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Abstract

Aim: By simplifying habitats and facilitating competitive exclusion, human activities can
favour a narrow set of disturbance-tolerant species and homogenise assemblages across
regions. We tested how landscape modification and the noisy miner, a hypercompetitive
native species, reorganised bird assemblages in southeastern Australia, and whether body size

and dispersal capacity predicted species responses.
Location: Southeast Australia.

Time period: January 2020 — February 2026.
Major taxa studied: Terrestrial birds

Methods: We compiled >32 million citizen-science records for 188 bird species across 2,426 sites.
We partitioned Jaccard dissimilarity and modelled local contributions to B-diversity (LCBD)
along the disturbance gradients. We then tested convergence in B-diversity among
biogeographic regions at low and high endpoints of each gradient. We then used joint species
distribution and fourth-corner models to link these spatial signatures to species and

morphological traits.

Results: Replacement LCBD followed a U-shaped response to agricultural cover, spanning
12.0% between its fitted minimum and maximum. Total LCBD increased by 9.3% from low
to high mean woodland patch area, but decreased by 12.0% from low to high woodland
cohesion and by 13.8% from low to high noisy miner detection. Between-subregion [3-
diversity was 0.03—0.07 lower under extensive agriculture, smaller woodland patches, lower
woodland cohesion and high noisy miner detection. Agriculture favoured matrix- and edge-
adapted, open-country and introduced birds, whereas cohesive woodlands supported more
woodland-dependent species. Smaller-bodied species responded more positively to woodland
structure, while species with higher hand-wing indices responded more positively to

agriculture.

Main conclusions: Across a biogeographically heterogeneous avifauna, landscape
modification acted as a recurrent ecological filter, consistently favouring disturbance-tolerant
taxa over woodland birds. Repeated losses of woodland birds and gains of disturbance-
tolerant taxa erode regional compositional distinctiveness and drive biotic homogenisation.

By integrating local B-diversity, direct tests of regional convergence and species-level
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responses, our analysis reveals how local compositional reorganisation scales up to

biogeographic homogenisation and which taxa underpin this pattern.

Keywords: Community assembly, Ecological filtering, Habitat fragmentation, Landscape

configuration, Species turnover
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Introduction

Human activities are reshaping Earth’s ecological communities (Ellis et al., 2010; Newbold et
al., 2015). Over 70% of the land surface is now modified, and even the remaining wilderness
bears signs of human impact (Barnosky et al., 2012; Kerr et al., 2025). As compounding
threats push more taxa towards extinction, this trajectory has come to define the biodiversity
crisis (Butchart et al., 2010). Yet biodiversity is multidimensional, and its loss does not unfold

uniformly across scales (Hillebrand et al., 2018).

Ecological communities are assembled through dispersal, environmental, and biotic filters
(e.g., predation, competition) that dictate which species from the regional pool can reach and
persist locally (Chase, 2003; HilleRisLambers et al., 2012). Human activities alter the
strength, direction, and spatial extent of these filters (McFadden et al., 2023). For instance,
habitat clearing and fragmentation sever movement corridors and isolate populations (Haddad
et al., 2015). As the vegetation structure of remnant patches simplifies, species lose foraging
and nesting sites, refuges from predators, and the fine-scale habitat structure that supports
niche partitioning (Brook et al., 2008). Consequently, these physical changes can then
cascade into the species interactions by favouring dominant competitors or introduced
predators (Filgueiras et al., 2021). As these filters operate via distinct mechanisms at different
scales (Chase et al., 2018), their effects do not leave a single imprint on biodiversity. How

then do we trace these multidimensional patterns of biodiversity change?

Ecologists typically achieve this by partitioning regional biodiversity (y-diversity) into local
richness (a-diversity) and compositional turnover among sites (B-diversity) (Anderson et al.,
2011; Socolar et al., 2016). Decomposing B-diversity into replacement and richness
differences further reveals whether compositional differences arise from species replacement
across patches or unequal species richness among sites (Baselga, 2010; Podani & Schmera,
2011). While composite diversity indices quantify spatial and temporal structure, they can
conflate processes with opposing conservation implications (e.g., Hillebrand et al., 2018).
Declining pB-diversity, for example, can reflect successful restoration, as improved
connectivity allows dispersal-limited species to recolonise empty patches (Socolar et al.,
2016); conversely, it can signal biotic homogenisation, as generalists spread to dominate
previously distinct communities (Devictor et al., 2008; Karp et al., 2012). Consequently, high
turnover can appear to buffer regional biodiversity while masking the full impact of

landscape modification. Gongalves-Souza et al. (2025) showed that in fragmented
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landscapes, local extinctions outpace any gain in spatial distinctiveness, inflating B-diversity
without increasing y-diversity. As these spatial patterns reflect which taxa are lost, retained,
or replaced, composite indices must be complemented with approaches that identify the

winners and losers in modified landscapes (Filgueiras et al., 2021; Newbold et al., 2018).

Joint species distribution models (JSDMs) retain the taxonomic detail that composite indices
aggregate (Ovaskainen & Abrego, 2020; Ovaskainen et al., 2017). By estimating multiple
species responses jointly, they identify which taxa increase or decrease along shared
environmental gradients (Pollock et al., 2014). Fourth-corner analysis extends JSDMs to test
whether species responses are structured by attributes such as body size or dispersal capacity
(Griffin et al., 2025; Pichler & Hartig, 2021). Thus, where partitioned B-diversity maps the
geography of compositional change, JSDMs identify the species and traits underlying these
patterns. Together, they can identify the taxonomic and trait structure underlying landscape-

driven compositional change.

We apply both approaches to decompose spatial biodiversity patterns in bird assemblages
across southeastern Australia's temperate woodlands. Decades of clearing in this region have
reduced intact woodlands to isolated remnants embedded in agricultural matrices (Bradshaw,
2012; Yates & Hobbs, 1998). In these fragments, thinning understoreys and proliferating
edges favour the noisy miner (Manorina melanocephala), a cooperatively breeding native
honeyeater that, at high densities, excludes birds through sustained mobbing (Crates et al.,
2023; Lindenmayer et al., 2023; Mac Nally et al., 2012; Maron et al., 2013; Val et al., 2018).
This combination of landscape clearing, structural simplification and aggressive biotic
exclusion has contributed to severe declines among woodland specialists, leaving remnants
with locally depauperate assemblages (Ford, 2011; Watson et al., 2002). If such filtering
mechanisms recur across the seaboard, assemblages from biogeographically distinct regions

may converge towards similar sets of disturbance-tolerant taxa.

Here, we draw on extensive occurrence data spanning southeastern Australia to test whether
landscape modification homogenises bird assemblages across latitudes that would otherwise
support distinct taxa. We first partition B-diversity to determine how local compositional
uniqueness changes along landscape and noisy miner gradients. We then test whether these
local changes scale up to regional convergence by comparing bird assemblages among IBRA
subregions at contrasting ends of disturbance gradients. Finally, we use trait-extended JSDMs

to identify the species and morphological traits associated with community reorganisation.
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We predict that woodland bird assemblages from different subregions will become more
compositionally similar towards the modified ends of these gradients. We further expect
species replacement to be greatest at land-use extremes, reflecting the distinctiveness of
woodland specialists in intact landscapes and disturbance-tolerant taxa in modified
landscapes. Finally, we expect these spatial patterns to carry distinct trait signatures, with
large, connected woodlands supporting smaller-bodied species, and agricultural matrices

favouring species with greater dispersal capacity.

Methods

Spatial framework and data processing

We focused on 188 land-bird species across southeastern Australia, spanning a range of body
sizes, habitat preferences, and conservation statuses (Table S1). The spatial extent covered
162 Interim Biogeographic Regionalisation for Australia (IBRA) subregions encompassing
both intact woodlands and forests, and converted landscapes (Figure 1a, Table S2). We
sourced occurrence data from the Atlas of Living Australia (ALA) using the R package
galah (Westgate et al., 2026). We retained records from January 2020 to February 2026
with valid dates, coordinates and species names to capture contemporary distributions while

limiting temporal mismatch with the 2023 landscape data (c.f., landscape predictors section).

We then applied multi-stage quality filters (Figure 1b, Table S3). First, we kept only in-situ
detections (e.g., visual, acoustic, camera-trap records), excluding museum specimens and
other vouchered records. We then retained only presences and removed records with
unsuitable sampling protocols (e.g., recorded from a moving vehicle). Records without
protocol information were retained only from sources with established validation procedures,
including eBird Australia, BirdLife Australia, and state biodiversity atlases. We then used the
CoordinateCleaner package in R (Zizka et al., 2019) to remove spatially spurious
points (e.g., records located over the ocean). We excluded records with reported coordinate
uncertainty above 2500 m to match the 2.5 km analytical grain (see next paragraph) and
reduce positional uncertainty (Moudry et al., 2024). Records without reported coordinate
uncertainty were retained only when they came from explicitly standardised protocols, such
as camera trapping, stationary counts, transects, and fixed area searches. To prevent false
sympatry, non-migratory Tasmanian endemics were restricted to records south of 39.5°S and

mainland-restricted species to records north of this latitude. We deduplicated to one record
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per species—coordinate—day. The final dataset comprised more than 2.9 million records for
188 species. Given that records spanned opportunistic and structured surveys, we compared
prevalence matrices to test whether sampling design altered species rankings. Rankings were

stable, with common species remaining common and rare species remaining rare (Figure S1).

We generated a regular hexagonal grid in Australian Albers (EPSG:3577) covering the study
extent using the s f package (Pebesma, 2018), with 2.5 km between opposite edges and an
area of approximately 5.41 km? per complete hexagon. Records were first converted to point
geometries, transformed to the coordinate reference system of the hexagons, and spatially
joined to the intersecting hexagon (Figure 1c). This resulted in 44,292 hexagons with species
records. Thereon, each occupied hexagon was treated as a local community and used as the
site unit for downstream community analyses. We chose this grain size as it balanced local
community resolution against the uneven structure of opportunistic occurrence data. Finer
grains divided records across many sampled sites, producing sparse community matrices.
Coarser grains merged distinct assemblages and obscured landscape-level community

structure (Wang et al., 2014).

Reducing bias from incomplete samples

Citizen-science data often contain incomplete samples due to uneven sampling, biasing
estimates of community composition (Callaghan et al., 2019; Isaac et al., 2014). To reduce
this bias, we estimated sampling completeness for each hexagon as the ratio between
observed richness and incidence-based Chao2 richness calculated using the 1 NEXT package
(Chao, 1987; Hsieh et al., 2016). Given the size of the dataset, calculating bootstrapped
standard errors for every hexagon was computationally prohibitive. Completeness served as a

filtering criterion rather than a direct estimand, so we used point estimates only.

For each hexagon, species detection frequency was defined as the number of unique month—
year combinations in which a species was recorded (see Callaghan et al. 2019). We used
month-year as the sampling unit to retain temporal replication while limiting duplication from

individual visits or short sampling bursts. Completeness was calculated as:

Sobs,h
Cp =

S\ Chao2,h

where Sops,1 1 the observed richness in hexagon /4 and §Cha02_h is the Chao2 estimate.
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We retained hexagons with >70% completeness, >6 unique month-year incidence units, and
>5 recorded species. These thresholds collectively balanced spatial coverage against
undersampling (Prenda et al., 2024), increased temporal coverage to avoid phenological
biases (Callaghan et al., 2019), and removed hexagons with too few recorded species for
stable site-wise variance in B-diversity estimates (Duflot & Véhitalo, 2024). These filters

retained 5,189 hexagons and 188 species for the community matrix.

We tested alternative completeness thresholds of 75-90%, a minimum of 12 sampled months,
daily incidence units, structured protocols only, and 20 or 30 reference pools. Sampling,
incidence-unit and protocol alternatives were evaluated using both LCBD and regional-
convergence analyses, whereas reference-pool alternatives were evaluated using LCBD only

(Table S4).

Landscape predictors

We derived spatial predictors from the National Vegetation Information System (NVIS v7.0
[2023], 30 m; www.dcceew.gov.au), and catchment-scale land-use mapping (CLUM v2
[2023], 50 m; www.agriculture.gov.au). To limit overfitting, we reclassified vegetation into
four broad structural categories: (1) wet dense forest; (2) sclerophyll forest and woodland; (3)
mallee and arid woodland; and (4) non-woodland (grasslands, shrublands, and bare soils). We
reclassified the land-use raster into five broad categories: (1) conservation and other minimal
use; (2) production from native vegetation; (3) plantation forests; (4) agriculture; and (5)
urban area and other intensive use (see Figure S2 for full crosswalk). These categories
captured the key structural gradients with known impacts on southeastern Australian

woodland avifauna (Lindenmayer, 2022).

Using the R package 1andscapemetrics (Hesselbarth et al., 2019), we calculated
proportional cover of each vegetation and land-use class within a circular 2.5 km-radius
window centred on each hexagon centroid. The window therefore extended beyond the focal
hexagon and could overlap neighbouring windows. Metrics were calculated independently
for each centroid, and overlapping windows were retained rather than merged. To separate
habitat amount from configuration (Fahrig, 2013), we combined wet dense forest, sclerophyll
forest and woodland, and mallee and arid woodland into a single class before calculating
mean woodland patch area and cohesion. To restrict inference to predominantly non-urban

landscapes, we retained hexagons with no more than 10% urban and other intensive land use.
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We also required complete values for all ten selected landscape metrics before preparing the
model data. These filters resulted in 2,426 hexagons for modelling. Among the retained
predictors, all pairwise Pearson correlations had < 0.7, and variance inflation factors were <5
(Figure S3 and Table S5). All continuous landscape predictors were scaled and centred before

modelling.

Noisy miner detection rate

For each retained hexagon, we defined sampling units using the same month—year incidence-
unit definition as the Chao2 analysis. Noisy miner detection rate was the proportion of these
units containing at least one noisy miner record. The denominator therefore included every
month—year unit with at least one retained bird record, and hexagons without noisy miner
records received a detection rate of zero. We included noisy miner detection rate as a
hexagon-level predictor in the B-diversity analyses, matching the spatial scale of the
community response. To avoid part—-whole coupling, we excluded the noisy miner from the -
diversity matrix. We tested whether the association persisted after accounting for landscape,
effort, spatial and broad IBRA effects by modelling noisy miner detection counts and using

the deviance residuals as a residualised predictor in the LCBD models (Figure S4).

Local contributions to f-diversity and its components

We treated each retained hexagon as a site and calculated pairwise Jaccard dissimilarity
among sites. We partitioned each pairwise dissimilarity into species replacement and
richness-difference components using the Podani framework (Podani & Schmera, 2011).
Replacement captures differences in species identities, whereas richness difference captures
differences in the number of species between sites. Pairwise dissimilarities were computed
once from the full community matrix. The dissimilarity between any two sites therefore

always reflected the same species identities.

We quantified each site's compositional deviation within its geographical reference pool
(hereafter ‘reference pool’) using local contributions to B-diversity (LCBD), calculated with
R package adespatial (Dray et al., 2018; Legendre & De Céceres, 2013). Given that
LCBD is defined relative to the sites included in its reference pool, calculating LCBD across

the full study extent would conflate landscape-driven reorganisation with broad
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biogeographic turnover. We therefore grouped sites into geographical reference pools by
applying k-means clustering to projected representative-point coordinates for each hexagon.
Each k-means cluster defined one reference pool. Within each pool, we calculated LCBD
separately for total B-diversity, species replacement and richness difference, after square-root
transformation of the corresponding dissimilarities. Each allocation repeated the clustering

with a different random seed and was independent of IBRA boundaries.

For each B-diversity component, raw LCBD values sum to one within each reference pool, so
their expected magnitude decreases mechanically as the number of sites in a pool increases.
We removed this dependence by standardising each site's contribution to the reference pool

as:

where n; is the number of sites in reference pool j. Pool-size-standardised LCBD therefore
has an expected mean of one within every reference pool. Values above one indicate sites
contributing more than the equal-contribution expectation to compositional variation within

their pool, whereas values below one indicate smaller contributions.

Given that our analysis tested responses along environmental gradients, a pool also needed
sufficient coverage of the focal predictor. For each predictor separately, we retained pools
containing at least five sites below the study-wide 25th percentile and five above or at the
75th percentile. These thresholds were fixed across geographical allocations. Once a pool
qualified, all of its sites were retained, including those at intermediate predictor values. Thus,
predictor coverage determined whether a regional pool contributed to an analysis but did not
alter the assemblages used to calculate LCBD. We required reference pools to contain at least
30 hexagons. Each gradient-specific model required at least five informative pools. As
reference pool definition can affect LCBD values, we repeated the full modelling workflow
across 100 clustering iterations with different random seeds. We used & = 25 for the main
analysis and tested k£ = 20 and & = 30 with 30 allocations per scenario, using the same seeds

across scenarios and refitting the main settings with 30 allocations (Figures S5-S8).

Modelling LCBD responses

We modelled pool-size-standardised LCBD using generalised additive mixed models

(GAMMs) with Gaussian errors via the R package mgcv (Wood & Wood, 2015). We fitted
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separate models for total, replacement, and richness-difference LCBD. Here, i indexed
hexagons and j indexed the k-means reference pool to which each hexagon was assigned. For
hexagon i in reference pool j, y;; denoted the pool-size-standardised LCBD and u;; denoted its

expected value. We specified the model as:

yij~ N(wij, 0*)
K
iy = Bo + Balog(effort) + ) felKie) + fopCri 3 +;
k=1

v;~N(0,07)

where fy denoted the global intercept, f; denoted the effect of sampling effort, measured as
the natural logarithm of the number of sampled month—year units, and y; denoted the random
intercept for the k-means reference pool j. Xi; denoted the kth landscape predictor, fitted as a
penalised thin-plate regression spline (basis dimension &’ = 5) with shrinkage-based
selection. We added an isotropic Gaussian-process smooth over the projected coordinates of a
representative point on each hexagon (£’ = 50) to account for residual spatial autocorrelation,
alongside the reference-pool random intercept. Models were fitted with Gaussian errors, an
identity link, fast restricted maximum likelihood and shrinkage-based term selection. During
exploratory model fitting, we assessed the pairwise concurvity and removed terms that could
not be estimated independently of non-linear effects, including interactions between
gradients. The selected model included separate penalised thin-plate regression splines for

agricultural cover, mean woodland patch area, woodland cohesion and noisy miner rate.

We then fitted the specified model across all 100 geographical allocations and summarised
response curves across iterations, incorporating both model uncertainty and variation arising
from reference-pool allocation. We summarised endpoint changes and full fitted ranges by
their medians across allocations, expressing both as percentages of the within-pool mean
LCBD (Table S6). Prediction ranges were restricted to the overlap of the 5™ and 95
percentile ranges across allocations. Using the first geographical allocation, we compared the
matched LCBD models with and without the spatial smooth, retaining reference-pool random
intercepts. We assessed spatial structure in the Pearson residuals using Moran's /
correlograms in 2.5 km distance bands up to 25 km (Dormann et al., 2007). Spatial
smoothing reduced, but did not eliminate, residual autocorrelation in the LCBD models

(Figure S9).
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Regional convergence across landscape gradients

To test whether local compositional change scaled up to biogeographic convergence, we
compared B-diversity among IBRA subregions at contrasting ends of agricultural cover, noisy
miner detection rate, woodland cohesion and mean woodland patch area. Agricultural
endpoints comprised sites with <20% and >80% agricultural cover, while mean woodland
patch area, woodland cohesion and noisy miner detection were represented by the values at or
below the study-wide 20'" percentile and at or above the 80" percentile. Each gradient was
analysed independently, retaining subregions represented by at least three sites at both
endpoints. We required at least four qualifying IBRA subregions for each gradient
comparison. We calculated total Jaccard dissimilarity between all pairs of sites belonging to
different retained subregions and averaged these values within each pair of subregions. We
then averaged across subregion pairs to estimate between-subregion B-diversity at each
endpoint, giving each pair equal weight. Uncertainty in endpoint contrasts was estimated
from 99 bootstrap resamples, drawing sites with replacement separately within each retained
IBRA subregion and endpoint. Lower between-subregion -diversity therefore indicated
greater compositional similarity among subregions. We repeated these comparisons under the

alternative sampling criteria (Figure S10).

Joint species distribution models

We fitted a generalised linear latent variable model (GLLVM) with a binomial distribution
and probit link using the R package g11vm (Niku et al., 2019). The environmental model
estimated species-specific responses to agricultural cover, woodland cohesion and mean
woodland patch area. We excluded noisy miner detection rate and instead included noisy
miner as a response species. The model also included the natural logarithm of the number of
sampled month—year units as an effort covariate with species-specific coefficients, allowing
the association between sampling effort and recorded occurrence to vary among species.
IBRA subregions were used as row-level random intercepts, and an unconstrained latent
variable captured residual correlations unexplained by the measured environment, spatial, and

regional structure.
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To absorb residual spatial structure, we generated positive distance-based Moran's
eigenvector maps (AbMEMs; Dray et al., 2006) from projected site coordinates and tested
their joint association with the Hellinger-transformed community matrix using redundancy
analysis (Legendre & Gallagher, 2001). When the global test was significant at a = 0.05, we
performed forward selection using a = 0.01, 199 permutations and the adjusted R? of the
global model as a ceiling (Blanchet et al., 2008). The selected dbMEMs were included as
fixed effects in both environmental and fourth-corner GLLVMSs. To reduce convergence
problems with sparse response vectors, we restricted the analysis to species occurring in >

2% of the retained hexagons, leaving 154 species.

The fourth-corner model tested whether responses to landscape structure varied with body
mass and hand-wing index (HWI). These morphological data were obtained from the
AVONET database (Tobias et al., 2022). We used body mass to capture life-history variation
associated with within-patch structural filtering, and HWI as a proxy for dispersal capacity
across fragmented matrices (Sheard et al., 2020). Species lacking either trait were excluded
after the final occupancy filter. Body mass was log-transformed, and both log body mass and

HWI were centred and scaled before modelling.

The fourth-corner model included interactions between each trait and the three landscape
predictors: agriculture cover, woodland cohesion and mean woodland patch area. Log effort
and selected dbMEMs were retained as additive fixed effects, while IBRA subregions
remained as row-level random intercepts. We fitted the model without latent variables to
focus inference on trait-structured environmental responses. As both body mass and HWI are
phylogenetically structured, we interpreted their effects as trait associations rather than
independent evolutionary effects. We assessed residual behaviour using Dunn-Smyth
diagnostic plots (Figure S11). We also evaluated the contribution of dbMEMs to spatial
control by comparing species-specific residual Moran's / between environmental GLLVMs
fitted with and without dbMEMs (Figure S12; Table S7). While dbMEMs removed
detectable positive residual spatial autocorrelation from the environmental model across the

tested distances, some residual structure remained in the fourth-corner models (Figure S13).

Results

Spatial signature of community reorganisation
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Landscape gradients and noisy miner detection shaped pool-size-standardised site-level
uniqueness, but responses differed among B-diversity components (Figure 2; Table S6). Total
LCBD increased by 9.3% from the lower to the upper end of the mean woodland patch-area
gradient. Across the same gradient, replacement declined initially before increasing, spanning
12.6% across the fitted curve, while richness differences were hump-shaped and spanned
7.1%. By contrast, total, replacement and richness-difference LCBD declined by 12.0%,
13.3% and 7.4%, respectively, from low to high woodland cohesion.

Responses to agricultural cover were nonlinear. Replacement followed a U-shaped response
spanning 12.0%, total LCBD varied by 7.0%, and richness differences changed little. LCBD
declined more consistently with increasing noisy miner detection: total LCBD declined by
13.8%, replacement by 22.2%, and richness differences by 1.3% (Figure 2; Table S6). The
agricultural replacement curve remained U-shaped under alternative effort, incidence-unit
and reference-pool definitions but weakened at 75-80% completeness (Figures S5-S8).
Declines in total and replacement LCBD with increasing noisy miner detection persisted after
residualisation (Figure S4).

Regional convergence across landscape gradients

Mean total B-diversity between IBRA subregions was lower under greater agricultural cover,
smaller woodland patches, lower woodland cohesion and higher noisy miner detection
(Figure 3). Mean total B-diversity declined from 0.75 to 0.72 with increasing agricultural
cover (AP _total =—0.04, 95% CI =-0.05 to —0.01, Figure 3a). Smaller woodland patches
also had lower mean total B-diversity than larger patches (0.74 versus 0.77, AB_total = —0.03,
95% CI=-0.06 to —0.01, Figure 3b). Mean total B-diversity was similarly lower under low
than high woodland cohesion (0.75 versus 0.78, AB_total = —0.03, 95% CI=-0.06 to —0.01,
Figure 3c). Increasing noisy miner detection was associated with the strongest decline, from
0.80 to 0.73 (AB_total =—0.07, 95% CI =—0.09 to —0.06, Figure 3d). Regional convergence
was generally retained across sensitivity analyses, although some trends weakened under
stricter sampling filters. The noisy miner association persisted across all estimable scenarios
(Figure S10).
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Species-level responses to habitat modification

Of the 154 species analysed in the JSDMs, supported occurrence responses to the three
landscape gradients differed among ecological groups (Figure 4a; Figure S14). Supported
responses were most common for woodland cohesion (99/154), followed by agricultural
cover (86/154) and patch area (66/154). Occurrence declined with increasing agricultural
cover for 63 species and increased for 23. Most declining species were woodland-dependent
birds (n = 50; Figure 4a), such as the red-browed treecreeper (Climacteris erythrops), olive
whistler (Pachycephala olivacea), and eastern yellow robin (Eopsaltria australis) (Figure
4b). Ten matrix- and edge-adapted native birds also declined. Of the 23 species that
increased, 22 were matrix- and edge-adapted, open-country or introduced birds (Figure 4a).
These included the noisy miner, open-country birds (red-rumped parrot Psephotus
haematonotus), and six introduced species, including common starling (Sturnus vulgaris),
house sparrow (Passer domesticus) and common myna (Acridotheres tristis) (Figure 4a, 4b
and Figure S14).

Occurrence increased with woodland cohesion for 82 species and declined for 17. Most
species that increased with cohesion were woodland-dependent birds (n = 65), alongside 16
matrix and edge natives (Figure 4a). Woodland specialists responding positively with
woodland cohesion included the red-browed treecreeper, rose robin (Petroica rosea), eastern
yellow robin, and rufous fantail (Rhipidura rufifrons) (Figure 4b). In contrast, open-country
birds, such as the zebra finch (Taeniopygia guttata), and introduced birds declined (Figure 4a,
4b and Figure S14).

Responses to mean woodland patch area were less common: occurrence declined for 51
species and increased for 15. Declines spanned ecological groups, primarily matrix and edge
natives (n = 28; Figure 4a), but also 14 woodland-dependent, five open-country and four
introduced species (Figure 4a). Most species that increased with patch area were woodland-
dependent (n = 14; Figure 4a), such as the olive whistler, rose robin, eastern yellow robin,
and rufous fantail (Figure 4b). The noisy miner declined with increasing patch area but
showed no support for woodland cohesion (Figure 4b).

Trait signatures of species responses
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Smaller-bodied species responded more positively than larger-bodied species to increasing
mean woodland patch area and woodland cohesion, but body size did not structure responses
to agricultural cover (Figure 5). Species with higher hand-wing indices responded more
positively to agricultural cover and, more weakly, to mean woodland patch area, but showed

no supported association with woodland cohesion (Figure 5).

Discussion

Across nearly 2,400 sites along Australia’s eastern seaboard, landscape modification
reorganised bird assemblages from local to biogeographic scales. Species replacement
followed a nonlinear response to agricultural cover, while B-diversity between IBRA
subregions was lower under extensive agriculture, smaller woodland patches, lower
woodland cohesion and high noisy miner detection. Local compositional uniqueness also
declined consistently with noisy miner detection. JSDMs traced this landscape shift to gains
among matrix- and edge-adapted, open-country and introduced birds and widespread declines
among woodland-dependent species. Fourth-corner analyses linked species responses to body

size and dispersal capacity.

Larger woodland patches were associated with greater local compositional uniqueness. By
increasing the ratio of interior to edge habitat, larger patches can buffer woodland specialists
from altered microclimates and other edge effects (Ewers & Didham, 2007; Fletcher Jr et al.,
2018). Smaller patches instead favour birds able to exploit both woodland and the
surrounding matrix. Our findings corroborate regional studies showing that patch area and
vegetation structure jointly shape woodland-bird assemblages, with specialists declining in
smaller, edge-dominated remnants (Ikin et al., 2014; J. Watson et al., 2002). Interestingly,
woodland-dependent birds showed mixed responses to patch area. This may partly stem from
our 2% occupancy threshold, which excluded rare woodland specialists most dependent on
patch interiors. Habitat condition may also shape these responses, as even large patches lose
value when structural simplification removes understorey cover, mature eucalypts and key

foraging and nesting substrates (Ford et al., 2009; Watson et al., 2005).

Increasing woodland cohesion reduced species replacement and richness differences while
favouring woodland-dependent birds. Lower richness-difference likely reflect the retention of
woodland taxa rather than convergence on uniformly species-poor assemblages. Continuous

woodland facilitates access to spatially dispersed resources and source populations by
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reducing the movement and foraging costs imposed by even short cleared gaps (Robertson &
Radford, 2009). This access can promote demographic rescue and maintain local occupancy.
For instance, habitat amount has influenced more species than structural connectivity in other
regional studies (Fahrig, 2013; Lindenmayer et al., 2020; Radford & Bennett, 2007). This
contrast may partly reflect the cohesion index itself, which captures proportional woodland
cover as well as aggregation (Didham et al., 2012; Fletcher Jr et al., 2018; Hesselbarth et al.,
2019). The positive response of smaller-bodied species concurs with studies showing that
connected woodlands support greater small-bird richness when they retain dense shrub cover
and fine-scale structural complexity (Val et al., 2018). The cohesion response may therefore
arise from the joint effects of woodland amount and continuity, while the surrounding matrix

determines the permeability of intervening gaps (Driscoll et al., 2013).

The agricultural matrix compounds these structural filters by reducing habitat availability and
impeding movement among woodland patches. Replacement LCBD declined towards
intermediate agricultural cover before increasing again under extensive agriculture, consistent
with a shift from woodland-dominated assemblages towards disturbance-tolerant taxa.
Conversion expands foraging habitat for granivores and other open-country species while
removing the cover and substrates required by woodland taxa (Filgueiras et al., 2021;
Newbold et al., 2018). Loss of woody cover also increases functional isolation by widening
the gaps between woodland patches. Brown treecreepers (Climacteris picumnus), for
example, use scattered paddock trees as stepping stones but seldom cross wide gaps in tree
cover, leaving isolated populations vulnerable to extirpation (Doerr et al., 2011). We found
that species with higher hand-wing indices responded more positively to agricultural cover,
suggesting that gap-crossing ability helped structure this turnover. Agricultural conversion

therefore filters the regional species pool towards birds able to exploit and traverse farmland.

Among these birds is the noisy miner, whose occurrence increased with agricultural cover
and declined with woodland patch area. This profile accords with its preference for edge-
dominated woodland, where clearing and grazing maintain open vegetation and sparse
understorey (Howes et al., 2014; Mac Nally et al., 2012; Maron et al., 2013). In such
landscapes, noisy miner densities can exceed 0.6 birds ha™', above which sustained mobbing
can sharply reduce the richness and abundance of smaller birds (Crates et al., 2023; Maron et
al., 2013). At the landscape scale, local compositional uniqueness generally declined with
miner detection. Although territorial exclusion occurs below our 2.5-km grain, the

compositional signature observed across modified landscapes spanning the eastern seaboard



489 is consistent with its cumulative effects (Montague-Drake et al., 2011). Pied butcherbirds
490 were also more likely to occur in landscapes with smaller woodland patches. These

491  conditions may intensify declines among small woodland birds where noisy miners are also
492 abundant (Westgate et al., 2021). Land use may therefore amplify environmental filtering by

493 favouring taxa that strengthen biotic exclusion (C6té et al., 2016).

494  The recurrence of these patterns across Australia’s eastern seaboard indicates that land use
495 imposes a common filter on regional avifauna. As land use fragments woodlands, edges
496 expose more core woodland to this anthropogenic filter, where specialists decline while
497  generalists proliferate. Across these broad biogeographical gradients, compositional

498 differentiation among IBRA subregions was consistently lower under modified conditions,
499  with the strongest convergence occurring where noisy miner detection was high. This

500 regional convergence reflects a broader biogeographic signature of land-use change. In fact,
501 land use drives the homogenisation beyond Australia, reducing avian community

502 specialisation across biogeographical zones and replacing range-restricted species with
503 widespread taxa globally (Devictor et al., 2008; Ellis et al., 2026; Newbold et al., 2018).
504 Gains of widespread taxa might therefore offset specialist losses within local assemblages,

505 masking continued erosion of regional distinctiveness (Gossner et al., 2016).

506 These filters leave a complex imprint on community structure. The convergence of

507 agricultural assemblages among IBRA subregions is consistent with evidence that intensive
508 agriculture erodes avian B-diversity at large spatial scales (Karp et al. 2012). In our analysis,
509 high replacement LCBD at both low and high agricultural cover indicated locally distinctive
510 assemblages within their reference pools. Local compositional uniqueness can therefore

511 coexist with regional homogenisation, reinforcing the need to interpret B-diversity in its

512 spatial and ecological context (Socolar et al. 2016). Increasing woodland cohesion instead
513 reduced richness-difference LCBD while favouring woodland birds. Pairing LCBD with
514 direct regional comparisons therefore distinguishes local compositional uniqueness from
515 biogeographic convergence, while JSDMs identify the species and traits underlying both
516 patterns.

517 Despite our efforts to account for them, some methodological caveats remain. Citizen-science
518 data carry spatial and taxonomic biases, often underrepresenting cryptic ground birds and

519 assemblages in poorly sampled habitat interiors. We reduced these biases using completeness
520 thresholds (Callaghan et al., 2022), effort covariates and spatial controls, but inference
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remains strongest in well-sampled regions. LCBD presents a separate challenge because it
measures each assemblage relative to the centroid of its reference pool. We built each pool
from regional neighbours and retained coverage of the focal gradient, avoiding comparisons
across distant biogeographical regions. Even so, directional compositional change can place
assemblages at both ends of a gradient furthest from the centroid and generate a U-shaped
LCBD curve (Hernandez-Carrasco et al., 2026). Our U-shaped replacement curves therefore
show endpoint distinctiveness, not peaks in turnover rate. Finally, cross-sectional data cannot
determine whether the spatial convergence observed here will intensify, reverse or lead to
further compositional erosion through time. Temporal data are needed to resolve these
trajectories. Nevertheless, the recurrence of taxonomic and trait signatures across broad
geographic gradients suggests that sampling bias alone does not explain the principal
patterns.

Conclusion

Human land use simplifies bird assemblages across broad biogeographical gradients of
southeastern Australia. By filtering assemblages towards disturbance-tolerant taxa, landscape
modification may narrow the range of ecological strategies available for post-disturbance
reassembly. Drier conditions from climate change may compound this filtering by favouring
birds already able to exploit open agricultural matrices, while contracting climatically
suitable habitat for woodland specialists and forcing range shifting to track suitable
conditions (Frishkoff et al., 2016). Moreover, these pressures will likely be acute after
catastrophes such as megafires, when recovery depends on which species persist in
surrounding landscapes and can recolonise disturbed habitat. Promoting this recovery thus
requires conservation networks that protect large, connected woodlands and restore
understorey cover and habitat complexity. Green corridors can support movement through
agricultural matrices, but only where they retain the cover and resources sensitive species
require. Meeting area-based targets under the Kunming—Montreal Global Biodiversity
Framework therefore requires more than securing hectares (Pillay et al., 2024). A key first
step is identifying where protection is most urgent and which taxa are most vulnerable,
requiring a macroecological lens that links spatial patterns to species responses. By pairing
partitioned B-diversity with direct tests of regional convergence and trait-extended JSDMs,

we distinguish landscapes that retain regionally distinctive woodland assemblages from those
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converging on disturbance-tolerant taxa. While these models map the current winners and
losers of landscape modification, temporal data remain essential to determine whether
management restores woodland assemblages or biotic homogenisation persists. Ultimately,
conservation success depends not simply on habitat extent, but on whether protected
networks sustain the regional species pools from which diverse woodland avifauna can

recover.
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Data and Code Availability Statement

The frozen occurrence, trait, spatial and raster inputs required to reproduce the analyses,
together with their metadata, are available on Zenodo (doi.org/10.5281/zenodo.23060743).
Analysis code, the R package lockfile and a reduced demonstration dataset are available at
github.com/rahilJamin/aus_avifauna analyses. The repository documents how to regenerate
the derived data, models and figures.
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a. Study extent & raw occurrences b. Data cleaning workflow
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to February 2026.
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Restricted data strictly to in-situ detections (e.qg., visual
or acoustic), excluding museum and vouchered
specimens.

—> n = 17,670,557
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Retained records only from trusted providers (e.g.,
BirdLife) or sources with verifiable sampling protocols.

—> n =4461319
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Removed spatially invalid coordinates (e.g., points over
the ocean) using the R package CoordinateCleaner.

—> n =4461319
Y

Excluded records with spatial uncertainty greater than
2500 meters.

> n = 3,329,475
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Raw occurrences Restricted endemic species by latitude to prevent false
sympatry, and deduplicated to one record per species-
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799 Figure 1. Overview of the workflow used to convert Atlas of Living Australia occurrence
800 records into standardised site-by-species matrices for community analyses. a) Map showing
801 the spatial distribution of raw occurrence data for all 188 species across the Australian eastern

802 seaboard. The boundary polygon represents the study extent delineated using Interim
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Biogeographic Regionalisation for Australia (IBRA) subregions (Table S2). b) Schematic

workflow showing key steps in processing and standardising raw occurrence data using

multiple quality filters (full list in Table S3). ¢) Conceptual illustration for process of joining

point occurrence data to hexagonal grids and transforming to site by species matrix use for

diversity analyses.
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gradients across southeastern Australian bird assemblages. Curves show partial effects from

Gaussian generalised additive mixed models fitted to pool-size-standardised LCBD for total

B-diversity, species replacement and richness differences. Analyses used 186 species across

qualifying reference pools drawn from 2,426 eligible sites. Site numbers varied among

gradients and allocations, and vertical scales differ among panels. Columns show agricultural

cover, mean woodland patch area, woodland cohesion and noisy miner detection rate. Pink

lines represent 100 alternative geographical reference-pool allocations and black lines show

the mean response across allocations. Partial effects are centred on zero, with positive and

negative values indicating higher or lower contributions to compositional variation,

respectively, conditional on the other model covariates.
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Figure 3. Between-subregion B-diversity of southeastern Australian land-bird assemblages at
contrasting ends of a) agricultural cover, b) mean woodland patch area, c) woodland
cohesion and d) noisy miner detection rate. 3-diversity was measured using total Jaccard
dissimilarity between assemblages from different IBRA subregions. Grey points show the
mean B-diversity of each subregion containing at least three sites at both ends of the gradient
relative to all other qualifying subregions. The coloured points show the mean across
subregion pairs. Error bars show 95% bootstrap intervals obtained from 99 resamples of sites
within subregions and endpoints. Agricultural endpoints comprised sites with <20% and
>80% cover. Endpoints for the other gradients represent values at or below the study-wide
20th percentile and at or above the 80th percentile. Lower values indicate greater

compositional similarity among subregions.
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Figure 4. Species responses of southeastern Australian land birds to agricultural cover,
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Responses were estimated using a generalised linear latent variable model fitted to 154
species across 2,391 sites, with the log-transformed number of sampled month—year units as
an effort covariate, a random intercept for IBRA subregion and 39 selected doMEMs as
spatial predictors. Species-specific responses for all 154 species are shown in Figure S14.
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Figure 5. Trait-environment interaction coefficients showing how 154 species responses to
agricultural cover, mean woodland patch area and woodland cohesion across 2,391 sites
varied with log body mass and hand-wing index (HWI). Hand-wing index represents
dispersal capacity. The fourth-corner model was fitted using a generalised linear latent
variable model in the R package g1 1vm, with traits and environmental predictors centred and
scaled before analysis. Positive coefficients indicate that species with higher trait values
responded more positively to increasing predictor values, whereas negative coefficients
indicate more positive responses among species with lower trait values. Points show probit-
scale interaction coefficients and error bars show 95% confidence intervals. Teal and orange
identify supported positive and negative interactions, respectively, while grey indicates
confidence intervals overlapping zero. The model included log checklist count, IBRA
subregion and distance-based Moran’s eigenvector maps as effort, regional and spatial

controls.



