conservative effect 
size, if they correlate strongly with more basal terms. In such cases, 
the expert assessment (see below) should remove drivers (often 
basal) that are unlikely to represent true mechanistic relationships, 
and assist in the retention of the most proximal drivers. Another lim-
itation is that feedback between the levels, for example between 
biodiversity and soil properties, cannot be incorporated, although 
this may be important in some cases (Thakur et al., 2021).

Modelling ES supply as driven by a hierarchy of controls is con-
sistent with the widely used ES cascade model (Potschin & Haines-
Young, 2011), in which abiotic features alter the biota and together 
with external inputs drive ES supply (Bateman & Mace,  2020; 
Potschin & Haines-Young, 2011). The hierarchy of controls approach 
has been successfully applied in a range of studies aiming to pre-
dict ecosystem functions from biotic factors (e.g. Díaz et al., 2007; 
Lavorel et al., 2011; Manning et al., 2015), and to class drivers into 
different scales of influence within a natural capital framework 
(Spake et al., 2019), but to our knowledge, it has not been used in 
upscaling as a tool that informs the sequential stepwise construction 
of statistical ES production functions (see Section 2.4 below).

2.3.1  |  Identifying spatial interactions driving the 
supply of ES

At the landscape level (Figure 1), we can identify at least three main 
categories of effects that are relevant to landscape drivers of ES 
provision, and thus worth including in our upscaling framework: (i) 
proximity effects; (ii) composition effects; and (iii) configuration ef-
fects (for more details, see Metzger et al. (2021)).

Proximity effects (i) can strongly influence some regulating ES 
such as pollination and pest control that depend on mobile agents. 
These organisms often inhabit native habitat patches surrounding 
agricultural areas and move into crops for foraging via spillover 
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6  |    BOESING et al.

(Tscharntke et  al.,  2012). Therefore, their ES can be delivered at 
a distance of a few meters to a few kilometres, depending on the 
movement capacity of the organisms and landscape connectivity. 
Similarly, the amount and arrangement of different land use types 
might also limit ES provision via composition effects (ii) which deter-
mine the ES providers' abundance and diversity, and their coloniza-
tion and extinction rates. Similarly, configuration effects (iii), which 
affect the movement—for example via habitat corridors, and thus 
the distance ES providers might reach, their source-sink dynamics 
and their colonization and extinction rates. As an example, structur-
ally complex agricultural landscapes tend to enhance local biodiver-
sity and the abundance of ES providers as landscape heterogeneity 
positively influences habitat availability and species movement (Le 
Provost et al., 2023). This can offset the negative consequences of 
local high-intensity management and lead to higher ES provision 
in diverse and well-connected landscapes (Boesing et al., 2024; Le 
Provost et al., 2023)—which are related to both composition and con-
figuration effects.

In operational terms, these spatial processes mentioned above 
might be represented by landscape metrics that can be easily re-
trieved from land use maps. For instance, proximity effects might be 
represented by using metrics such as edge density, aggregation and 
isolation indices; for composition effects, metrics such as the percent-
age of different land use types, landscape heterogeneity, core area 
indices or the ratio between different land uses can be used, and for 
configuration effects, metrics that represent the connectivity or iso-
lation between land use types, and the shape of landscape elements 
can be used. See Hesselbarth et al.  (2019) for a list of measurable 
metrics.

For such landscape drivers, we must determine the scale of ef-
fect, that is the scale over which the underlying processes operate 
(Jackson & Fahrig, 2015). Since the scale of effect of a given driver is 
often unknown, a multi-scale approach should be performed. Here, 
variables incorporating a range of scales are used in modelling (e.g. 
land cover measures in radii of 200, 500 and 1000 m) and the ‘best’ 
is selected as an approximation of the scale of influence that a driver 
operates over (Jackson & Fahrig,  2015). This approach is widely 
used to infer the scale over which mechanisms operate in landscape 
ecology research, and a fixed radii extent may be used where the 
scale of operation is well established from many studies (Mohamed 
et  al.,  2024). Selection of the scale of effect can be based on the 
strength of the relationship between the landscape property and 
the ES indicator (see Jackson & Fahrig, 2015).

2.4  |  Select the statistical model

Next, we employ the hierarchy of controls approach to statistical 
model selection. In this, proxy drivers are fitted in a fixed sequential 
order that follows the hierarchy of effects determined in Step 2.3 to 
identify and select the final drivers of ES supply. In practical terms, 
groups of terms are added to a regression model in fixed sequential 
order, determined by their influence across levels and their impact 

on model likelihood is assessed. Only terms found to significantly 
improve model likelihood in a likelihood ratio deletion test (LRTs) 
are retained. After conducting this procedure for all variables of a 
hierarchical level, an interim model is selected, and the modelling 
process moves to the next level of the hierarchy, where another 
set of variables is added and the process is repeated (Figure 3). This 
continues until all levels are added and the final model is selected. 
Interactions between variables within and across levels should be 
tested at each stage in modelling where these have a hypothetical 
basis (Spake et  al.,  2019), since many ES are driven by multiple 
drivers and their interactions. To avoid the retention of many weakly 
significant factors and to fit a robust model, we suggest fitting only 
low-order interaction terms.

After selecting the statistical upscaling model, we suggest 
checking whether spatial autocorrelation, and related issues of 
pseudo-replication, impacts the upscaling (Dormann et  al.,  2007). 
Spatial autocorrelation (i.e. the higher similarity of closer samples) is 
common in ecology and can appear for several reasons, including bi-
otic processes such as dispersal (Miller, 2012) or abiotic factors, such 
as climate, soils, topography and disturbances (Ranta et al., 1997). 
When spatial autocorrelation is related to the driver of interest, in-
clusion of the variable causing the autocorrelation, for example as 
fixed factor, may be sufficient. In other cases, ignoring spatial au-
tocorrelation can lead to biased parameter estimates. Detection 
of autocorrelation can be done in several ways including Moran's I 
correlograms, Geary's correlograms and semi-variograms (Dormann 
et al., 2007). The inclusion of appropriate landscape factors in the 
modelling process should minimize spatial autocorrelation, but if it is 
detected, we suggest using autocovariate regression and spatial ei-
genvector mapping to capture the spatial configuration of covariates 
and adding a term for this to the upscaling model.

2.5  |  Expert evaluation

After determining the statistical model, we suggest consulting ex-
perts in the ES of interest for model evaluation. Here, they should 
check whether the driver variables included are likely to be true 
mechanistic drivers, or simply correlates of them. This step is im-
portant when dealing with multiple ES, as it is unlikely that the per-
son performing upscaling will have expert knowledge of all relevant 
ES. Experts should also assess whether other important drivers are 
missing, if the data used for the calculations is suitable, for exam-
ple in its spatial and temporal resolution. After consultation, models 
must be revised and adapted, for example by substituting spurious 
drivers with closely correlated variables that represent the true driv-
ers. While this step adds complexity and costs time, model outputs 
are likely to be greatly improved, especially where the model is used 
to make predictions. If possible, expert evaluation may also be ap-
plied when identifying the levels and order of the hierarchy (Step 
2.3) and ideally along the whole process, though we note that each 
step of expert involvement adds effort and complexity to the model-
ling process.
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    |  7BOESING et al.

2.6  |  Validate the re-fitted model

After expert assessment and revision, the next step is to assess 
model performance via cross-validation and estimate the accuracy of 
model predictions. We suggest this is done by setting aside a random 
set of test observations at the model calibration stage and using 
these to quantify prediction error (true validation step). Validation 
techniques include ‘validation set aside’, ‘k-fold cross validation’ and 
‘repeated k-fold cross-validation’ (Browne,  2000), each of which 
has advantages and drawbacks. One limitation of cross-validation 
is that it is only possible for large datasets. For smaller datasets, 
we recommend (repeated) k-fold cross-validation to estimate the 
prediction error rate as this can use the entire dataset for generating 
estimates. Knowing data limitations is crucial when estimating error, 
and thus communicating uncertainty. A model should be considered 
reliable when it both retains the true drivers of ES change and has 
low error of estimates.

Finally, regarding the statistical setup of the models, both linear 
and generalized linear models may be used. Trying different model dis-
tributions and fitting models to both transformed and untransformed 
data are also recommended for finding models with good fit, perfor-
mance, and lower error associated with predictions. Special attention 
must be taken when upscaling nonlinear models and for the presence 
of outliers in the training or proxy driver data as these can result in 
over or under-estimation or result in higher errors. When outliers are 
present, one simple solution is to limit predictions to areas within the 
range of the training data. This reduces prediction coverage but pre-
vents extrapolation into areas where error may be high.

2.7  |  Upscale

Once the final model is selected and its performance assessed, the 
layers containing the drivers must be prepared and the landscape 
interactions incorporated when necessary. For non-spatial drivers 
the model is applied to each pixel of the driver raster, while for 
spatially interacting drivers represented by landscape variables, a 
calculation needs to be made prior to upscaling of the ‘landscape 
surroundings’ value for each pixel (e.g. the proportion of a habitat 
type within a certain radius of the pixel). The model is then applied 
to this layer of calculated values and the other proxy drivers for each 
point in the landscape to generate estimates (Figure  1). Creating 
spatially explicit layers may be time-consuming and computationally 
demanding, so we advise the integrated use of different tools, 
for example QGIS, ArcGIS and R. In principle, the resulting maps 
represent ES supply as function of mechanistic drivers, including 
those involving spatial processes.

3  |  APPLYING THE UPSC ALING 
FR AME WORK IN RE AL L ANDSC APES

Our approach to upscaling ES incorporates novel elements that will 
likely not only improve the ES predictions but also improve their 
use as a tool for decision-making. These include the hierarchical ap-
proach to identify likely ES drivers, the representation of spatial pro-
cesses, for example via interactions between landscape units, and 
expert consultation. Next, we demonstrate how our framework can 

F I G U R E  3  Representation of (a) the spatial scale of the drivers, and (b) the steps used in the hierarchy of controls approach to select the 
final statistical upscaling model.
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8  |    BOESING et al.

be applied in practice with examples from the Schwäbische Alb re-
gion of southwest Germany.

3.1  |  Step 1—Define the area

In this case, the study area was defined by a fundamental research 
project, the large-scale and long-term Biodiversity Exploratories 
project (Fischer et al., 2010), which was established to investigate 
local scale land-use-biodiversity-ecosystem function relationships. 
The boundaries of the region were therefore delimited to encompass 
the project's focal study plots, which were selected to span the 
full range of land use intensity of each region. We performed the 
upscaling only for grasslands, where plot-level ES indicator data 
were collected, meaning predictions outside this land use type (e.g. 
into forests) would be unreliable.

3.2  |  Step 2—Identify ESs

We applied the framework in two case studies: biodiversity 
conservation and water supply. These ES were chosen based on 
their identified priority in a local social survey (see Peter et al., 2022) 
and to demonstrate the applicability of our approach to ES that 
are influenced by surrounding landscape factors. The indicator 
of biodiversity conservation was above-ground multidiversity, 
a synthetic measure of the overall diversity of 14 above-ground 
taxa (Table  S2.1) (Allan et  al.,  2014) that is related to ecosystem 
multifunctionality (Soliveres et  al.,  2016). Data were from 50 
grassland plots sampled between 2008 and 2021.

The second example is groundwater recharge, an indicator of 
water supply to people, and a regulating service for crop, fodder 
and timber production, which were all identified as important ES 
in the region. Values were derived from a soil water balance model 
developed to calculate vertical soil water fluxes from the top layer 
(0–0.15 m) (Kreutziger, 2006; Leimer et al., 2014, 2018) (Supporting 
Information  S1, S2). As input data, we used biweekly rainfall data 
from 2010 to 2016 in the 50 grassland plots and net water fluxes 
from soil to deeper layers, aggregated to annual values. The average 
value across the 7 years was used.

3.3  |  Step 3—Identify multiple proxy drivers

We collected data for several proxy drivers that potentially 
influence these ESs. These were organized in a hierarchy of: (1) 
abiotic factors including topographic variables: slope, elevation, 
topographic wetness index and aspect, and soil attributes: 
soil texture, pH, clay content, bulk density and soil depth, (2) 
local management factors: land use intensity (LUI; Blüthgen 
et  al.,  2012), grazing, fertilization, and mowing. (3) landscape 
factors (500–2000 m scale; including the landscape composition 
and configuration of land-cover), including forest, grasslands and 

crops, and spatial patterns of landscape-management, represented 
by amount and configuration of low and high LUI grasslands at 
the best fitting scale of response (1500 m surrounding the plots 
for biodiversity conservation, and 2000 m for water recharge), 
and biotic factors (as mean alpha plant richness). Details of the 
ecological mechanisms these drivers represent, their respective 
metrics, spatial scale selection and the sources of remote 
sensing data for the proxy drivers can be found in Supporting 
Information  S2, S3 and S4. Correlations across variables were 
checked (Supporting Information  S4) and variables with r = <0.7 
were used, since correlations above this threshold may inflate 
regression coefficients (Dormann et al., 2013).

3.4  |  Step 4—Select the statistical model

We next applied the ‘hierarchy of controls’ approach to identify 
the upscaling models. For each level (Figure  3), we tested which 
variables improved model likelihood in a LRT, before advancing to 
the next step of the modelling process. For both ESs, we used linear 
models with Gaussian error distribution. Model fit was evaluated by 
examining residuals (Hartig, 2020) (Supporting Information S3) and 
we tested for spatial autocorrelation using Moran's I correlograms 
(Paradis & Schliep, 2019) (Supporting Information S5). The initially 
selected model for biodiversity conservation explained 37% of the 
variation and contained terms related to local abiotic factors (soil 
phosphorus content), landscape factors (landscape heterogeneity, 
measured as the diversity of land use types at 1500-m scale), and 
local biotic factors (estimated plant species richness). For water 
supply, the initial model explained 72% of the variance and contained 
terms for local abiotic factors (pH and bulk density), and landscape 
factors (% coniferous cover within 2000 m, and % high LUI cover at 
1500-m scale).

3.5  |  Step 5—Expert evaluation

We sent the initially selected models to experts from the 
Biodiversity Exploratories Consortium (Fischer et al., 2010) who 
were the original data collectors of the ES indicators in the form 
of a spreadsheet containing the models, and requested feedback 
on model plausibility, including appropriateness and absence of 
driver variables, and direction of effects. For biodiversity con-
servation, three changes were made following this consultation: 
first, we updated landscape LUI measures as improved data had 
become available (Lange et  al.,  2022); second, experts noted 
potential circularity in using remote sensed plant richness es-
timates as proxy driver of biodiversity conservation since re-
lated measures were included in the multi-diversity index; thus, 
it was removed. Finally, we moved topography measures to the 
first level of hierarchy, before soil attributes. For water supply, 
two changes were performed: the model initially contained bulk 
density and LUI at the landscape level (1500 m) as drivers, but 
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    |  9BOESING et al.

experts identified the direction of effects as spurious so these 
were removed. Second, we moved topography measures to the 
first level of hierarchy as well.

3.6  |  Step 6—Validate the re-fitted model

The final model after revision for biodiversity conservation had a R2 
of 0.47, and contained effects of landscape scale land-use diversity 
(1500 m) (explaining 15% of variance), slope (14%), soil depth (10%) 
and soil phosphorus content (8%) (Table S3.1). The landscape factor 
indicates the importance of spatial processes in driving biodiversity, 
consistent with detailed ecological studies of the same grasslands 
(Le Provost et al., 2021). The final mechanistic upscaling model for 
water supply had a R2 of 0.56 and contained effects of soil type 
(explaining 26% of the variance) and the cover of coniferous forest 
within 2000 m (25% of variance) (Table S3.1). These factors influence 
water permeability and thus infiltration rates; coniferous forests 
are typically denser and intercept more water than broad-leaved 
forests (Adane & Gates, 2015; Bellot et al., 1999). See Supporting 
Information S3 for a detailed description of the mechanisms driving 
the supply of both ES. While R2 here was not particularly high for a 
predictive model we note that these models predict variation within 
a single ecosystem type and local region. Broader environmental 
gradients could be expected to lead to more closely fitting models.

We used a K-cross fold validation to assess model predictability 
power, where the entire dataset is used to calculate the root-mean-
squared error (RMSE), since our training dataset is relatively small 
(N = 50). RMSE indicates the correspondence between observed and 
predicted values, with lower values representing lower prediction 
error. For biodiversity conservation, RMSE was 0.07 (observed: 0.13–
0.58, predicted: 0.0001–0.71). Given the range of training data and 
predicted values, an RMSE this can be considered acceptable error 
(i.e. predictions may vary ±0.07 from actual values). For water supply, 
we obtained a RMSE of 53.11 (observed: 477.69–791.51 mm, pre-
dicted mm: 339.39–737.39 mm). In both cases, RMSE is considerably 
smaller than the range of predicted values. Therefore, while exact 
estimates may sometimes not be possible along the gradient, areas 
of relatively high and low values are identified with confidence.

3.7  |  Step 7—Upscale

Remote sensed inputs were harmonized and stacked, and model 
coefficients were applied to each pixel of the stack to make 
predictions (details in the Tutorial; Supporting Information S7). First, 
we illustrate how landscape variables, which we expect to represent 
known spatial factors driving local biodiversity such as landscape-
level habitat heterogeneity (Le Provost et  al.,  2021), affect levels 
of biodiversity conservation. The model predicts that grasslands 
surrounded by a high diversity of land uses, on steeper slopes, and 
with deep and phosphorus-poor soils, possess the highest above-
ground biodiversity (Figure 4).

Second, for water supply, areas embedded in low coniferous 
cover landscapes, and with soil of type Braunerde-Terra Fusca, have 
a higher groundwater recharge (Figure 5). In this case, the landscape 
component (low coniferous cover) was expected to relate to forest 
density, and thus interception rates and larger scale water availabil-
ity (see Supporting Information S3).

4  |  UPSC ALING WITH VERSUS WITHOUT 
SPATIAL INTER AC TIONS

Integrating spatial interactions should provide more reliable estimates 
of ES supply if these processes are important, which we demonstrate 
in the following section. Since the landscape drivers were added 
towards the end of the hierarchy, we did this by comparing the best 
models with and without spatial interaction terms. For biodiversity 
conservation, removing landscape heterogeneity reduced explained 
variance from 47% to 32% and increased RMSE from 0.07 to 0.09. 
In the absence of the spatial term, the model underestimated 
multidiversity in more heterogeneous landscapes and overestimated 
multidiversity in more homogenous landscapes (Figure 6a,b).

For water supply, removing the landscape term reduced the ex-
plained variance by 25% and increased the RMSE from 53.1 to 67.1. In 
the absence of spatial drivers, the model underestimates groundwa-
ter recharge by up to ~100 mm in lower coniferous cover landscapes 
(Figure 6c,d), and overestimates it in those with higher cover, by as 
much as ~200 mm (Figure 6c,d), an approximate overestimate of 32%. 
Spatial model predictions ranged from 319.4 to 739.4 mm, while in 
the non-spatial model, only two values are predicted, based on soil 
type (646.41 mm in Braunerde-Terra fusca soil type, and 549.80 mm 
in Rendzina-Braunerde; Figure 6c). These examples demonstrate that 
incorporating spatial interactions can strongly improve model per-
formance to a level that would impact ES estimates and consequent 
decision-making (e.g. the prioritization of conservation areas).

5  |  FR AME WORK TR ANSFER ABILIT Y, 
ACCESSIBILIT Y AND SC AL ABILIT Y

While the detailed examples above illustrate the use of the frame-
work in practice, we also investigated the general applicability of 
our approach to upscale a wide range of ES by applying it to 11 
ES represented by 17 ES indicators in the same study region. We 
found that the framework produces reliable outputs across differ-
ent ES types (details in Supporting Information S6). As expected, 
the identity and scale of influence of drivers varied considerably 
(Figure S6.2; Table S6.1). The errors associated with the estimates 
were generally acceptable (average 14%), but for cultural ES, rela-
tively higher (average 54%; Figure S6.1). For the cultural services, 
the selected biophysical drivers may be weak predictors of the in-
dicators as many cultural ES are strongly determined by human 
preferences (e.g., one indicator was ‘culturally important birds’). 
In such cases, it may be preferable to first upscale ecological 
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10  |    BOESING et al.

properties (in this case for instance, individual cultural bird spe-
cies abundances) and then derive ES measures from these. Based 
on these results, we expect that our framework is applicable to 
a wide range of social-ecological systems, ecosystem types and 
regulating, provisioning and supporting ES.

As with any upscaling approach, it is essential to critically as-
sess the predictability of the underlying model and to communicate 
uncertainties transparently. In our case, statistical models serve as 
the basis for upscaling, meaning that models with low performance 
may lack generalizability and carry high uncertainty—particularly 

F I G U R E  4  Upscaled predictions for biodiversity conservation (indicated by grassland above-ground multiversity). We present the final 
upscaling model in (a). In (b) we present the region and upscaled biodiversity conservation with a zoom in (c). The dots in (b) represent 
training data plot locations. (d) Three of the drivers used to model multidiversity. The middle row shows a closer zoom to show how spatial 
context, in the case of landscape heterogeneity (SHDI; Shannon's diversity index) alters multidiversity. The additive effect of SHDI and 
local factors (slope, soil depth, and soil phosphorus content) are noticeable, and landscapes with higher diversity of land uses have higher 
multidiversity. The bottom row (e) shows the data extracted from the closer zoom (larger square), and predicted values of multidiversity and 
its drivers (SHDI, slope and soil depth). Soil phosphorus content is not shown in the figure but included in the model. Predictions for areas 
mapped white were not calculated (e.g., arable land and forest).

 2041210x, 0, D
ow

nloaded from
 https://besjournals.onlinelibrary.w

iley.com
/doi/10.1111/2041-210x.70281 by K

arlsruher Institut Fur T
echnologie, W

iley O
nline L

ibrary on [01/04/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



    |  11BOESING et al.

F I G U R E  5  Upscaled predictions for water supply using grassland groundwater recharge as indicator. We present the final upscaling 
model in (a). In (b), we present the region and the upscaled water supply with a zoom in (c). The dots in (b) represent the training data plot 
locations. (d) Presents the drivers used to model groundwater recharge. The middle row shows a closer zoom to show how surrounding 
coniferous forest cover alters groundwater recharge. The bottom row (e) shows the data extract from the closer zoom (larger square), with 
predicted values of groundwater recharge and its drivers (soil type, as Braunerde-Terra Fusca [Brau/Terr] and Rendzine/Braunerde [Rend/
Br], and coniferous cover). Predictions for areas mapped white were not calculated (e.g. arable land and forest).
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12  |    BOESING et al.

when applied beyond the range of the training data. Therefore, we 
recommend that predictions be constrained to the same sampling 
domain, even if this limits the spatial extent. Equally important 
is the clear communication of prediction limitations, which helps 
prevent overinterpretation and supports more responsible ecolog-
ical inference.

In terms of broader transferability, we expect that our frame-
work is applicable to a wide range of social-ecological systems, eco-
system types and regulating, provisioning and supporting ES. We 
advise caution when addressing cultural services as the drivers and 
indicators for these often require explicit consideration of human 
perspectives (details in Supporting Information S6). Application of 
our framework is likely to be most effective when detailed plot-
level information relating to ES supply and its drivers are available 
to inform upscaling. Such data are increasingly available (e.g. NutNet 
https://​nutnet.​org/​; Biodiversity Exploratories https://​www.​biodi​
versi​ty-​explo​rator​ies.​de/​en/​; FunDivEurope http://​proje​ct.​fundi​
veuro​pe.​eu/​) but we also acknowledge that such data is absent from 
many regions.

A lack of high-quality data on the drivers might restrict eval-
uation to a small set of potential drivers, and omit the most 
important—a common drawback of upscaling approaches. In ad-
dition, where the spatial resolution of landscape predictor data is 

too large (e.g. >100 m), spatial interactions will be hard to assess 
since heterogeneity is averaged across, and data may fail to cap-
ture important features (e.g. small habitat patches). In such cases, 
the hierarchy of controls approach can still be applied, but terms 
representing local fine-scale spatial interactions are unlikely to be 
included.

The spatial interactions and hierarchy of drivers aspects of our 
methodological framework may also be adapted to cases beyond up-
scaling where ES maps are sought but high-quality ES indicator data 
is absent. Here, it may be possible to formulate ES production func-
tions based on scientific literature and other forms of information 
(e.g. reported yields and market values) and/or expert knowledge 
instead of selecting variables in statistical modelling. For instance, 
there is evidence from global meta-analysis that many ESs, including 
pollination, respond positively to natural/semi-natural habitat cover 
(Mohamed et al., 2024; Ulyshen et al., 2023). Thus, instead of assign-
ing the same values of pollination for all semi-natural areas, the areas 
with higher cover of natural/semi-natural habitat within an appropri-
ate radius can be assigned higher values (for similar approaches using 
other ES; see Chan et al., 2006; Egoh et al., 2008). Another option 
would be downscaling Earth Observation measures (EO-based ES) 
for some indicators, but further methods development and testing 
would be required. The framework and approach is also in principle 

F I G U R E  6  Predicted estimates including and excluding spatial interaction terms. (a) Predictions of multidiversity above-ground 
(biodiversity conservation) with and without spatial interactions, as represented by landscape variables, on predicted estimates of 
multidiversity above-ground along a landscape heterogeneity change gradient (SHDI); (c) predicted estimates of groundwater recharge 
(water supply) with and without spatial interactions; (d) difference (without spatial interactions—with spatial interactions) on predicted 
estimates along the gradient of coniferous cover.
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scalable to larger scales (such as national or continental scales) but 
modelling might become both time and computationally demanding 
if fine-scale spatial interactions are to be included.

In a broader comparison to alternative techniques to obtaining 
mapped ES supply estimates, we believe that our upscaling approach 
forms a half-way house between biophysical simulation models (e.g. 
INVEST; Grafius et al., 2018) and machine learning based model for-
mulation (e.g. Pichler & Hartig, 2023), since it has elements of the 
mechanistic realism of the former but also the tailoring of model 
structure to fit local data of the latter. If done well, it may possess 
both these advantages but if performed without thought it may 
offer little advantage over these approaches, which may be better 
suited to very well understood ecosystem process driven services 
(e.g. carbon storage), and poorly understood services, respectively.

Several avenues for future research were identified during the 
framework development. First, although the inclusion of spatial 
interactions aims to represent the underlying mechanisms of ES 
provision, it may be possible that in some cases, these can only be 
accurately represented using process-based models. At the other 
extreme in the absence of good mechanistic knowledge, machine 
learning models may outperform our approach. Therefore, it would 
be insightful to systematically test the performance of the approach 
across different social ecological systems and ES with varying data 
resolution and quality, and to compare its performance to alterna-
tive upscaling approaches (e.g. machine learning and process-based 
models). Second, we propose that using models that incorporate 
causal effects between drivers across the hierarchy, such as in a 
structural equation model (Grace, 2006) could potentially lead to 
improved models that are better suited to forecasting the impact of 
environmental change.

6  |  CONCLUSION

Our upscaling framework advances upon existing ES upscaling ap-
proaches by modelling ES in a way can capture the true underlying 
mechanisms and which incorporates spatial interactions between 
landscape components. The resulting maps have the potential to 
more reliably inform policy decisions, and spatial planning, for exam-
ple in prioritizing areas for grants or subsidies to support ES provi-
sion, or spatial targeting of monitoring schemes. The framework may 
be particularly appropriate when the upscaling of ES supply aims to 
inform decision management, since the approach allows users to 
simulate the impact of change in the drivers on ES supply by sub-
stituting predictor layers in the GIS (e.g. adding a future climate or 
land cover layer).

This approach, when incorporating spatial interactions, also al-
lows assessment and quantification of the impact of compositional 
and configurational changes within landscapes at larger scales than 
they are usually assessed in landscape ecology research. For in-
stance, in the case of our examples, the diversity of land-use types 
could be changed within a GIS model to assess the impact on biodi-
versity conservation, and changes in coniferous forest cover could 

also be simulated to predict changes in groundwater recharge. If 
widely applied, the proposed approach may form a bridge between 
detailed local scale ecological studies in which mechanisms are well-
understood, and larger scale ES research, which tends to be per-
formed at scales relevant to policy and planning.
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