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Supplementary Table 1. Correlations between the observed percentage of number of species gained and lost for three different taxon communities in Great 

Britain at the long (1960s to 2010s) and short-term (1990s to 2010s), and the baseline conditions (as described in Methods) of species richness, beta 

diversity and semi-natural grasslands. The numbers indicate the Pearson correlation coefficient (two-sided). Only correlations with p-values < 0.05 are shown. 

All correlations P<0.001 aside from those marked with ** denoting P<0.01. Note that higher baseline levels of species richness and lower beta diversity are 

associated with more stable communities over time, i.e., lower percentages of both species gained and lost. 

 

 

 

 



  

Supplementary Table 2. Associations between changes in species richness, beta diversity and community temperature index and changes (Ch.) of land use 

and climate, interactions between changes of land use and climate, baseline conditions of land use and climate, baseline biodiversity (for richness and beta 

diversity) and microclimate heterogeneity, for three different taxon communities in Great Britain over the long (1960s - 2010s) and short-term (1990s - 2010s). 

Estimates derived from spatially-explicit linear mixed-effects models with Gaussian distribution, see on model eq. 4 for details (Methods). Colored bars 

represent the fixed effect value of each explanatory variable over the response biodiversity change: the higher the value, the longer the bar (Supplementary 

Fig. 8 for details in estimated curves). Values of R-square conditional and marginal are given for each model - underlined values indicate that the model 

incorporates spatial dependency. White cells mean that no associations were found. 

 



  

Supplementary Table 3. Fixed effects and 95% credible interval (95% CI) for the associations 

between local contribution to beta diversity and land use and climate in Great Britain, based on model 

eq. 5 (Methods), for three different taxon communities and three different time periods (1960s, 1990s 

and 2010s). Grey blocks indicate that there was no improved grassland category in the 1960s land-

cover dataset. White blocks mean that no associations were found.    

 

 

 

 



  

Supplementary Table 4. Fixed effects (95% credible interval) for the changes of species richness, beta diversity and community temperature index for three 

different taxon communities in Great Britain over the long- (from 1960s to 2010s) and short-term (from 1990s to 2010s), based on model eq. 1, 2 and 3 

(Methods).  

 

 

 

 

 



  

Supplementary Table 5. Comparison of predicted values of changes in species richness (SR), beta 

diversity (BD) and community temperature index (CTI) using different model structures. Comparisons are 

between predicted change from models 1-3 (i.e. modelled values from later time period minus earlier time 

period) and predicted change from versions of model 4 in which only spatial and observer effort controls 

were included. Sign agreement is the proportion of grid squares for which the sign (positive or negative) 

were identical, Pearson correlation (two-sided) is the correlation coefficient (all coefficients significant to 

p<0.001). Average difference is the difference in predicted values across all grid squares in native units 

(SR: number of species; BD: beta diversity index; CTI: °C), while relative difference is the average 

difference divided by the range in predicted values across grid cells. 

 Long term Short term 

 

SR BD CTI SR BD CTI 

Birds       

n cells 2669 2670 2670 2669 2670 2670 

Sign agreement 0.677 0.936 0.719 0.635 0.963 0.989 

Pearson correlation 0.585 0.979 0.268 0.624 0.977 -0.379 

Average difference -0.002 -0.002 -0.001 -0.002 -0.002 -0.002 

Relative difference 0 -0.005 -0.001 0 -0.003 -0.003 

       

Butterflies       

n cells 2013 2013 996 2022 2022 1222 

Sign agreement 1 1 0.71 0.945 0.954 0.791 

Pearson correlation 0.73 0.717 0.501 0.519 0.599 0.699 

Average difference -0.68 -0.025 0 -0.562 -0.024 0 

Relative difference -0.027 -0.05 -0.001 -0.018 -0.029 -0.001 

       

Plants       

n cells 2666 2666 2351 2666 2666 2406 

Sign agreement 0.861 0.981 0.865 0.7 0.941 0.905 

Pearson correlation 0.769 0.951 0.469 0.695 0.985 0.238 

Average difference -6.379 0.001 0.001 -3.069 0 -0.001 

Relative difference -0.019 0.006 0.001 -0.011 0.001 -0.001 

 

 

 



  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary Fig. 1 – Land use and climate in Great Britain at three different time periods. a, 

Proportion of land-use categories across 2670 10 × 10 km grid cells; b, Change of each land-use 

category, where boxes show median (centre line) and interquartile range, with whiskers indicating 

range excluding outliers (defined as 1.5 × interquartile range from the upper and lower quartiles); and 

c, Averaged annual mean temperature and sum of daily precipitation, standard deviations, and 

average increase of temperature and precipitation between time periods.  
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Supplementary Fig. 2 – Consistency of the change models estimating fixed effects. Posterior 
mean and 95% credible intervals (CI) for the estimated fixed parameters. The circles show the mean 
fixed effect estimated by the long- and short-term change models of species richness, beta diversity 
(as a measure of biotic homogenization) and community temperature index, of three different taxa in 
Great Britain – based on model eq. 4, with solid lines indicating the 95% CI. The triangles show the 
mean fixed effect derived from the 10-fold cross-validation analysis on the same models, with dotted 
lines indicating the 95% CI. Labels’ abbreviations: SN = semi-natural grasslands; AR = arable; FR = 
forest; UR = urban; IG = improved grasslands; MicroClim = microclimate heterogeneity. Number of 
grid cells analysed as follows: Birds 2670 across all analyses; Butterflies species richness and beta 
diversity: 2013 long term and 2022 short term, CTI 996 long term and 1222 short term; Plants species 
richness and beta diversity 2666 at both long and short term, CTI 2351 long term and 2406 short 
term. Figure extends over six pages: long and short term change for birds, butterflies and plants.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



  

 

 

Supplementary Fig. 2 continued. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



  

 

 

Supplementary Fig. 2 continued. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



  

 

 

Supplementary Fig. 2 continued. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



  

 

 

Supplementary Fig. 2 continued. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



  

 

 

Supplementary Fig. 2 continued. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



  

Supplementary Fig. 3 – Associations between interacting effects of land-use and climate change and biodiversity change. The interaction plots show the 
predictions of the interaction terms (i.e., effect of “land-use change + interaction”) with a shadow purple gradient for positive interactions, and a shadow orange 
gradient for negative interactions, considering two scenarios: a constant increase and decrease in temperature of +0.5oC, -0.5 oC; or a constant increase and 
decrease of precipitation of +500mm -500mm across all grid-cells (depending if the interaction was found between land-use and temperature change, or land-use and 
precipitation change). Only significant interactions (with the 95% posterior distribution of the estimated mean of the coefficient not including zero) are shown (Figure 
3). The x-axis refers to the change in land use. The solid black line is the mean effect of the land-use change without considering the interaction (we used a dashed 
black line if no association between change of land use and biodiversity was found; Figure 3). Interpretability: parallel shadows would indicate no interaction effect 
while crossing slopes support the presence of an interaction. Number of grid cells analysed as follows: Birds 2670 across all analyses; Butterflies species richness 
and beta diversity: 2013 long term and 2022 short term, CTI 996 long term and 1222 short term; Plants species richness and beta diversity 2666 at both long and 
short term, CTI 2351 long term and 2406 short term. Figure extends over three pages: birds, butterflies and plants. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



  

Supplementary Fig. 3 continued. 

 

  



  

Supplementary Fig. 3 continued. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



  

 
 

 

 

 

 

Supplementary Fig. 4 – Comparison of R-square marginal and R-square conditional. The panels 

show the amount of variation in biodiversity change explained by each one of the explanatory 

variables of interest, namely changes in climate and land use (Ch), climate-land-use change 

interactions (Int), baseline conditions of climate and land use (Bas), microclimate heterogeneity (Mic), 

and baseline biodiversity conditions (Bio) – based on model eq. 4 – for three different taxon 

communities in Great Britain, over the long (1960s to 2010s) and short temporal scales (1990s to 

2010s). The models have been run in consecutive steps, starting with a model that only contained the 

spatial term, the estimated recorder effort at the beginning of the period of change, and the change of 

estimated recorder effort, and adding a group of explanatory variables at each step, as defined by the 

x-axis. R-square was calculated at each step. Note that models for beta diversity do not include 

spatial dependency and that CTI does not include baseline biodiversity. Number of grid cells analysed 

as follows: Birds 2670 across all analyses; Butterflies species richness and beta diversity: 2013 long 

term and 2022 short term, CTI 996 long term and 1222 short term; Plants species richness and beta 

diversity 2666 at both long and short term, CTI 2351 long term and 2406 short term. 

 

 

 

 

 



  

 

Supplementary Fig. 5 – Consistency of the LCBD models estimating fixed effects. Posterior 

mean and 95% credible intervals (CI) for the estimated fixed parameters. The circles show the mean 

fixed effect estimated at each time period (1960s, 1990s and 2010s) for three different taxa in Great 

Britain – based on model eq. 5, with solid lines indicating the 95% CI. The triangles show the mean 

fixed effect derived from the 10-fold cross-validation analysis on the same models, with dotted lines 

indicating the 95% CI. Figure continues onto next page. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



  

 

Supplementary Fig. 5 continued. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



  

 

 

 

 

 

 

 

 

 

 

 

 

 



  

 

 

 

 

 

 

 

 

Supplementary Fig. 6 – Short-term biodiversity change for the British 
butterflies. a, Maps showing change in species richness, beta diversity 
(as a measure of biotic homogenization) and CTI at the short-term (from 
the 1990s to 2010s). b, Map showing the grid cells with observations 
recorded for the short-term period (dark grey) and the grid cells eligible for 
the biodiversity change analysis (i.e., above the 10 species richness cut 
off, in green). 

a. 

b. 



  

 

Supplementary Fig. 7 – Estimated recorder effort for the British breeding birds, British butterflies, and British plants atlases at different time 

periods. a, b, c, Maps represent the estimated recorder effort obtained using the method Frescalo (Hill 2012), as percentage of benchmark species detected 
(in birds) and as the invers of Alpha - sampling effort multiplier (in butterflies and plants) as described in Methods. A higher percentage of species and higher 
inverse of Alpha indicate higher recorder effort. 

a. b. 

c. 



  

Supplementary Fig. 8 – Associations between change in biodiversity and change in and baseline of environmental variables. Relationships between 
changes in Species richness (a), Beta diversity (b) and Community temperature index (c) and changes in land use and climate for three taxa in Great Britain, 
based on model eq. 4 (Methods). Solid lines represent the mean effect of each environmental variable over the change in biodiversity and dashed lines show 
the 95% credible interval. Grey dots represent the observed values. Notice that only the associations with a 95% credible interval within the positive or 
negative range are shown. Number of grid cells analysed as follows: Birds 2670 across all analyses; Butterflies species richness and beta diversity: 2013 long 
term and 2022 short term, CTI 996 long term and 1222 short term; Plants species richness and beta diversity 2666 at both long and short term, CTI 2351 long 
term and 2406 short term. 
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Supplementary Fig. 8a continued. 

 

 

 



  

 

 

Supplementary Fig 8b. Beta diversity 
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Supplementary Fig. 8b continued. 

 

 

 



  

 

 

Supplementary Figure 8c. Community Temperature Index 
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Supplementary Fig. 8c continued. 

 

 

 



  

Supplementary Notes 

Taxonomic filtering of observation data  

From the complete list of species registered in the breeding bird atlases, we first merged common, 

Scottish and parrot crossbill Loxia curvirostra, L. scotica and L. pytyopsittacus, as well as common 

and lesser redpoll Acanthis flammea and A. cabaret. The three crossbills and the two redpolls have 

no DNA differences and there are innumerable middle forms1,2. Additionally, crossbills and redpolls 

are hard to separate and therefore prone to identification errors in field. Then, we selected all bird 

species from Category A (species recorded in an apparently natural state at least once since 1 

January 1950, from the official list https://bou.org.uk/british-list/species-categories/ managed by the 

British Ornithologist Union Records Committee). This included all Western Palearctic species which, 

despite being uncommon in Great Britain (hereafter, GB), might have reached by their own means 

from other Western Palearctic locations (natural colonization). From the complete list of species 

recorded by the Butterflies for the New Millennium recording scheme, we excluded species that have 

not been recorded consistently over time; specifically brown argus Aricia agestis and northern brown 

argus A. artaxerxes due to taxonomic and field identification issues, and a range of scarce immigrant 

species. All other species were retained, including the common migratory species clouded yellow 

Colias croceus and painted lady Vanessa cardui, as their spatial occurrence can be potentially related 

to climate and land-use changes in GB. For plants, we included species that could be reliably 

compared over the three atlas periods3. Black poplar Populus nigra was removed due to it commonly 

being used in plantation forestry.  

 

The iCAR model structure 4 

γi | γi-1 ~ Gaussian (
1

𝑁𝑖
 ∑ 𝑎𝑖𝑗𝑛

𝑗=1 γj, 𝑆𝑖
2)  

i and j identifies each one of the spatial-dependency matrix-structure (rows and columns). Ni is the 

total number of neighbors of grid i. aij is the element containing the spatial weights, which is 1 if grids i 

and j are neighbors or 0 otherwise.; n refers to the total number of grids (from 1 to n). 𝑆𝑖
2 is the within-

https://bou.org.uk/british-list/species-categories/


  

grid variance, defined as: 𝑆𝑖
2 =  

𝜎γ
2

𝑁𝑖
 , where 𝜎𝛾

2 is the between-grid variance and controls the amount of 

variation between the spatially-structured random effects.  

 

Dealing with collinearity  

The overall goal of this study is to disentangle baseline and interacting effects of land-use and climate 

change on biodiversity across the 20th century. Hence, presence of collinearity among the explanatory 

variables and potential cofounding effects is a major concern that needs to be addressed. We found 

collinearity among: (1) land-use categories, especially between semi-natural grasslands and arable in 

the 1960s, and semi-natural grasslands, arable, and improved grasslands in the 1990s (Variance 

Inflation Factor > 13, and > 14, respectively); and (2) changes of land-use categories (VIF ranging 

from 5.8 to 68.4 for the long-term, and 4.5 to 34.0 for the short-term). We also found a potential for 

confounding effects in model eq. 4, in terms of using baseline biodiversity (richness and beta 

diversity) together with estimated recorder effort, due to their levels of correlation.  

 

To reduce collinearity among land-use categories, we used the sequential regression approach6-8. In 

sequential regression, we first need to sort the explanatory variables following an order of importance 

that follows an ecological reasoning. The first variable will remain as it is. The second will be 

regressed to the first and the residuals of this regression represent the independent contribution of the 

second variable after accounting for the effect of the first (and so on)8. By using the residuals as new 

variables in the model, any collinearity among original variables is removed6,7. For each time period, 

we fitted a Beta GLM with logit-link function to regress arable, forest and urban land-cover categories 

independently against semi-natural grasslands, and to regress improved grasslands against semi-

natural grasslands and the residuals of arable. To reduce confounding effects beween changes of 

land use, we used a slightly different approach. Because we are interested in the interactions 

between changes of land use and climate, we did not want to transform these variables using 

sequential regression. Instead, and because the proportion of urban, forest, improved grasslands and 

arable increased largely at the expense of semi-natural grasslands, we decided to exclude “change of 

semi-natural grasslands” as explanatory variable from the models. To avoid potential confounding 

effects when using baseline biodiversity and estimated recorder effort as explanatory variables in the 



  

same model, we used sequential regression9. We fitted a Negative Binomial GLM (with natural 

logarithm link-function) and a Beta GLM (with logit link-function) for each taxon and time period 

(1960s and 1990s), to regress richness and beta diversity, respectively, against estimated recorder 

effort at the same time period. The residuals of each one of these regressions were used as the new 

baseline biodiversity explanatory variable.  

 

After applying sequential regression analysis and removing change in semi-natural grasslands, VIF 

dropped below 2.4. However, for the butterfly dataset, limited collinearity was still recorded once we 

corrected for uneven recorder effort using the richness grid-cell cut-off approach (CTI analysis). 

Specifically, in the long-term analysis, VIF between semi-natural grasslands and the residuals of 

arable and urban ranged from 5.0 to 6.5, while in the short-term, VIF among the residuals of arable, 

urban, and improved grasslands ranged from 4.3 to 7.2. 

 

Assessing spatial dependency 

To assess the need for spatial dependency in the models, we first ran the models without spatial 

dependency, extracted the Pearson residuals, and plotted these residuals against distance. These 

plots are called sample variograms5. The sample variograms will describe the spatial continuity of the 

data, informing about spatial patterns (or spatial correlation) present in the model residuals. For all 

models, the sample variograms indicated spatial autocorrelations, hence the need to include a 

spatially-structured random effect on grid (as described in Methods). Including spatial dependency in 

model eq. 1, 3, 4 (change of species richness and CTI) and eq. 5, successfully removed the spatial 

autocorrelation. However, in model eq. 2 and 4 (change in biotic homogenization) it led to model 

overfit. Because beta diversity is by definition spatially autocorrelated, it is not surprising that the 

inclusion of spatial dependency led to overfitting models. Consequently, we did not incorporate spatial 

dependency in any of the beta diversity models.  

 

Assessing model compatibility 

Our analytical approach involved first testing for average change in each community metric (species 

richness, beta diversity, CTI) over time (Models 1-3, value of each community metric at each grid-cell 

and time period on a separate row), and then attributing any observed changes to environmental 



  

variables in each grid cell (Model 4, change in community metric in each grid-cell on each row). We 

believe that this is a sensible and robust approach to both identify the direction and strength of 

community changes (while also controlling for spatial dependency and sampling effort), and to 

understand what might be driving these changes. However, this does mean the different models 

addressing the same community metric contain different error structures. For example, for bird 

species richness, Model 1 (testing for change) assumed a Poisson distribution in observed species 

richness, while Model 4 (attributing change) assumed a Gaussian distribution for observed change in 

species richness. In addition, the different models accounted for observer effort in different ways, with 

Models 1-2 including observer effort for each grid cell and time period (observer effort not included in 

Model 3 for CTI, see methods), while Model 4 included change in effort as well as the effort in the 

earlier time period.  

To check for compatibility across these modelling approaches, we used our Models 1-3 to predict 

community metrics for each grid cell, time period and taxa, and then used a variant of Model 4 in 

which only observer effort and spatial variables were included to predict change in community metrics 

for each grid cell and taxa between time periods. We then compared predicted change from Models 

1-3 (e.g. predicted value at time 3 minus predicted value at time 1 for long-term change) with 

predicted change from Model 4. We found that the sign of predicted values (i.e. positive or negative 

change in species richness, beta diversity or CTI) in each grid cell was broadly consistent across 

model structures, while the correlation coefficients was also high (Supplementary Table 5). 

Furthermore, the average difference between model predictions of community change for each metric 

was low in relation to the range of values of predicted change. This exercise shows that Models 1-3 

and Model 4 are compatible in terms of assessing both the direction and magnitude of community 

change over time using spatial and sampling effort predictors, and therefore the subsequent inclusion 

of environmental variables for the attribution of change was appropriate. Despite high sign agreement 

and low relative and absolute differences in predicted values, correlation in CTI across model types 

was somewhat lower than for species richness and beta diversity. This is understandable: while 

changes in community composition have commonly been shown to match the general direction of 

climate warming, rates of community changes are generally only weakly associated with the 

magnitude of climate warming that has occurred in a specific place10,11. CTI models contained only 

spatial controls (see Methods), and as such we found that predicted change based only on spatial 



  

dependencies were less correlated. Finally, we also note that a main potential issue of the different 

model structures (Models 1-3 and 4) is related to how the parameter estimates for the predictor 

variables are interpreted. It was not in our interest to compare the estimates of the spatial and 

observer-effort variables present across model structures (to each other), while we also do not 

interpret relative values of parameter estimates of environmental variables from the outputs of Model 

4 (e.g. effect of climate vs. effect of land use, or arable vs. urban). 

 

Penalised Complexity priors 

Penalised Complexity priors (hereafter, PC priors) are defined as “Probability (σ > U) = probability α” 

i.e., allowing for shrinking the standard deviation (σ) of the random effect towards zero and in this way 

controlling the smoothness of the spatial structure12. The smaller the σ the smoother the trend but if 

the trend is too smooth it can miss the detail.  

For the hyperparameter σΥ in eq. 3, 4 and 5, we set α = 0.05 for all models and tested a range of U 

values from 0.01 to 1, with the goal to capture as much variance in the response without overfitting 

the model. As there is no specified methodology to select the best U values for the PC prior, we 

assessed the choice of the prior calculating the 95% highest posterior density of σΥ, (i.e., between -

1.96* σΥ, and 1.96* σΥ , where the most of the spatial correlated random effects lies), inspecting 

residual patterns5 and calculating the R-square (to guarantee that the inclusion of spatial dependency 

in the model with the chosen values of U did not overfit). Final values of U are specified in Tables a 

and b below (notice U values for plants). 

For the Leroux model hyperparameters συ and σν implemented in model eq. 1, we also used PC 

priors. For the structured part of the spatial effect συ, we wanted to heavily penalize the spatial 

structure to ensure that the fixed effects captured as much of the variation as possible. Therefore, we 

set a very low probability of συ being large, i.e., α = 0.01, U = 1. For the unstructured part of the spatial 

effect σν, we wanted a small penalty, and set a high probability of σν being large, i.e., α = 0.2, U = 1. 

 

 

 



  

Table a – U values for PC priors of the σΥ hyperparameter (random effect with spatial dependent 

structure) for the long- and short-term change models of SR (species richness) and CTI (community 

temperature index) of three different taxa in Great Britain – based on model eq. 4 (Methods).  

 

 

 

 

 

 

Table b – U values for PC priors of the σΥ hyperparameter (random effect with spatial dependent 

structure) for the local contribution to beta diversity models at three different time periods, and for 

three different taxa in Great Britain – based on model eq. 5 (Methods). 

 

 

 

 

 

 

 

 SR CTI 

Values of U long short long short 

Birds 0.20 0.40 0.10 0.30 

Butterflies 0.30 0.45 0.03 0.40 

Plants 0.01 0.001 0.10 0.05 

Local Contribution to Beta Diversity 

Values of U time 1 time 2 time 3 

Birds 0.10 0.10 0.20 

Butterflies 0.20 0.40 0.05 

Plants 0.0025 0.002 0.002 
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