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Abstract 

Motivation 

Biodiversity indicator data that are transparent, meaningful and up to date are important for tracking 

progress in achieving biodiversity targets and goals under the Kunming-Montreal Global Biodiversity 

Framework, and for identifying the degree to which further action is required. 

Main types of variable contained 

Output and summary data are provided for four biodiversity indicators: (i) the Biodiversity Habitat Index 

(BHI); (ii) the Bioclimatic Ecosystem Resilience Index (BERI); (iii) the Protected Area Representativeness and 

Connectedness Index for representativeness (PARC-representativeness); and (iv) the Protected Area 

Representativeness and Connectedness Index for connectedness (PARC-connectedness). The ecosystem 

condition data used in calculating these indicators are also provided. 

Spatial location and grain 

All global terrestrial areas excluding Antarctica, at ≈1 km (30 arcsecond) spatial resolution. Indicator values 

are also summarised and provided for all countries of the world, and for each of the biomes occurring 

within these countries. 

Time period and grain 

Annual from 2000 to 2024. 

Major taxa and level of measurement 

The indicators are calculated using community-level models of compositional dissimilarity based on data 

for > 400,000 species of terrestrial vascular plants, vertebrates and invertebrates. 

Software format 

Code is provided in Python and R to enable appropriate derivation of indicator values for any region of 

interest, such as a country or an ecosystem type. 
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Background 

In responding to the current biodiversity crisis (Díaz et al. 2019; IPBES 2019; Leclère et al. 2020), goals and 

targets to halt and reverse declines in biodiversity have been established, most notably through the 

Kunming-Montreal Global Biodiversity Framework (KM-GBF) (CBD 2022b). Rigorous, meaningful and up-

to-date biodiversity indicators are important for tracking progress on achieving biodiversity targets and for 

identifying the degree to which further action is required. The monitoring framework for the KM-GBF (CBD 

2022a) established headline, component and complementary indicators relevant for quantifying changes 

in biodiversity status and management as relevant to each goal and target. Many of these indicators are 

still in development, and not all of the rest yet have global time series data (UNEP-WCMC 2025) . 

Here we provide updated data generated for four indicators presently included as component indicators in 

the KM-GBF monitoring framework (Goal A, Targets 2,3, and 8, (CBD 2022a)): (i) the Biodiversity Habitat 

Index (BHI) (ii) the Bioclimatic Ecosystem Resilience Index (BERI); (iii) the Protected Area 

Representativeness and Connectedness Index for representativeness (PARC-representativeness), and; (iv) 

the Protected Area Representativeness and Connectedness Index for connectedness (PARC-

connectedness). These indicators provide a system-level view of change in biodiversity protection, 

expected persistence, and resilience in the face of climate change. A key strength of the indicators lies in 

the way they integrate assessment of changes in multiple components of the KM-GBF goals (Ferrier 2025). 

For example, both the BHI and BERI integrate assessment of how species-level biodiversity is expected to 

be affected by changes in the area, integrity, and connectivity of ecosystems, each of which are to be 

maintained, enhanced, or restored under Goal A (CBD 2022a; Ferrier 2025).  For all four of these 

indicators, we provide data annually (2000-2024) for all terrestrial areas (excluding the Antarctic) at 30 

arcsecond spatial resolution (≈1 km at the equator). 

 

Methods 

Overview 

The four biodiversity indicators are derived from the following key input datasets, in different 

combinations (see Figure S1.1 in Supporting Information): 

• Spatial layers representing predictions from a generalized dissimilarity model (GDM) of the 

difference in species composition expected between ecological communities at any two locations 

(30 arcsecond grid-cells) on the planet under current climatic conditions 

• Spatial layers representing predictions from a GDM of differences in species composition expected 

under alternative future climate scenarios 

• A spatial layer representing ecosystem condition for each location (one layer for each year of 

interest), estimated from land-use 

• A spatial layer representing the estimated connectivity-adjusted ecosystem condition for each 

location (one layer for each year) 

• Spatial data representing the coverage of protected areas (one layer for each year). 

The methods and data presented here relate to the generation of the four biodiversity indicators for all 

terrestrial areas globally (excluding the Antarctic) at ≈1 km (30 arcsecond) spatial resolution at an annual 

timestep for the period 2000-2024. These global data can be used to derive summary indicator values for 

any user-defined spatial reporting area.  

The methods applied here build on, and refine, those described in previous data publications and 

applications of these indicators (Di Marco, Ferrier, et al. 2019; Di Marco, Harwood, et al. 2019; Ferrier et al. 

2020; Harwood et al. 2022; Hoskins et al. 2020). These refinements relate particularly to improving the 



 

computational simplicity and efficiency of the global implementation of the indicator calculations by: (i) 

employing a single GDM across all taxa in each biogeographic realm; and (ii) summarising the continuous 

GDM spatial predictions using a discrete classification. The methods are presented in detail in Appendix 

S1, with a summary provided below. 

Data inputs – biodiversity models 

Previously developed GDMs (Hoskins et al. 2020) derived from data for > 400,000 species of terrestrial 

vertebrates, invertebrates and vascular plants globally were synthesised into a single all-taxa GDM for each 

of seven terrestrial biogeographic realms (Olson et al. 2001) (Appendix S1, Table S1.2-3). These steps were 

undertaken to reduce computational complexity and to more readily enable reporting of indicators 

representing a wider cross-section of biodiversity. The synthesised GDMs were used to generate spatial 

prediction layers for both ‘current’ climate (1960–1990 period) (Hijmans et al. 2005) and six climate 

scenarios centred on 2050 (as per Ferrier et al. (2020)). Each set of GDM spatial prediction layers were 

then classified using k-means (Ikotun et al. 2023) to produce sets of grid cells of very high predicted 

pairwise compositional similarity, with these classes used to enhance the computational efficiency of some 

of the indicator calculations (see below). 

Data inputs – ecosystem condition 

Global spatial layers of ecosystem condition for each year (2000–2024) were derived by first estimating the 

proportional coverage of 12 land-use classes in each ≈1 km grid cell modelled as a function of dynamic 

predictors derived from remote sensing (Di Marco, Harwood, et al. 2019; Hoskins et al. 2016), using 

statistical downscaling models trained with data from the Land-Use Harmonization project (Hurtt et al. 

2020). Algorithmic adjustments were then applied to align cropping and urban proportions with the 

European Space Agency's Climate Change Initiative land cover data (ESA 2017) and also to prevent 

unrealistic increases in primary vegetation (Appendix S1). These land-use proportions were converted to 

an estimate of ecosystem condition for each grid cell in a given year using coefficients from a model fitted 

specifically for this purpose to data from the PREDICTS project’s meta-analysis of local land-use impacts on 

biodiversity (Hudson et al. 2017; Newbold et al. 2016), in which land-use class was the anthropogenic 

factor considered. Each land-use coefficient estimates the proportion (0 to 1) of native species originally 

occurring at a location which are expected to remain given the current land-use of that location – capped 

at a maximum of 1 for primary vegetation (Table S1.4). 

To derive the BHI indicator, the ecosystem condition spatial layer for each year is further adjusted to 

account for the effects of connectivity to surrounding areas of habitat for each pixel. This connectivity-

adjusted ecosystem condition layer is created using an extension of the cost-benefit approach (CBA) 

developed by (Drielsma, Ferrier, and Manion 2007) which is based on principles of meta-population 

ecology. Multi-resolution graph-based analysis was used to enhance the computational efficiency of this 

extended connectivity analysis (Appendix S1, Figure S1.2). 

Data inputs – protected areas and intact natural ecosystems data 

Both PARC indices (PARC-representativeness and PARC-connectedness) rely on spatial data identifying 

where terrestrial protected areas and “Other Area-Based Conservation Measures” (OECMs) are located 

globally. The World Database on Protected Areas (WDPA, https://www.protectedplanet.net/en) and World 

Database on Other Area-Based Conservation Measures (WD-OECM, https://www.protectedplanet.net/en) 

were used as the bases for this, with annual (2000-2024) global layers prepared which aligned with our ≈1 

km grid (see Supporting Information). PARC-connectedness additionally requires spatial data identifying 

where intact natural ecosystems occur outside of protected areas and OECMs. For this, we used the 

estimates of ecosystem condition described above and assigned each grid cell the maximum of: 1) the 

proportion of that cell under protection; and 2) the cell’s ecosystem condition. 



 

Indicator calculation – the Biodiversity Habitat Index (BHI) 

The BHI (UNEP-WCMC 2023b) estimates the level of species diversity expected to be retained within any 

given spatial reporting unit (e.g. a country, an ecosystem type, or the entire planet) as a function of the 

area, condition and connectivity of natural ecosystems across that unit (Allnutt et al. 2008; Di Marco, 

Harwood, et al. 2019; Ferrier et al. 2024; Mokany, Harwood, and Ferrier 2019). Results for the indicator 

are expressed as the proportion of species expected to persist (i.e. avoid extinction) over the long term, 

estimated using an extended form of species-area analysis which accounts for the predicted compositional 

similarity between grid cells and for connectivity-adjusted ecosystem condition (Appendix S1). The overall 

(summarised) BHI value for a given reporting unit (e.g. a country) is derived as a weighted geometric mean 

of cell-level scores within that region, with the weight of each grid cell reflecting the predicted 

compositional uniqueness of that cell. A global value can be calculated in the same way by considering all 

grid cells. For regions with known species richness, the BHI estimates can also be expressed as the number 

of species expected to persist over the long term by simply multiplying this estimated proportion by the 

total number of species known to occur in the region of interest. We demonstrate this for the globe by 

reporting both proportions and numbers of species expected to persist, using the value of 6.5 million 

terrestrial species globally, as calculated by Mora et al. (2011). Given the standard BHI calculation 

considers the contribution of grid cells outside the reporting region, we also derived a ‘closed-system’ BHI 

value for each country of the world, which will be influenced only by changes in connectivity-adjusted 

ecosystem condition for grid cells within that country. 

Indicator calculation – the Bioclimatic Ecosystem Resilience Index (BERI) 

The BERI (UNEP-WCMC 2023a) estimates the capacity of landscapes to retain species diversity in the face 

of climate change, as a function of the area, condition and connectivity of natural ecosystems across those 

landscapes (Ferrier et al. 2020; Harwood et al. 2022). The indicator assesses the extent to which any given 

spatial configuration of natural habitat will promote or hinder climate-induced shifts in biological 

distributions. It does this by analysing the functional connectivity of each grid-cell of natural habitat to 

areas of habitat in the surrounding landscape which are projected to support a similar assemblage of 

species under climate change to that currently associated with the cell of interest (Appendix S1). As with 

the BHI, regional BERI values are derived as weighted geometric means of cell-level scores within that 

region, and an additional ‘closed-system’ BERI value for each country is calculated using only the grid cells 

within that country. 

Indicator calculation – PARC-representativeness 

The PARC-representativeness index (UNEP-WCMC 2023c) assesses the extent to which a system of 

terrestrial protected areas and OECMs is ecologically representative of the full range of environmental and 

biological diversity present within any given spatial reporting unit (e.g. a country). For each grid cell, PARC-

representativeness estimates the proportion of all ecologically-similar grid cells that are included in the 

protected-area system (Appendix S1). As with the BHI and BERI, regional PARC-representativeness values 

are derived as weighted geometric means of cell-level scores within that region, and an additional ‘closed-

system’ PARC-representativeness value for each country is calculated based on data only for the grid cells 

within that country. 

Indicator calculation – PARC-connectedness 

The PARC-connectedness index (UNEP-WCMC 2023c) provides a measure of the extent to which protected 

areas and OECMs are functionally connected to one another and to other areas of intact natural 

ecosystems, thereby enhancing integration into the wider landscape. The PARC-connectedness score 

assigned to each protected cell is expressed as a proportion (0 to 1) of the maximum possible level of 

connectedness obtainable if that cell were surrounded by a continuous expanse of protection, and/or 

intact natural vegetation in the surrounding landscape (Appendix S1). PARC-connectedness for each grid 



 

cell is calculated using the same cost-benefit approach as applied to derive connectivity-adjusted 

ecosystem condition (described above). Regional PARC-connectedness values are derived as the sum of 

cell-level scores for all cells falling within protected areas within that region divided by the number of cells 

within the region (Appendix S1). An additional ‘closed-system’ PARC- connectedness value for each 

country is calculated using only the grid cells within that country. 

Data Access 

Global gridded (GeoTIFF) datasets and summary (CSV) datasets for both countries and biomes nested with 

countries are available for non-commercial use via: https://doi.org/10.25919/fdn7-8n93 (Ware et al. 

2025). Metadata is contained in Table S2. Summary indicator data and maps can also be viewed at 

https://shiny.csiro.au/BILBI-indicators/ 

 

Summary of the indicator data 

Mapping of the gridded indicator data for the most recent year (2024) shows spatial patterns in expected 

biodiversity persistence (BHI; Fig. 1a), bioclimatic ecosystem resilience under climate change (BERI; Fig1b), 

representativeness of protected areas (PARC-representativeness; Fig. 1c), and connectedness of protected 

areas to other protected areas and to intact natural habitat across the broader landscape (PARC-

connectedness; Fig. 1d). The highest values for BHI and BERI are in large regions of intact habitat, including 

the western Amazon and boreal ecosystems, while the lowest values are in regions with high intensity of 

human land-use, such as Europe, eastern North America and East Asia (Fig. 1a,b). Spatial patterns for 

PARC-representativeness and PARC connectedness broadly align with the spatial distribution of protected 

areas, though with important finer resolution variation (Fig. 1c,d). 

Change in the indicator values over time, summarised for individual countries and globally, show 

decreases in BHI and BERI, associated with widespread increases in land-use intensity and reductions in 

ecosystem condition (Fig. 2a-c, Appendix S3). The BHI values indicate that 26 % of all terrestrial species 

globally (1.78 million species) are expected to eventually become extinct due to all past land use changes – 

an estimate which falls in between the one million species estimated to be threatened with extinction by 

the IPBES 2019 Global Assessment Report (IPBES 2019) and a more recent estimate of two million species 

(Hochkirch et al. 2023). Since 2000, the proportion of all terrestrial species expected to persist as 

estimated by the BHI has decreased by 1 % or 65,000 species (Appendix S3). Increases in the area of land 

under protection are responsible for increases in PARC-representativeness and PARC-connectedness over 

time (Fig. 2d,e). 

 

Indicator data usage 

All four indicators, along with the ecosystem condition data employed in deriving them, can be used by 

national or sub-national jurisdictions for reporting change in biodiversity within the context of the KM-GBF. 

The indicators, and ongoing yearly updates to them, can also be summarised for any set of ecosystem 

classes within any jurisdiction using the guidance code provided in Appendix S2 and S4 respectively. To 

demonstrate this, we provide summaries using the intersection of WWF biomes (Olson et al. 2001) and 

country borders (GADM, http://gadm.org/country) demonstrating this, but summaries could equally be 

derived using other ecosystem classification frameworks as they are developed (e.g. the Functional 

Ecosystem Groups from the Global Ecosystem Typology (Keith et al. 2022) and/or are adopted in reporting 

frameworks under the KM-GBF. 

Given the relatively fine spatial resolution of the gridded indicator data, and complete coverage of the 

terrestrial earth surface (with the exception of the Antarctic), the data are also potentially applicable to 

https://doi.org/10.25919/fdn7-8n93
https://shiny.csiro.au/BILBI-indicators/
http://gadm.org/country


 

ecosystem accounting aligned with the System of Environmental-Economic Accounting (Mokany et al. 

2022, 2024; United Nations 2024), and various forms of corporate reporting (Mokany et al. 2025). Care is 

required in such applications, particularly when summarising the gridded indicators for multiple regions. 

Because biodiversity scales in an inherently non-additive manner, summary results for different regions 

(e.g. countries or ecosystem types) cannot be derived by simply averaging indicator values across grid cells 

falling within each region of interest region. Guidance on the required calculations are outlined in 

Appendix S2, and example code provided in https://doi.org/10.25919/fdn7-8n93. Combining results for 

multiple locations with different baseline years, such as may be required for corporate reporting use-cases, 

must also consider this need to accommodate the non-additive nature of regionally summarised indictors 

(Mokany et al. 2025). For use in ecosystem accounting, it must be acknowledged that changes external to 

a region of interest will have bearing on the indicator results for that region. Finally, we note that while we 

consider the gridded data to be relatively fine spatial resolution for the purposes of biodiversity 

monitoring and assessment, the ≈1 km grid cells do not always represent coastlines or small islands well. 

Summaries focussed on these areas should be treated more cautiously. 

The gridded indicator data for PARC-representativeness not only enable reporting but can also directly 

inform prioritisation of new protected areas. Expanding protected-area coverage across grid cells with the 

lowest PARC-representativeness values would be most effective in enhancing ecological representativeness 

under KM-GBF Target 3. Mapping of priorities for action can also be undertaken for the other biodiversity 

indicators presented here, such as identifying areas where ecosystem restoration would most effectively 

and efficiently enhance BHI or BERI results, though this would require additional customised analyses. 

Extensions of the data and methods described here allow for projections of the BHI and BERI to be made 

under scenarios of different high-level policies (e.g. Di Marco et al. (2019)) or specific actions (e.g. Mokany 

et al. (2025)). Such projections can be used to explore how different actions (e.g. removal, protection, or 

restoration of natural habitat) may affect outcomes for biodiversity, thereby serving as a valuable planning 

tool. This forward-looking functionality is made possible by modelling how ecosystem condition will 

respond to any proposed action or set of actions, and then rederiving the indicators from those condition 

projections. The same functionality can also be used to model changes in the BHI and BERI expected to 

result from sets of actions which have already been, or are being, implemented (rather than just being 

considered), but for which insufficient time has elapsed for any resulting impacts to be reflected in the 

monitoring of ecosystem condition. While applying the indicators in this forward-looking mode requires 

data and analytical routines additional to those described here, this potential represents a significant 

strength of the overall approach, by allowing the same indicators used to monitor progress towards 

achieving goals, as a function of observed changes in ecosystem condition, to also be used to guide 

planning and decision making, and to additionally monitor the expected contribution that implemented 

actions – e.g. under the KM-GBF targets – are making to the achievement of goals (Ferrier 2025).  

Evaluation of the indicators would ideally be performed by comparing generated estimates to independent 

empirical observations; however, this is challenging given such evaluation will only be feasible in decades 

to come as data on the retention of biodiversity over time is collected (Ferrier et al. 2020). Nevertheless, 

analytical components used in our indicator derivation have undergone empirical evaluation and been 

demonstrated to perform well. The GDM approach used to estimate spatial biodiversity patterns from 

species occurrence data has performed well when tested against independent biological survey data and 

mapped vegetation types and bioregions (Elith et al. 2006; Ware et al. 2018); our method of estimating 

land-use, which underpins ecosystem condition, has been shown to reproduce independent observations 

of land-use classes (Hoskins et al. 2016); and GDM-based projections of temporal change in the 

distribution of plant biodiversity, as a function of climate change, have also performed well when 

evaluated against fossil pollen data, and climatic reconstructions, from the past 20,000 years (Blois et al. 

2013). Furthermore, in a comparative analysis of a range of global biodiversity indicators, results for the 

https://doi.org/10.25919/fdn7-8n93


 

BHI exhibited a statistically significant, and moderately strong, correlation with those for the Red List Index 

of species extinction risk (Stevenson et al. 2024).      
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Data and Code Availability Statement  

The spatial layers providing indicator values for each grid cell in each year (2000-2024) are available for 

non-commercial use from CSIRO’s Data Access Portal: https://doi.org/10.25919/fdn7-8n93 (Ware et al. 

2025). Summary indicator values for each country are also provided in the supporting information 

(Appendix S3). Guidance on deriving regional summaries along with code are also available from CSIRO’s 

Data Access Portal: https://doi.org/10.25919/fdn7-8n93 (Ware et al. 2025). 
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Figure 1. Country indicator distributions, gridded indicator data maps, and global annual trends for: a) the 

Biodiversity Habitat Index (BHI); b). the Bioclimatic Ecosystem Resilience Index (BERI); c) the Protected 

Area Representativeness and Connectedness Index for representativeness (PARC-representativeness); and 

d) the Protected Area Representativeness and Connectedness Index for connectedness (PARC-

connectedness). For each indicator, the left panel depicts the distribution of indicator values summarised 

by country for the year 2024; the middle panel shows the mapped indicator values for the year 2024; and 

the right panel shows the annual global trend of mean indicator values from 2000-2024. 

 

  



 

 



 

 

Figure 2.  Example country-level maps revealing detail in the spatial patterns of indicators along with 

change charts summarised by biomes. Maps and chart values are shown for the Dominican Republic for: a) 

ecosystem condition; b) the Biodiversity Habitat Index (BHI); c) the Bioclimatic Ecosystem Resilience Index 

(BERI); d) the Protected Area Representativeness and Connectedness Index for representativeness (PARC-

representativeness); and e) the Protected Area Representativeness and Connectedness Index for 

connectedness (PARC-connectedness). Lines in the line charts represent the different biomes found in the 

Dominican Republic (see bottom of figure for biome names). Habitat loss and fragmentation are more 

pronounced in the flatter more densely populated regions of the Dominican Republic (shown in more 

yellow-to-red colours in panel a), whereas the more mountainous regions retain greater levels of intact 

habitat. Panel b) demonstrates how, when spatial patterns of habitat condition are combined with spatial 

patterns of biodiversity composition, the BHI can reveal locations where the impact of habitat degradation 

on biodiversity persistence has been greatest owing to their ecological uniqueness. While panel c) reveals 

the moderating effect of terrain in enhancing resilience on mountain sides where species can track shifting 

climates up-slope, the present-day climates at mountain tops are expected to disappear, and so BERI 

values considerably decline in these locations. Meanwhile, climate velocity will generally be greater in the 

flatter lowlands, requiring species to move further to track suitable climates, leading to lower levels of 

resilience. PARC indices are shown in panels c-d) revealing the degree to which protected areas and 

OECMs represent the biological diversity of the Dominican Republic (panel c), and the degree to which 

these areas are connected to each other and to other areas of intact habitat (panel d). Borders of 

protected areas are depicted on these maps as dashed black lines.   
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Appendix S1: Extended methods 

Overview 

The methods described are for four biodiversity indicators: the Biodiversity Habitat Index (BHI); the 

Bioclimatic Ecosystem Resilience Index (BERI); the Protected Area Representativeness and Connectedness 

Index for representativeness (PARC-representativeness); and the Protected Area Representativeness and 

Connectedness Index for connectivity (PARC-connectedness). Calculation of these indicators uses the 

following key input data, in different combinations (Table S1): 

• Spatial layers representing predictions from a generalized dissimilarity model (GDM) of the 

difference in species composition expected between ecological communities at any two locations 

(30 arcsecond grid-cells) on the planet under current climatic conditions 

• Spatial layers representing predictions from a GDM of differences in species composition expected 

under alternative future climate scenarios 

• A spatial layer representing the estimated annual ecosystem condition for each location 

• A spatial layer representing the estimated annual connectivity-adjusted ecosystem condition for 

each location 

• Spatial data (shapefile or raster) representing the annual coverage of protected areas 

Table S1.1.  The key inputs to the calculations for each of the biodiversity indicators. 

Key inputs BHI BERI PARC-representativeness PARC-connectedness 

GDM prediction layers: present climate ✓ ✓ ✓  

GDM prediction layers: future climate  ✓   

Ecosystem condition layer  ✓  ✓  
Connectivity-adjusted ecosystem condition layer ✓    

Spatial data on coverage of protected areas   ✓ ✓ 

 

The biodiversity indicators can be applied using inputs derived for any analysis region of interest, such as 

for individual countries. The methods and data presented here relate to the generation of the four 

biodiversity indicators for all terrestrial areas globally (excluding Antarctica) at ≈1 km (30 arcsecond) spatial 

resolution at an annual timestep for the period 2000-2024. These global data can be used to derive 

indicator summary values for any user-defined spatial reporting area. 

The methods detailed below (Figure S1) build on, and refine, those described in previous data publications 

and applications of these indicators (Di Marco, Ferrier, et al. 2019; Ferrier et al. 2020, 2024; Harwood et al. 

2022; Hoskins et al. 2020; Marco et al. 2019). These refinements relate particularly to improving the 

computational simplicity and efficiency of the global implementation of the indicator calculations by: (i) 

employing a single GDM across all taxa in each biogeographic realm; and (ii) summarising the continuous 

GDM spatial predictions using a discrete classification. 

 

 



 

 

Figure S1.1.  A conceptual overview of the analytical approach to developing the biodiversity indicators for the global 
terrestrial land surface (excluding Antarctica). Methodological details of each component are provided below. * Other 
layers include gridded population data and annual land cover data, as described below. 

 

Data inputs 

Biodiversity models 

Previous global applications of these biodiversity indicators used global models of  spatial turnover in 

species composition of ecological communities developed by Hoskins et al. (2020) for three broad 

taxonomic groups: vertebrates, invertebrates, vascular plants, with 49 separate models for each group 

nested within biome and realm combinations (Olson et al. 2001) (i.e. 146 models in total). As described in 

Hoskins et al. (2020), those models were fitted using >100M species-occurrence observations downloaded 

from GBIF covering >400,000 species across these three taxonomic groups. Those models were fitted using 

17 spatial environment layers as predictors, including seven soil variables, two topographic variables and 

eight climate variables (Hoskins et al. 2020). 

To provide greater computational efficiency and simplicity in calculating the biodiversity indicators globally, 

we generalised the models presented by Hoskins et al. (2020) to a single model for each realm (i.e. seven 

models total) that describe and predict patterns of compositional turnover for all three taxonomic groups 

combined (vertebrates, invertebrates and vascular plants) across all biomes within a realm. The objective 

was to generalise the existing models rather than to fit new models to the source species-occurrence data, 

so as to retain coherence with previous global applications of the indicators. For each realm, we therefore 

generated site-pair predictions of compositional dissimilarity from the models of Hoskins et al. (2020), for 

each combination of taxonomic group and biome within that realm. We then fitted new GDMs using these 

predicted dissimilarities as the response variable, and the same suite of 14 spatial environmental layers 

(Hoskins et al. 2020) as the predictor variables. 

Site pairs employed in the model simplification were selected using a feature-space-coverage sampling 

approach (Brus 2019), to ensure that the set of samples were representative of the multivariate space 

defined by the set of predictor variables. The geographic distance between the sites in a pair was used to 

further refine the selected site pairs, ensuring adequate sampling of site pairs exhibiting different levels of 

geographic separation. For each site pair selected, the predicted dissimilarities from the separate models 



 

for each taxonomic group were derived (see Table S1.2 for the number of site pairs used per realm). These 

site-pair dissimilarities were then combined and used to fit a single all-taxa GDM for each realm, using the 

14 spatial environmental layers from Hoskins et al. (2020) plus geographic distance. The accuracy of the 

simplified GDM for each realm in representing the multiple biome and taxa GDMs for that realm, from 

Hoskins et al. (2020), was tested using an independent set of site pairs (Table S1.2). It should be noted 

that given the simplified realm models are synthesising predictions from many component models, it is 

impossible for these single realm-wide all-taxa models to recreate predictions of the component models 

perfectly. 

 

Table S1.2.  Attributes and performance metrics for the 7 realm-wide all taxa models used to summarise and 
generalise the 146 models from Hoskins et al. (2020). 

Realm Land area 
(M km2) 

No. of 
biomes 

Original no. 
of models 

No. of site 
pairs: train 

Deviance 
explained 

(%) 

intercept No. of site 
pairs: test 

Mean 
error 

Mean 
absolute 

error 

Root mean 
square 
error 

Australasia 9.2 9 26 624,111 80.2 0.04 89,113 0.000 0.057 0.078 

Afrotropics 21.7 8 24 709,143 81.0 0.02 171,281 0.000 0.056 0.073 

Indo-Malaya 8.5 9 27 820,004 80.2 0.01 109,943 0.000 0.060 0.077 

Nearctic 20.5 10 30 530,823 88.0 0.00 178,215 0.000 0.041 0.057 

Neotropics 19.3 10 30 887,145 83.9 0.04 193,806 0.000 0.045 0.061 

Oceania 0.05 3 9 567,417 55.0 0.00 1,863 0.000 0.108 0.150 

Palearctic 52.8 10 30 631,959 65.5 0.03 335,511 0.000 0.089 0.119 
 

 

The seven simplified GDMs (one per realm) were used to generate spatial prediction layers for both 

‘current’ climate (1960–1900 period) (Hijmans et al. 2005) and six climate scenarios centred on 2050 from 

downscaled CMIP5 climate projections accessed through WorldClim (https://worldclim.org). These climate 

scenarios include four representative concentration pathways (RCPs) under the IPSL-CM5A-LR general 

circulation model (GCM) (2.6, 4.5, 6.0, 8.5), and an additional two GCMs under RCP 8.5: ACCESS1-0 and 

GFDL-CM3 (as per Ferrier et al. (2020)). 

 

Classifying realm-wide biodiversity models 

To improve the computational efficiency of the biodiversity indicator calculations, the GDM spatial 

prediction layers for each biogeographic realm for the current climate, were used to derive classes of cells 

with high predicted compositional similarity to one another. For each set of GDM prediction layers, a two 

stage classification approach was implemented using k-means classification (Ikotun et al. 2023) with mini-

batch implementation within the python package scikit-learn (Pedregosa et al. 2011). This involved a first 

round of classification by k-means, followed by a second-round reclassification for those 25 % of classes 

with the lowest within-class median compositional similarity between pairs of grid cells. In the second 

round of classification, the number of classes was allowed to be double that of the number in the 25 % of 

all classes that were being reclassified.  

The number of classes per realm was determined by generating a range of potential numbers of initial 

classes (1,000; 2,000; 3,000; 5,000; 10,000; 15,000; 20,000) and selecting the smaller number of classes 

which produced a final within-class median predicted compositional similarity between pairs of grid cells 

within a class of 0.87 or slightly higher (Table S1.3). Other parameters of the k-means classification were 

set based on best available information and experimentation, being applied consistently across all realms 

(n_init = 51; max_iter = 1,500; batch_size = 10,000; tol = 1e-6; random_state = 42; reassignment ratio = 

0.0005) (Pedregosa et al. 2011). 

 



 

Table S1.3.  Attributes and performance metrics of the classification of the GDM prediction layers for each of the 
seven realm-wide all taxa models. The initial number of classes is that applied at the commencement of the first 
stage of the classification, and the final number of classes is that at the completion of the second stage of the 
classification. 

Realm Initial number of 
classes 

Final number of 
classes 

Median within class 
cell-pair similarity 

Australasia 5,000 7,496 0.88 

Afrotropics 10,000 14,981 0.89 

Indo-Malaya 10,000 14,972 0.87 

Nearctic 10,000 15,000 0.87 

Neotropics 20,000 29,906 0.87 

Oceania 1,000 1,000 0.91 

Palearctic 3,000 4,500 0.87 
 

 

For each classified realm, the class centroid values for each of the 16 GDM prediction layers (one per 

environmental predictor and two for geographic distance) for each class were obtained, along with a 

spatial layer indicating the class membership of every grid cell. 

 

Ecosystem condition - overview 

A spatial layer estimating ecosystem condition for a given time point is an important input to three of the 

four biodiversity indicators (Table S1). Ecosystem condition represents the capacity of an area to maintain 

its characteristic composition, structure, functioning and self-organization over time within a natural range 

of variability (United Nations 2024). In the current application, ecosystem condition ranges continuously 

from 0 to 1, where a value of ‘1’ would be associated with a location of intact primary vegetation in pre-

industrialised reference condition, and a value of ‘0’ would be associated with an area that is completely 

degraded and has no value for biodiversity. A condition value of ‘0.5’ would be associated, at least 

conceptually, with an area (e.g. grid cell) that is 50 % covered by primary vegetation and 50 % covered by 

completely degraded land. 

The approach we applied to derive a spatial layer of ecosystem condition for each time point has been 

described in (Di Marco, Harwood, et al. 2019) (section 2.2). In summary, for each year (2000─2024) we first 

estimated the proportion of each ≈1 km grid cell occupied by each of the 12 land-use classes in version 2 

of the land-use harmonisation dataset (LUH2) (Hurtt et al. 2020). We then apply coefficients derived from 

a model fitted using the PREDICTS database (Hudson et al. 2017) to convert the proportional land-use 

coverage estimates into annual estimates of ecosystem condition. The methods implemented for both 

these steps are described below. 

Ecosystem condition – estimating proportional coverage of land-use classes 

Annual estimates (2000─2024) of the proportion of each ≈1 km (30-arcsecond) grid cell occupied by each 

of the 12 land use classes were derived through statistical downscaling followed by algorithmic 

adjustments based on ancillary data, with refinements to previously published methods (Hoskins et al. 

2016; Marco et al. 2019). The statistical downscaling approach uses generalized additive modelling and 

constrained optimisation fitted to the LUH2 spatial data for 2015 (≈25 km resolution) (Hoskins et al. 2016). 

This fitted model is then used to predict the proportional coverage of all 12 LUH2 land-cover classes at 

≈1 km resolution for each year from 2000 to 2024. The downscaling covariates used in model fitting, and 

for generating annual predictions, include eight static spatial environmental layers (soil, topography, 

climate) and the following dynamic predictors, resampled to the resolution of the downscaled land use 

data (≈1 km): (i) annual time series (2000─2024) of MODIS v6.1 Vegetation Continuous Fields (VCFs) 

(DiMiceli, Sohlberg, and Townshend 2022); (ii) annual land-cover data for urban areas from the European 

Space Agency's Climate Change Initiative (ESA-CCI) (ESA 2017); (iii) annual population density from the 



 

Gridded Population of the World, Version 4 (CIESIN 2018), where values for years (t) between 5-yearly 

values (y) were estimated using an exponential model (log(𝑦)~ 𝑡) fitted to the available years of data for 

each grid cell.  

A series of algorithmic adjustments were then performed to the statistical downscaling predictions of the 

proportional coverage of each of the 12 LUH2 land-cover classes in each ≈1 km grid cell, including: (i) a 

cropping adjustment; (ii) a primary-vegetation adjustment; and (iii) a total-proportion adjustment. 

For the cropping adjustment, annual land-cover data from the ESA-CCI (ESA 2017) were resampled from 

300 m to the resolution of the downscaled land-use data (≈1 km). For each year and grid cell, the 

downscaled proportions of each of the LUH2 cropping classes (c3 nitrogen fixing, c3 perennial, c4 

perennial, c3 annual, c4 annual) were adjusted so that they summed to the total proportion of the cell 

covered by cropping in that year according to the ESA-CCI dataset. The adjustments were made so that the 

relative proportions of the statistically downscaled cropping classes were maintained. Given the ESA-CCI 

data available at the time of analysis were for the years 1990-2022, the 2022 ESA-CCI values for each grid 

cell were applied for the years 2023 and 2024. 

The primary-vegetation adjustment aimed to minimise any increases in the proportion of a grid cell 

covered by the primary vegetation land-use classes (primary forest, primary non-forest). Increases in 

primary vegetation conflicts with the LUH2 definitions of primary vegetation (Hurtt et al. 2020); however, 

there is no mechanism in the statistical downscaling to prevent increases over time. Hence, we inferred 

that increases in the proportion of primary forest estimated by the statistical downscaling should be 

allocated instead to the proportion of secondary forest, and similarly for primary and secondary non-

forest. 

The final adjustment undertaken was simply to ensure that the sum of the proportional coverage of all 

LUH2 land use classes in a grid equals exactly ‘1.0’, accounting for floating point precision error in the 

above statistical downscaling and subsequent adjustments. Hence, the proportional coverage values of all 

LUH2 land-use classes were scaled so that they retain their relative proportions but summed to exactly 

‘1.0’. 

Ecosystem condition – converting land use to ecosystem condition using PREDICTS 

The spatial layers estimating the proportional coverage of each LUH2 land-use class in each ≈1 km grid cell 

were converted to ecosystem condition by applying coefficients specifying the expected condition, on 

average, of ecosystems falling within each land-use class (Table S1.4). These ecosystem-condition 

coefficients were themselves derived from the estimated fraction of naturally-present species expected to 

persist in spite of land-use change. As shown by (Newbold et al. 2016), this fraction can be estimated as 

the product of two quantities, each of which can be modelled using the PREDICTS global database (Hudson 

et al. 2014): within-sample species richness (relative to that in primary vegetation) and species-based 

compositional similarity to a primary-vegetation site. For the present study, data for modelling were 

derived from an extract of the PREDICTS database from 22nd March 2024, consisting of 33,261 sites from 

911 studies in 102 countries. Each site’s taxon richness was calculated as the number of named taxa 

recorded during sampling, with each study placed into one of nine taxonomic groupings (Coleoptera, 

Hymenoptera, other insects, other arthropods, other invertebrates, birds, other vertebrates, dicots, others 

– subdividing the database roughly equally) based on which had most named taxa. Prior to modelling, the 

PREDICTS sites were also classified into the land-use classes listed in Table S1.4, though some classes were 

pooled for modelling to ensure sufficiently large sample sizes.  

Species richness relative to sites in primary vegetation was modelled as a function of land use, by fitting a 

zero-inflated negative binomial GLMM using the glmmTMB package in R (Brooks et al. 2017). The model 

also included taxonomic imprecision as a control variable, and nested random intercepts for taxonomic 

grouping, study and spatial block. The species-based compositional similarity between each primary-



 

vegetation site and every other site (which could be of any land use including primary) within the same 

study was calculated as the fraction of species present at the primary site that were also present at the 

other site (an asymmetric version of the Jaccard index: Newbold et al. 2016). This fraction was modelled as 

a function of land use by fitting a a binomial GLMM, again using the glmmTMB package. In addition to the 

same control variables and random intercepts included in the modelling of species richness, this model 

also included control variables for geographic and environmental distances between sites. 

The PREDICTS analysis estimated the proportion of native species remaining in a land-use class (l) relative 

to reference condition (αl). In contrast, the definition of ecosystem condition (hl) that we assume in 

deriving our biodiversity indicators equates to the equivalent area of habitat remaining under a land-use 

class (Al) relative to reference (Aref): 

ℎ𝑙 = (
𝐴𝑙

𝐴𝑟𝑒𝑓
) Equation 1 

 

It is therefore necessary to convert the PREDICTS-estimated proportion of native species remaining to an 

area-equivalent ecosystem condition estimate (hl). This conversion needs to account for the non-linear 

species-area scaling of the proportion of species remaining under a land-use class to the equivalent area of 

habitat under that land-use class (Ferrier et al 2024), for which we apply a power-law species-area 

relationship: 

𝛼𝑙 = (
𝐴𝑙

𝐴𝑟𝑒𝑓
)

𝑧

 Equation 2 

 

where we use a value for the species-area exponent (z) of 0.25, as observed and applied widely by others 

(García Martín and Goldenfeld 2006; Rosenzweig 1995). The estimated condition under a given land-use 

can then be derived from the estimated   remaining under that land-use: 

ℎ𝑙 = (
𝐴𝑙

𝐴𝑟𝑒𝑓
) = 𝛼𝑙

1
𝑧⁄  Equation 3 

 

which simplifies to ℎ𝑙 = 𝛼𝑙
4 when z = 0.25. This approach was applied to convert the PREDICTS-derived 

proportion of native species remaining to ecosystem condition equivalents (Table S1.4).  

Ecosystem condition for a given grid cell in a given year was then derived as a weighted arithmetic mean of 

the 12 ℎ𝑙 values (one for each LUH2 land-use class) with weights set to the estimated proportional 

coverage of each land-use class within that cell.   

Table S1.4.  Estimated proportion of native species remaining in each land use class to primary vegetation, and the 
associated estimated ecosystem condition for each land use class. 

LUH2 land use class PREDICTS land use class 
Proportion of native species 

remaining (PREDICTS) 
Ecosystem 
condition 

Primary forest Primary vegetation 1 1 
Primary non-forest Primary vegetation 1 1 
Secondary forest Secondary vegetation 0.810 0.430 
Secondary non-forest Secondary vegetation 0.810 0.430 
Rangelands Rangelands 0.776 0.363 
Urban* Urban 0 0 
Managed pasture Managed Pasture 0.396 0.025 
c3 perennial crops Perennial croplands 0.426 0.033 
c4 perennial crops Perennial croplands 0.426 0.033 
c3 annual crops Annual croplands 0.432 0.035 
c4 annual crops Annual croplands 0.432 0.035 
c3 N-fixing crops Annual croplands 0.432 0.035 
    *- for urban areas a value of 0 is applied  



 

 

Ecosystem condition – deriving connectivity-adjusted condition 

To derive the BHI indicator, the ecosystem condition layer for each year is further adjusted to account for 

the effects of connectivity to areas of habitat in the neighbourhood around each pixel. This connectivity-

adjusted ecosystem condition layer is created using an extension of the cost-benefit approach (CBA) 

developed by (Drielsma, Ferrier, and Manion 2007) which is based on principles of meta-population 

ecology.  

For enhanced computational efficiency, our implementation of the CBA landscape connectivity analysis 

uses multi-resolution overviews embedded in the GeoTIFF file representing the ecosystem condition data. 

This file stores average condition values for progressively coarser-resolution square blocks comprised of 

dimensions 2, 4, 8, 16 and 32 grid cells. Nodes representing the neighbourhood around each grid cell i are 

configured based on the multi-resolution overviews (e.g. Figure S1).  

 

Figure S1.2.  Representation of the multi-resolution neighbourhood approach applied in the connectivity analyses. 
The focal grid cell (i) is shown in red in the centre, with nodes (black dots) in the centre of each grid cell (at the 
different resolutions). The above example uses four cells wide at each resolution for demonstration purposes, 
whereas our analysis applied 11 cells wide at each resolution, resulting in a maximum neighbourhood radius of 
352 km around each focal cell. 

All the nodes in the multi-resolution neighbourhood around each focal grid cell i are used to construct a 

directed weighted graph, with edges created between each node g and its immediate neighbour nodes. 

The condition-weighted length of each edge (Dq), i.e. the condition weighted distance between the two 

nodes it connects, is:  

𝐷𝑞 = 𝐿𝑞(ℎ𝑞(1 − 𝑀) + 𝑀) Equation 4 

 

with Lq being the length of edge q (i.e. the haversine distance in kilometres between the connected 

nodes), hq being the average ecosystem condition at the head node (destination node) of the edge q (on a 

0─1 scale), and m being the scalar for the degree to which low ecosystem condition increases the cost to 

movement. In the current application we apply M = 2, meaning that an area with the lowest ecosystem 

condition (hq = 0) is twice as difficult to move through compared to an area in the highest condition (hq = 

1).  

For node g, the condition weighted distance of the least cost path (dig) from the focal grid cell i through all 

the  𝑛𝑒𝑑𝑔𝑒 intervening edges q in the graph is calculated as the Dijkstra shortest path: 



 

𝑑𝑖𝑔 = ∑ 𝐷𝑞

𝑛𝑒𝑑𝑔𝑒

𝑞=1

 Equation 5 

 
which is used to determine the link permeability from focal cell i to node g (Kig) (Drielsma et al. 2007) by 

incorporating the condition weighted least-cost path distance (dig) into a dispersal kernel, for which we use 

a simple negative exponential: 

𝐾𝑖𝑔 = e−𝑑𝑖𝑔 𝜆⁄   Equation 6 

 

For the median dispersal distance (λ), we apply three values to reflect the different movement abilities of 

various taxa (λ = 2, 20 and 200 km). 

The degree to which node g offers connected habitat to the focal cell i (Hig) is calculated by multiplying the 

link permeability to node g with the average ecosystem condition value of node g (hg), adjusting for the 

number of valid grid cells represented by node g (ng): 

𝐻𝑖𝑔 = 𝐾𝑖𝑔ℎ𝑔𝑛𝑔 Equation 7 
 
The total connected habitat (Γi) to focal cell i, from all N nodes in the multi-resolution neighbourhood is 

the sum of the connected habitat to each node (Drielsma et al. 2007): 

Γ𝑖 = ∑ 𝐻𝑖𝑔 = ∑ 𝐾𝑖𝑔ℎ𝑔𝑛𝑔

𝑁

𝑔=1

𝑁

𝑔=1
 Equation 8 

 

The relative amount of total connected habitat to focal cell i (Γi,rel) is the total connected habitat as a 

proportion of the maximum possible total connected habitat (Γi,max), assuming all cells in the surrounding 

neighbourhood have the highest possible ecosystem condition and the least-cost paths connecting these 

cells to the focal cell are recalculated accordingly:  

Γ𝑖,𝑟𝑒𝑙 =
Γ𝑖

Γ𝑖,𝑚𝑎𝑥
⁄  Equation 9 

 

The relative amount of total connected habitat to focal cell i is averaged across the results for the three 

alternative median dispersal distances applied above (λ = 2, 20, 200 km). Finally, the connectivity-adjusted 

ecosystem condition value for focal cell i (hi,con) is derived as the geometric mean of the ecosystem 

condition of focal cell i (hi) and the relative amount of total connected habitat: 

ℎ𝑖,𝑐𝑜𝑛 = √ℎ𝑖Γ𝑖,𝑟𝑒𝑙          Equation 10 

 

Protected areas 

For the PARC-representativeness and PARC-connectivity indicators, a key input is a spatial grid representing 

the proportion of the land in each grid cell that is covered by a protected area or other effective area-

based conservation measure (PA+OECM) in a given year. Data delineating the boundaries of terrestrial 

PA+OECM  were obtained from the World Database on Protected Areas (WDPA) (IUCN-WCMC 2025) on 20 

November 2025. For each year assessed (2000-2024) all terrestrial PA+OECMs established prior to the end 

of that year were selected. Marine protected areas were filtered out by only considering PA+OECMs that 

intersected with the land mask used for our analyses. PA+OECMs were further filtered to remove those 

regions which had the status (“STATUS” field) designation of “proposed.” The WDPA and WDPA+OECM 

databases include both polygons depicting the boundaries of PA+OECMs and, separately, points 



 

representing PA+OECM centroids where polygons are either not available or are too small to be 

represented by a boundary (e.g. an individual tree or nesting site). We opted to exclude the latter (7,937 

points) from our analyses as there is no way to ascertain the shape (and in many cases the size) of the 

corresponding the PA or OECM. For our analyses, we translated the PA+OECM data to our analysis land 

mask by calculating the proportion of each grid cell covered by PA+OECMs. Proportions were calculated by 

rasterising the PA+OECMs using a super sampling method: PA+OECM geometries were rasterised to a grid 

10 times higher than the resolution of the analysis land mask, and then aggregated to the analysis 

resolution (≈1 km) by averaging the super sampled pixels. This produces a grid with values approximating 

the proportion covered by protected areas. Finally, the proportion of land within each grid cell covered by 

PA+OECMs was determined by dividing the proportion of each ≈1 km grid cell covered by PA+OECMs by 

the proportion of each grid cell covered by land.  

 

Country-level reporting areas 

To summarise biodiversity indicator results for each country, we used country boundaries from the 

Database of Global Administrative Areas (GADM 2024). We also summarised each indicator by the 

intersection of biomes and countries using biome boundaries from (Olson et al. 2001). 

 

Indicator calculation 

The Biodiversity Habitat Index (BHI) 

The Biodiversity Habitat Index (BHI) estimates the level of species diversity expected to be retained within 

any given spatial reporting unit (e.g. a country, a biome, an ecosystem type, or the entire planet) as a 

function of the area, condition and connectivity of natural ecosystems across that unit. Results for the 

indicator are expressed as the proportion of species in the reporting unit expected to persist (i.e. the 

proportion expected to avoid extinction) over the long term.  

Based on the standard formulation of this approach (e.g. (Allnutt et al. 2008; Ferrier et al. 2024; Marco et 

al. 2019; Mokany et al. 2020)) the foundational calculation for deriving the BHI for each grid cell i is simply: 

𝐵𝐻𝐼𝑖 = [
∑ 𝑠𝑖𝑗ℎ𝑗,𝑐𝑜𝑛

𝑛
𝑗=1

∑ 𝑠𝑖𝑗
𝑛
𝑗=1

]
𝑧

  Equation 11 

where sij is the predicted compositional similarity (if all cells were still in perfect condition) between the 

focal grid cell i and each of the n other grid cells j,  hj,con is the connectivity-adjusted ecosystem condition 

of grid cell j (on a 0─1 scale), and z is the exponent of the species-area relationship, for which we employ 

the widely adopted value of z = 0.25 (Rosenzweig, 1995). BHI calculations are performed within 

biogeographic realms (Olson et al. 2001), such that a given focal cell is compared to all other grid cells in 

the biogeographic realm. While we recognise that realm boundaries are porous to some extent, 

constraining calculations in this way accounts for the overarching effects of biogeographic history in 

shaping broader biodiversity patterns. 

For the present implementation, we incorporated two enhancements to the above approach. The first of 

these relaxes an assumption inherent in the standard formulation – i.e. that all species originally 

associated with the focal cell i (prior to any loss of condition of habitat within that cell) will share an equal 

probability of originally occurring in any other cell j, with that probability being equal to sij, the declining 

compositional similarity between cells i and j as these two cells are increasingly separated spatially and 

environmentally. In reality, the species originally associated with cell i are likely to vary in the breadth of 

their environmental niches – ranging from more specialised narrow-niche species occurring only in 

environments highly similar to that cell, through to generalist species occurring more broadly across 



 

environments exhibiting lower levels of similarity to the focal cell. To better accommodate this likely 

reality, we extend the basic approach presented in Equation 11 by further treating sij as an estimate of the 

proportion of species associated with focal cell i that are expected to have an environmental niche wide 

enough to also include cell j. For example, a cell with a predicted similarity of 0.9 is assumed to fall within 

the niche of 90 % of the species associated with the focal cell, while a cell with a similarity of 0.1 will fall 

within the niche of only 10 % of those species.   

To extend the species-area calculation from Equation 11 to incorporate this assumption, we adopt an 

iterative approach modelled on that proposed by (Drielsma et al. 2014).  

This involves calculating BHI for cell i using r (in this case 20) evenly spaced bins b of compositional 

similarity between 0 and 1: 

𝐵𝐻𝐼𝑖 =
1

𝑟
∑ [

∑ 𝑠𝑖𝑗ℎ𝑗,𝑐𝑜𝑛
𝑛
𝑗=1

∑ 𝑠𝑖𝑗
𝑛
𝑗=1

, 𝑠𝑖𝑗 > 𝑠𝑏]

𝑧𝑟

𝑏=1

 Equation 12 

where sb  is the lower similarity limit for bin b. 

To make the BHI calculations computationally tractable at a global scale, we implemented a second 

modification to the foundational calculation. We replace 𝑛 grid cells 𝑗 in the calculation with 𝑛 cluster 

centroids 𝑗 derived from the classified global GDMs. Given cluster centroids should represent cluster 

member cells well, this is a reasonable short-cut in computing the compositional similarities (sij). To ensure 

all connectivity-adjusted ecosystem condition values (hj,con) for grid cell j are represented, we compute the 

sum of condition values associated with each cluster. This summed condition then becomes the hj,con value 

used to scale similarity sij. To ensure the denominator term is balanced, denominator sij values are 

multiplied by the number of grid cells each cluster centroid represents. We use cluster centroids in the 

manner described above to represent all grid cells which don’t fall in the same cluster as a focal grid cell. 

Where a focal grid cell is to be compared to the centroid of the cluster for which the cell itself is a member, 

we revert to individual cell-to-cell comparisons. We have found that this hybrid approach effectively 

balances computational efficiency resulting from the use of discrete classes with the rigour of working 

with continuous data in regions of habitat which are likely to be most compositionally similar to a given 

focal cell.  

To derive a BHI value for any larger reporting region (BHIr) such as a country, a weighted geometric mean 

is taken of the BHIi values of all R grid cells i falling within that reporting region (Ferrier et al. 2024; Marco 

et al. 2019): 

𝐵𝐻𝐼𝑟 = exp [
∑ 𝑤𝑖 ln(𝐵𝐻𝐼𝑖)

𝑅
𝑖=1

∑ 𝑤𝑖
𝑅
𝑖=1

] 

 

Equation 13 

where the contribution of each cell is weighted (wi) by the predicted similarity (overlap) in species 

composition between this cell i and all n other cells j globally, and therefore its ecological uniqueness: 

𝑤𝑖 =
1

∑ 𝑠𝑖𝑗
𝑛
𝑗=1

 Equation 14 

 

Given that compositional similarity and connectivity-adjusted ecosystem condition in all other grid cells j 

globally are used in estimating the BHI value for each grid cell i, the BHI value for a larger reporting region 

will be influenced to some degree by changes in connectivity-adjusted ecosystem condition outside that 

region. While this reflects the best estimate of persistence expected for species associated with the region 

of interest, anywhere across the broader range of those species, it may be desirable for some reporting 

purposes to derive BHI values for a reporting region by treating that region as a closed system (BHIc), or in 



 

other words to constrain the grid cells j with which each focal cell is compared, in all the above equations, 

to only those cells falling within the region of interest. We used this approach to calculate closed-system 

BHI results for all countries, which is reported alongside the standard BHI (i.e. open-system) value for each 

country. Because the closed-system formulation imposes an artificial boundary on the extent of possible 

habitat that may be included in any calculation, its value lies only in the capacity to identify changes in the 

BHI resulting wholly from changes to ecosystem condition within a region of interest. In this way, it lends 

itself to monitoring outcomes of management within discrete regions, and for this reason, we supply this 

formulation of the BHI only for countries. 

 

The Bioclimatic Ecosystem Resilience Index (BERI) 

The Bioclimatic Ecosystem Resilience Index (BERI) assesses the capacity of landscapes to retain species 

diversity in the face of climate change, as a function of the area, condition and connectivity of natural 

ecosystems across those landscapes. The indicator assesses the extent to which any given spatial 

configuration of natural habitat will promote or hinder climate-induced shifts in biological distributions. It 

does this by analysing the functional connectivity of each grid-cell of natural habitat to areas of habitat in 

the surrounding landscape which are projected to support a similar assemblage of species under climate 

change to that currently associated with the cell of interest. 

The broad approach to calculating the BERI has been described previously (Ferrier et al. 2020; Harwood et 

al. 2022), and here we follow the same approach, with minor modifications. For the derivation of BERI 

presented here, we apply the same representation of the landscape surrounding a focal grid cell i as 

described for the connectivity-adjusted ecosystem condition analysis described above (Figure S1.2). Hence 

a multi-resolution gridded neighbourhood around cell i is used to construct a directed weighted graph, 

where each node j represents a neighbouring grid cell at a given resolution, with each node connected by 

edges to its immediate neighbour nodes (Figure S1.2). 

The amount of accessible connected habitat in the landscape surrounding grid cell i which is projected to 

support a similar assemblage of species under climate scenario k to that currently associated with focal 

cell i is calculated as: 

𝐶𝑖𝑘  = ∑(𝐾𝑖𝑗  ℎ𝑗𝑛𝑗 𝑠𝑖𝑗𝑘)

𝑛

𝑗=1

 Equation 15 

where Kij is the link permeability (Drielsma et al., 2007) from the focal cell i to each of the n nodes j, hj is 

the average ecosystem condition of node j , nj is the number of valid grid cells represented by node j and 

sijk is the expected compositional similarity between the focal cell i under present-day climate and node j 

under climate scenario k if both i and j were in reference condition (Ferrier et al. 2020; Harwood et al. 

2022). The connectedness metric Cik was calculated separately for each of the six future climate scenarios 

described above as well as for the current climate. 

For the link permeability (Kij) from focal cell i to node j in Equation 15, we apply a gaussian dispersal 

kernel to the condition weighted least-cost path distance (dij) (Equation 5) to account for the broader 

movement potential of species populations over the scale of many years (t) (Harwood et al. 2022): 

𝐾𝑖𝑗 = exp

[
 
 
 
 

−
(
𝑑𝑖𝑗

𝜆
)

2

𝑢𝑡

]
 
 
 
 

 Equation 16 

 

where we employ t = 50 years, given this is the approximate interval between the base climate and the 

climate change scenarios, and for the constant we employ u = 5.8. As with the connectivity-adjusted 



 

ecosystem condition (Equation 6), we apply three alternative median dispersal distances (λ = 2, 20 and 

200 km).  

For each median dispersal distance, the BERI value for the focal cell i (BERIi,λ) is summarised across all the 

m climate scenarios using the limited degree of confidence approach (McInerney, Lempert, and Keller 

2012), which averages the minimum and mean connectivity values across the scenarios: 

𝐵𝐸𝑅𝐼𝑖,𝜆 = 
0.5 (

∑ 𝐶𝑖𝑘
𝑚
𝑘=1
𝑚

+  𝑚𝑖𝑛{𝐶𝑖1, … , 𝐶𝑖𝑚}))

𝐶𝑖0
 

Equation 17 

where Ci0, is the maximum possible connectivity value, obtained by assuming the focal cell is completely 

surrounded by a continuous expanse of habitat in perfect condition, with no change in climate. The BERI 

value for each grid cell is then derived by averaging the scores obtained using all v median dispersal 

distances: 

𝐵𝐸𝑅𝐼𝑖 =
1

𝑣
 ∑ 𝐵𝐸𝑅𝐼𝑖,𝜆

𝑣

𝜆=1

 Equation 18 

As for the BHI indicator, to derive a BERI value for any larger reporting region (BERIr) such as a country, a 

weighted geometric mean is taken of the BERIi values of all R grid cells i falling within that reporting 

region: 

𝐵𝐸𝑅𝐼𝑟 = exp [
∑ 𝑤𝑖 ln(𝐵𝐸𝑅𝐼𝑖)

𝑅
𝑖=1

∑ 𝑤𝑖
𝑅
𝑖=1

] 

 

Equation 19 

where the contribution of each cell is weighted (wi) by the predicted similarity (overlap) in species 

composition between this cell i and all n other cells j globally, and therefore its ecological uniqueness 

(Equation 14). 

Again, as for the BHI indicator, for every country we also calculate BERI values treating the country as a 

closed system (BERIc) – hence, in all the above equations, comparing each focal cell i only with those 

other grid cells j falling within that country. This closed-system BERI value is reported alongside the 

standard (i.e. open system) BERI value for each country. 

The Protected Area Representativeness and Connectedness Index for representativeness (PARC-

representativeness) 

The PARC-representativeness index quantifies the extent to which a system of terrestrial protected areas 

and OECMs is ecologically representative of the full range of environmental and biological diversity present 

within any given spatial reporting unit (e.g. a country). PARC-representativeness scores are initially 

calculated separately for each and every grid-cell (both protected and unprotected) within the spatial 

domain of interest. For each cell i, PARC-representativeness estimates the proportional protection of all 

cells that are ecologically similar to that cell – i.e. the proportion of all ecologically-similar cells that are 

included in the protected-area system. 

Specifically, the PARC-representativeness value for each grid cell i (PARCrepi) is derived as: 

 

𝑃𝐴𝑅𝐶𝑟𝑒𝑝𝑖 =
∑ 𝑠𝑖𝑗𝑝𝑗

𝑛
𝑗=1

∑ 𝑠𝑖𝑗
𝑛
𝑗=1

  Equation 20 

where sij is the predicted compositional similarity between the focal grid cell i and all n other grid cells j, 

and pj is the proportion of land covered by protected areas and OECMs in grid cell j. We incorporate the 

same enhancements in deriving PARC-representativeness as those adopted in deriving the BHI. That is, we 



 

extend the standard calculation of 𝑃𝐴𝑅𝐶𝑟𝑒𝑝𝑖 presented in Equation 20 through adoption of the binning 

approach described in Equation 12, although in this case the estimated proportions of land protected are 

not raised to the power of the species-area exponent z. We also, again, improve computational efficiency 

by using cluster centroids resulting from the GDM classification to represent compositionally similar grid 

cells.  

As for the BHI and BERI indicators, to derive a PARC-representativeness value for any larger reporting 

region r (PARCrepr), such as a country, a weighted geometric mean is taken of the PARCrepi values of all R 

grid cells i falling within that reporting region: 

𝑃𝐴𝑅𝐶𝑟𝑒𝑝𝑟 = exp [
∑ 𝑤𝑖 ln(𝑃𝐴𝑅𝐶𝑟𝑒𝑝𝑖)

𝑅
𝑖=1

∑ 𝑤𝑖
𝑅
𝑖=1

] 

 

Equation 21 

where the contribution of each cell is weighted (wi) by the predicted overlap in species composition 

between this cell i and all n other cells j globally, and therefore its ecological uniqueness (Equation 14). 

Again, as for the BHI and BERI indicators, for every country we also calculate PARC-representativeness 

values treating the country as a closed system (PARCrepc) – hence, in all the above equations, comparing 

each focal cell i only with those other grid cells j falling within that country. This closed-system PARC-

representativeness value is reported alongside the standard PARC-representativeness (i.e. open system) 

value for each country.  

 

The Protected Area Representativeness and Connectedness Index for connectedness (PARC-connectedness) 

The PARC-connectedness index provides a measure of the extent to which protected areas and OECMs are 

functionally connected to one another and to other areas of intact natural ecosystems, thereby enhancing 

integration into the wider landscape. The PARC-connectedness value reflects the connectedness of a set of 

protected areas to each other and to unprotected natural vegetation in the surrounding landscape. The 

PARC-connectedness score assigned to each protected cell is expressed as a proportion (0 to 1) of the 

maximum possible level of connectedness obtainable if that cell were surrounded by a continuous 

expanse of protection, or otherwise natural vegetation in the surrounding landscape. 

PARC-connectedness scores are calculated for each grid-cell i that have a non-zero proportion of land 

covered by protected areas and OECMs (pi).  

For the derivation of PARC-connectedness presented here, we use the same method as applied for the 

connectivity-adjusted ecosystem condition analysis described above (Equation 4   ̶Equation 9). The key 

difference is that for the PARC-connectedness analysis, the proportion of land protected in each grid cell 

(pi) is combined with the ecosystem condition of each grid cell (hi) in deriving a value for the “protected-

condition” (φi), by taking the maximum of pi and hi for each cell i: 

ϕ𝑖 = max(𝑝𝑖 , ℎ𝑖) Equation 22 

The relative amount of total protected-connected habitat to focal cell i (Γi,rel) is calculated as per the 

method described for connectivity-adjusted ecosystem condition (Equation 4   ̶Equation 9), substituting 

the ecosystem condition values for grid cells, nodes and edges (hi, hg, hq) in the multi-resolution 

neighbourhood (Figure S1.2) with their “protected-connected” equivalents (φi, φg, φq).  

The PARC-connectedness value for a grid cell is the relative amount of total protected-connected habitat 

to that cell, reported only for grid cells with pi > 0: 

𝑃𝐴𝑅𝐶𝑐𝑜𝑛𝑖 = Γ𝑖,𝑟𝑒𝑙  

 
Equation 23 



 

The PARC-connectedness value for any larger reporting region can be derived, and expressed, in two 

different ways. The first of these alternatives involves reporting the average of 𝑃𝐴𝑅𝐶𝑐𝑜𝑛𝑖 values across all 

protected cells within the region of interest. A property of this option, which some users may find 

disconcerting, is that the average connectivity of all protected cells within a region can decline over time if 

additions to the protected-area system are poorly connected to existing protected areas. The alternative 

approach, which we adopt here, involves summing the 𝑃𝐴𝑅𝐶𝑐𝑜𝑛𝑖 values of all protected cells and then 

dividing this sum by the total number of cells (both protected and unprotected) within the region of 

interest. The resulting value can then be interpreted as an estimate of the proportion of that region (e.g. a 

country) covered by protected areas (and OECMs) adjusted for the connectivity of these areas to one 

another, and to unprotected natural vegetation in the surrounding landscape. This connectivity-adjusted 

proportion will always be less than or equal to the raw (unadjusted) proportion of the region protected. A 

further, and arguably desirable, property of this approach is that the resulting proportion can only ever 

increase, not decrease, over time as additional areas are protected, provided that there is no coincidental 

decline in the condition of natural habitat in the surrounding landscape. To implement this approach, 

PARCconr for a given region r containing R grid cells is calculated as:  

 
 

𝑃𝐴𝑅𝐶𝑐𝑜𝑛𝑟 =
∑ 𝑝𝑖𝑃𝐴𝑅𝐶𝑐𝑜𝑛𝑖

𝑅
𝑖=1

𝑅
 

 
 

Equation 24 

where the contribution of each protected cell is weighted by the proportion of land in that cell that is 

protected (pi). If, for any reason, PARC-connectedness needs to be expressed in terms of the first of the 

above options – i.e. as an average of 𝑃𝐴𝑅𝐶𝑐𝑜𝑛𝑖 values across protected cells within that region – then this 

average can be derived simply by dividing any reported value of 𝑃𝐴𝑅𝐶𝑐𝑜𝑛𝑟 by the raw (unadjusted) 

proportion of the region covered by protected areas (or OECMs) for the relevant year.    

As for the other indicators, for every country we also calculate PARC-connectedness values treating the 

country as a closed system (PARCconc) – hence, in all the above equations, comparing each focal cell i only 

with those other grid cells j falling within that country. This closed-system PARC-connectedness value is 

reported alongside the standard PARC- connectedness (i.e. open system) value for each country.  

  



 

Table S5.4.  Definition of mathematical terms used. 

Term Definition Method section 

αl proportion of species remaining under land use class l Land use to condition 
Al equivalent area of habitat remaining under land use class l Land use to condition 
Aref equivalent area of habitat remaining under reference condition Land use to condition 
b An evenly spaced bin of compositional similarity values BHI/PARC-rep 
BERIi The BERI value for the focal cell i  BERI 
BERIr The BERI value for any larger reporting region r BERI 
BHIi The BHI for grid cell i BHI 
BHIr The BHI value for any larger reporting region r BHI 
Cik The amount of accessible connected habitat in the landscape surrounding grid cell i 

which is projected to support a similar assemblage of species under climate scenario k 
BERI 

Dq The condition-weighted length of each edge Connected condition 
dig the condition weighted distance of the least cost path from focal cell i to node g Connected condition 
g The focal node Connected condition, 

BERI 
hq average ecosystem condition at the head node of the edge q Connected condition 
hi the ecosystem condition value of cell i Connected condition 
hi,con the connectivity-adjusted ecosystem condition value for focal cell i Connected condition 
hj,con the connectivity-adjusted ecosystem condition value for cell j BHI 
hj the ecosystem condition value of node j Connected condition 
hl ecosystem condition for land use class l Land use to condition 
Hig The degree to which node g offers connected habitat to the focal cell i Connected condition 
i focal grid cell Connected condition 
j A grid cell all 
Kig the link permeability from focal cell i to node g Connected condition 
k A climate scenario BERI 
l Land use class Land use to condition 
Lq length of edge q Connected condition 
λ median dispersal distance (km) Connected condition 
m The number of climate scenarios BERI 
M the scalar for the degree to which low ecosystem condition increases the cost to 

movement 
Connected condition 

n The number of grid cells BHI 
N The number of nodes in the multi-resolution neighbourhood Connected condition 
nedge The number of intervening edges in the graph Connected condition 
pi The proportion of land covered by protected areas and OECMs in grid cell i PARC 
PARCrepi The PARC-representativeness value for each grid cell i  PARC-rep 
PARCrepr The PARC-representativeness value for any larger reporting region r PARC-rep 
PARCconi The PARC-connectedness value for each grid cell i  PARC-con 
PARCconr The PARC-connectedness value for any larger reporting region r PARC-con 
φi The maximum of the ecosystem condition of cell i and the proportion of land protected 

in cell i 
PARC-con 

φg The maximum of the ecosystem condition of node g and the proportion of land 
protected for node g 

PARC-con 

φq The maximum of the ecosystem condition of edge q and the proportion of land protected 
for edge q 

PARC-con 

q The focal edge Connected condition 
r The number of bins the compositional similarity space is broken into BHI, PARC-rep 
R The number of grid cells falling within a reporting region All 

ref Reference condition Land use to condition 
sij the predicted compositional similarity between the focal grid cell i and grid cell j BHI 
sl,ref Similarity of land use class l to reference Land use to condition 
t The number of years from current to future climate BERI 
Γi total connected habitat to focal cell i , from all k nodes in the multi-resolution 

neighbourhood 
Connected condition 

Γi,rel relative amount of total connected habitat to focal cell i Connected condition 
Γi,max the maximum possible total connected habitat Connected condition 
u A constant used in the dispersal kernel (value = 5.8) BERI 
v The number of median dispersal distances considered BERI 
wi The weight given to each cell i based (inversely) on its predicted compositional similarity 

to al other cells 
BHI 

z species-area exponent BHI, Land use to 
condition 
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Appendix S2: Metadata  

Table S2.1.  Output and summary metadata. Indicator is one of: BHI, BERI, PARC-rep, or PARC-conn. Year is a year 
within the current timeseries (2000-2024) 

Dataset Naming Notes 

Annual global indicator GeoTIFF files (2000 – 
2024) 

{indicator}-{year}.tif Single file per year of grid cell level 
indicator values. 

Annual country summaries {indicator}-countries.csv Indicator summarised using GADM 
country borders. 

Annual country summaries (bordered) {indicator}-countries-
bordered.csv 

Indicator run with closed border 
approach using GADM country 
borders. 

Annual biome summaries with countries {indicator}-{country}-biome.csv Indicator summarised using WWF 
biome boundaries within individual 
GADM country borders. 

 

 

 

 


