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Abstract
Aim: The aim was to identify the primary drivers of compositional change in breeding 
bird assemblages over a 40- year period.
Location: Britain.
Time period: From 1970 to 2010.
Major taxa studied: Birds.
Methods: Using morphological trait measurements and a dataset of presence– absence 
data for British breeding birds surveyed in 10 km × 10 km hectads during two time pe-
riods, we calculated temporal taxonomic and functional beta diversity for each hectad 
alongside the change in species richness, mean nearest taxon distance (MNTD) and 
mean pairwise distance (MPD). We also estimated potential drivers of beta diversity, 
including climatic and land- use and land- cover (LULC) change variables, elevation and 
assemblage species richness in 1970 (1970rich). We used random forest regressions 
to test which variables best explained compositional change in the assemblages. We 
also assessed spatial taxonomic and functional change by analysing multiple- site beta 
diversity and pairwise dissimilarities between time periods.
Results: Initial (1970) species richness was the most important predictor (highest im-
portance score) across all models, with areas characterized by higher initial richness 
experiencing less assemblage change overall. The coordinates included to capture 
spatial autocorrelation in the data were also important predictors of change. Most cli-
mate and LULC variables had relatively low explanatory power; elevation and average 
temperature were the most influential. All metrics increased slightly with increasing 
elevation, except for species richness change and MPD, which decreased.
Main conclusions: The composition of British breeding bird assemblages changed 
substantially between 1970 and 2010. Spatial heterogeneity increased, both taxo-
nomically and functionally. We show evidence that hectads with larger assemblages 
have been buffered from temporal diversity change and that those at higher eleva-
tions changed more in composition than those at lower elevations. Overall, coarse- 
resolution climate and LULC explained only small to moderate amounts of variation, 
suggesting that stochastic assembly change or finer- scale drivers might be drivers of 
temporal changes in assemblage composition.
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1  |  INTRODUC TION

Recently, there has been an increasing focus in ecology on analysing 
biodiversity change through time and identifying the drivers of that 
change (Antão et al., 2020; Blowes et al., 2019; Dornelas et al., 2014; 
Pilotto et al., 2020). Climate and land- use and land- cover (LULC) 
change have both been identified as predictors of biodiversity 
change globally and linked, either directly or indirectly, to increased 
extinction risk in many taxa in the coming decades (Lindisfarne & 
Rayner, 2015; Newbold, 2018; Thomas et al., 2004; Wieczynski 
et al., 2019). Of the two, LULC change is generally acknowledged 
as the largest current driver of biodiversity loss (Bellard et al., 2012; 
Seto et al., 2012; Sohl, 2014; Tratalos et al., 2007; Zabel et al., 2019). 
However, warming temperatures are impacting species through 
range alterations/niche tracking (Batt et al., 2017; Fox et al., 2014; 
Tayleur et al., 2015) and shifting phenologies (Bell et al., 2019). These 
impacts will probably intensify, and climate change is expected to 
match or exceed LULC change as the leading biodiversity change 
driver this century (Newbold, 2018).

Although deterministic processes (e.g., LULC and climate change) 
can drive assemblage change, non- deterministic processes (e.g., 
stochastic change) have also been identified as drivers (Baselga 
et al., 2015; Stegen et al., 2013). Many biodiversity models (e.g., 
the equilibrium theory of island biogeography and neutral models; 
Hubbell, 2001; Mac Arthur & Wilson, 1967) predict the temporal 
turnover of species in a community as a theoretically stochastic 
process.

Two main factors hinder many studies of biodiversity change. 
First, appropriate time- series data covering species composi-
tion from sites at two or more time points are required (Antão 
et al., 2020; Dornelas et al., 2018). However, owing to the resources 
required to collect time- series data, most studies analysing tempo-
ral assemblage change use a space- for- time substitution, analysing 
dissimilarity between sites within the same study system and time 
period (e.g. Swenson et al., 2011). Space- for- time analyses assume 
that communities are at equilibrium, whereas temporal analyses do 
not (Damgaard, 2019).

Second, many studies examining temporal change in assem-
blages in response to anthropogenic drivers use only taxonomic di-
versity (quantifying changes in species composition in each locality 
over time); this ignores species- specific differences in functional 
traits that provide ecological information regarding the roles of indi-
vidual species in their community (Şekercioǧlu, 2006).

An effective and widely used framework for analysing change 
in composition is temporal beta diversity (Baselga et al., 2015; 
Matthews et al., 2019; Shimadzu et al., 2015). Temporal beta- 
diversity metrics capture changes in the size and composition of 
a single assemblage over two or more time points. Those studies 

that have analysed time- series data show mixed outcomes, variously 
indicating increases (Christian et al., 2009; Jarzyna & Jetz, 2017; 
Schipper et al., 2016), decreases (Konvicka et al., 2006; Tingley 
& Beissinger, 2013; Wilson et al., 2007) or no systematic change 
(Dornelas et al., 2014; Petchey et al., 2007) in diversity through time. 
Further evidence of temporal biodiversity change and any drivers of 
that change is thus needed.

Here, we use measures of temporal taxonomic and functional 
beta diversity to analyse patterns of assemblage change in British 
breeding bird assemblages. To assess how assemblage diversity 
changed spatially, we used two complementary analyses to iden-
tify changes in the spatial dissimilarity structure and overall het-
erogeneity. Based on previous work on temporal diversity change, 
we expected i) average temperature change to be selected as an 
important variable (defined by the importance score in the random 
forest modelling) in driving diversity patterns (Davey et al., 2012; 
Lennon et al., 2000), and ii) turnover to be the main component 
of both taxonomic and functional compositional change, with no 
overall pattern of consistent species loss (Baselga et al., 2015; 
Blowes et al., 2019; Dornelas et al., 2014; Pilotto et al., 2020; 
Stegen et al., 2013). The effect of LULC change was more diffi-
cult to predict. Previous studies indicated correlations between 
compositional change and LULC change variables, but LULC 
change variables generally had low explanatory power (e.g., Jung 
et al., 2020).

2  |  MATERIAL S AND METHODS

2.1  |  Data collection

2.1.1  |  Species composition data

Data on the summer (breeding) distributions of the British avi-
fauna recorded over two separate periods (Gillings et al., 2019) 
were collected during April– July 1968– 1972 (BA1970) and 2008– 
2011 (BA2010) by volunteers on behalf of the British Trust for 
Ornithology (BTO) and the Scottish Ornithologists’ Club (SOC). 
Each atlas (the data collected over each sampling period) consists 
of data on the presence or absence of British bird species within 
10 km × 10 km (100 km2) hectads covering the British Isles on a con-
tinuous grid (Supporting Information Figure S1.1). We prepared the 
data by removing some species (e.g., marine species and vagrants) 
and removing hectads that were calculated to have potentially low 
sample completeness (defined as the difference in the proportion of 
benchmark species found in each hectad in each sampling period) or 
had < 50% land or comprised offshore islands (for more details, see 
Supporting Information Appendix S1 and S2).

K E Y W O R D S
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2.1.2  |  Trait data

We selected nine continuous traits (eight morphometric traits and 
body mass) measured from museum specimens or extracted from 
the literature to characterize the functional diversity of each as-
semblage (all species present in a hectad; Pigot et al., 2020). All 
traits selected [two estimates of beak length (culmen from tip to 
skull and tip to nares), beak width, beak depth, secondary length, 
tarsus length, wing chord length, tail length and body mass] 
provide information about dietary niche, locomotion and eco-
logical function (Pigot et al., 2020; Tobias & Pigot, 2019; Trisos 
et al., 2014).

We log10- transformed measures of all traits, then standardized 
them to a mean of zero and an SD of one. We then entered measures 
of all traits into a principal components analysis (PCA) and extracted 
all axes, because all axes, including the minor axes, have been shown 
to provide useful information with regard to these trait data (Pigot 
et al., 2020).

2.1.3  |  Climate data

We downloaded monthly temperature and precipitation data for 
1960– 2011 (10 years before the first Atlas period to capture lag 
effects) from the UK Met Office, which provides climate data in-
terpolated from local weather stations onto a 1 km × 1 km grid 
across the UK (Hollis et al., 2019). For each hectad, we calculated 
the change in several climate variables for the breeding season 
(defined as the start of March to the end of July), selected a priori. 
We calculated average temperature (in degrees Celsius) as the 
mean monthly temperature across the breeding months for each 
year (1960– 2011). We selected this variable because it impacts 
the metabolic load of species, and increases in temperature are 
thought to reduce this load and allow more energy for reproduc-
tion (Lennon et al., 2000); also, temperature has been found to 
be a predictor of avian occurrence and abundance in the breed-
ing season (Jarzyna et al., 2015; Jiguet et al., 2010; McDonald 
et al., 2012). We summed precipitation (in millimetres) for each 
hectad over the breeding season for each year. We calculated the 
range in temperature as the mean maximum temperature over the 
breeding season minus the mean minimum temperature for each 
year. We also calculated the mean temperature in the warmest and 
coldest month for each year. To assess the effect of unusually cold 
or warm periods, we calculated the “fat tail” for the coldest and 
warmest months across the 40- year period (ColdFAT and WarmFAT). 
The fat tail is the duration of the period in the tails of the distribu-
tion relative to that in the central mass, calculated as (Q 0.975 − Q 
0.025)/(Q 0.875 − Q 0.125), where Q is the quantile function (Brys 
et al., 2006).

To calculate climatic change, we averaged each of the climate 
variables over two periods to match each atlas (1960– 1970 and 
2001– 2011) and also calculated the SD for each. We then subtracted 
the earlier mean from the later one to give the change in average 

temperature (Tavg), change in the range of temperature (Range), 
change in precipiation (Prec), change in average temperature of 
the coldest month (Cold) and change in the average temperature of 
the warmest month (Warm). We repeated this for the SD to mea-
sure how variation around the mean changed across time (TavgSD, 
RangeSD, PrecSD, ColdSD and WarmSD).

2.1.4  |  Land- use data

We obtained data for land- use change from the Historic Land 
Dynamics Assessment (HILDA, v.2.0) model (Fuchs et al., 2012). 
The HILDA model uses multiple data streams of land cover to re-
construct historical LULC change, including where transitions have 
occurred (e.g., from forest to settlement). We obtained land- cover 
data relating to dominant, gross LULC changes for 1970 and 2010 
(Fuchs et al., 2012, 2015). From these data, we calculated the num-
ber of 1 km2 grid cells within each hectad classed as settlements 
(hereafter, urban land use), cropland and forest in 1970. We re-
peated this process with the 2010 data and subtracted the number 
of grid cells present in each land- use class in 1970 from the number 
of grid cells present in the same class in 2010. This provided a meas-
ure of the land- use change (converted to percentage change) within 
the hectads over the 1970– 2010 period (Urbanchange, Cropchange and 
Forestchange). HILDA also provides the number of times a 1 km × 
1 km grid cell transitioned (changed primarily from one LULC class to 
another) between 1970 and 2010. We summed all transitions within 
each hectad to give a measure of total LULC change (Totalchange). We 
calculated Shannon’s diversity index for each hectad to capture the 
amount and variability in land- cover types, then subtracted the ear-
lier measure from the later to give a measure of difference (Shan).

2.1.5  |  Elevation data

We obtained elevation data from the shuttle radar topography mis-
sion (SRTM). For each hectad, we used 400 equally spaced points to 
extract data. We then calculated the average and SD from these data 
(Elevation and SDelev, respectively).

We used Pearson’s correlations to test for multicollinearity be-
tween the predictor variables. The Meanelev and SDelev had an abso-
lute correlation > .70 (−.78), as did Tavg and Warm (.84). Therefore, 
we removed SDelev and Warm.

2.2  |  Measuring compositional change 
through time

2.2.1  |  Temporal taxonomic and functional 
beta diversity

We calculated taxonomic dissimilarity between 1970 and 2010 
for each hectad with the function beta.temp from the R package 
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“betapart” (Baselga & Orme, 2012). This function computes the beta 
diversity (i.e., the compositional dissimilarity) between the earlier 
assemblage and the later assemblage within the same hectad. We 
used Sørensen’s dissimilarity index (BDTOTAL; Baselga, 2010; Koleff 
et al., 2003).

We partitioned total beta diversity (BDTOTAL) into its two con-
stituent components, turnover and nestedness resultant dissimilar-
ity. Turnover (hereafter, BDTURN) is the proportion of dissimilarity 
attributable to species replacement between the two time periods, 
whereas nestedness (hereafter, BDNEST) is the proportion of the 
dissimilarity attributable to the earlier or later assemblage being 
a nested subset of the other through either loss or gain of species 
(Baselga, 2010). We also calculated a simple measure of taxonomic 
change (2010 species richness minus 1970 species richness = 
SPchange).

We then calculated functional beta diversity using Sørensen’s 
dissimilarity index and Baselga’s partitioning framework (Phylosor). 
For this approach, we first used the agglomerative hierarchical 
clustering method (UPGMA) to create a global functional dendro-
gram containing all the species included in the study. This method 
produces a rooted tree wherein the distance between the root and 
all tips is equal (Petchey & Gaston, 2002). We used the phylo.sor 
function in the “betapart” package (Baselga & Orme, 2012) to cal-
culate functional dissimilarity on the basis of the shared branch 
length of the functional dendrogram between 1970 and 2010 
(hereafter, FDTOTAL). Although this method is usually applied to 
phylogenies, we applied it to a functional dendrogram to give a 
functional measure analogous to taxonomic beta diversity, allow-
ing for a straightforward comparison. We also used this method 
owing to the large number of sites and therefore the substantial 
computing time required to use convex hull approaches. We parti-
tioned FDTOTAL into nestedness resultant dissimilarity (FDNEST) and 
turnover (FDTURN).

We performed a Pearson’s correlation between the Euclidean 
distances in the distance matrix and the cophenetic distances in the 
dendrogram to test whether the functional distances were repre-
sentative of the real distances between the species. The correlation 
was relatively high (Pearson’s r = 0.80), showing that the dendro-
gram provided a reasonable measure of the functional distances be-
tween species.

2.2.2  |  Mean nearest neighbour distance and mean 
pairwise distance

As an alternative to Baselga’s temporal functional beta- diversity 
framework, we calculated the beta- diversity versions of mean near-
est taxon distance (MNTD) and mean pairwise distance (MPD) (for 
more details regarding these metrics, see Supporting Information 
Appendix S3).

We calculated MPD and MNTD with the comdist and com-
distnt functions, respectively, in the R package “picante” (Kembel 

et al., 2010; Webb et al., 2008). We plotted values of all metrics to 
identify any spatial clustering of areas of high or low change.

2.2.3  |  Change in spatial taxonomic and functional 
beta diversity

We performed two complementary analyses to test whether differ-
ent aspects of spatial beta diversity changed. Changes in the spatial 
dissimilarity structure (i.e., similar sites becoming dissimilar and vice 
versa) can be detected as low- level correlations (i.e., weak correla-
tions) between the dissimilarity between sites in the earlier period 
and the dissimilarity between sites in the later period, and where the 
relationship between the two is not 1:1 (Baselga et al., 2015). We 
calculated pairwise dissimilarities between each hectad and every 
other hectad during both time periods. We then used Mantel tests 
(Mantel, 1967) to assess the significance of the correlation of the 
turnover (PBDTURN; i.e., pairwise beta- diversity turnover) and nest-
edness (PBDNEST) dissimilarities between sites across the two time 
periods. We repeated this process for functional turnover (PFDTURN) 
and nestedness (PFDNEST).

In contrast to pairwise dissimilarities, multiple site beta diver-
sity provides information about the overall spatial heterogene-
ity of assemblages (Baselga et al., 2015; Baselga & Orme, 2012). 
Multiple site beta diversity (here referred to as MBDTOTAL; i.e., 
total multiple site beta diversity) can also be partitioned into its 
constituent components, nestedness (MBDNEST) and turnover 
(MBDTURN). To test for increases or decreases in heterogeneity, we 
used the beta.sample function in the package “betapart” to gen-
erate 1,000 multiple site taxonomic and functional beta- diversity 
values for both time periods from a random sample of one- fifth 
of all sites (Baselga et al., 2015; Baselga & Orme, 2012). We com-
pared the distributions for both the turnover and nestedness re-
sultant dissimilarity portions for each period with the function 
mded (in the package “mded”; Aizaki, 2014; Poe et al., 1997, 2005), 
which quantifies the difference between two non- independent 
empirical distributions. We repeated this process for multiple site 
functional beta diversity (MFDTOTAL) and its constituent compo-
nents (nestedness, MFDNEST; and turnover, MFDTURN).

2.3  |  Modelling variation in temporal beta diversity

2.3.1  |  Random forest regression

We used random forest regression to explore whether our explana-
tory variables influenced the temporal beta- diversity metrics. We 
tuned the forests with combinations of three hyperparameters (for 
further details, see Supporting Information Appendix S3) with the 
function rf_tuning in the package “spatialRF” (Benito, 2021). We se-
lected the combination that fitted the data best [evaluated with the 
R2 of the fit to the out- of- the- bag (OOB) data].
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We included coordinates of hectad centres as predictor vari-
ables [latitude (Y) and longitude (X) (Georganos et al., 2021; 
Hengl et al., 2018)]. We then assessed spatial autocorrelation of 
the residuals from the random forest models with Moran’s I index 
(Anselin, 2010; Moran, 1948). We used a Euclidean distance matrix 
between all sites with model residuals in Moran’s I tests, imple-
mented as standard in the functions used to run the models in the 
package “spatialRF” (Benito, 2021; Wright & Ziegler, 2017).

Given that random forest is a stochastic algorithm, we ran 20 
replicates for each of the response metrics, yielding 20 models for 
each metric. We calculated variable importance (defined as the in-
crease in mean square error with a random variable instead of the 
original) with permutations within each forest (Breiman, 2001). We 
recorded the median and SD of variable importance across the 20 
models.

We assessed the predictive performance of the models through 
spatial cross- validation. We split the data into 20 sets of spatially 
distinct training (75%) and testing (25%) data. Reported here are the 
median variable importance and mean R2 (OOB) values across the 
20 models for each response metric and the mean performance [R2 
and root mean squared error (RMSE)] across the 20 evaluation mod-
els for each of the response metrics. Given that variation in climate 
and other predictors might be structured spatially, we repeated the 
above with the spatial coordinates omitted from the model.

We assessed relationships between the explanatory variables 
and the response variables by calculating the marginal effect of each 
variable across the 20 models for each response. We plotted the 
mean marginal effect and the SD.

3  |  RESULTS

3.1  |  Climate change between 1960 and 2010

Precipitation and range in temperature increased across most of 
Britain, and all changes in average temperature and mean temper-
ature in the coldest month were positive (Supporting Information 
Figure S4.1). However, precipitation and range in temperature de-
creased in some areas over the period [977 (43.6%) and 12 (0.5%) of 
the hectads, respectively; Supporting Information Figure S4.1]. The 
SDs of precipitation, range in temperature, and temperature in the 
warmest month increased in most areas, whereas the SD of average 
temperature decreased, and the SD of the average temperature in 
the coldest month increased in some areas and decreased in oth-
ers. Average ColdFAT (1.62 ± 0.15) and WarmFAT (1.57 ± 0.16) were 
similar.

3.2  |  Land- use change

The area of forest and urban land cover both increased on average, 
but variation was high (4.4 ± 6% and 0.6 ± 2.5%, respectively), and 

cover of these classes decreased in some areas (167 and 54 grid cells, 
respectively). Forest increases were scattered throughout Britain in 
clusters, whereas increases in urban land were largely congruent 
with already built- up areas (Supporting Information Figure S4.2). 
Cropland decreased on average, but with large variation (−4.9 ± 
16.7%; Supporting Information Figure S4.2). All but 69 hectads had 
some form of LULC change over the 40 years between the atlases, 
and the average number of transitions between LULC types was 
19.8 ± 19.1. Shannon’s index increased in 1,654 grid cells and de-
creased in 447 (average change 0.1 ± 0.2; Supporting Information 
Figure S4.2).

3.3  |  Changes in taxonomic assemblage 
composition through time

Change in all taxonomic measures was relatively uniform across 
Britain, but with a clear spatial pattern found in species richness 
change (SPchange; Figure 1). There appeared to be clustering of areas 
with increases or decreases in species richness, although there was 
no strong latitudinal or longitudinal divide (Figure 1). Mean SPchange 
was slightly negative across the hectads, but with large variation 
(−0.21 ± 10.95, range = −39 to 41) and a median of zero. Slightly 
more assemblages had a net loss of species than a net gain (1,095 
and 1,054 assemblages, respectively).

For taxonomic beta diversity, mean total taxonomic beta di-
versity (BDTOTAL) was .20 ± .06 (range = .08– .54). The BDTOTAL 
was mainly driven by turnover (BDTURN; .15 ± .06, range = 0– .46, 
mean percentage of BDTOTAL = 75%) with nestedness responsible 
for a lower portion on average (BDNEST; .05 ± .05, range = 0– 
.29, mean percentage of BDTOTAL = 25%). There was no strong 
signal of species loss or gain at the hectad level over the period 
(Figure 1).

3.4  |  Changes in functional assemblage 
composition through time

The pattern of temporal functional beta diversity across the assem-
blages was similar to taxonomic beta diversity, with higher average 
turnover than nestedness [FDTURN; .13 ± .05 (mean percentage of 
FDTOTAL = 72%) and FDNEST; .05 ± .04 (mean percentage of FDTOTAL 
= 28%), respectively], highlighting no systematic loss of functional 
diversity. However, mean total functional beta diversity (FDTOTAL) 
was .18 ± .05 (range = .08– .42), and thus lower than mean BDTOTAL 
(Figure 1). In addition, the change in FDTOTAL was greater in upland 
areas than in the lowlands (Figure 1).

In contrast, mean pairwise distance (MPD) was higher in lowland 
areas (mainly the south- east) than in uplands (Figure 1). Average 
MPD across the hectads was 3.64 ± 0.11 (range = 3.15– 3.94), and 
average mean nearest neighbour distance (MNTD) was 0.36 ± 0.11 
(range = 0.15– 1.10) (Figure 1).
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3.5  |  Spatial taxonomic and functional  
beta- diversity change

The spatial structure of dissimilarities changed between 1970 and 
2010, as shown by the low correlations/weaker relationships be-
tween pairwise taxonomic nestedness (PBDNEST; R2 = 0.18, Mantel 
p < .001) and pairwise functional nestedness (PFDNEST; R2 = 0.19, 
Mantel p < .001) in the two time periods, and the clear deviation 
of the slope of the relationships from one (Figure 2). Overall, pairs 
of sites became less nested (Figure 2). The correlations/relation-
ships between the two time periods for pairwise taxonomic turnover 
(PBDTURN; R2 = 0.61, Mantel p < .05) and pairwise functional turnover 
(PFDTURN; R2 = 0.50, Mantel p < .05) were lower/weaker (although 
still significant) and the slopes were much closer to one (Figure 2). 
Heterogeneity across the region changed significantly, as evidenced 
by significantly higher turnover in the sampled multiple taxonomic 
turnover (MBDTURN) and multiple functional turnover (MFDTURN) 
values for 2010 compared with 1970 (both p < .05; Figure 2). The 
sampled values of multiple taxonomic nestedness (MBDNEST) and 

multiple functional nestedness (MFDNEST) in 1970 and 2010 over-
lapped considerably (Figure 2).

3.6  |  Random forest models

The random forest models explained between 13% (FDNEST) and 
60% (MPD) of the variation in the temporal beta- diversity metrics 
based on average OOB R2 values (across 20 random forest models; 
Figure 3). Models trained on 75% of the data explained, on aver-
age, between 4 ± 3% (BDNEST) and 50 ± 16% (MPD) of variation 
across the 20 training sets containing 25% of the data (Supporting 
Information Tables S5.1 and S5.2, respectively).

Across all the models, the order of variable importance 
was similar. For all metrics, species richness in 1970 was the 
most important variable by a relatively large margin (Figure 3). 
Coordinates were also ranked highly across the models, with lat-
itude being more important than longitude for all metrics except 
for SPchange (Figure 3). Changes in the SD of the climatic variables 

F I G U R E  1  Temporal change 
observed in breeding bird communities 
in Britain between 1970 and 2010 
within 10 km × 10 km hectads for the 
following taxonomic and functional 
metrics: the temporal taxonomic beta 
diversity (BDTOTAL), taxonomic turnover 
(BDTURN), taxonomic nestedness 
resultant dissimilarity (BDNEST), temporal 
functional beta diversity (FDTOTAL), 
functional turnover (FDTURN), functional 
nestedness resultant dissimilarity 
(FDNEST) and species richness change 
(SPchange); and two additional measures 
of functional change: mean pairwise 
distance (MPD) and mean nearest taxon 
distance (MNTD). The values represent 
the change within each hectad between 
the 1970 and 2010 periods, as derived 
from two atlases produced by the British 
Trust for Ornithology (BTO). Grey areas 
indicate where grids were removed owing 
to a large difference in the number of 
benchmark species detected during the 
1970 atlas and the 2010 atlas (these areas 
were mainly within Scotland). Given that 
the scale varies among measures, they are 
not directly comparable with one another
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were consistently ranked higher than the mean equivalent in all 
models except nestedness, MPD and SPchange (Figure 3). The LULC 
predictors were consistently poor predictors across the response 
metrics, although the difference in importance between these and 
most other variables was low (Figure 3).

Partial plots for the three most important variables (calcu-
lated using variable importance scores; for plots displaying all the 
variables, see Supporting Information Appendix S6) showed that 
all taxonomic and functional Baselga beta- diversity measures de-
creased with increasing species richness in 1970 and increased 
slightly with change in the SD of average temperature (TavgSD; al-
though the lines were largely stable, with functional nestedness 
and taxonomic nestedness being flat; Figures 4 and 5). SPchange also 
decreased with increasing species richness in 1970 and elevation, 
but increased slightly with increasing change in average tempera-
ture (Tavg; Figure 4).

Mean pairwise distance and MNTD had opposite relationships 
with 1970rich (MPD increasing and MNTD decreasing; Figure 5). In 
addition, MPD decreased with elevation and increased slightly with 
Tavg (Figure 5), whereas MNTD increased slightly with TavgSD and 
decreased slightly with change in SD of precipitation (PrecSD). Other 
variables had a limited effect (Figure 5).

All relationships between the composition change metrics and 
the predictors strengthened in the absence of spatial coordinates, 

but none of the relationships changed to any great extent (see 
Supporting Information Appendix S7).

4  |  DISCUSSION

4.1  |  Temporal assemblage change

Individual assemblages changed, often substantially, between 1970 
and 2010, mainly driven by the turnover of species and functional 
diversity. This suggests that species in local assemblages were re-
placed rather than lost systematically, consistent with previous work 
on temporal patterns of community change (Antão et al., 2020; 
Blowes et al., 2019; Dornelas et al., 2014, 2018; Nunes et al., 2020; 
Petchey et al., 2007; Tinoco et al., 2021; Tsianou et al., 2021). 
Functional change was slightly lower on average than taxonomic 
change across the assemblages, highlighting that the assemblages 
were less functionally disturbed despite the taxonomic change (see 
also Tsianou et al., 2021). However, these results do not necessar-
ily imply that functional redundancy was high in all assemblages. 
Species that were replaced or were lost from or gained by an as-
semblage seemingly often had distinct traits, as shown by nearly 
proportional changes in both taxonomic and functional nestedness 
(Petchey et al., 2007).

F I G U R E  2  Spatial change in taxonomic and functional beta diversity of British bird breeding assemblages between 1970 and 2010. 
The density plots on the left show the turnover and nestedness components for both taxonomic (MBDTURN and MBDNEST) and functional 
(MFDTURN and MFDNEST) beta diversity. The dashed grey lines show the mean value of the metric across the sampled distribution, with 
p- values from empirical tests shown in the top left corner. The plots on the right show the correlations between pairwise dissimilarities 
calculated in 1970 and 2010 for both taxonomic (PBDTURN and PBDNEST) and functional (PFDTURN and PFDNEST) beta diversity. The 
continuous grey lines show the relationship between the metrics using ordinary least squares linear regression (the slopes clockwise from 
top- left are 0.92, 0.46, 0.49 and 0.73). The fit (R2) from the regression is shown in the bottom right- hand corner
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Observed changes in composition were influenced mainly by the 
number of species present in the assemblage in the earlier period, with 
larger assemblages changing relatively less than smaller ones. Given 
that taxonomic nestedness, and therefore total taxonomic beta diver-
sity, are not independent of species richness gradients, we cannot make 

assumptions on the basis of these results. Taxonomic turnover, however, 
did not depend on these gradients. Comparatively lower turnover in sites 
with greater species richness could mean that more diverse assemblages 
might be protected to an extent against temporal disturbance, perhaps 
because they have a wider array of traits (and therefore functions), 

F I G U R E  3  Variable importance scores from spatial random forest models for different measures of temporal change in assemblages 
(100 km2 hectads) of British birds from 1970 to 2010. The mean model explanatory power (R2) is in the lower right of each plot. The metrics 
of assemblage composition change are as follows: temporal taxonomic beta diversity (BDTOTAL), taxonomic turnover (BDTURN), taxonomic 
nestedness resultant dissimilarity (BDNEST), temporal functional beta diversity (FDTOTAL), functional turnover (FDTURN), functional nestedness 
resultant dissimilarity (FDNEST), species richness change (SPchange), mean pairwise distance (MPD) and mean nearest taxon distance (MNTD). 
Variables are ranked in descending order of importance (most important first), with the values on the x- axis showing the variable importance 
of each predictor. For each variable in each plot, the vertical line is the median importance across the 20 models, and the box indicates the 
interquartile range (IQR). Points highlight outliers, and the whiskers show data 1.5 times the IQR
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leading to a better- functioning system and therefore more resilience 
(Jarzyna & Jetz, 2017; Weeks, Naeem, et al., 2020). The hectads with 
higher initial species richness could also have been located in areas that 
were less disturbed (for example, in conservation reserves), although we 
found little evidence for less disturbance using coarse- resolution LULC 

and climate change variables. Alternatively, the lower observed change 
in sites with higher species richeness could be attributable to facilitation 
between species, with negative relationships between turnover and di-
versity expected when communities are characterized by strong inter-
specific facilitative interactions (Pandit & Kolasa, 2012; Shurin, 2007).

F I G U R E  4  Partial plots of the marginal effect of each of the top three most important predictor variables (calculated from median 
random forest importance scores) on the temporal taxonomic beta diversity (BDTOTAL) of British breeding bird communities from 1970 to 
2010 and its component parts, turnover (BDTURN) and nestedness resultant dissimilarity (BDNEST). Also shown are the partial plots for species 
richness change (SPchange). Each partial plot shows the mean marginal effect of the predictor variable across 20 random forest models for 
each metric. Effects of the predictor variables were assessed across the central 90% of the values of the predictor variables (the red section 
of the lines). Variables are ordered according to median importance across the models (left to right). 1970rich is the hectad species richness in 
1970. TavgSD is the change in the standard deviation of mean temperature across the period. ColdSD is the change in the standard deviation 
of mean temperature in the coldest month across the period. Tavg is the change in the average temperature across the period. WarmSD is the 
change in the standard deviation of mean temperature in the warmest month across the period
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Although changes in species richness were centred around zero, 
the variation around the average indicates that many assemblages 
did change, in some cases substantially. Large losses from some 

areas were almost equally balanced by large gains in others, simi-
lar to results found for changes in plant communities at local scales 
globally (Vellend et al., 2013). This could relate to species ranges 
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increasing or decreasing or, alternatively, to factors such as conser-
vation-  and biodiversity- focused land- management efforts (Inger 
et al., 2015; Reif, 2013; Rittenhouse et al., 2012).

The spatial structure of breeding bird assemblages also changed, 
as evidenced by a significant increase in spatial heterogeneity (mea-
sured by comparing the distributions of multiple site beta diversity 
in each time period) through time for both taxonomic and functional 
turnover. Pairs of sites also became less taxonomically and func-
tionally nested. Given that the numbers of sites that gained or lost 
species were roughly even, and the functional pattern matched the 
taxonomic pattern, the decrease in nestedness might be driven by 
the loss or gain of functionally unique or rare species. For exam-
ple, the range of the common buzzard (Buteo buteo) increased from 
940 to 2,130 hectads (226% increase), and the range of the cuckoo 
(Cuculus canorus) decreased from 2,107 to 1,258 hectads (60% de-
crease). All things being equal, these changes in distribution would 
decrease nestedness between areas in which buzzards were absent 
and those in which buzzards were present or, in the case of the 
cuckoo, between areas in which cuckoos were present and those in 
which cuckoos were absent.

In comparison, Baselga et al. (2015) found no change in heteroge-
neity of bird assemblages in south- west France, although their study 
region was much smaller than ours. However, they found the same 
reduction in nestedness between pairs of sites. Given that changes 
in the spatial structure of dissimilarities in our study were driven 
by both losses and gains in species richness, and those were not 
driven by LULC or climate changes to any great extent (see below), 
it appears that some of this assemblage change might be stochastic 
(Baselga et al., 2015; O’Sullivan et al., 2021; Stegen et al., 2013) or 
perhaps attributable to inappropriate or missing covariates. For ex-
ample, the increases in distribution of the buzzard are likely to be at-
tributable to enhanced protection. Declines in the distribution of the 
cuckoo have been attributed to grassland degradation, phenological 
changes in hosts, and changes in conditions along migratory routes 
(Hewson et al., 2016). Such factors, and probably those affecting 
other species, were not considered in our modelling.

4.2  |  Elevation, climate change and LULC change

Assemblage composition changed more in upland areas in Britain 
than in lowland regions. Species richness increased slightly in the 

lowlands and decreased in the uplands, which might indicate that up-
land species (such as those in the Scottish Highlands) are more at risk 
of local extirpation. These losses could result from either increased 
competition (as species ranges shift upslope) or environmental filter-
ing in upland areas through time. Alternatively, the observed eleva-
tion effect could be an effect of species richness itself, given that 
we observed that more species- rich communities changed less than 
less species- rich communities, and species richness is known often 
to decrease with elevation (Guo et al., 2013).

Climate change variables had higher importance scores in the 
models than LULC change variables, but less so than species rich-
ness in 1970 and elevation; change in average temperature and 
change in the SD of average temperature were the most important. 
These findings are generally consistent with previous work that used 
data from earlier periods and found that change in average tempera-
ture drove compositional change of British birds (Davey et al., 2012, 
2013; White et al., 2018), although we found a weaker effect of 
climate. We found that the importance scores of climate variables 
relative to both spatial coordinates and species richness in 1970 
were generally low. This might be attributable to the resolution at 
which the assemblages were sampled. For example, previous work 
has shown that climatic conditions are more relevant to overall avian 
temporal assemblage dissimilarity at finer (5 km × 5 km) compared 
with coarser resolutions (up to 80 km × 80 km) in New York State, 
although this resolution dependence is not as strong for temporal 
turnover (Jarzyna et al., 2015).

In regard to the impact, or lack thereof, of LULC variables within 
the models, there are several potential factors to consider. As can 
be seen from the 90% central range lines in the partial plots (red 
lines; Supporting Information Figures S6.1– S6.9), Urbanchange was 
heavily zero- inflated. Low recorded land- use change might be at-
tributable to the measure of land change. The base LULC data used 
here were the dominant LULC type on a 1 km2 grid. Therefore, 
for urban land to be classified as increasing or decreasing in a 
1 km2 grid cell within the larger 100 km2 hectad, that 1 km2 grid 
cell must have changed from mainly urban to another land use or 
from another land use to mainly urban. Such change is uncommon 
in an extensively urbanized country, such as the UK. The UK can 
be described as a post- perturbation system where considerable 
LULC change has already occurred, and the pace, range and inten-
sity of LULC change has slowed in recent decades. Different re-
sults are expected for other countries, particularly many tropical 

F I G U R E  5  Partial plots of the marginal effect of each of the top three most important predictor variables (calculated from median 
random forest importance scores) on the temporal functional beta diversity (FDTOTAL) of British breeding bird communities from 1970 to 
2010 and its component parts, turnover (FDTURN), nestedness resultant dissimilarity (FDNEST), mean nearest taxon distance (MNTD) and 
mean pairwise distance (MPD). Each partial plot shows the mean marginal effect of the predictor variable across 20 random forest models 
for each metric. Effects of the predictor variables were assessed across the central 90% of the values of the predictor variables (the red 
section of the lines). Variables are ordered according to median importance across the models (left to right). 1970rich is the hectad species 
richness in 1970. TavgSD is the change in the standard deviation of mean temperature across the period. ColdSD is the change in the standard 
deviation of mean temperature in the coldest month across the period. Tavg is the change in the average temperature across the period. 
WarmSD is the change in the standard deviation of mean temperature in the warmest month across the period. PrecSD is the change in the 
standard deviation of mean total precipitation across the period
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countries, where LULC change is more prominent (e.g., Rurangwa 
et al., 2021). Our LULC data also do not account for fragmenta-
tion, small changes in LULC within each 1 km2 and agricultural in-
tensification, all of which can potentially drive assemblage change 
(Boulinier et al., 1998; Hendershot et al., 2020).

4.3  |  Limitations and considerations

A potentially confounding factor is the impact of wintering grounds 
or hazards during the passage to Britain for the migratory species 
included in this study. British migratory species have different re-
sponses to differences in temperature, with long- distance migrants 
preferring colder springs and resident species preferring warmer 
springs (Wittwer et al., 2015). Hunting along the migratory route 
and abiotic and biotic variables within wintering grounds can also 
impact populations, potentially causing fewer migrants to reach 
Britain and therefore reducing the likelihood that such species will 
occupy the maximum available suitable areas (Lormée et al., 2019; 
Vickery et al., 2014).

Sampling effects can have impacts on analyses of assemblage 
composition (Neate- Clegg et al., 2020). Although the use of citizen 
scientists has some drawbacks, including the over-  or under- sampling 
of some areas (Neate- Clegg et al., 2020), citizen scientists can col-
lect good- quality data that are valuable for detecting trends in as-
semblages and populations (Horns et al., 2018; McCaffrey, 2005). 
We accounted for potential sampling bias by removing the grid cells 
that changed considerably in the number of benchmark species de-
tected (Gillings et al., 2019; Supporting Information Appendix S1). 
In addition, the censuses in the atlases are conducted over 4 years 
and should therefore provide a more accurate picture of species 
colonizations and extirpations than a singular year of sampling. 
Notwithstanding, sampling effects are possible, particularly in re-
gions that are difficult to sample. Another potential factor is the 
selection of tetrads for surveying. Although this information is not 
available in the published data (Gillings et al., 2019), if the selection 
of tetrads was biased towards public lands (where development is 
often restricted) in one or both of the atlases, then results could be 
misleading (Mentges et al., 2021). A potential avenue could be to 
incorporate the percentage of public and private land into future 
work. Future work could also investigate the differences between 
sampling years within the atlases, because the data were not avail-
able to explore that here.

Species traits are not stationary in time and space and are likely 
to vary spatially and temporally across study regions according to 
local adaptation (Weeks, Willard, et al., 2020). Therefore, functional 
diversity could have changed across the study region without any 
change in composition within or between assemblages. However, 
the extent of this variation appears to be negligible in relationship 
to interspecific variation for birds generally (see Tobias, et al., in 
press), suggesting that both our use of species trait averages and 
our assumption that trait values are constant across the region were 
justified.

Although British breeding bird assemblages changed in both time 
and space between 1970 and 2010, that change does not appear to 
have been driven by coarse- resolution LULC change. Climate change 
played a relatively larger role, although its impact was still limited in 
general. This could indicate that stochastic processes, or perhaps 
finer- resolution factors not included here, are driving temporal dissim-
ilarity. The observed change was relatively greater for less species- rich 
assemblages at higher elevations than for more species- rich assem-
blages at lower elevations, and larger assemblages appeared some-
what buffered to change. Although no consistent signal of species loss 
or gain was found, these presence– absence data do not incorporate 
abundance. Indeed, across a similar time period (1970– 2017), the 
estimated reduction in the abundance of North American birds was 
2.9 billion (Rosenberg et al., 2019). Work incorporating abundance, 
or looking at how individual species or functional groups might have 
been impacted by LULC or climate change, should therefore be a pri-
ority to assess further how the composition of British breeding bird 
assemblages has changed. Further studies in other post- perturbation 
systems are required to confirm the generality of these findings.

ACKNOWLEDG MENTS
We thank the British Trust for Ornithology (BTO) and Scottish 
Ornithologists’ Club (SOC) volunteers for their hard work in col-
lecting the data. We are also grateful to the Sir Stanley Stapley 
Trust for financial support (to J.P.W.). The computations described 
in this paper were performed using the University of Birmingham’s 
BlueBEAR high performance computing service. This is a contribu-
tion to the Strategic Research Area BECC.

CONFLIC T OF INTERE S T
The authors declare no conflict of interest.

DATA AVAIL ABILIT Y S TATEMENT
The data table with variables has been made available as supple-
mentary material along with scripts to run the analyses. See Gillings 
et al. (2019) for how to access original atlas data.

ORCID
Joseph P. Wayman  https://orcid.org/0000-0002-3122-8070 
Jonathan P. Sadler  https://orcid.org/0000-0003-0443-4458 
Thomas A. M. Pugh  https://orcid.org/0000-0002-6242-7371 
Joseph A. Tobias  https://orcid.org/0000-0003-2429-6179 
Thomas J. Matthews  https://orcid.org/0000-0002-7624-244X 

R E FE R E N C E S
Aizaki, H. (2014). mded: Measuring the difference between two empirical 

distributions, R package version 0.1- 1. http://CRAN.R- proje ct.org/
packa ge=mded

Anselin, L. (2010). Lagrange multiplier test diagnostics for spatial depen-
dence and spatial heterogeneity. Geographical Analysis, 20(1), 1– 17. 
https://doi.org/10.1111/j.1538- 4632.1988.tb001 59.x

Antão, L. H., Bates, A. E., Blowes, S. A., Waldock, C., Supp, S. R., Magurran, 
A. E., Dornelas, M., & Schipper, A. M. (2020). Temperature- related 
biodiversity change across temperate marine and terrestrial 

https://orcid.org/0000-0002-3122-8070
https://orcid.org/0000-0002-3122-8070
https://orcid.org/0000-0003-0443-4458
https://orcid.org/0000-0003-0443-4458
https://orcid.org/0000-0002-6242-7371
https://orcid.org/0000-0002-6242-7371
https://orcid.org/0000-0003-2429-6179
https://orcid.org/0000-0003-2429-6179
https://orcid.org/0000-0002-7624-244X
https://orcid.org/0000-0002-7624-244X
http://CRAN.R-project.org/package=mded
http://CRAN.R-project.org/package=mded
https://doi.org/10.1111/j.1538-4632.1988.tb00159.x


    |  937WAYMAN et Al.

systems. Nature Ecology and Evolution, 4(7), 927– 933. https://doi.
org/10.1038/s4155 9- 020- 1185- 7

Baselga, A. (2010). Partitioning the turnover and nestedness compo-
nents of beta diversity. Global Ecology and Biogeography, 19(1), 134– 
143. https://doi.org/10.1111/j.1466- 8238.2009.00490.x

Baselga, A., Bonthoux, S., & Balent, G. (2015). Temporal beta diver-
sity of bird assemblages in agricultural landscapes: Land cover 
change vs. stochastic processes. PLoS One, 10(5), 1– 14. https://doi.
org/10.1371/journ al.pone.0127913

Baselga, A., & Orme, C. D. L. (2012). Betapart: An R package for the study 
of beta diversity. Methods in Ecology and Evolution, 3(5), 808– 812. 
https://doi.org/10.1111/j.2041- 210X.2012.00224.x

Batt, R. D., Morley, J. W., Selden, R. L., Tingley, M. W., & Pinsky, M. L. 
(2017). Gradual changes in range size accompany long- term trends 
in species richness. Ecology Letters, 20(9), 1148– 1157. https://doi.
org/10.1111/ele.12812

Bell, J. R., Botham, M. S., Henrys, P. A., Leech, D. I., Pearce- Higgins, J. W., 
Shortall, C. R., Brereton, T. M., Pickup, J., & Thackeray, S. J. (2019). 
Spatial and habitat variation in aphid, butterfly, moth and bird phe-
nologies over the last half century. Global Change Biology, 25(6), 
1982– 1994. https://doi.org/10.1111/gcb.14592

Bellard, C., Bertelsmeier, C., Leadley, P., Thuiller, W., & Courchamp, 
F. (2012). Impacts of climate change on the future of bio-
diversity. Ecology Letters, 15(4), 365– 377. https://doi.
org/10.1111/j.1461- 0248.2011.01736.x

Benito, M. B. (2021). spatialRF: Easy spatial regression with random forest. 
R package version 1.1.0. https://doi.org/10.5281/zenodo.4745208. 
https://blasb enito.github.io/spati alRF/

Blowes, S. A., Supp, S. R., Antão, L. H., Bates, A., Bruelheide, H., Chase, J. 
M., Moyes, F., Magurran, A., McGill, B., Myers- Smith, I. H., Winter, 
M., Bjorkman, A. D., Bowler, D. E., Byrnes, J. E. K., Gonzalez, A., 
Hines, J., Isbell, F., Jones, H. P., Navarro, L. M., … Dornelas, M. 
(2019). The geography of biodiversity change in marine and ter-
restrial assemblages. Science, 366(6463), 339– 345. https://doi.
org/10.1126/scien ce.aaw1620

Boulinier, T., Nichols, J. D., Hines, J. E., Sauer, J. R., Flather, C. H., & 
Pollock, K. H. (1998). Higher temporal variability of forest breed-
ing bird communities in fragmented landscapes. Proceedings of the 
National Academy of Sciences of the United States of America, 95(13), 
7497– 7501. https://doi.org/10.1073/pnas.95.13.7497

Breiman, L. (2001). Random forests. Machine Learning, 45, 5– 32. https://
doi.org/10.1201/97803 67816 377- 11

Brys, G., Hubert, M., & Struyf, A. (2006). Robust measures of tail weight. 
Computational Statistics & Data Analysis, 50(3), 733– 759.

Christian, K., Isabelle, L. V., Frédéric, J., & Vincent, D. (2009). More species, 
fewer specialists: 100 years of changes in community composition 
in an island biogeographical study. Diversity and Distributions, 15(4), 
641– 648. https://doi.org/10.1111/j.1472- 4642.2009.00569.x

Damgaard, C. (2019). A critique of the space- for- time substitution prac-
tice in community ecology. Trends in Ecology and Evolution, 34(5), 
416– 421. https://doi.org/10.1016/j.tree.2019.01.013

Davey, C. M., Chamberlain, D. E., Newson, S. E., Noble, D. G., & Johnston, A. 
(2012). Rise of the generalists: Evidence for climate driven homogeni-
sation in avian communities. Global Ecology and Biogeography, 21(5), 
568– 578. https://doi.org/10.1111/j.1466- 8238.2011.00693.x

Davey, C. M., Devictor, V., Jonzén, N., Lindström, Å., & Smith, H. G. 
(2013). Impact of climate change on communities: Revealing spe-
cies’ contribution. Journal of Animal Ecology, 82(3), 551– 561. https://
doi.org/10.1111/1365- 2656.12035

Dornelas, M., Antão, L. H., Moyes, F., Bates, A. E., Magurran, A. E., Adam, 
D., Akhmetzhanova, A. A., Appeltans, W., Arcos, J. M., Arnold, 
H., Ayyappan, N., Badihi, G., Baird, A. H., Barbosa, M., Barreto, T. 
E., Bässler, C., Bellgrove, A., Belmaker, J., Benedetti- Cecchi, L., … 
Hickler, T. (2018). BioTIME: A database of biodiversity time series 
for the Anthropocene. Global Ecology and Biogeography, 27(7), 760– 
786. https://doi.org/10.1111/geb.12729

Dornelas, M., Gotelli, N. J., McGill, B., Shimadzu, H., Moyes, F., Sievers, 
C., & Magurran, A. E. (2014). Assemblage time series reveal bio-
diversity change but not systematic loss. Science, 344(6181), 296– 
299. https://doi.org/10.1126/scien ce.1248484

Fox, R., Oliver, T. H., Harrower, C., Parsons, M. S., Thomas, C. D., & Roy, 
D. B. (2014). Long- term changes to the frequency of occurrence of 
British moths are consistent with opposing and synergistic effects 
of climate and land- use changes. Journal of Applied Ecology, 51(4), 
949– 957. https://doi.org/10.1111/1365- 2664.12256

Fuchs, R., Herold, M., Verburg, P. H., & Clevers, J. G. P. W. (2012). A 
high- resolution and harmonised model approach for reconstruct-
ing and analysing historic land changes in Europe. Biogeosciences 
Discussions, 9(10), 14823– 14866. https://doi.org/10.5194/bgd- 
9- 14823 - 2012

Fuchs, R., Herold, M., Verburg, P. H., Clevers, J. G. P. W., & Eberle, J. 
(2015). Gross changes in reconstructions of historic land cover/use 
for Europe between 1900 and 2010. Global Change Biology, 21(1), 
299– 313. https://doi.org/10.1111/gcb.12714

Georganos, S., Grippa, T., Niang Gadiaga, A., Linard, C., Lennert, M., 
Vanhuysse, S., & Kalogirou, S. (2021). Geographical random for-
ests: A spatial extension of the random forest algorithm to address 
spatial heterogeneity in remote sensing and population modelling. 
Geocarto International, 36(2), 121– 136.

Gillings, S., Balmer, D. E., Caffrey, B. J., Downie, I. S., Gibbons, D. W., Lack, 
P. C., Reid, J. B., Sharrock, J. T. R., Swann, R. L., & Fuller, R. J. (2019). 
Breeding and wintering bird distributions in Britain and Ireland 
from citizen science bird atlases. Global Ecology and Biogeography, 
28(7), 866– 874. https://doi.org/10.1111/geb.12906

Guo, Q., Kelt, D. A., Sun, Z., Liu, H., Hu, L., Ren, H., & Wen, J. (2013). 
Global variation in elevational diversity patterns. Scientific Reports, 
3(1), 1– 7. https://doi.org/10.1038/srep0 3007

Hendershot, J. N., Smith, J. R., Anderson, C. B., Letten, A. D., Frishkoff, 
L. O., Zook, J. R., Fukami, T., & Daily, G. C. (2020). Intensive farming 
drives long- term shifts in avian community composition. Nature, 
579(7799), 393– 396. https://doi.org/10.1038/s4158 6- 020- 2090- 6

Hengl, T., Nussbaum, M., Wright, M. N., Heuvelink, G. B. M., & Gräler, 
B. (2018). Random forest as a generic framework for predictive 
modeling of spatial and spatio- temporal variables. PeerJ, 6, 1– 49. 
https://doi.org/10.7717/peerj.5518

Hewson, C. M., Thorup, K., Pearce- Higgins, J. W., & Atkinson, P. W. 
(2016). Population decline is linked to migration route in the 
Common Cuckoo. Nature Communications, 7(1), 1– 8. https://doi.
org/10.1038/ncomm s12296

Hollis, D., McCarthy, M., Kendon, M., Legg, T., & Simpson, I. (2019). 
HadUK- Grid— A new UK dataset of gridded climate observations. 
Geoscience Data Journal, 6(2), 151– 159. https://doi.org/10.1002/
gdj3.78

Horns, J. J., Adler, F. R., & Şekercioğlu, Ç. H. (2018). Using opportu-
nistic citizen science data to estimate avian population trends. 
Biological Conservation, 221, 151– 159. https://doi.org/10.1016/j.
biocon.2018.02.027

Hubbell, S. P. (2001). The unified neutral theory of biodiversity and biogeog-
raphy. Princeton University Press.

Inger, R., Gregory, R., Duffy, J. P., Stott, I., Voříšek, P., & Gaston, K. J. 
(2015). Common European birds are declining rapidly while less 
abundant species’ numbers are rising. Ecology Letters, 18(1), 28– 36. 
https://doi.org/10.1111/ele.12387

Jarzyna, M. A., & Jetz, W. (2017). A near half- century of temporal change 
in different facets of avian diversity. Global Change Biology, 23(8), 
2999– 3011. https://doi.org/10.1111/gcb.13571

Jarzyna, M. A., Zuckerberg, B., Porter, W. F., Finley, A. O., & Maurer, B. 
A. (2015). Spatial scaling of temporal changes in avian communi-
ties. Global Ecology and Biogeography, 24(11), 1236– 1248. https://
doi.org/10.1111/geb.12361

Jiguet, F., Devictor, V., Ottvall, R., Van Turnhout, C., Van der Jeugd, H., 
& Lindström, Å. (2010). Bird population trends are linearly affected 

https://doi.org/10.1038/s41559-020-1185-7
https://doi.org/10.1038/s41559-020-1185-7
https://doi.org/10.1111/j.1466-8238.2009.00490.x
https://doi.org/10.1371/journal.pone.0127913
https://doi.org/10.1371/journal.pone.0127913
https://doi.org/10.1111/j.2041-210X.2012.00224.x
https://doi.org/10.1111/ele.12812
https://doi.org/10.1111/ele.12812
https://doi.org/10.1111/gcb.14592
https://doi.org/10.1111/j.1461-0248.2011.01736.x
https://doi.org/10.1111/j.1461-0248.2011.01736.x
https://doi.org/10.5281/zenodo.4745208
https://blasbenito.github.io/spatialRF/
https://doi.org/10.1126/science.aaw1620
https://doi.org/10.1126/science.aaw1620
https://doi.org/10.1073/pnas.95.13.7497
https://doi.org/10.1201/9780367816377-11
https://doi.org/10.1201/9780367816377-11
https://doi.org/10.1111/j.1472-4642.2009.00569.x
https://doi.org/10.1016/j.tree.2019.01.013
https://doi.org/10.1111/j.1466-8238.2011.00693.x
https://doi.org/10.1111/1365-2656.12035
https://doi.org/10.1111/1365-2656.12035
https://doi.org/10.1111/geb.12729
https://doi.org/10.1126/science.1248484
https://doi.org/10.1111/1365-2664.12256
https://doi.org/10.5194/bgd-9-14823-2012
https://doi.org/10.5194/bgd-9-14823-2012
https://doi.org/10.1111/gcb.12714
https://doi.org/10.1111/geb.12906
https://doi.org/10.1038/srep03007
https://doi.org/10.1038/s41586-020-2090-6
https://doi.org/10.7717/peerj.5518
https://doi.org/10.1038/ncomms12296
https://doi.org/10.1038/ncomms12296
https://doi.org/10.1002/gdj3.78
https://doi.org/10.1002/gdj3.78
https://doi.org/10.1016/j.biocon.2018.02.027
https://doi.org/10.1016/j.biocon.2018.02.027
https://doi.org/10.1111/ele.12387
https://doi.org/10.1111/gcb.13571
https://doi.org/10.1111/geb.12361
https://doi.org/10.1111/geb.12361


938  |    WAYMAN et Al.

by climate change along species thermal ranges. Proceedings of the 
Royal Society B: Biological Sciences, 277(1700), 3601– 3608.

Jung, M., Scharlemann, J. P., & Rowhani, P. (2020). Landscape- wide 
changes in land use and land cover correlate with, but rarely explain 
local biodiversity change. Landscape Ecology, 35(10), 2255– 2273. 
https://doi.org/10.1007/s1098 0- 020- 01109 - 2

Kembel, S. W., Cowan, P. D., Helmus, M. R., Cornwell, W. K., Morlon, 
H., Ackerly, D. D., Blomberg, S. P., & Webb, C. O. (2010). Picante: 
R tools for integrating phylogenies and ecology. Bioinformatics, 26, 
1463– 1464. https://doi.org/10.1093/bioin forma tics/btq166

Koleff, P., Gaston, K. J., & Lennon, J. J. (2003). Measuring beta diversity 
for presence- absence data. Journal of Animal Ecology, 72(3), 367– 
382. https://doi.org/10.1046/j.1365- 2656.2003.00710.x

Konvicka, M., Fric, Z., & Benes, J. (2006). Butterfly extinctions in 
European states: Do socio- economic conditions matter more than 
physical geography? Global Ecology and Biogeography, 15(1), 82– 92. 
https://doi.org/10.1111/j.1466- 822X.2006.00188.x

Lennon, J. J., Greenwood, J. J. D., & Turner, J. R. G. (2000). Bird diversity 
and enviromnental gradients in Britain: A test of the species- energy 
hypothesis. Journal of Animal Ecology, 69(4), 581– 598. https://doi.
org/10.1046/j.1365- 2656.2000.00418.x

Lindisfarne, N., & Rayner, S. (2015). Accelerating extinction risk 
from climate change. Science, 348(6234), 571– 573. https://doi.
org/10.1111/1467- 8322.12302

Lormée, H., Barbraud, C., Peach, W, Carboneras, C., Lebreton, J. D., 
Moreno- Zarate, L., Bacon, L., & Eraud, C. Y. R. I. L. (2019). Assessing 
the sustainability of harvest of the European Turtle- dove along the 
European western flyway. Bird Conservation International, 30(4), 506– 
521. https://doi.org/10.1017/S0959 27091 9000479

Mac Arthur, R. H., & Wilson, E. O. (1967). The theory of island biogeogra-
phy. Princeton University Press.

Mantel, N. (1967). The detection of disease clustering and a generalised 
regression approach. Cancer Research, 27(2), 209– 220.

Matthews, T. J., Sadler, J., Carvalho, R., Nunes, R., & Borges, P. A. V. (2019). 
Differential temporal beta- diversity patterns of native and non- 
native arthropod species in a fragmented native forest landscape. 
Ecography, 42(1), 45– 54. https://doi.org/10.1111/ecog.03812

McCaffrey, R. (2005). Using citizen science in urban bird studies. Urban 
Habitats, 3(1), 70– 86. Retrieved from http://rep3.repos itory.syr.
edu/77/

McDonald, K. W., McClure, C. J., Rolek, B. W., & Hill, G. E. (2012). 
Diversity of birds in eastern North America shifts north with global 
warming. Ecology and Evolution, 2(12), 3052– 3060. https://doi.
org/10.1002/ece3.410

Mentges, A., Blowes, S. A., Hodapp, D., Hillebrand, H., & Chase, J. M. 
(2021). Effects of site- selection bias on estimates of biodiver-
sity change. Conservation Biology, 35(2), 688– 698. https://doi.
org/10.1111/cobi.13610

Moran, P. A. P. (1948). The interpretation of statistical maps. Journal of the 
Royal Statistical Society: Series B (Methodological), 10(2), 243– 251.

Neate- Clegg, M. H. C., Horns, J. J., Adler, F. R., Kemahlı Aytekin, M. Ç., 
& Şekercioğlu, Ç. H. (2020). Monitoring the world’s bird popula-
tions with community science data. Biological Conservation, 248, 
e108653. https://doi.org/10.1016/j.biocon.2020.108653

Newbold, T. (2018). Future effects of climate and land- use change on 
terrestrial vertebrate community diversity under different scenar-
ios. Proceedings of the Royal Society B: Biological Sciences, 285(1881). 
https://doi.org/10.1098/rspb.2018.0792

Nunes, C. A., Castro, F. S., Brant, H. S. C., Powell, S., Solar, R., Fernandes, 
G. W., & Neves, F. S. (2020). High temporal beta diversity in an ant 
metacommunity, with increasing temporal functional replacement 
along the elevational gradient. Frontiers in Ecology and Evolution, 8. 
https://doi.org/10.3389/fevo.2020.571439

O’Sullivan, J. D., Terry, J. C. D., & Rossberg, A. G. (2021). Intrinsic ecologi-
cal dynamics drive biodiversity turnover in model metacommunities. 

Nature Communications, 12, 3627. https://doi.org/10.1038/s4146 7- 
021- 23769 - 7

Pandit, S. N., & Kolasa, J. (2012). Opposite effects of environmental vari-
ability and species richness on temporal turnover of species in a 
complex habitat mosaic. Hydrobiologia, 685(1), 145– 154. https://
doi.org/10.1007/s1075 0- 011- 0871- 5

Petchey, O. L., Evans, K. L., Fishburn, I. S., & Gaston, K. J. (2007). Low 
functional diversity and no redundancy in British avian assem-
blages. Journal of Animal Ecology, 76(5), 977– 985. https://doi.
org/10.1111/j.1365- 2656.2007.01271.x

Petchey, O. L., & Gaston, K. J. (2002). Functional diversity (FD), species 
richness and community composition. Ecology Letters, 5(3), 402– 
411. https://doi.org/10.1046/j.1461- 0248.2002.00339.x

Pigot, A. L., Sheard, C., Miller, E. T., Bregman, T. P., Freeman, B. G., Roll, 
U., Seddon, N., Trisos, C. H., Weeks, B. C., & Tobias, J. A. (2020). 
Macroevolutionary convergence connects morphological form to 
ecological function in birds. Nature Ecology and Evolution, 4(2), 230– 
239. https://doi.org/10.1038/s4155 9- 019- 1070- 4

Pilotto, F., Kühn, I., Adrian, R., Alber, R., Alignier, A., Andrews, C., Bäck, 
J., Barbaro, L., Beaumont, D., Beenaerts, N., Benham, S., Boukal, D. 
S., Bretagnolle, V., Camatti, E., Canullo, R., Cardoso, P. G., Ens, B. 
J., Everaert, G., Evtimova, V., … Haase, P. (2020). Meta- analysis of 
multidecadal biodiversity trends in Europe. Nature Communications, 
11(1). https://doi.org/10.1038/s4146 7- 020- 17171 - y

Poe, G. L., Giraud, K. L., & Loomis, J. B. (2005). Computational meth-
ods for measuring the difference of empirical distributions. 
American Journal of Agricultural Economics, 87, 353– 365. https://doi.
org/10.1111/j.1467- 8276.2005.00727.x

Poe, G. L., Welsh, M. P., & Champ, P. A. (1997). Measuring the difference 
in mean willingness to pay when dichotomous choice contingent 
valuation responses are not independent. Land Economics, 73, 255– 
267. https://doi.org/10.2307/3147286

Reif, J. (2013). Long- term trends in bird populations: A review of pat-
terns and potential drivers in North America and Europe. Acta 
Ornithologica, 48(1), 1– 16. https://doi.org/10.3161/00016 4513X 
669955

Rittenhouse, C. D., Pidgeon, A. M., Albright, T. P., Culbert, P. D., 
Clayton, M. K., Flather, C. H., Masek, J. G., & Radeloff, V. C. 
(2012). Land- cover change and avian diversity in the conterminous 
United States. Conservation Biology, 26(5), 821– 829. https://doi.
org/10.1111/j.1523- 1739.2012.01867.x

Rosenberg, K. V., Dokter, A. M., Blancher, P. J., Sauer, J. R., Smith, A. C., 
Smith, P. A., & Marra, P. P. (2019). Decline of the North American 
avifauna. Science, 366(6461), 120– 124.

Rurangwa, M. L., Aguirre Gutierrez, J., Niyigaba, P., Wayman, J. P., Tobias, 
J. A., Matthews, T. J., & Whittaker, R. J. (2021). Effects of land- use 
change on avian taxonomic, functional and phylogenetic diversity 
in a tropical montane rainforest. Diversity and Distributions, 27(9), 
1732– 1746. https://doi.org/10.1111/ddi.13364

Schipper, A. M., Belmaker, J., Miranda, M. D., Navarro, L. M., Böhning- 
Gaese, K., Costello, M. J., Dornelas, M., Foppen, R., Hortal, J., 
Huijbregts, M. A. J., Martín- López, B., Pettorelli, N., Queiroz, 
C., Rossberg, A. G., Santini, L., Schiffers, K., Steinmann, Z. J. N., 
Visconti, P., Rondinini, C., & Pereira, H. M. (2016). Contrasting 
changes in the abundance and diversity of North American bird as-
semblages from 1971 to 2010. Global Change Biology, 22(12), 3948– 
3959. https://doi.org/10.1111/gcb.13292

Şekercioǧlu, C. H. (2006). Increasing awareness of avian ecological func-
tion. Trends in Ecology and Evolution, 21(8), 464– 471. https://doi.
org/10.1016/j.tree.2006.05.007

Seto, K. C., Güneralp, B., & Hutyra, L. R. (2012). Global forecasts of urban 
expansion to 2030 and direct impacts on biodiversity and carbon 
pools. Proceedings of the National Academy of Sciences of the United 
States of America, 109(40), 16083– 16088. https://doi.org/10.1073/
pnas.12116 58109

https://doi.org/10.1007/s10980-020-01109-2
https://doi.org/10.1093/bioinformatics/btq166
https://doi.org/10.1046/j.1365-2656.2003.00710.x
https://doi.org/10.1111/j.1466-822X.2006.00188.x
https://doi.org/10.1046/j.1365-2656.2000.00418.x
https://doi.org/10.1046/j.1365-2656.2000.00418.x
https://doi.org/10.1111/1467-8322.12302
https://doi.org/10.1111/1467-8322.12302
https://doi.org/10.1017/S0959270919000479
https://doi.org/10.1111/ecog.03812
http://rep3.repository.syr.edu/77/
http://rep3.repository.syr.edu/77/
https://doi.org/10.1002/ece3.410
https://doi.org/10.1002/ece3.410
https://doi.org/10.1111/cobi.13610
https://doi.org/10.1111/cobi.13610
https://doi.org/10.1016/j.biocon.2020.108653
https://doi.org/10.1098/rspb.2018.0792
https://doi.org/10.3389/fevo.2020.571439
https://doi.org/10.1038/s41467-021-23769-7
https://doi.org/10.1038/s41467-021-23769-7
https://doi.org/10.1007/s10750-011-0871-5
https://doi.org/10.1007/s10750-011-0871-5
https://doi.org/10.1111/j.1365-2656.2007.01271.x
https://doi.org/10.1111/j.1365-2656.2007.01271.x
https://doi.org/10.1046/j.1461-0248.2002.00339.x
https://doi.org/10.1038/s41559-019-1070-4
https://doi.org/10.1038/s41467-020-17171-y
https://doi.org/10.1111/j.1467-8276.2005.00727.x
https://doi.org/10.1111/j.1467-8276.2005.00727.x
https://doi.org/10.2307/3147286
https://doi.org/10.3161/000164513X669955
https://doi.org/10.3161/000164513X669955
https://doi.org/10.1111/j.1523-1739.2012.01867.x
https://doi.org/10.1111/j.1523-1739.2012.01867.x
https://doi.org/10.1111/ddi.13364
https://doi.org/10.1111/gcb.13292
https://doi.org/10.1016/j.tree.2006.05.007
https://doi.org/10.1016/j.tree.2006.05.007
https://doi.org/10.1073/pnas.1211658109
https://doi.org/10.1073/pnas.1211658109


    |  939WAYMAN et Al.

Shimadzu, H., Dornelas, M., & Magurran, A. E. (2015). Measuring temporal 
turnover in ecological communities. Methods in Ecology and Evolution, 
6(12), 1384– 1394. https://doi.org/10.1111/2041- 210X.12438

Shurin, J. B. (2007). How is diversity related to species turn-
over through time? Oikos, 116(6), 957– 965. https://doi.
org/10.1111/j.0030- 1299.2007.15751.x

Sohl, T. L. (2014). The relative impacts of climate and land- use change on 
conterminous United States bird species from 2001 to 2075. PLoS One, 
9(11), , e112251. https://doi.org/10.1371/journ al.pone.0112251

Stegen, J. C., Freestone, A. L., Crist, T. O., Anderson, M. J., Chase, J. M., 
Comita, L. S., Cornell, H. V., Davies, K. F., Harrison, S. P., Hurlbert, 
A. H., Inouye, B. D., Kraft, N. J. B., Myers, J. A., Sanders, N. J., 
Swenson, N. G., & Vellend, M. (2013). Stochastic and deterministic 
drivers of spatial and temporal turnover in breeding bird communi-
ties. Global Ecology and Biogeography, 22(2), 202– 212. https://doi.
org/10.1111/j.1466- 8238.2012.00780.x

Swenson, N. G., Anglada- Cordero, P., & Barone, J. A. (2011). Deterministic 
tropical tree community turnover: Evidence from patterns of func-
tional beta diversity along an elevational gradient. Proceedings of 
the Royal Society B: Biological Sciences, 278(1707), 877– 884. https://
doi.org/10.1098/rspb.2010.1369

Tayleur, C., Caplat, P., Massimino, D., Johnston, A., Jonzén, N., Smith, H. 
G., & Lindström, Å. (2015). Swedish birds are tracking temperature 
but not rainfall: Evidence from a decade of abundance changes. 
Global Ecology and Biogeography, 24(7), 859– 872. https://doi.
org/10.1111/geb.12308

Thomas, C. D., Cameron, A., Green, R. E., Bakkenes, M., Beaumont, 
L. J., Collingham, Y. C., & Williams, S. E. (2004). Extinction risk 
from climate change. Letters to Nature, 427, 145– 148. https://doi.
org/10.2307/j.ctv8j nzw1.37

Tingley, M. W., & Beissinger, S. R. (2013). Cryptic loss of montane avian 
richness and high community turnover over 100 years. Ecology, 
94(3), 598– 609. https://doi.org/10.1890/12- 0928.1

Tinoco, B. A., Latta, S. C., Astudillo, P. X., Nieto, A., & Graham, C. H. 
(2021). Temporal stability in species richness but reordering in 
species abundances within avian assemblages of a tropical Andes 
conservation hot spot. Biotropica, 53(6), 1673– 1684. https://doi.
org/10.1111/btp.13016

Tobias, J. A., Sheard, C., Pigot, A. L., Devenish, A. J. M., Yang, J., Sayol, F., 
Neate- Clegg, H. H. C., Alioravainen, N., Weeks, T. L., Barber, R.A., 
Walkden, P.A., MacGregor, H.E.A., Jones, S.E.I., Vincent, C., Phillips, 
A.G., Marples, N.M., Montaño- Centellas, F., Leandro- Silva, V., 
Claramunt, S., … Schleuning, M. (in press). AVONET: Morphological, 
ecological and geographical data for all birds. Ecology Letters.

Tobias, J. A., & Pigot, A. L. (2019). Integrating behaviour and ecology 
into global biodiversity conservation strategies. Philosophical 
Transactions of the Royal Society B: Biological Sciences, 374(1781). 
https://doi.org/10.1098/rstb.2019.0012

Tratalos, J., Fuller, R. A., Evans, K. L., Davies, R. G., Newson, S. E., 
Greenwood, J. J. D., & Gaston, K. J. (2007). Bird densities are as-
sociated with household densities. Global Change Biology, 13(8), 
1685– 1695. https://doi.org/10.1111/j.1365- 2486.2007.01390.x

Trisos, C. H., Petchey, O. L., & Tobias, J. A. (2014). Unraveling the in-
terplay of community assembly processes acting on multiple niche 
axes across spatial scales. American Naturalist, 184(5), 593– 608. 
https://doi.org/10.1086/678233

Tsianou, M. A., Touloumis, K., & Kallimanis, A. S. (2021). Low spa-
tial congruence between temporal functional β- diversity and 
temporal taxonomic and phylogenetic β- diversity in British 
avifauna. Ecological Research, 36(3), 491– 505. https://doi.
org/10.1111/1440- 1703.12209

Vellend, M., Baeten, L., Myers- Smith, I. H., Elmendorf, S. C., Beauséjour, 
R., Brown, C. D., De Frenne, P., Verheyen, K., & Wipf, S. (2013). 
Global meta- analysis reveals no net change in local- scale plant bio-
diversity over time. Proceedings of the National Academy of Sciences, 
110(48), 19456– 19459.

Vickery, J. A., Ewing, S. R., Smith, K. W., Pain, D. J., Bairlein, F., Škorpilová, 
J., & Gregory, R. D. (2014). The decline of Afro- Palaearctic migrants 
and an assessment of potential causes. Ibis, 156(1), 1– 22. https://
doi.org/10.1111/ibi.12118

Webb, C. O., Ackerly, D. D., & Kembel, S. W. (2008). Phylocom: Software 
for the analysis of phylogenetic community structure and trait evo-
lution. Bioinformatics, 24(18), 2098– 2100. https://doi.org/10.1093/
bioin forma tics/btn358

Weeks, B. C., Naeem, S., Lasky, J. R., & Tobias, J. A. (2020 PREPRINT). 
Diversity and extinction risk are inversley related at a global scale. 
Biorxiv. https://doi.org/10.1101/2020.09.17.296285

Weeks, B. C., Willard, D. E., Zimova, M., Ellis, A. A., Witynski, M. L., 
Hennen, M., & Winger, B. M. (2020). Shared morphological con-
sequences of global warming in North American migratory birds. 
Ecology Letters, 23, 316– 325. https://doi.org/10.1111/ele.13434

White, H. J., Montgomery, W. I., Storchová, L., Hořák, D., & Lennon, J. J. 
(2018). Does functional homogenisation accompany taxonomic ho-
mogenisation of British birds and how do biotic factors and climate 
affect these processes? Ecology and Evolution, 8(15), 7365– 7377. 
https://doi.org/10.1002/ece3.4267

Wieczynski, D. J., Boyle, B., Buzzard, V., Duran, S. M., Henderson, A. 
N., Hulshof, C. M., Kerkhoff, A. J., McCarthy, M. C., Michaletz, 
S. T., Swenson, N. G., Asner, G. P., Bentley, L. P., Enquist, B. J., & 
Savage, V. M. (2019). Climate shapes and shifts functional biodi-
versity in forests worldwide. Proceedings of the National Academy 
of Sciences of the United States of America, 116(2), 587– 592. https://
doi.org/10.1073/pnas.18137 23116

Wilson, R. J., Gutiérrez, D., Gutiérrez, J., & Monserrat, V. J. (2007). An 
elevational shift in butterfly species richness and composition ac-
companying recent climate change. Global Change Biology, 13(9), 
1873– 1887. https://doi.org/10.1111/j.1365- 2486.2007.01418.x

Wittwer, T., O’Hara, R. B., Caplat, P., Hickler, T., & Smith, H. G. (2015). 
Long- term population dynamics of a migrant bird suggests interac-
tion of climate change and competition with resident species. Oikos, 
124(9), 1151– 1159. https://doi.org/10.1111/oik.01559

Wright, M. N., & Ziegler, A. (2017). ranger: A fast implementation of random 
forests for high dimensional data in C++ and R. Journal of Statistical 
Software, 77(1), 1– 17. https://doi.org/10.18637/ jss.v077.i01

Zabel, F., Delzeit, R., Schneider, J. M., Seppelt, R., Mauser, W., & 
Václavík, T. (2019). Global impacts of future cropland expansion 
and intensification on agricultural markets and biodiversity. Nature 
Communications, 10(1), 1– 10. https://doi.org/10.1038/s4146 7- 019- 
10775 - z

BIOSKE TCH

Joseph p. Wayman is a PhD student at the University of 
Birmingham. He has broad interests in the fields of macroecol-
ogy, biogeography, citizen science and natural history education.

SUPPORTING INFORMATION
Additional supporting information may be found in the online 
version of the article at the publisher’s website.

How to cite this article: Wayman, J. P., Sadler J. P., Pugh T. A. 
M., Martin T. E., Tobias J. A., & Matthews T. J. (2022). 
Assessing taxonomic and functional change in British breeding 
bird assemblages over time. Global Ecology and Biogeography, 
31, 925– 939. https://doi.org/10.1111/geb.13468

https://doi.org/10.1111/2041-210X.12438
https://doi.org/10.1111/j.0030-1299.2007.15751.x
https://doi.org/10.1111/j.0030-1299.2007.15751.x
https://doi.org/10.1371/journal.pone.0112251
https://doi.org/10.1111/j.1466-8238.2012.00780.x
https://doi.org/10.1111/j.1466-8238.2012.00780.x
https://doi.org/10.1098/rspb.2010.1369
https://doi.org/10.1098/rspb.2010.1369
https://doi.org/10.1111/geb.12308
https://doi.org/10.1111/geb.12308
https://doi.org/10.2307/j.ctv8jnzw1.37
https://doi.org/10.2307/j.ctv8jnzw1.37
https://doi.org/10.1890/12-0928.1
https://doi.org/10.1111/btp.13016
https://doi.org/10.1111/btp.13016
https://doi.org/10.1098/rstb.2019.0012
https://doi.org/10.1111/j.1365-2486.2007.01390.x
https://doi.org/10.1086/678233
https://doi.org/10.1111/1440-1703.12209
https://doi.org/10.1111/1440-1703.12209
https://doi.org/10.1111/ibi.12118
https://doi.org/10.1111/ibi.12118
https://doi.org/10.1093/bioinformatics/btn358
https://doi.org/10.1093/bioinformatics/btn358
https://doi.org/10.1101/2020.09.17.296285
https://doi.org/10.1111/ele.13434
https://doi.org/10.1002/ece3.4267
https://doi.org/10.1073/pnas.1813723116
https://doi.org/10.1073/pnas.1813723116
https://doi.org/10.1111/j.1365-2486.2007.01418.x
https://doi.org/10.1111/oik.01559
https://doi.org/10.18637/jss.v077.i01
https://doi.org/10.1038/s41467-019-10775-z
https://doi.org/10.1038/s41467-019-10775-z
https://doi.org/10.1111/geb.13468

