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Abstract and keywords

Aim

Landscape heterogeneity is a key driver of biodiversity, ecosystem fungti@nd
resilience. However, the complex relationships among diffemnponentsf heterogeneity
compositional, configurational, véal, and tempordl remain underexplorefbr large areas

such asat the nationalscale. This study examines tassociationamong multiple landscape

heterogenejt componentscross landgtover types to refine their use in ecological research.
Location
Germany
Time Period
Mainly 20172020
Major Taxa Studied
Not taxaspecific; focuses on landscape heterogeneity as an ecological driver.
Methods

We analged nationwide spatial datasetisvery high resolutiofl0i 30 m resolutionpf
land-covertypes, dominant tree species, canopy heiginiltime-seriesof crop typesas well as
grasslandnowing frequency We aplied Structural Equation Modeling (SEM) to asséss
statistical relationshifpetweenheterogeneityndicesand theirinteractions Specifically, we
examined (i) compositional vs. configurational heteroger(egy, Shannon diversity vs. edge
density) (ii) configurational heterogeneity vs. connectivity, (iiprizontalvs. vertical and
temporal heterogeneities, and (iv) heterogeneities across multipledaad typeshased on

grid cellsof 3 x 3 knf.
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Results

Our findings reveal thatompositional and configurational heterogeneitedibit
positive correlations, but their relationshipse moderated bthe proportionsof land-cover
types Configurational heterogeneity does not enhance connectivity; after controllilagdor
coverproportions its partial association with connectivity is negative. Vertical and temporal
heterogeneities show limited associations wititizontalcompositional and configurational
heterogeneitiessuggesting relative independenkencipal component analysisdicates that
landscape heterogeneity is primarily driveni®terogeneitiesf forest and overall landover,
e.g., edge densities of forest dominant tree speciesoami@ll landcover types whereas

cropland heterogeneitg.g., Shannon diversity of crop typesntribues negatively.

Main Conclusions

Our study underscores the importance of accountindafiet-cover proportionswhen
analysing landscapdeterogeneity relationshipBailing to do so camlistortthe modeldue to
potentialhiddencollinearity. Additionally, ourfindings highlight the neetb capturehe multi-
dimensional nature of landscape heterogeneityn biodiversity and ecosystem studies.
Landscape heterogeneity skapedby the interdependenciebetweenprevailing land-cover
patterns likely influenced by land-use decisions anchistory as well associatecologcal

contexs, highlighting the need for crosmtionalor crossadministrativestudies.

Keywords

compositional heterogeneity, configurational heterogeneitpnnectivity, land-cover
proportions landscape heterogeneity, remote sensing, structural equatiohlingpdemporal

heterogeneityvertical heterogeneity



98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

Main text

1. Introduction

Landscapéheterogeneity has been sedlin biodiversity research for several decaded is
regarded as a foundational characteristic essentialdortainingbiodiversity(MacArthur and
MacArthur 1961; Fahrig et al. 2011; Steira€t2014) More recently)andscapdeterogeneity
hasalsoattracted attention for its role as a buffer against disturbances, potentially enhancing
ecosystenmesilience(Papanikolaou et al. 20; Zhang et al. 2020; Seidel and Ammer 2023)

As research has progressed, the effects of landscape heterogeneity on biodiversity have been
shown to vary across taxonomic groups, environmental domains (e.g., climate, topography,

land-cover), andspatial scaleéStein et al. 2014; Heidrich et al. 2020)

The concept has evolved from a focus on compositional heterogenidieynumber and
proportions of different elemeristo also enompass configurational heterogeneity, referring
to the spatial arrangement and shape of those ele(f@hisg et al. 2011 )we refer to these as
two core attributes of landscape heterogeniaitthis study (Fig. 1)In parallel, the study of
landscape heterogeneity in complex ecosystems has grown more sophisticated, expanding from
two-dimensional (D) to threedimensional (3D) perspectives and, more recently, to include
the temporal dimension. This shift has been facilitated by advances in scientific and technical
tools, particularly remote sensiiDavies and Asner 2014; Coops et al. 2019; Torresani et al.
2023) Although landscape heterogeneity has traditionally bdefined as the spatial
heterogeneityof landscapefeatures such as larabver types, vegetation composition and
physiognomy, and abiotic facto(Stein et al. 2014)we expand this definition to include
temporal heterogeneity in response to tt@wgng interest in its ecological relevan@dlan et

al. 2014; Schellhorn et al. 2015; Coops et al. 2019; Fijen et al. Zoig5)L).
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Given the expansion in ouunderstanding of landscapeterogeneityit is becoming
increasingly importanto understandhe unique effest of each componentof landscape
heterogeneity on ecosystem functidisentanghg multiple forms ofheterogenejtin complex
landscapg In biodiversity research, disentangling configurational and compositional
heterogeneity has become increasingly importsthey have been shown to play distinct roles
in shaping animal communities. For instance, these dWmbutesof heterogeneity filter
different arthropod traits and help mitigate biotic homosggitun (GamezVirués et al. 2015)
Configurationaheterogeneity haalsoshown strong positive effects on trait dominance within
communities, while compositional heterogeneity had strong positive effects on taxonomic
diversity( Per ov i [ . Additiomally, configuratnal heterogeneity is receiving more
attention for its potential to enhance ecosystem resilience, for example, in regard to pests

(Zhang et al. 2020)

In terms of the dimensioaxpansionof landscapeheterogeneity, the developmeuit
remote sensing technologies, such as airborne LiDAR (Light Detection and Ranging), SAR
(Synthetic Aperture Radar), and UAV (Unmanned Aerial Vehicles) photogrammetry, have
illuminated the effects of-B heterogeneity on biodiversity over the past twoades, from
forest habitats to grasslan@3avies and Asner 2014; Bae et al. 2019; Torresani et al. 2024)
Over the last decadrigh-resolution satellite data, such as Sentihahd Sentine?, now allow
creatingtime-seriesof national maps depictingndscapdeaturese.g.dominant tree species,
crop typescrop rotation omowing frequency(Schwieder et al. 2022; Blickensdorfer et al.
2022, 2024) These maps facilitate the calculation of landscape heterogendgiiin an
individual land-covertype (e.g., croptype heterogeneityn croplandsdominant tree species
heterogeneityn forests mowing frequencyheterogeneityn grasslandsat a national evel
which was previously impossibleased oriield surveysor airborne dataFurthermore, multi

temporal maps enable the exploration of temporal heterogénsitgh asinter-annual
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heterogeneity in grassland mowing frequencies and crop seq@ealtesughits effects on
biodiversity arestill to be understood in more detallhe impact of temporal heterogeneity on
biodiversity is contentious, with some arguing for positive impacts due to increased temporal
niche separatioand diversificationf Al | an et al . 2014, Dol,egal e
while others suggest negative impacts due to decreased st@uligilhorn et al. 2015; Coops

et al. 2019)

In light of thegrowing interestin available data ofandscapéieterogeneity, exploring
the relationships betweethe differentcomponentsof heterogeneityand embracing the
complexty of landscapéieterogenejt can enhancés application in ecological studie8s a
notable example, compositional and configuratidreterogeneities have been assumed to be
correlated, and it is recommended to select sampling points where both heterogeneities show
less correlation from the outset thfe study design(Fahrig et al. 2011; Pasher et al. 2013;
Per ovi 015)dhe calihearitydetween these two heterogeneity variables has been tested
in individual study areas to maintain statistical robustfeBse r ovi | et -\rdés 2015
et al. 2015)Furthermore, akorizontalandvertical landscapéeterogeneities can sometimes
be highly correlated, previoutuslies have been cautious in their selection of variables to avoid
collinearity (Jung et al. 2012; Heidrich et al. 202@) such,due to possible correlations
between diverse types of landscape heterogeneity, their relationships have been examined in
individual study areasdowever, to the best of our knowledge, the overall correlation patterns
of landscape heterogeneétyacross mulple dimensions, attributes, and lacaver types (see
Fig. 10 have not yet been systematically investigated at large spatial stabdsresearch is
essential for refining the selection of heterogeneity indices, informing site stratification, and

accountng for key covariates or interactions in ecological analyses.

In this study, we explotethe nationwide relationships among divecsgnponentsof
landscape heterogeneiboth across all landover typeghereafter, LCand within individual

8
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land-cover typesd specifically forests, croplands, and grasslan&®r the horizontal
heterogeneitywe first examiné the association betweammpositional and configurational
heterogeneitied two core attributes of landscape heterogen#itg then explored how both
compositional and configurational heterogeneitietate to connectivityWhile landscape
connectivity is not a form of heterogeneity itself, configurational heterogeneity is often assumed
to enhancdandscapeonnectivityandis sometima confused withit (Fahrig 2017; Estrada
Carmona et al. 2022)Thus, we explor@ whether configurational heterogeneity enhances
landscapeconnectivity. We then assesbkthe strength of associations betwedsorizontal
hetergeneity and bothvertical and temporal heterogeneitfesepresenting additional
dimensions of landscape heterogenehiynally, we examined how landscape heterogeneity
across multiple landover type8 for example, between forestlated and croplancklated
heterogeneity is interrelatedUtilising openaccess data, we tesithe relationships between
heterogeneities via correlation tests and Structural Equation Modelling (&asBd on the
generally strong associations reported in the literature amongediffeomponents of

landscape heterogeneity, agsumegbositiveassociationacross all four types of comparisons.

In addition, abiotic factors such as topography and soil properties can influeneesénd
decisions and, in turn, the spatial distributafiand-cover types. For instance, regions with
more productive soils may be associated with a higher proportion of cropland and a lower
proportion of forest. The dominance of particular l@oder typed potentially shaped by such
abiotic factor® can influence landscape heterogeneity. Likewise, daoer proportions
(hereafter % lanaover), which may significantly affect biodiversity, have been assumed to
correlate with landscape heterogenéighrig 2017andwererecently shown tinteract with
configurational heterogeneity in relation to biodiverghdartin et al. 2019)Thus we includel
abiotic factors an@b land-coverin our SEM as an intermediate variable in association chains

to examine the partial relationships between heterogeneity varaidesplorethe potential
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role of % land-cover in mediating relationshipsee Method section 2f&r detaily. We
hypothessed that the relationships among heterogeneity components may also depend on their

associations with % landover.

2. Materials and methods

2.1. Studyarea

This study was conducted across Germany, covering approximately 357,000 kmz2, with
elevations ranginggom 0 m to abou2,900 ma.s.l The land cover comprises 35.8% forest,
32.6% cropland, and 22.4% grasslanith the remaining area distributed among categories
such as artificial land, wetlands, and water bodies (Fig.R&bent biodiversity studies in
Germany analging landscapecale effects testgalot-diameters between 1 and 6 km, with 2
or 4 km proving most effective in explaining ecological respofSésnezVirués et al. 2015;
Seibold et al. 2019; Fricke et al. 2022; Le Provost et al. 2@#8pd on these findingsve
divided Germany into 41,060 gridells of 3 x 3 km for statistical analyses of landscape

hekerogeneity.

2.2. Data source and calculation of heterogeneity

Germary-wide spatially explicit datan land cover and land managemeracticewere
used.Theseincluded satellitederived maps (230 m resolution) for land covéPflugmacher
et al. 2018) crop types (Blickensdorfer et al. 2022)dominant forest tree species
(Blickensdorfer et al. 2024yrassland mowinfrequency(Schwieder et al. 2022and canopy
height(Lang et al. 2022)Additionally, agricultural census data on average farm size at a 5 km
resolution (Federal Statistical Office and the statistical offices of the Lander 20269

incorporatedFig. 2).
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Compositional heterogeneity was quantified usingShannordiversity index H') for
categorical datand standard deviation foumerical dataConfigurational heterogeneity was
assessed via edge density (ED) aneragesize (Table 1Note Sifor equations oH' andED).
Temporal heterogeneity was derived frawailable yearly timeeries maps, i.ecyop type and
mowing frequencymaps (20172020). Temporal compositional heterogeneity was calculated
usingH' across four years, while temporal configurational heterogeneity was determined using
the interannual change rate (Fig. S@je could not capture all components of landscape
heterogeneity due to limited or unsuitable data for certain aspects. For example, compositional
heterogeneity of numerical variables such as mowing frequency and canopy height was
assessed using standard deviation. However, we considered it inappropriageiveo d

configurational heterogeneity from these variables

Woody vegetation and grassland connectivity were each assessed using dedicated
connectivity indicesWoody vegetation connectivityas calculated by combining forest areas
(Blickensdorfer et al. 2024yith small woody features derived from the crop type map
(Blickensdorfer et al. 2022)reating them as habitat patches for the connectivity index
Grasslad connectivity was assessed using all grassland areas identified from mowing
frequency mapg$Schwieder et al. 2022)vhich served as habitat patches in the connectivity
analysis.Connectivity was calculated in each 3 x 3 km gnadl using Graphab(R paclage
graph4lg. Habitat patches were connected usihglideandistances and nearestighbar
relationships, providing a practical approximation of a fully connected nefiseekdetails in
Fig. S3) Connectivity was quantified using the Equivalent Conmggtindex calculated as
the square root of the summed product of patch areas weighted by interaction prdSatvitiy
et al. 2011) This index allows for intuitive interpretation, as it is expressed in area units and
can be directly compared to the size of a single habitat patch that would provide an equivalent

level of connectivityThe Equivalent Connectivityndexwas then computed:
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nis the number of patchea is the area of the patéhd; is the distance between patches

I andj, andQ is the probability of movement between the patétzesl). Th e par amet er

is defined as the rate of decline in probability when distance increases, calculated as
" 0 , Wherepmin is theminimum probability of movement with the default value

of 0.05 at thenaximum dispersal distance of specigsy). Although speific species were not
defined for the connectivity analysis, the selected threshold disfesgg of up to 3 km is
ecologically relevant for several spatspersing groums such as bryophytes, lichens, and
fungid as well as flying vertebrates like birdad bats, and large insects such as bumblebees.

(Westphal et al. 2006; Abrego et al. 2018; Komonen and Mduller 2018)

Abiotic factors potentially influencing% land-cover were collected, including
topography(NASA Shuttle Radar Topography Mission (SRTM) 2Q1K)il texture and soll
moisture(Hiederer 2013; Deutscher Wetterdienst (DWD) 202hd climate daté~ick and
Hijmans 2017)(see all abiotic factors before variable selection in Table Bdljowing
multicollinearity analysispnly slope and soil moisture were retainedhe furheranalysisdue
to their strong correlation wit®o land-cover and low collinearity betweeneach other
(Spearmals rho < 0.6). % Landcover is calculated for eachdividual landcover type and

labeled accordingly; for exampl& forestrepresents the proportion of forest cover.
2.3. Statistical analysis

Spearmals rank correlation was used to assess relationships among heterogeneity
indices, as it is more robust thdPearsors correlation and better captures nonlinear

dependencies. To examine hétwlandcoverinfluences the relationship betwedhandED,
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quantie correlation tests were performéar deciles of% landcover using Spearmals

correlation.

SEM quantified direct and indirect paths/relationshipsand residual covariancef
relationshipsamong abiotic factors,% landcover, and multiple landscape hetegeneiy
componentsusing the maximum likelihood methadSEM explors correlations within a
defined networkincludingassociatiorchains, such dA relatesdo B, whichrelatedo C'. This
strength of SEM facilitatehie measurmentof indirect a cascading linkages. SEbktimaes
a partial regression coefficiefitereafter, path coefficiert)at indicates the strengthasingle
predictor variable on the response while simultaneously consideringelit®nsof other
variables in the mod€lGrace and Keeley 20063EMswereused in this studyo model the
relationships (1) betweaompositionalndconfigurationaheterogeneitielsoth acros&C and
within individual landcover type8 forestsandcroplandqsee full variables and model in Fig.
S5), (2) betweenconfigurationalheterogeneity and connectivity faroody vegetatiorand
grasslandg§Fig. S7) respectively(3) betweerhorizontalandvertical forestheterogeneityFig.
S12a) and 4) betweenhorizontaland temporalheterogeneity for croplands and grasslands
respectively(Fig. S12bd). To keepdata consisterih each SEMthe same datasets were used
for % landcoverand horizontalheterogeneity calculations within each SEHzbr example,
when calculating % forest, we used a land cover mamfS8EM forLC (% LC forest Fig. 3a)
while usinga dominant forest tree species map fo8&M for forests% forest Fig. 3c). SEMs
could not capture all relationships due to the absence of certain components of landscape

heterogeneity, such as the configurational heterogeneity of gras@daedSectio.2).

SEMsweremodelledusing the Rbackagelavaan andstandardsed paramter estimates
(std. est.) were calculated for regressions and covariamzkeplottedusing the R packages
semPlotVariables with skewed distributions wdransformedy squareroot or cuberoot(see
detailsin Table S3)andorthogonaljuadratic terraof % landcoverand heterogeneity indices

13



290 were added to account for nonlinear relationskigg., Fig. 8). Linear terns described the
291 association direction between variables, i.e., positive or negadine quadratic terra
292 representethebending shape of parabolic curves, i.e., concave up or.ddiwariables were

293 Z-transformed before motmg.

294 Principal component analysis (PCR packagevegar exploredrelationshipsamong
295 multiple landscape heterogeneity componert®ss langover typeslt supportanterpreting
296 and visualising complex highdimensioml datases by redudng dimensionality while
297 preservingvariations Standardsing variables to zero mean and unit standardation was

298 performedduring PCA
299 3.Results

300 3.1.Compositional andconfigurational heterogeneities

301 Spearmals correlation and Structural Equation Modeling (SEM) analyses revealed

302 positive correlations betweéti andED both acros&C and within individual lanecover types

303 Theassociation leveh SEM here means partial correlatiafter controlling for% landcover

304 and abiotic factors oH' andED and accounting for the indirect effects along a compound path

305 (see Fig. S5 and Table &# the full variables)LC H' andLC ED showeda strong correlation

306 (rho =0.73; Fig. 3b) and a substantial SB&4ociation (std. est. = 0.64; Fig. Jdptably, the

307 correlation betweehC H'andLC ED varied with% LC croplandsranging from 0.6 to 0.82

308 (Fig. 3b). Given that% LC croplandshad the most substantial impact on LC heterogeneities

309 among the three lancbver types (Fig. 3a), we anadd correlations per decile 8 LC

310 croplands The% LC croplandsvas associated withC EDb y 0.52 andfor0. 26 ¢
311 the F'and 29 factors, respectively, andith LCH' b y 0.38 and Sand?246 wi:t
312 factors, respectively (Fig3a; Fig. S6b; Fig. S6eHowever, astrong negative correlation

313 betweer?s LC forestsand% LC croplandsvas found¢ t d . 0e78)tindicatinga potential

14
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338

tradeoff between forests and croplanasrossland-cover compositioal gradientgFig. 3a).
Thus weadditionally exarmeddecile correlations betwe&@ H'andLC ED for % LC forests
ranging from rho = 0.45 to 0.72 (Fig. §1®espite collinearity induced by the high mutual
correlation o landcoverwith bothLC H'andLC ED, thepartialcorrelation betweehC H'

andLC ED remained strong both decile correlations

Focussing oforests, a weak correlation betwekneeH' andTreeED was observedliio
=0.17; Fig. 3d), but SEM revealed a high partial correlation (std. est. = 0.79; Fig. 3cxigaly
landscapes with similar % forest at{eercentile intervalsTree H andTree EDcorrelations
ranged fromrho = 0.39 to 0.93, higher than the overall grid correlation (Fig. &d).
corresponddwith alargerSEM partial correlatiorthan bivariate correlatiobetweenTree H
andTree ED In croplands, a moderate correlation betwersp H' andcrop ED was found
(rho = 0.52; Fig. 3f), but SEM indicated a low partial correlation (std. est. = 0.25; Fig. 3e).
Contrary to forests, correlations betweap H'andcrop ED per decile of % croplands were
low (rho = 0.03 to 0.39) and disappeanedandscapes with minimal % cropland (Fig. 3f).
correspondd with the findingthatthe partial correlationbetweencrop H' andcrop ED was
relatively low in SEMThis suggests that the moderate overall correlation beteveprd'and
EDis likely driven by strong positive effects @f croplandon bothindicesrather than a direct
associationThus, partial correlations between H' and ED were significant in fdsastseak

in croplands when accounting f& landcovereffects.

SEM analyses revealed opposite effect@wforestson Tree H and Tree EDJ one
negative and one positive (Fig. 8cjvhile % croplandshad positive effects on bottrop H'
andED (Fig. 3e).Correlation testfor deciles of% landcoverprovided additional information
about these relationshiga landscapes with minimal forests (e.g., <5%), diverse dominant tree
species (higiA'ree H) were present, indicating that forest diversstyelatively independent of
% forest with a slight negative association (Fig. 3cpnverselyTree EDwas limited in less
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forested landscapes, showing significant restrictooro forest(see red dots and line in Fig.
3d). In extensively forested lasdapes€.g.,>75%), bothTree H and TreeED varied widely
and were highly correlate@ho = 0.93;see blue dots and line in Fig. 3&ome large forests
were dominated by a single species (e.g., spruce or beech), resulting in vehala¥ED (see

an example in Fig. S14a).

In croplands, increases % croplandscorresponded with increasesdrop H'andED.
Landscapes with lowo croplandshad low values for botindices while those with higlo
croplandsexhibited high values for both. Thuss@ong correlation 0% croplandswith both
crop H'andED inducel superficial collinearity between theselices even though their pure
correlationwas low. In extensively cropped landscapes, multiple crop types ¢hoghH) with
regular patch shapesnd sizes were common, inducing less variancerap ED (see an
example in Fig. S14bBimilar patterns were observed in the quantile correlation betiteen

andmean patch sizeanother classical configurational heterogeniaitiex (Fig. S15).
3.2.Heterogeneiiesand connectivity

Although connectivity is often assumed to increase with configurational heterogeneity,
our results suggest a more nuanced relationship. \iBilandconnectivityexhibited a strong
positive correlation in simple pairwise analyses, SEM revealed a weakgativeepath
coefficient (herepartial regression coefficienafter accounting fo% landcovereffects.The
connectivity of woody vegetatioshowed a high correlation wiflorest ED(rho = 0.74; Fig.

S9). However, in SEM, where collinearity with landcoverwas controlled, this relationship
weakened and even became slight Ithe Fmed@at i ve
factors respectively; Fig. 4a, Fig. S8b). This suggdshat the apparent positive correlation

was largely driven by the ewariation of% forestwith bothwoodyconnectivityandforestED
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rather than a direct link. Indeed, SEM indicated #adbresthad strong positive effects on both

woody connectivitpndforest ED(linear std. est.=1.07 and 0.76, respectively; &ag.

A similar pattern was observed for grasslands, wheassconnectivityandgrass ED

were highly correlatedrito = 0.94; Fig. S11). However, SEM revealed a strong negative

association betweegrass onnectivityandgrasskD after controlling for% grasslandgstd.

est. = 0. 7 1 1amd @ fatord r2spectivelyFig. #beFig. S8). The strong

pairwisecorrelation stexmedfrom % grasslandnfluencing bothgrassconnectivityandgrass

ED (linear std. est. = 1.67 and 0.97; Fig. 4b). Quantile correlations sadpbit negative

association,

except in extreme deciles (Fig. S17).

3.3. Horizontal, vertical, and temporal heterogeneities

ranging

from

0.

08 to 10.

Despite moderate correlations between mdiliensional heterogeneitiesh¢ = 0.33

0.64; Fig. S10, S11), SEM revediweaker partial correlations when accounting%etand

coverand landnanagement practic&he standard deviation (SD) of canopy heighigrical

heterogeneity measure,da limited SEM association withorizontalheterogeneities. SEM

path coefficients focanopy heigh&Dwith Tree EDwere 0.28 (linear) aneD.36 (quadatic),

while with Tree H, theywere0.06 and 0 (Fig. 5a, S13b, S13tgmporal heterogeneities also

showedlimited associations withorizontalheterogeneities in SEM, except favrizontaland

temporalcrop H (std. est.=0.5and 0.05 for thesland 29 factors, respectivelyFig. 5b). The

associationbetweerhorizontalandtemporalcrop ED(interannual change rate) anarizontal

and temporal grass SDwere weaker( st d .

est .

0.

5

0 7' aral rPYfactors, .

respectively, for the former and std. est.=0.25 and 0.08 forthad 24 factors for the lder,

respectively; Figbc, 5d).
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3.4. Heterogeneities between multiple lanetovers

While heterogeneities within single laxdver typeswere predonmmantly positively
correlated (e.g.rho = 0.59 for horizontal and temporal crop H), certain forestelated
heterogeneities shaa negative correlations (Fig. 6a). Between different laoder types,
correlations vaed from negative (e.gtho= 1 0 . dr& ED amdwoody connectivijyto
positive (e.g.rho = 0.58 forTree EDandLC ED). Grasslandelated heterogeneities exhgit
minimal correlations with other lantbver heterogeneitiel the PCA, te firsttwo principal
components (PCs) explaind@b ofthevariance immultiple dimensions, lardover typesand
attributes of heterogeneiti€¥able ). The first principal component (PC1; 29% variance)
was positively influenced by foresand LGrelated heterogeneities tonegatively by crop
heterogeneities (Fig. 6b, Table S5). The second principal component (PC2; 18% variance)

primarily represermd grasslaneelated heterogeneities (Fig. 6b).

4. Discussion

Landscape heterogeneity has been shown to enhance biodiversity, ecosystem services,
and resiliencévan Nes an&cheffer 2005; Stein et al. 2014; Le Provost et al. 202&)ever,
further studies are needed to explore the relationships among ditfenemonentsf landscape
heterogeneity, including vertical and temporal heterogeneity, as new data becomdeavailab
Such research will helgefine the selection of heterogeneitydices guide site stratification,
and control for key covariates or interactions in ecological analyses. This study examined
complex relationships among multiple laocover types, attribes, and dimensions of
landscape heterogeneity e national scale irGermany Our findings highlight a strong
association betwedrorizontalheterogeneities, a weaker link betwdemizontal vertical and
temporal heterogeneities, a negative associdt@ween heterogeneity and connectivity, and

distinct contributions of different lancbver types to overall landscape heterogeneity.

18



409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

Structural equation motieng revealed the significant influence %f landcoveron landscape
heterogeneity and the coléarity among heterogeneiipndices emphasing the need to

account fo® landcovereffects when anafing landscape heterogeneity relationships.

4.1.Compositional andconfigurational heterogeneities

Previous studies have acknowledged the interdependency between compositional and
configurational heterogeneities, recommending stratified random sampling to sinimi
correlation biase¢ Fahr i g et al . 2011; P a X¥5h @ur findngs a |
further emphase the necessity of controlling fé landcoverwhen designing stratification
approaches to study ecological responses to heterogeneity. Without such controls, site selection
may inadvertently fauwar landscapes with bé@d % landcover distributions. For instance,
landscapes with high edge densifyall landcover typeghigh LC ED) are more likely to have
low shares otropland(low % LC cropland} (Fig. 3a; Fig. S5a; Fig. S6b). We also found that
the relationship betaen compositionalH') and configurationaheterogeneityED) varied
between forests and croplands, likely due to the differing interactio®s lahdcoverwith
these heterogeneitiesSorests exhibited a weak correlation but a significant pariaklation
betweenTree H and Tree ED whencontrolling for% forests whereas croplands displayad
moderate correlation but a weaker partial correlation in 8B&hcontrolling for% croplands
These resultat broad spatial scales suggest that fatiinaccount foP6 landcovercan conceal

collinearity, like in German forest®r exaggeraté, like in German croplands

Configurational heterogeneity (often referred to as habitat fragmentatiorto dadd
covershould also be disentangled when assessing their effects on ecological re@faimsgs
2017) While a metaanalysis on croplands found no intrinsic correlation betWwed¢andcover
and configurational heterogenefiyartin et al. 2019)our study revealed a practical association

in German forests and croplands at a national scale lamd@&dscape grain. This relationship
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may vary with spatial scale, necessitating further investigation across differers exiéigrain

sizes(see comparison with-Bm landscape graim Fig. S18)

Although pairwise correlations between compositional and configurational
heterogeneities, as well as betwéetandcoverand configurational heterogeneity, have been
assessed in pvious studies, the broader correlation patterns invol%ntandcover have
rarely been explored. Our study provides new insights by demonstrating that the relationship
between compositional and configurational heterogeneities is mediaééddndcover, with

distinct patterns observed across forests, croplandslldadd-cover types.

4.2.Heterogeneities andconnectivity

Although connectivity is not strictly a form of heterogeneity, it is often assumed that
increased configurational heterogeneity enhances functional connectivity, thereby benefiting
biodiversity (Fahrig 2017)In a literature review, lgher connectivity wathe most frequently
speculatedeasonfor the positive effects of fragmentation on ecological respsiisahrig
2017) Some studies have even used connectivity and configurational heterogeneity
interchangeablyEstradaCarmona et al. 2@ Tonetti et al. 2023)As expected, we found a
positive correlation betweesdge densityand connectivity in forests and grasslands (Fig. S9,
Fig. S11) However, after controlling fo% landcover, the partial association betweesdge
densityand connectivity turned negative in SEM for woody features and grasslands, supported
by quantile correlation analysis (Fig. S1In)landscapes with simil&6 landcover, those with
lower edge densityexhibited higher connectivity (Fig. 8L This suggest that increasing
configurational heterogeneityeduces connectivity by increasifigaggmentation(i.e., patch
isolation). Our studyagainunderscores the importance of considefdagandcover when
interpreting the relationship between configurational fogeneity and connectivity, as their

pure association may be negative rather than positive.
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4.3. Horizontal, vertical, and temporal heterogeneities

The associations among muiimensional heterogeneities were generally weak but
consistentlypositive. SinceMacArthur and MacArthu(1961) the significance of vertical
heterogeneity for biodiversity has been widely recsgphiand advancements in remote sensing
haveevenexpanded research onrDBstructural complexityMduller et al. 2010; Davies and
Asner 2014, Seidel et al. 202@8)owever, the broader collinearity patterns between horizontal
and vertical heterogeneity remain underexplored. Our findingggesti that vertical
heterogeneity danopy height Spis largely independent ohorizontal heterogeneities.
Interestingly, SEM analysis revealed a negative relationship befiweerd andcanopy height
SDwith % forest challenging the expectation that heterogeneity scales positivelyhedhea
(Stein et al. 2014)Our SEM analysis foforests might explain why a previous metaalysis
couldnot find positive effects dhearea on plant diversity and vegetation coexil (Stein et

al. 2014)(please see more discussionToee H in session 4.1)

Temporal heterogeity displayed diverse associations across -lamcr typesand
attributes.In croplands, strong correlations betwdwrizontalandtemporal H suggest that
compositionaheterogeneity in crop types is closely linked to interannual crop diversity.
implies that farmers who cultivateorediverse crops change crop typaere frequently over
the yearsHowever,cultivation on small split field (high crop ED) was not assciated with
frequent changan crop type by year (higtemporalcrop ED (Fig. 5¢). Grasslands exhibited
only weak correlations betweérorizontalandtemporalheterogeneityVariations inmowing
frequencyin landscapesvithin a single yearwere only lightly associated wititemporal
variations inmowing frequencyacross yearsWhile temporal heterogeneity is increasingly
recognsed as a key factor influencing biodiversityasseur et al. 2013)ts effects remain
inconsistent across studieSome studies found positive effects of temporal variability of
productivity, croptype,or management on biodiversigyAl | an et al . 2014,
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MartinezNufiez ¢ al. 2022) while others found negativi@lavi and King 2020)or varied
effects by functional groug€oops et al. 2019; Beyer et al. 20Hyen though environmental
conditions alonghetemporal dimensioaredeterminantactors for theextinctionrate of most
populationstemporal heterogeneityas barely explored due the cost of frequenctollection
of species and land coveata.Using receny published crop type and mowiftgquencymaps
across four years, we first checked glemerakorrelation between conventiorfarizontaland
interannuaheterogeneityat a national extentshowing varied but moststrongindependence
of verticalor temporalheterogeneities' hese results underscore the importance of considering
multi-dimensionaheterogeneities in landscap€sirther investigatioms needed to studigow
temporalheterogeneity can differ bgrain scale, e.g., intrannual or intelannualscale and
how such differencean influencethe association betweenulti-dimensioml heterogeneity

across landtovers and attributes.

4 4. Heterogeneitiesbetweenmultiple land-covers

Correlations and PCAamong landscapeheterogeneitiesof multiple dimensions,
attributes, and lanrdoversrevealed overarching patterns laindscape heterogeneity at a
national scale. Positive correlations were predominant within singlectarat types, while
heterogeneities across different lasalers were generally negatively correlated. Notably,
cropland heterogeneities exhibited negatoorrelations with forest andC heterogeneities,

which were positively correlated.

PCA further underscored thumiquecontributions of forest crop, and grasslandelated
heterogeneities to overall landscape heterogen@ity.a national scale, overddndscape
heterogeneity is primarily driven by forest and LC heterogeneities, with cropland
heterogeneities contributing negatively. This divergence likely reflects the influeticantt

cove® for instance, a decrease in % forest is often accompanied by an increase in % cropland

22



506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

523

524

525

526

527

528

(Figs. 3a and S&), inducinga decreas forest heterogeneities and an increiaseropland
heterogendies Thus thetradeoff between forests and croplands fardaoverlikely shaps

the divergence between forest and cropland heterogenditesmwhile, LC heterogeneity
showed drendsimilar to that of forest heterogeneity, both decreasing with increasing cropland
heterogeneity likely driven by a rise i%6 cropband(see alsdrigs. 3aand 3¢. In Germany,

the conversion of forests to intensively managed croplékelg would lead to a reduction in
overall landscapeheterogeneity, particularly in configurationattributes given the more
regular shape of croplangatches (Figs. 3a, 3c; Fig. S14b). In contrast, grassland
heterogeneities showed limited correlations with those of otherdawetl types, emphasaig

their distinct contribution as captured by the second principal component.

4.5 Limitation

It is important to recogeeé that heterogeneity can be quantified in numerous dvags only

by landcover type, attribute, and dimension but also by the specific equations, parameters,
spatial resolutions, classification schemes, or temporal resolutigpleysad. Consequently,

the choice of heterogeneitgdicesshould be tailored to the objectives of each study, as no
single universalindex exists. Moreover, the observed associations among landscape
heterogeneities may differ with alternative methodoldgibaices, as well as with variations

in landuse history, landform, and soes@onomic factors that shapmdeoffs among land

cover types. For instance, the average field size in German croplands differs from that in Korea
or the USA(Fritz et al. 2015)suggesting that heterogeneity associations within and between
croplands and other larmbver types could vary across countri@gidies across countries or
administrative regiors likely differing in social context are therefore needed to genesali

these findings.
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5. Conclusion

Overall, our study challenges classical assumptions about landscape heterogiesieiagso
land-covermediates correlations between compositional and configurational heterogeneities,
controlling for its effects is crucial to avoid biased interpretatiomgarticular, our findings
highlight the importance of accounting fé6 landcover when designing stratification
approaches to study ecological responses to landscape hetero@ewityd, a% landcover

also mediates the relationship between configurational heterogeneity and connectivity, their
presumed positive correlation should teconsidered calling into question their mixed
interpretation without empirical testinghird, the relative independence of vertical and
temporal heterogeneities from horizontal heterogeneities opens new af@nngsstigating

how ecological responsesary along these additional dimensionisastly, landscape
heterogeneity is shaped by interactions betweendamdr types, with forests enhancing and
croplands reducing configurational heterogeneity; however, heterogeneity patterns vary with

index, reginal context, and landse history, highlighting the need for crosgtional studies.
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Figure legends

Figurel. Components of landscape heterogeneity.

Figure2 Workflow for calculating metcs from publicly available GIS data and conducting
statistical analyses.

Figure3. Relatonship betwee&hannordiversity H  and edge densi§ED) of land-covers
forests, and croplands.

Figure4. SEMS fortherelationshipbetweerED and connectivity of (a) forests and small
woody featuresn croplandsand (b) grasslands.

Figure5. SEMS fortherelationshipbetween(a) horizontaH éand ED andrertical standard
deviation (SD) irforests (b) between horizontal and tempokaléand (c) between horizontal
and temporal ED in croplandsnd ¢) horizontal and temporal SD in grasslands

Figure6. Association between heterogeneity of multiple laogers analsed by (a)
Spearmad sorrelation and (b) princip@&lomponent analysis

Figure7. Summary of association (partial regression in SEM) between heterogeneities of
multiple attributes, dimensions, and lacavers
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Figurel. Components of landscape heterogeneity.

Landscape heterogeneity is charasggtacross three dimensiahsorizontal, vertical, and
temporad based onwo core attribute® compositional and configurational heterogeneity,
along with spatial connectivity. These components can be quantified usingoegdtypes

and landnanagement practices, both across alldemvkr types (hereafter LC) and within
individual landcover types, specifically forests, croplands, and grasslands. Although
connectivity is not a form of heterogeneity, it is closely related thiedeforeincluded in the
framework, indicated with a lighter calo Heterogeneity components employed in this study
are highlighted at their corresponding positions using the following visual indicators: falling
diagonal lines for landoverbasedndices rising diagmal lines for land managemelnased
indices(applied only to grasslands), and intersecting falling and rising diagonals for metrics
incorporating both (applied only to croplands).
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Figure2 Workflow for calculating metcs from publicly available GIS data and conducting statistical analyses.

Descriptions of all metrics are provided in Table 1. SEM = Structural Equation Modeling; PCA = Principal Component Analysis.
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Figure3. Relatbnship betwee&hannordiversity H  and edge densifED) of land-covers

forests, and croplands.

Structural equation modellings (SEMs) therelationship betweeH @andED of (a)all
land-covertypes, (c) dominant tree species farests,and(e) croptypes In SEM,
unidirectional arrows represent regressiovis)e bidirectionalsolid arrows covariancesnd
dashed arrows correlatio®nly significant relationships were denoted as arrows with
standardied mrameter estimatdstd. est.)On the arrows of regressions, the std. est. of first
and seconarder factors (fand 29, in order, were denoteBlue arrowsand numbers
denotel positive relationships, and red arroarsd numbersglenotechegative onefor
regressions, covariances, and correlati@r regressions, if the arrow included two
relationships of thest and 2%order factors, the colour of the arrows followed the signs (+ or
) of the F-order factor, meaning positive or negative relatiomsand the shape of arrows
differs by the signs of the"2order factor, meaning hurghaped or tshaped curve. Full
SEM relationships can be found in Fig. S5, and ¢hetionship ofeachpartial regressiom
Fig. S6.Spearmafi s c or r e | &ttand&D (b)falt lamecevertypes, (d) of forests,
(f) of croplands bydecilesof coverage. Points frothered to blue spectrum indicagéach
10" decileof 3x3 kn? grid cells from 0 10" decileto 96" 100" decileand lines linear
regression lines petecile Squares represent median valuesl@ndED per decile with
corresponding colour&achSpearmad eho is written in the bracket of the legenihe %
land-coverranges of grids for each decdan be foundn Table S6a
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Figure4. SEMS fortherelationshipbetweerED and connectivity of (a) forests and small
woody featuresn croplandsand (b) grasslands.

Full SEM relationships can be found in Fig. S10 and ¢hegionship okachpartial
regressionn Fig. S11.
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Figure5. SEMS fortherelationshipbetween(a) horizontaH éand ED andrertical standard
deviation (SD) irforests (b) between horizontal and tempokaléand (c) between horizontal

and temporal ED in croplandsnd ¢) horizontal and temporal SD in grasslands

Full SEM relationships can be found in Fig. S12 and ¢tationship okachpartial
regressionn Fig. S13.
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Figure6. Association between heterogeneity of multiple tanders analsed by (a)

Spearmas corr el at i ocampanendandglysi pr i nci pal

(a) Positive correlations are displayed in hlasd negativeones in redColour intensityis
proportional to the correlation coefficien{b) PCA-biplot with the projected directionality
and strengtlof theheterogeneitynetrics on the first two principal components (PC1 and
PC2).Green vectors repredefiorestrelated, yellow crogelated, lightgreen grasselated,
and blackdand-coverrelated heterogeneity.
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Figure7. Summary of association (partial regression in SEM) between heterogeneities of
multiple attributes, dimensions, and lacavers

Blue colourdenotes positive relationships, and red dersxtegative ones. Theplour
brightnessas been scaled based onriegnitude of the SEM standaseld parameter

estimateslf the relationshipncluded two relationships of the firgtind secondrder factors,
the colourand estimatéollowed the relationship of the firsirder factor.
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Table legends

Tablel. Indicesof horizontal (2D), vertical (3D), andtemporalheterogeneity in
compositionalcompn)and configurationalconfig) heterogeneities and spatconnectivity
(connect)py landcovertypes (LC)and landnanagement practice (LM)
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Tables

Tablel. Indicesof horizontal (2D), vertical (3D), andtemporalheterogeneity in compositiongdompn)and configurationalconfig)

heterogeneities and spatconnectivity(connect)y landcovertypes (LC)and landnanagement practice (LM)

H @enotesShannordiversity, ED edge density, EEquivalentConnectivity SD standard deviation, and SWF small woody features.

Dimension Landcover Attrib Index name Data Year Res.
Heterogeneity indices
Heterogeneity ofill landcover types ggm%ﬂ [Lé EDI Q Land cover magPflugmacher et al. 2018) 2015 30m
. Crop type heterogeneity ggm%n /Cr’(\)lfaBEIB] | Q Crop type maBlickensdorfe et al. 2022) 2020 30m
% Dominant tree species heterogeneity ggm%n %2553 | O eDto;?lr;%gtllgorest tree species méBlickensdorfer ZZ%Jig 30m
2 .
c LC . . . .
S Forest edge density Config Forest ED Dominant forest tree species map 22%112 30m
© 2D _ .
+ SWF edge density Config SWHD Crop type map 2020 30m
% Grass edge density Config GrassED Mowing frequency magSchwieder et al. 2022) 2020 30m
5 Connectivity of woody vegetation Connect Woody Conndc SWF in crop type map + Forest map 22%112 30m
(@]
g Grassland connectivity Connect Grass Connect Mowing frequency map 2020 30m
o . . . Average farm size on a 5 km gfftederal Statistice
< LM Crop management heterogeneity Config Avg FarmSize Office and the statistical offices of the Lander 2C 2020 5km
-% Mowing frequency heterogeneity Compn MowlIntSD Mowing frequency map 2020 30m
& 3D LC Canopy height heterogeneity Compn ggnopy Height Canopy height modd€Lang et al. 2022) 2020 30m
= . Compn Crop Temp Q 2017
é LC Crop temporal heterogeneity Config _Crop Temp ED Crop type map 2020 30m
o _ Mowing frequency temporal ; 2017
- . LM heterogeneity Compn Mowlint Temp SIMowing frequency map 2020 30m

Nonheterogeneity indices
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Top

SRTM DENNASA Shuttle Rad@ibpography 1larc
o Bﬁ;aMean slope Slope Mission (SRTM) 2013) 2000 second
o8 T :
é:;’ § Soil Mean soil moisture Soil moisture ZDSSX)SOH moisture(Deutscher Wetterdienst (DWE 12%%% 1km
Proportion of forests in land cover map % LC Forest
Proportion of grasslands in land cover
map % LC Grass Land cover map 2015 30m
Proportion of croplands in land cover
.5 map % LC Crop
B LC Proportion of forests imMominant forest o . . 2017,
S tree species map %0 Forest Dominant forest tree species map 2018 30m
g Proport@on of forest_s in crop type map % Crop Crop type map 2020 30m
© Proportion of SWF in crop type map % SWF Crop type map 2020 30m
8 Proportion of grasslands in mowing :
g frequency map % Grass Mowing frequency map 2020 30m
v LM Mean mowing frequency Mowing intensityMowing frequency map 2020 30m
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Supplementarylegends

Supplementary figures

Figure 4. Pie chart of main landover types in Germany based and cover map
(Pflugmacher et al. 2018)

Figure . Calculation of temporal heterogeneity in compositional and configurational
attributes

Figure S3. Process to calculate woody vegetation connectivity on each 3 x 3 km grid cell.

Figure 1. Spearma s c or r e | &a)landcoverBrannardgiversity H pand
coverageof foress, grasslang, andcropland and (bJand-coveredge densityED) and
coverageof foress, grasslansg, andcropland.

Figure $. Full gructural equation modellings (SEMsf) Fig. 3betweerH GandED of (a)
across alland-covertypes (b) foreds, and(c) croplands.

Figure $. Rehtionship of partial regressions between predictors and response variables of
each SEM in Fig. 3.

Figure §. Full SEMs of Fig. 4for therelationshipbetweerED and connectivity of (a)
forests and small woody features and (b) grasslands.

Figure 8. Relationship of partial regressions between predictors and response variables of
each SEM in Fig. 4.

Figure 9. Spearmafh s ¢ o r betedemavearageH OED, connectivity, and standard
deviation of canopy height fiorests.

Figure 90. Spearmaf s ¢ o r betedermadveragaH OED, and tempordH dtemporal
ED (interannual change ratef)crop types in croplands.

Figure 91 Spearmafh s ¢ o r beteder@advearagea) ED, connectivity, mean mowing
frequencyH Gnd temporaSD of mowing frequency in grasslands.

Figure 92. Full SEMSof Fig. 5for therelationshipbetween (ahorizontalH GandED and
verticalstandard deviation (SD) in forests, (b) betwherizontalandtemporalH éGand (c)
betweerhorizontalandtemporalED in croplands, and (djorizontalandtemporalSD in
grasslands.

Figure 93. Relationship of partial regressions between predictors and response variables of
each SEM in Fig. 5.
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Figure 4. Comparison between (a) dominant tree type map and (b) crop type map in grid
cells with high % forests and % croplands, respectively.

Figure 5. Spearmad sorrelation betweeill Gand mean patch size kbgcilesof coverage
of (a) forests and (b) cropland. The mean patch size was transformed by cube root.

Figure 96. Spearmad eorrelation betweerl GndED of land-coverby decilesof % forest

FigureS17.Spearmad s c or r e | &D and conndcvity Wwyeeilesof coverage of
(a) forestsand small woody features and (b) grasslands.

Figure 98. Spearma6 s c or r e | hdtweert GanoEDtofnakk l@nd-covertype with
2-km landscape grain

Figure 99. Association between ED and connectivity.

Figure 0. Partial correlation plots between % forests, % croplaaus % grasslands in
SEM of Fig. 3.

Supplementary tables
Table 4. All abiotic factors before variable selection

Table . Parameter estimates for the structural equation models (SEMs) shown in Figures 3
5. Variables shown in grey indicatens i gni fi cant effects (p O 0.¢

Table 8. Description of variables in SEMs in Figure$ 3All variables in SEMs are
described with their labels in Figure3variable names in Table S1, and transformation due
to skewness of data distribution.

Table &. Importance of components principal component analysis (PCA) to explore
datasets ofiorizontal vertical andtemporallandscape heterogeneity indices

Table $. Coordinates of the arrowheadshafrizontal vertical andtemporallandscape
heterogeneity indices

Table %. Coverage ranges (Yand-cover) of 3 x 3 km grids for each decile faramtile
correlation betweerl 6 a n d E D-cover typesa (p) forest,ranid (c) croplands

Supplementary notes
Note Sl. Equations oShannordiversity index H  and edge densitfgD)

References
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Supplementary figures

Pie Chart of Land-Use Land-Cover

Cropland seasonal 32.5%
!

Cropland perennial 0.1%

Artificial land 7.4%
Forest broadleaved 15.7%

T —— el 01%

~ Barelal 1%

Forest coniferous 12.7% ™ Grassland 22.4%

1
Forest mixed 7.4% Shrubland 0.2%

Figure 9. Pie chart of main landover types in Germany based and cover map
(Pflugmacher et al. 2018)

Temporal heterogeneity of crop types Shannon diversity index (H’)
2017 2018 2019 2020
- - -

across 4 years’ crop types
N

H' = _Zpil“pi
03 o7

i=1
pi: The proportion of crop type i of 4 years o Mean
‘4 per pixel o af

Comp. Hetero. 3km grid

Interannual change rate
(Temporal edge density)

1404+1=2 AL

e - T T © Mean
Change of Yes No Yes Sum ‘ : 1 of
crop? (1) (0) (1) - | =2 | Cont Hetero, 3km grid
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Figure . Calculation of temporal heterogeneity in compositional and configurational
attributes
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Small woody features

Forest area from forest map in crop type map

(Blickensdorfer et al. 2024)

uuuuuu
Cultivated grassiand

Wvegetables

Weeas

[eroad bean

Figure S3. Process to calculate woody vegetation connectivity on each 3 x 3 km grid cell.

Woodyvegetation connectivitwas calculated by combining forest ar@@kckensdorfer et
al. 2024)with small woody features derived from the crop type fdjgckensdorfer et al.
2022) treating them as habitat patci{dark green patchef)r the connectivity index
Connectivity was calculated in each 3 x 3 grd cellusingGraphab(R packagegraph4lg.
Leastcost paths between habitat patc{ezdled a link setdenoted byight green lineswere
generated using Euclidean distance and planar topaldhgut a threshold distanc&he
planar link set, which limits connections to neighiiog patches ideniiéd by Voronoi
polygons, serves as a reliable proxy for the complete liniCsetnectivity was quantified
using the Equivalent Connectivity metric, calculated as the square root of the summed
product of patch areas weighted by interaction probalifiiura et al. 2011)
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Figure 1. Spearmad s c or r e | &a)landcoverBrannardiversity H pand
coverageof foress, grasslang, andcropland and (bJand-coveredge densityED) and

coverageof foress, grasslansg, andcroplandg.

(a) (b) (c)
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Figure $. Full gructural equation modellings (SEMsf) Fig. 3betweerH GandED of (a)

across alland-covertypes (b) foreds, and(c) croplands.

The simple version is shown in Fig.IB.SEM, unidirectional arrows represent regressions,
while bidirectionalsolid arrows covariancesnd dashed arrows correlatiddiue arrows
denote positive relationships, and red arrdesotenegative ones. The path thickness has
been scaled based on the magnitude of the SEM stasethpdirameter estimates. Only
significant relationships were denoted as arrows with starsddrgarameter estimates.
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Figure %. Rehtionship of partial regressions between predictors and response variables of

each SEM in Fig. 3.
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(a) ﬁ& Forest + (b) Grassland
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Figure §. Full SEMs of Fig. 4for therelationshipbetweerED and connectivity of (a)
forests and small woody features and (b) grasslands.
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each SEM in Fig. 4.
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