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Abstract

Ecosystem models are typically built to predict patterns of one or more ecosystem properties, and those properties are often
biotic. While some ecosystem models incorporate either biotic and abiotic responses, biotic and abiotic variables are rarely
applied jointly as responses in ecosystem models. Here we model continuous spatial turnover among 21 biotic and abiotic
properties to explore forest ecosystem patterns across landscapes of Nova Scotia, Canada (55 000 km2) at high (10 x 10 m)
resolution. To achieve this objective, we fit generalized dissimilarity models to field collected data on biotic and abiotic response
variables and geographic and environmental gradients described by remotely sensed predictor variables. We develop three
separate models targeting ecosystem, biotic, and abiotic responses to identify relationships among forest ecosystem properties,
across levels of ecological organization. Our final ecosystem, abiotic, and biotic models explained 41.4, 29.03, and 50.9 percent of
variance. Vegetation-based predictors were the most significant for our ecosystem and biotic response models, while topographic
and hydrological predictors were foremost in our abiotic response model. We show how relationships among biotic and abiotic
ecosystem properties collectively give rise to predicted patterns of forest ecosystem heterogeneity across Nova Scotia, with the
strongest variations occurring along elevational and north-south gradients. Our emphasis on multiple ecosystem properties, and
our simultaneous modelling of both biotic and abiotic responses, including ecosystem structural, compositional, and functional
variables, differs from the approaches taken in most spatial ecosystem models. This study provides an analytical road map
for scientists and conservation practitioners looking to predict continuous variation in ecosystem makeup and to apply those
predictions for mapping emergent spatial ecosystem patterns. Such spatial models of ecosystem pattern are crucial for achieving

national and sub-national commitments to global ecosystem conservation targets.

Introduction

The ecosystem (bolded terms defined in S1, Supplementary Information) is a major focus in several promi-
nent conservation strategies established to curb impacts to biodiversity. For example, the Kunming-Montreal
Global Biodiversity Framework (GBF) (CBD 2022a) identifies the maintenance or restoration of ecosystems
as a long-term goal. The GBF, and national strategies issued by GBF signatories (e.g., ECCC 2024), in-
cludes targets for realizing this goal, and those targets encompass specific ecosystem properties including
condition (e.g., resilience), type (e.g., terrestrial), functions (e.g., carbon sequestration), and geographic di-
mensions (e.g., area). To achieve these targets, conservation actions must be informed by relevant spatial
information (GBF 2022a, ECCC 2024). This information is needed to ensure decision-makers and practi-
tioners can quantify, and make spatial predictions about, key ecosystem patterns , such as where different
ecosystems occur and how their properties vary across space. Spatial models are essential for addressing
these questions and ensuring targets are based on statistical evidence (Nicholson et al. 2019). Many spatial
models will be built at the national or sub-national scale, as regional strategies are the main mechanism for
implementing GBF resolutions (Perino et al. 2022, GBF 2022b). Yet spatial models established for predict-
ing ecosystem patterns at regional extents are scarce (Geary et al. 2020, Naas et al. 2024), constraining
plans to achieve GBF objectives.



Ecosystems are inherently complex (Riva et al. 2023). To help understand and reduce this complexity, ecol-
ogists formulate models to predict ecosystem patterns (Holling and Allen 2002). Spatial ecosystem patterns
arise from differing combinations of biotic (e.g., taxa or traits) and abiotic (e.g., soil type) constituents ,
and fromaggregate properties (e.g., productivity, sequestered carbon) emerging from system development
(Holling 1992, Artime and De Domenico 2022) (Figure 1). These patterns are shaped by the varied environ-
mental circumstances within which ecosystems occur (Holling 1992). The rarity of spatial ecosystem models
built for predicting these patterns (Geary et al. 2020) may stem from the very complexities that motivate
modelling, as they present challenges for model design (Evans et al. 2013). More specific challenges include
which ecosystem patterns andspatial scales should be selected for modelling, and why (Levin 1998, 2011,
Gallagher et al. 2021). We present a general strategy for addressing these challenges with an alternative
approach to ecosystem spatial pattern modelling. The patterns we model emerge from spatially structured
biotic and abiotic ecosystem properties, predicted as a function of their shared relationships to environ-
mental gradients. Our simultaneous modelling of both biotic and abiotic responses, including ecosystem
structural, compositional, and functional variables, differs from the approaches taken in most spatial
ecosystem models (see Geary et al. 2020).

Spatial ecosystem models are typically built to predict patterns of one or more ecosystem properties and
those properties are often biotic (e.g., biomass, dispersal, decomposition) (Geary et al. 2020). In such
models, abiotic variables are usually employed as predictors (van der Plas 2019, Hjort et al. 2022). For
example, Huxley et al. (2023) show how topographic conditions shape linkages between biotic traits and
primary productivity. Abiotic properties have less commonly been incorporated as response variables in
spatial ecosystem models (Halvorsen et al. 2020). Here, abiotic properties are frequently limited to those
chemical constituents (e.g., nutrients, carbon), with a direct link to biotic processes. Representative models
(e.g., Lapierre et al. 2018, Soranno et al. 2019) predict how biotic (productivity) and abiotic (phosphorus,
nitrogen) ecosystem properties vary with environmental drivers. Recent formulations (e.g., van der Plas et
al. 2020, Gottschall et al. 2022) also predict biotic and abiotic properties, broadening their scope to include

Figure 1. Range of ecosystem properties available for modelling forest ecosystem patterns in our study.
Data encompass constituent and aggregate ecosystem properties occurring across biotic (labels 1 and 2 —
green font) and abiotic (labels 3, 4, and 5 — brown font) domains. Properties marked with an asterisk were
calculated from field data records. Tree and shrub graphics (Natural Resources Canada 2015).

physical and chemical abiotic variables (e.g., exposed ground, rain throughfall, and soil temperature, bulk
density, and nitrogen). This inclusive approach helps underscore reciprocal relationships between biotic and
abiotic properties. It also strengthens recognition of the joint contributions biotic and abiotic properties



make to ecosystem patterns. We contend these two premises are key to improving predictions of ecosystem
spatial patterns and we have incorporated them into our integrative modelling approach. What is more, our
approach is applied at a regional extent which is the extent where many conservation decisions are made
(Nicholson et al. 2019).

Our two primary study objectives are to (1) model independent and shared, biotic and abiotic, field-collected
response variables to geographic and remotely-sensed environmental predictors; and (2) employ continuous
spatial turnover in modelled responses to resolve ecosystem patterns at landscape extents. Model outcomes
reveal emergent relationships among ecosystem properties, across biotic, abiotic, and ecosystem levels of
ecological organization. The approach also provides a basis for partitioning the relative contributions of
biotic, abiotic, and geographic predictors to ecosystem spatial patterns.

To quantify variation in ecosystem patterns across space, we predict biotic-abiotic dissimilarities between
pairs of ecosystem survey sites using generalized dissimilarity modelling. Generalized dissimilarity modelling
(GDM) is an extension of matrix regression developed by Ferrier et al. (2002) for spatial biodiversity
modelling. Ferrier and Guisan (2006) highlight GDM as an analytical tool to ‘assemble and predict together’
, one of three general strategies they proposed for spatial prediction of community patterns. With this
strategy, community constituents (i.e., species, traits) are modelling simultaneously to predict biotic turnover
in space or time (Ferrier et al. 2007). Here, we extend this strategy to model ecosystem patterns, arising
from simultaneous prediction and mapping of both biotic and abiotic properties. We show how predicted
shifts in dissimilarity among combinations of these properties can be used to map spatial ecosystem patterns
across landscapes.

Material and Methods
Study Area

We conducted our study across the province of Nova Scotia, Canada. Nova Scotia is a narrow peninsula
covering approximately 55,000 square kilometers and extending three degrees of latitude and six degrees
of longitude. It is characterized by low to moderate elevation, mostly gentle relief, podzolic soils, and a
relatively wide range of local climatic conditions. Much of Nova Scotia is part of the temperate Acadian
Forest Zone, except higher montane areas which are outliers of the Eastern Boreal Forest Zone in Canada
(Baldwin et al. 2020).

Below, we summarize field-based response data and remotely sensed predictors employed in our models.
Those summaries are followed by model overviews and procedures for mapping spatial patterns.

Field-Based Response Data

We obtained ecosystem field data from plot surveys of forested sites following methods detailed in Keys et
al. (2023). Surveys involved measuring biotic (e.g., species coverage) and abiotic (e.g., humus depth) forest
ecosystem properties (Figure 1) (additional survey information in S1). Following surveys, we calculated sev-
eral aggregate ecosystem properties from plot data, including biotic (e.g., productivity) and abiotic variables
(e.g., brown carbon stocks) (Figure 1; S1). For each of our three models, we employed a response data
selection workflow (see S1) to satisfied model assumptions and to account for data errors or survey biases
(e.g., missing data attributes).

We generally sought to build parsimonious models incorporating constituent and aggregate ecosystem prop-
erties drawn from biotic and abiotic domains. In our ecosystem model (see S1), we strove to ensure the
number of biotic and abiotic response variables were relatively similar. For example, representing biota at
the species level (664 taxa) would have skewed the ratio of biotic to abiotic response variables in this model,
because fewer abiotic variables were available in the plot database. This imbalance would unduly weight the
influence of biotic variation on model outcomes. To help address this inequity, we represented biota with
ten functional groups (see S1) adapted from the Canadian National Vegetation Classification (Baldwin et
al. 2019). Lastly, different measurement units (e.g., percent cover for species, centimeters for humus depth)
were employed for quantifying the relativeabundance of biotic and abiotic properties (see S1). Mixing these



variables introduced dissimilar data structures in the response data pool, with a potential bearing on model
outcomes. We applied a cube root transformation to a subset of response variables (see S1) (Cox 2011) to
help resolve this issue.

Remotely-Sensed Predictor Data

Predictors included gridded environmental data derived from remote sensing. These rasters encompassed
topographic, edaphic, hydrological, climatic, and vegetation gradients. We emphasized predictors shaping the
distribution of each ecosystem property represented in our independent pool of response data; selections were
informed from published models built to predict spatial variations in biodiversity andgeodiversity (Hjort
and Luoto 2012, Mod et al. 2016, Simensen et al. 2020). Where possible, we also sought predictors with a
direct influence on the distribution of ecosystem properties, instead of employing proxies (Soley-Guardia et
al. 2024).

Following these conditions, we included 22 rasters in our final predictor dataset (see S1). We conducted all
raster processing using the terra package (v1.7.29) (Hijmans 2023) in R (v4.3.2) (R Core Team 2023). In
addition, we cropped and masked rasters to the extent of Nova Scotia; rescaled them to 10 m using bilinear
interpolation, where necessary; and projected them to NAD1983 CSRS v6 UTM Zone 20N. To minimize
false accuracies imparted by down scaling (Sillero and Barbosa 2021), we only selected predictor variables
with a native spatial grain of [?]10 m (details in S1) to match the finest grain in nested provincial ecosystem
surveys. Leaf area index was an exception; data were downscaled from 20 m (see S1).

We extracted predictor values at plot locations using the simple method (Hijmans 2023). Afterward, we used
correlation (r = 0.7) (Guisan et al. 2017) and variance inflation factor (VIF = 3) analyses (Zuur et al. 2009),
to identify correlated environmental predictors, employing the corrplot (v0.92) (Wei and Simko 2021) and
usdm (v2.1-6) (Naimi et al. 2014) R packages respectively. To choose between highly correlated predictor
pairs, we ran individual models with each predictor, from those pairs, and selected the predictor returning
better model fit (see S1). These procedures reduced the number of predictors from 22 to 18. Coupled
with geography (i.e., the Euclidian distance between each plot pair), those 18 environmental variables were
employed as baseline predictors for modelling (see S1).

Predictive Modelling Strategy

We used generalized dissimilarity modelling (GDM) to predict shifts in combinations of spatial ecosystem
response variables. Given this novel application of GDM, we take an exploratory modelling approach (sensu
Tredennick et al. 2021) to developing three classes of models with 1) ecosystem, 2) biotic, and 3) abiotic
responses. Each model is built with the same combination of predictors and the same model settings, but
differing combinations of response variables. GDM formulations predict dissimilarities between pairs of
sites as a function of their ecological distance in environmental and or geographic space. Since the modelled
response in GDM is a pair-wise distance metric, predictor variables are also represented as pair-wise distances
(i.e., difference in predictor values between site pairs). Ferrier et al. (2007) further summarize the statistical
underpinnings of GDM, while Mokany et al. (2022) propose a workflow for model fitting. We adapted this
workflow (see Figure 2) and employed the GDM package (Fitzpatrick et al. 2024) with default model settings
(see S1 for additional detail).

We began the modelling process by selecting ecologically meaningful combinations of response variables
informed by patterns summarized in the Nova Scotia Forest Ecosystem Classification (Neily et al. 2023).
We built a suite of models to evaluate how varied combinations of these response variables affected model
performance (see S1). Performance was assessed using deviance explained, a key GDM performance metric
representing the percentage of observed variation (dissimilarity) explained by the model (Mokany et al.
2022). We retained models in all three
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Figure 2. Ecosystem spatial pattern modelling workflow. The sequenced workflow includes steps to:
(a) incorporate field-based biotic and abiotic ecosystem response data and remotely-sensed predictors; (b)
design and implement independent ecosystem, abiotic, and biotic response models; (c) select model data
and assemble a site-pair table for GDM; (d) fit GDM models; (e) apply GDM model outputs to inform
decision making and generate follow-up research (e.g., empirical testing). Tree and shrub graphics (Natural
Resources Canada 2015); other graphics (Microsoft 365 premium creative content; Creative Commons; or
original content).

classes that performed the best and top performing models were subsequently run with matrix permutation
(see S1). Matrix permutation was used to cross-validate our models and to assess both model and predictor
significance. Here, model significance was determined by comparing the deviance explained between per-
muted and unpermuted formulations (Fitzpatrick et al. 2024). Matrix permutation was implemented with
backward elimination to exclude non-significant (p that included significant predictors, identified through
matrix permutation. We report the outputs of the final ecosystem, biotic, and abiotic response models (see

S1).
Spatial mapping of ecosystem patterns

To visualize ecosystem patterns, we used GDM transformed predictors to map dissimilarities among modelled
combinations of ecosystem properties. Following procedures in Mokany et al. (2022), we used fitted spline
functions from our ecosystem model to transform each predictor. Transformed predictors were then used
to predict dissimilarity between grid cell pairs, resulting in a multi-dimensional representation of ecological
space. To reveal patterns in this space, a principal components analysis was employed to reduce dimension-
ality. Subsequently, values from the first three principal components were assigned to an RGB palette and
plotted simultaneously. The resulting composite map reveals predicted patterns of ecosystem heterogeneity.

Results

Summary of Modelling data



The forest ecosystem dataset assembled for modelling was comprised of field survey records encompassing 16
biotic and 19 abiotic ecosystem properties (see S1). Mean plot separation was 877 m, and elevation ranged
from 1 to 506 m above sea level. An average of 7 functional groups were recorded in each plot. Forests in
the dataset spanned two biogeoclimatic zones, all ecoregions, and forest soil types recognized in the province
(Baldwin et al. 2020, Neily et al. 2017, Keys et al 2023).

Ecosystem, Abiotic, and Biotic Responses — Overview of Models

The final ecosystem, abiotic, and biotic response models explained, 41.4, 29.03, and 50.9 percent of deviance
in observed dissimilarity. These values are consistent with those in published generalized dissimilarity mod-
els (Mokany et al. 2022) (see S1 for detailed model overviews). Matrix permutation tests, employed to
cross-validate model performance, revealed all three formulations were statistically significant, with p-values
ranging from 0.04 to < 0.01. The three models were each fit with relatively low numbers of predictors,
ranging from 4 to 8 (Table 1).

The final ecosystem response model had six significant predictors (Table 1), including leaf area index, soft-
wood basal area, canopy height, normalized vegetation difference index, hardwood basal area, and terrain
ruggedness. The strongest predictors were biotic (jointly explaining 41.31% of deviance), and much of the
variation in dissimilarity was accounted for by leaf area index (19.72%) and softwood basal area (11.55%).
Terrain ruggedness was the only abiotic predictor making a significant, albeit minor (1.55%), contribution
to model fit.

Terrain ruggedness, depth-to-water, canopy height, and geographic distance were significant predictors in the
final abiotic model (Table 1). Two of these predictors were abiotic (jointly explaining 23.14% of deviance),
with terrain ruggedness making the most important contribution (12.81%). Overall, the most influential
biotic predictor was canopy height (5.46%). Among the significant predictors, geographic distance had the
lowest strength (<1%).

Table 1. Summary of the relative contribution of predictors employed in the ecosystem, abiotic, and biotic
response models. For each model, individual predictor coefficient sums are reported, while the proportion of
total deviance in dissimilarity, explained by each predictor, is in parentheses. Predictors with higher values,
have greater importance, for each given model. The three most important predictors per model are bolded;
predictor types are distinguished by font colour: green (biotic), brown (abiotic), and black (geographic
distance). Only those significant (p <0.05) predictors retained after matrix permutation with backward
elimination (Fitzpatrick et al. 2024) are shown. Predictor data and acronyms are described in S1.

Predictor Ecosystem Response Model coefficient sum (% deviance explained) Abiotic Response Mod
leaf area index 0.893 (19.72)

softwood basal area  0.523 (11.55)

ndvi 0.177 (3.91)

canopy height 0.135 (2.98) 0.053 (5.48)

hardwood basal area  0.077 (1.7)

terrain ruggedness 0.07 (1.55) 0.124 (12.81)
depth-to-water 0.1 (10.33)

geographic distance 0.004 (0.41)

slope curvature

Eight significant predictors were represented in the final biotic response model (Table 1). These included leaf
area index, softwood basal area, normalized vegetation difference, slope curvature, canopy height, hardwood
basal area, terrain ruggedness, and geographic distance. Just over half of the significant predictors were
biotic, together explaining 41.3% of deviance. Of these, leaf area index was the strongest predictor (22.02%
of deviance explained), while the most important abiotic predictor was slope curvature (5.32%). Although
geographic distance was a significant predictor, it contributed little to model fit (3.02%).



In the ecosystem response model, most fitted I-spline curves increased non-linearly and some were asymptotic
(Figure 3). Higher change in model transformed predictor values (y-axis, Figure 3) corresponded directly
with higher predictor values (x-axis, Figure 3) for leaf area index, normalized difference vegetation index, and
hardwood basal area. Spline curves for softwood basal area, canopy height, and terrain ruggedness plateaued
at mid to high predictor values. Geography did not contribute significantly to model fit, suggesting variations
in dissimilarity were driven by relationships with biotic and abiotic predictors that did not vary markedly
across the study area. In general, steeper changes in I-spline slope (e.g., where canopy height varied between
1 and 15 meters — Figure 3B) indicated greater dissimilarity between site-pairs, while flatter curve segments
indicated less change (e.g., Figure 3A — where the terrain ruggedness index exceeds 2). Spline shapes for leaf
area and normalized difference vegetation indices were relatively congruent. Here they showed prominent
change in dissimilarity, between site-pairs, throughout most of these predictor ranges; parallels in I-splines
shape and magnitude indicated their contributions to ecosystem-level responses were quite comparable.

In our biotic response model, fitted I-spline curves for slope curvature and hardwood basal area showed direct
correspondence between higher predictor values and higher ecological distance values throughout most of
their range (Figure 3). In contrast, spline curves for canopy height, leaf area index, softwood basal area, and
normalized difference vegetation index plateaued at mid or higher predictor values. Terrain ruggedness and
geographic distance leveled off at lower values.
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Figure 3. Fitted I-spline functions of significant predictors represented in the ecosystem (coloured orange),
abiotic (coloured brown), and biotic (coloured green) response models. Each panel corresponds to an in-
dividual predictor with the x-axis (predictor) showing the native unit scale and the y-axis (f(predictor))
corresponding with GDM transformed values. The maximum height of each predictor curve corresponds
with the amount of the ecological change along that predictor gradient. It indicates the importance of each
predictor, while holding other variables constant (Mokany et al. 2022). Curve slope represents change in
dissimilarity and how it shifts with increased predictor values. Error ribbons were created through boot-
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strapping and represent +/- one standard deviation of predicted spline functions (Fitzpatrick et al. 2024).
Predictor data are described in S1.

Ecosystem, Abiotic, and Biotic Responses — Comparison Among Individual Models

In general, outcomes of the ecosystem and biotic response models were more alike than either was to the
abiotic response model. The ecosystem and biotic response models performed similarly, and shared similar
sets of significant predictors (Table 1), including the three most important predictors (leaf area index,
softwood basal area, and normalized vegetation difference index). The cumulative contribution of abiotic,
biotic, and geographic predictors to each model (Figure 4) differed; yet again the ecosystem and biotic
response models showed commonalities, particularly with the large relative contribution biotic predictors
made to these formulations. I-spline functions for these two latter models also revealed parallels. Comparable
curve inflections were apparent between canopy height, leaf area index, softwood basal area, and hardwood
basal area I-splines (Figure 3).
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Figure 4 . Stacked bar plot showing proportion of total deviance explained by geographic, abiotic, and
biotic predictors for each of the final ecosystem, abiotic, and biotic response models.

Spatial mapping of ecosystem patterns

Spatial GDM predictions, of the final ecosystem response model, revealed ecosystem patterns across Nova
Scotia (Figure 5). Higher elevations in northern and central areas (shaded darker green and green-blue) are
distinguishable from lower elevations elsewhere in the province. A broad area of the southwest (lighter green
and brown shading), which occurs at lower elevation and supports more subdued relief, is also discernible.
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PCA2

Figure 5. Predicted spatial ecosystem patterns across the study region. The map depicts the first three PCA
axes of values from GDM transformed predictors layers for the final ecosystem response model, following
procedures outlined in Mokany et al. (2022) and Fitzpatrick et al. (2024). Areas with colours closer on the
RGB spectrum are predicted to have more similar ecosystems. Naturally unforested ecosystems, recently
harvested forests, plantation forests, and areas completely cleared of trees (e.g., for agriculture, mining,
urban development), have been nullified. Water bodies are shown in light blue.

Discussion

Our integrated modelling approach helps fill a gap in ecosystem spatial modelling capacity. We extend Ferrier
and Guisan’s (2006) well established ‘assemble and predict together * strategy for community-level distribution
modelling to predict ecosystem spatial patterns. Here, we model joint biotic and abiotic responses as a
function of environmental gradients. Thereafter, we apply spatial turnover among different combinations of
modelled biotic and abiotic responses as a basis for identifying ecosystem patterns. This effort marks one
of the first spatial ecosystem models to integrate of biotic and abiotic responses. The novel approach helps
illuminate relationships among biotic and abiotic ecosystem properties, and their drivers. It also provides a
basis for resolving the collective contributions biotic and abiotic model responses make to ecosystem spatial
heterogeneity across landscapes. Our approach can be applied in other regions to provide conservation
planners and decision makers with a tool to predict how and where ecosystems vary, and a means to help
understand the origins of these patterns. The approach is well suited to regions where the density of
survey sites is low relative to the grain of spatial turnover in the targeted ecological entity (e.g., community,
ecosystem) (Ferrier et al. 2007). It is also ideal when the objective is to predict continuous spatial variation
in ecosystem makeup and to apply those predictions for mapping emergent biodiversity patterns (Basquill
and Leroux 2023).

The ecosystem is central to recent global conservation agreements, such the Kunming-Montreal Global
Biodiversity Framework, and new scientific guidance is available to implement these and other ecosystem
targets across, global, national and sub-national extents (Nicholson et al. 2024, Venegas-Li et al. 2024). A
critical impediment is that few sub-global regions have adequate ecosystem mapping (Xiao et al. 2024), and
statistical models required to establish those maps are rare (Geary et al. 2020). To address these challenges,
previous terrestrial approaches have included modelling the distribution of pre-classified ecosystem types
(e.g., Simensen et al. 2020, Naas et al. 2024), or proxies including pre-classified vegetation community types
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(e.g., Comer et al. 2020, Jiménez-Alfaro et al. 2023) or remotely sensed land cover classes (e.g., Murray
et al. 2022). Most examples have been conducted at coarser spatial grains and correspond with Ferrier
and Guisan’s (2006) ‘assemble first, predict later * strategy for modelling biodiversity patterns. With this
strategy, individual observations — species for example — are assembled (e.g., through numerical classification)
into discrete units, such as community types, and those units are modelled in space. Following the ‘assemble
and predict together ’ strategy, our alternative approach fills a gap for modelling ecosystem patterns at the
landscape extent. In addition, we predict at a fine spatial grain. This grain matches the spatial resolution
where ecosystem restoration, and much ecosystem-based management and conservation, is implemented (e.g.,
Makela et al. 2012, Pressey et al. 2013, Aubin et al. 2024).

Different analytical approaches have distinct strengths, and their characteristic applications reflect varied
modelling data and intents (Deschamps et al. 2023, Naas et al. 2024). Our adaptation of Ferrier and Guisan’s
(2006) ‘assemble and predict together ’ strategy enabled us to parse the shared and independent components
and determinants of ecosystem heterogeneity. More specifically, it allowed us to predict biotic, abiotic, and
ecosystem responses to diverse environmental circumstances, which we operationalized in three separate
models. Two of our models represent lower levels of ecological organization, which Levins (2011) contends
have a controlling influence on ecosystem pattern and process. Predictions from lower ecological levels also
allows ecosystem conservation practitioners to represent biotic and abiotic properties in model-informed
conservation plans. Here, these distinctions may be necessary for managing or restoring specific groups of
ecosystem components or services (e.g., wildlife habitat - Van der Biest et al. 2020; carbon sequestration and
storage - Ameray et al. 2021; soil properties - Rader et al. 2022). Our modelling framework provides this
functionality, enabling researchers to predict whole ecosystems and their parts, while identifying potential
mechanisms.

Our foremost predictors of ecosystem dissimilarity were all vegetation-based, namely leaf area index, soft-
wood basal area, and normalized difference vegetation index (Table 1). Vegetation predictors (e.g., canopy
height, normalized vegetation difference index) similarly explained the largest proportion of variation in for-
est ecosystem distribution models of Norway (Naas et al. 2024). In distribution models of vegetation-based
ecosystem proxies (e.g., Ponomarenko et al. 2019, Lee et al. 2021) spectral vegetation indices (e.g., normal-
ized vegetation difference index) and remotely sensed vegetation cover are frequently the primary predictors.
These mutual findings suggest the potential effectiveness of employing vegetation canopy features — which
represent a fraction of total ecosystem composition and structure — to predict forest ecosystems.

The most influential predictors in our biotic and ecosystem models were identical. This might imply the
predominant drivers of biotic properties mirror those shaping whole ecosystems — including constituent
facets of abiotic diversity. An alternative interpretation is that the relative influence of abiotic predictors on
ecosystem variation has been masked in our ecosystem formulation. Results of our independent biotic and
abiotic response models lend relevant evidence. In the abiotic response model, terrain ruggedness and depth
to water, both frequent topographic predictors in biodiversity and geodiversity models (Dilts et al 2023,
Toivanen et al. 2024), were the top two predictors, accounting for 80% of total deviance explained (Figure
4). Neither of these predictors were important in the biotic or ecosystem response models. One explanation
for these disparate findings may lie in our abiotic response model’s performance, which was the lowest of the
three builds. This model’s lower relative performance may indicate new predictors of abiotic variation are
warranted. Furthermore, including these same new predictors in an ecosystem response model could shift
the ratio of meaningful predictors more evenly among biotic and abiotic predictors. Indeed, commonalities
between the biotic and ecosystem response models, and the intermediate performance of the latter model,
suggest these two formulations are more strongly favouring biotic properties and their respective predictors.

Generally, our models are exploratory and could benefit from empirical testing with out of sample data
from different study areas or time frames (Tredennick et al. 2021). The absence of these data highlights a
limitation of our adaptive approach (sensu Holling and Allen 2002). This approach is common in models
where relationships between predictors and response variables are poorly understood (Tredennick et al. 2021,
Planque et al. 2022), such as they are between ecosystem properties and their determinants (Soranno et
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al. 2019). Empirical testing could also lead to hypothesis generation and theory development, particularly
for mechanisms of ecosystem assembly, which are inadequately substantiated (Levin 1998). Model outcomes
could also be employed for making secondary predictions to explicitly link pattern and process (Gallagher
et al. 2021). The framework we develop lends itself well to these objectives. It can be rapidly fit to large
datasets, allowing for the development and testing of nested models for successive resolution of ecosystem
patterns and drivers at various scales and levels of complexity.

One strategy for strengthening our ecosystem build is to draw more explicitly from geodiversity modelling and
its potential for improving biodiversity predictions. Recognition of the interplay between biodiversity and
geodiversity — the diversity of Earth’s abiotic features and processes, including climate — has risen sharply,
partly in response to rapidly changing global conditions (Schrodt et al. 2024). Efforts to bridge these two
disciplinary foci have emerged from both biodiversity (Vernham et al. 2023) and geodiversity (Alahuhta et al.
2024, Toivanen et al. 2024) research streams. The ecosystem is an apparent focal unit for synthesizing across
disciplines, for geodiversity is integral to ecosystems (Richter and Billings 2015, Holling 1992, Ochoa-Hueso
et al. 2021). Yet, few ecosystem models jointly incorporate facets of biotic and abiotic diversity as responses
(Basquill and Leroux 2023). While we strived to adequately represent abiotic responses in our ecosystem
model, the inherent coarse spatial grain of many geodiversity predictors — including geology and climate
(e.g., Hjort and Luoto 2012, Read et al. 2020) — precluded their use in our study. We selected predictors
to match our survey grain following best practices for biodiversity distribution modelling (Chauvier et al.
2022). Although omitting coarse-grain predictors in our models may seem like a modelling impediment, it
raises an opportunity for exploring ecosystem scaling relationships.

Ecosystems occur at all spatial scales (Fritsch et al. 2020) and scales selected for modelling correspond
to study objectives (Geary et al. 2020). The fine resolution (10 m) in our models reflects the spatial
grain where many topographically controlled terrestrial ecosystem properties (e.g., vegetation — Moeslund
et al. 2013; soil — Seibert et al. 2007; water — Detty and McGuire 2010; organic matter — Burton et al.
2011) are strongly expressed. This grain coincides with the fine-grained mapping needed for much natural
resource management (Pressey et al. 2013, D’Urban Jackson et al. 2020, Senf 2022) and applied forecasting
(Dobrowski 2011). However, ecosystem properties may also be driven by processes occurring at other scales
(Holling 1992). For example, climatic processes affect biodiversity from macro to microscales (Coelho et
al. 2023, Kemppinen et al. 2024). The paucity of microscale climate data has limited their availability for
fine-grained studies (Kling et al. 2024) and resulted in possibly misleading biodiversity predictions (Slavich
et al. 2014, Manzoor et al. 2018). Notwithstanding this data deficit, one solution for investigating scaling
relationships is to systematically examine the influence of spatial grain on model outcomes (e.g., Guisan et al.
2007). Numerous methods are available for altering grain to advance understanding of scaled relationships
across landscapes (Graham et al. 2019, Markham et al. 2023). Our modelling framework would lend
itself well to this inquiry, providing a means to test how scaling is affected by grain and level of ecological
organization (i.e., biotic, abiotic, and ecosystem levels). Another benefit of our framework is that it could
be coupled with separate spatial models to predict assemblages of ecosystem properties.

Our GDM-based framework is a strategy for predicting shifting combinations or turnover of ecosystem
properties, analogous to GDM models of community turnover. Working from this premise, we posit the
comparable but distinct value of predicting spatially structured assemblages of ecosystem properties. This
objective could also be operationalized by extending community-level modelling techniques, such as joint
species distribution modelling (jSDM; Basquill and Leroux (2023). jSDM is a community modelling technique
(Pollock et al. 2014) which can be applied to predict biotic composition (Franklin 2023). The two adaptations
of community-level modelling techniques — GDM in the present study and jSDM - offer complementary
approaches for predicting ecosystem patterns. Here, we suggest they could be coupled to predict spatially
structured 1) assemblages of ecosystem properties (via jSDM) and 2) continuous shifts in those assemblages
(via GDM). Similar pairings of GDM and jSDM were employed for predicting taxonomic and functional
composition and turnover of European peat bogs (Robroek et al. 2017), and the assembly and turnover of
meiofaunal communities across Denmark (Macher et al. (2024).
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Conclusions

Ecosystem spatial pattern modelling — sometime called ecosystem distribution modelling — is in early stages
of maturity (Naas et al 2024), and there are few evaluations of suitable approaches. This is expected to
change. While species distribution models greatly outnumber models for other levels of biodiversity (Zurell
et al. 2022), interest in community and ecosystem spatial modelling is increasing rapidly (Geary et al. 2020,
Simpkins et al. 2022). Much of the immediate demand has come from conservation scientists tasked with
developing models to identify ecosystems for protection and restoration. This has prompted development of
standardized classifications and mapping tools, including those for the red list of ecosystems (Keith et al.
2022, Murray et al. 2022). Yet very few countries presently have suitable models for mapping ecosystems
(Xiao et al. 2024) and available models emphasize vegetation proxies. Our framework offers an alternative
approach. Our joint emphasis on biotic and abiotic response variables from field surveys contrasts with other
approaches. Biotic and abiotic properties are the building blocks of ecosystems (Holling 1992). Predicting
regular shifts in groups of these properties is essential for resolving and understanding ecosystem pattern
(Levin 1998, Levin et al. 2001). Such patterns express ecosystem assembly outcomes, including the factors
shaping lower levels of ecological organization (Keith et al. 2022). Overall, the framework we present is
intended to help advance general understanding of ecosystem patterns, which remain poorly understood
(Loreau 2020).
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