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Abstract 

Widespread degradation of nature has increased pressure on corporations and 

financial institutions to assess and mitigate their biodiversity impact, however, 

collecting relevant local data can be costly. The increasing availability of biodiversity 

and Earth observation (EO) provide a route to cost effective impact assessment via 

extrapolation using existing data and statistical modeling. Through a review of the 

datasets and tools currently used by corporations and financial institutions we show 

that extrapolation to local sites from global datasets, or using only proxies, is the 

dominant approach. We test the reliability of such assessments by combining high 

resolution earth observation time series data with extensive biodiversity data from 

recent environmental DNA (eDNA) surveys of two countries with widely varying 
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conditions, Sweden and Madagascar. We use machine learning in combination with 

high-quality biodiversity data to predict five essential biodiversity variables (EBVs) 

for local sites, using cross-validation to test prediction accuracy. The results show that 

reasonably accurate EBV predictions can be obtained for sites with some local data, 

but performance declines considerably when modelling summary measures at new 

sites. Moreover, the quality of predictions, both within sites and at new sites, is 

dependent on the EBV and local context. To address the concerns over the reliability 

of model-based EBV assessments, we propose a biodiversity data hierarchy 

framework, which can be used by organizations to track stepwise improvements in the 

data sources underpinning their biodiversity impact assessments. 
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​ Highlights: 

 

●​ Current biodiversity impact assessment and reporting is heavily leaning on 

freely available global biodiversity datasets such as the IUCN Red List and the 

World Database on Key Biodiversity Areas. 

●​ Increasing numbers of large high-quality datasets on biodiversity are being 

made accessible, for example environmental DNA data and Earth Observation 

data, strengthening the power of predictive modelling.  

●​ Nevertheless, analyses of example datasets show that predictive modelling 

without any local data at key sites of interest decreases performance 

significantly, increasing the risk of uninformative or misleading biodiversity 

assessments. 

●​ We propose a data quality hierarchy framework, which can be used to 

highlight these issues and successively improve the reliability of biodiversity 

risk and impact assessments. 
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1. Introduction​

​

The drastic degradation of nature is widely appreciated to be driven in part by large 

multi-national corporations and institutions, causing economic and financial risks for 

organisations that depend on and/or impact nature (1). As a consequence, the field of 

sustainable finance has been rapidly gaining momentum and with it increasing 

pressure from both financial regulators (1,2) and investors for corporations to measure 

and mitigate their impacts on biodiversity (3,4). 

 

Organisations need data on the state of biodiversity in areas where they interact with 

it, to measure and report on nature-related financial risks, opportunities and impacts to 

inform investors, regulators or the general public. To do so, organisations rely on third 

party, often global, biodiversity datasets and tools (5), due to their ease of use, 

(global) coverage, limited input data requirements, free availability or other reasons. It 

is for the same reasons that these tools are often promoted or signposted by industry 

initiatives such as the Taskforce for Nature-related Disclosures (TNFD) (6) or the 

EU’s Business @ Biodiversity Platform (7), but they face several limitations when it 

comes to understanding and reporting on biodiversity impact. Many of these tools 

present an indirect biodiversity impact assessment based on pressures and practices 

rather than direct biodiversity observations (8,9). For example, land-use change or 

conventional agricultural practices are well-documented drivers of biodiversity loss. 

These pressure data points rely on aggregated sector, global or country level averages 

and offer limited guidance to inform risk mitigation or investment decisions (10). 

Where tools incorporate actual biodiversity or species data, these cover only a small 

set of species, excluding species that contribute most to ecosystem functioning such 

as invertebrates, fungi and microorganisms (8,10). Many tools also only focus on a 

single summary metric, which provides an over-simplified view of complex natural 

systems. Finally, biodiversity data is highly geographically and taxonomically biased, 

which limits the utility of global models for assessments (11). 

 

Fortunately, technological advances are rapidly expanding the scale at which it is 

possible to collect additional biodiversity data and mitigate data gaps. For example, 

eDNA allows rapid and cost-effective assessment of previously difficult to work with 

biodiversity components, such as the invertebrate fauna (12). Similar advances in 
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acoustic monitoring, camera traps, image analysis and collection (e.g. through the use 

of unmanned aerial vehicles) are also accelerating the rate of data collection (13–15). 

In recent years, a large number of high-quality biodiversity datasets have been 

published and made accessible, for example via the Global Biodiversity Information 

Facility (GBIF) (www.gbif.org).Through the fast adoption and use of remote sensing 

technology, earth observation (EO) data containing environmental information is also 

increasingly more detailed and accessible (16,9,17).   

 

Using fine-grained environmental data combined with high-quality biodiversity 

datasets, it is also possible to learn the functional relationship between environmental 

parameters and biodiversity, and use this knowledge to predict biodiversity variables 

at un-surveyed or low-surveyed locations. Potentially, this offers a convenient and 

cost-efficient approach to biodiversity impact assessments. However, such predictive 

modelling of biodiversity can be time consuming and challenging. Typically, models 

predict the abundance or distribution of individual species, but scaling such 

approaches to entire ecological communities consisting of thousands of species or 

more is challenging, even with modern computational methods and statistical models. 

An alternative approach is to derive summary measures of biodiversity, for example 

‘Essential Biodiversity Variables’ (EBV’s) (18), and then predict these to new 

locations. This approach is an attractive proposition for practical use-cases, as it can 

simplify the statistical task, and allow large-scale assessment of EBV patterns. 

 

In this paper, we first assess the nature of current corporate biodiversity reporting by 

analyzing a sample of TNFD-aligned corporate disclosures. Our results show that the 

prioritization of interventions and resources is based to a significant extent on global 

datasets and modeling tools at the expense of local or national datasets.  

 

We then examine the potential limits of national-scale data and modeling tools on the 

accuracy and reliability of impact assessments. Specifically, we combine state of the 

art data from comprehensive eDNA surveys and Earth Observations systems, and use 

flexible machine learning algorithms to predict summary measures of biodiversity 

(EBVs). The results demonstrate that it is difficult to estimate generalisable patterns 

of EBV’s despite using cutting-edge biodiversity data and high resolution 

environmental covariates, and clearly show that predicting EBV’s to new locations, 
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without local data, considerably reduces predictive performance. This highlights a risk 

in the current approach to biodiversity risk and impact assessments by both real 

economy corporates and financial institutions. 

 

Although model derived estimates and data products can and will be useful for 

biodiversity impact assessment and reporting, increased emphasis must be placed on 

the collection and analysis of local biodiversity data, particularly given the emerging 

technologies, such as eDNA, facilitating this. We end with a set of recommendations 

for improving biodiversity assessments by using a biodiversity data hierarchy 

framework, and tracking stepwise improvements with a data quality focus.  

 

2. Methods 

 

2.1 Analysing current use of biodiversity datasets and tools  

Given the nascent and rapidly evolving nature of nature-related financial disclosures, 

we performed a qualitative content analysis of a sample of TNFD-aligned corporate 

disclosures to understand the current use of biodiversity datasets by corporations and 

financial institutions. The sample included 84 publicly available reports, 57 from real 

economy corporations and 27 from financial institutions, listed on the Taskforce on 

Nature-related Financial Disclosures (TNFD) website as TNFD report examples (19). 

From this list, we only analysed reports that were available in English. 

We used NotebookLM to identify datasets and tools for assessing nature-related 

financial risks mentioned in each report, using consistent prompts. NotebookLM is an 

online tool for synthesizing documents using artificial intelligence, based on uploaded 

documents only, which provides direct references to the source text for each of its 

findings. The list of datasets and tools was then manually validated and use cases and 

local datasets were categorised. Categories were developed inductively through 

iterative reading and interpreting of extracted information. An overview of the full 

sample of reports, results, and categories is available in Supplementary Materials part 

1. 

 

2.2 Biodiversity data ​

To calculate our summary measures, we use data from the Insect Biome Atlas project, 

which is one of the largest invertebrate surveys to date (20). The survey consisted of 
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large-scale malaise trap inventories across the extents of Sweden and Madagascar. 

Malaise traps were placed at 198 locations in Sweden, and 50 in Madagascar, and 

emptied at frequent intervals (monthly – weekly, depending on the season). This 

survey campaign yielded over 4500 samples from Sweden and 2000 from 

Madagascar, samples were stored in ethanol and processed using a state-of-the-art 

molecular identification pipeline (20,21). This data represents the gold standard in 

invertebrate diversity surveys, yielding over 30,000 operational taxonomic units 

(OTU’s), for Sweden and over 70,000 for Madagascar. ​

​

2.3 EBV’s​

Natural systems are inherently complex and any approach to assess impact must 

measure multiple dimensions of biodiversity. Given this, we use the GEO BON 

Essential Biodiversity Variable (EBV) framework (18) to guide our derivation of 

parameters suitable to assess the state of multiple axes of invertebrate diversity using 

the IBA data. These EBVs aim to capture the key processes that shape natural systems 

at multiple levels of organisation, and provide an attractive framework for impact 

reporting as they capture the multiple levels required to effectively conserve nature.  

 

From our molecular survey data, we derive five summary EBV’s that describe key 

aspects of biodiversity spanning three of the GEOBON EBV classes (TABLE 1). 

 

 
EBV name GEOBON class Summary description 

Species richness Community The total OTU richness of a site 

Local contribution 

to beta diversity 

(LCBD)  

Community A metric quantifying the uniqueness of a 

site in terms of community composition 

Functional 

dispersion 

Traits / 

Community 

A metric quantifying the functional 

diversity of a community 

Functional evenness Traits / 

Community 

A metric quantifying the evenness of 

functional traits of a community 

Genetic diversity  

  

Genetic A metric quantifying the genetic diversity 

across all organisms at a site 

 TABLE 1: Essential biodiversity variables (EBVs) that were derived from the invertebrate data. 
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2.4 Species richness ​

We derive a measure of species richness, i.e operational taxonomic unit (OTU) 

richness, to represent a measure of taxonomic diversity for each individual sample. 

This measure provides an overall summary of the species diversity at a site. We derive 

this measure by simply taking the sum of unique OTU’s within each sample. ​

​

2.5 Local contributions to beta diversity​

Although richness is a useful summary, it is often an inadequate measure to capture 

the full complexity of biological diversity (22,23). Ecological communities often 

display emergent properties, and an important component of diversity is the 

composition of organisms at each site.  Conserving unique species or communities is 

an essential aspect of protecting diversity, which might be neglected by species 

richness measures, whilst species richness (alpha diversity) describes the overall 

species diversity within a site, beta diversity metrics aim to describe the differences in 

composition between sites. We therefore derive a measure of beta diversity using  

Local Contributions to Beta Diversity (LCBD) which aims to capture the ecological 

uniqueness at each site (24). We calculate LCBD using dissimilarity matrices 

describing the species replacement differences (i.e. species turnover) (25) to enable 

our measure of LCBD to indicate sites that may have high conservation value in terms 

of rare or unique species. To provide comparative measures of LCBD between 

samples, we excluded weeks where the number of sites surveyed were lower than 40. 

This ensured survey effort remained relatively even across samples, and allowed a 

better comparison of community uniqueness across sites.​

 

2.6 Functional dispersal and evenness 

The diversity of functional traits within communities influence ecosystem functions 

and is therefore central to conservation efforts (26–28). To describe the trait diversity 

of our communities we derive two metrics of functional diversity. i) Functional 

dispersal which describes the total extent of the trait space i.e. the total trait diversity 

displayed across species within a site-level community. ii) Functional evenness which 

describes the evenness of the distribution of species-level traits within a site-level 

community. Consideration of both of these metrics is important, as alone they may 

provide an incomplete picture of functional diversity. For example a site with high 
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dispersal might indicate a superficially (functionally) diverse community, but in the 

context of low evenness this community may actually be composed of only a few 

disparate clusters of species, with species within each cluster sharing very similar 

traits. On the other hand, high dispersal with high evenness might indicate a diverse 

community, with all organisms displaying differentiation in their functional traits. 

​

We use trait data collated from multiple sources to describe three axes of functional 

diversity. These include feeding niche and habitat designations (derived from (29)), 

which relate to the feeding ecology of the organisms, and body size data derived from 

(30), which is a general proxy for many life-history related traits (31). As our trait 

data consist of categorical (feeding niche and habitat categories) and continuous 

measurements (body size) we transform our trait data to standardise measurements 

across data types by calculating the Gower distance between OTU’s based on trait 

data measurements (32). We then use the Gower distance measurements in a principal 

co-ordinates analysis (PCoA), to project measurements in a n-dimensional trait space, 

the axes of this PCoA analysis are then used to characterise each site in terms of it’s 

functional composition. This provides a quantitative representation of the difference 

between trait composition within our samples (33). We assessed the quality of 

functional trait spaces using the approach outlined in (30). We then use the first three 

dimensions of the PCoA axes (describing 88% and 86%  of trait variation in Sweden 

and Madagascar respectively) as our trait measurements, and use these with the 

respective evenness and dispersal functions within the fundiversity R package (34).  

​

2.7 Genetic diversity 

To summarise the effective genetic diversity present at each site, we derive measure 

of the total sample-level genetic variability using a Shannon index of the frequency of 

amplicon sequence variants (ASV’s) from our molecular data: ​

​

​ ​ ​ H= − ∑  p_i * ​​log(p_i)​  
​

Where p_i represents the proportion of ASV’s belonging to species i. We then take the 

sample wise mean of this measure to summarise the total genetic variability of a 

sample, so that our EBV represents a measure of the average species-level genetic 
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variability across all species present within a sample. To account for sequencing and 

amplification bias that might inflate ASV frequency, we calibrate species level ASV 

counts based on the frequency of ASV’s detected from spike-in sequences (artificial 

or biological sequences added to samples to provide quality assurance checks). First, 

read-counts are divided by the sum of the spike-in read counts, this value is then 

multiplied by the average of the spike-in read counts across samples to normalise 

sample read numbers.  

 

 

Feature Timescale Spatial resolution country source References 

Maximum 

temperature 

Daily (weekly 

average) 
0.1° x 0.1° (~ 

9 km) 
Both ERA5 (35) 

Minimum 

temperature 

Daily (weekly 

average) 

0.1° x 0.1° (~ 

9 km) 

 

 

Both ERA5 (35) 

Precipitatio

n 

Daily (weekly 

average) 

0.1° x 0.1° (~ 

9 km) 

Both ERA5 (35) 

Leaf area 

index (high) 

Daily (weekly 

average) 

0.1° x 0.1° (~ 

9 km) 

Both ERA5 (35) 

Leaf area 

index (low) 

Daily (weekly 

average) 

0.1° x 0.1° (~ 

9 km) 

Both ERA5 (35) 

Photoperiod Daily (weekly 

average) 

NA Both Derived 

from time of 

the year and 

trap location 

NA 

Seasonal 

components 

(x2) 

Weekly  NA Both Harmonic 

functions of 

the week of 

the year  

NA 

Unknown 

forest 

static 100m Both Copernicus (36) 

Evergreen 

broadleaf 

forest 

static 100m Madaga

scar 

only 

Copernicus (36) 

Deciduous 

broadleaf 

forest 

static 100m Both Copernicus (36) 
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Evergreen 

needle-leaf 

forest 

static 100m Sweden 

only 

Copernicus (36) 

Mixed 

forest 

static 100m Sweden 

only 

Copernicus (36) 

Unknown 

forest 

static 100m Both Copernicus (36) 

Crop cover static 100m Both Copernicus (36) 

Shrub cover static 100m Both Copernicus (36) 

Moss cover static 100m Sweden 

only 

Copernicus (36) 

Grass cover static 100m Both Copernicus (36) 

Water cover static 100m Sweden 

only  

Copernicus (36) 

Urban cover static 100m Sweden 

only 

Copernicus (36) 

Sampling 

period 

Weekly NA Both Derived 

from sample 

time 

between 

observations 

NA 

TABLE 2: Environmental covariates that were derived from the earth observation data, along with 

resolution and source information.  

 

 

2.8 Environmental data 

To predict our EBV’s we compile a list of environmental covariates known to 

correlate with invertebrate biodiversity, including climatic and landcover variables. 

We derive these variables from high-resolution earth observation data from several 

sources (TABLE 2).  Included in these variables we include two ‘seasonal terms’ to 

account for unobserved seasonal patterns not captured by our environmental data. 

These seasonal terms are calculated as harmonic sinusoidal functions of our time 

index (i..e the week of the year):​

​

​ ​ ​ ​          S1 = sin(2πt/T​) 

        S2 = cos(2πt​/T), 
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Where t indexes the specific week of the year, and T indexes the total size of the time 

periods (i.e. 52). This produces two seasonal covariate terms that we include as 

predictors in our model. We also derive the photoperiod as a function of time of the 

year and latitude of the sample site. We also include the sampling period as a function 

of the time between samples to account for variation in sampling effort due to 

differing exposure times of traps across seasons.  

 

2.9 Assessing spatial and temporal trends in EBV data​

As a major component of the predictive performance and utility of models are the 

presence of correlations between environmental variation and the response variable 

(i.e. EBV’s), we make broad assessments of the presence of temporal and spatial 

signals in the raw EBV data. To assess this we fit generalised additive models in the R 

package mgcv (37). We fit models to each EBV containing spatial and temporal terms 

that aim to capture broad-scale environmental variability but include no specific 

environmental covariates. Where appropriate (i.e. for species richness models) we 

include an offset term to account for unequal sampling effort between summer 

(weekly samples - April - September), and winter (monthly samples). We assess the 

degree of spatial and temporal trends by plotting model fits and visually evaluating  

the trends. ​

 

2.10 Model fitting 

To assess the statistical relationships between EBV’s and our environmental data we 

fit gradient boosted regression trees implemented in the XGboost R package (38). 

These models represent flexible approaches to prediction tasks and have demonstrated 

good predictive performance in similar biodiversity applications (39). To optimise 

predictive performance we optimise hyperparameters by performing a simple 

grid-search across possible combinations. As the learning rate parameter (eta) often 

influences model performance more significantly than other parameters, we split this 

process into two stages. First we perform a grid search across a larger number of 

parameter values for eta, whilst holding all other parameter values constant. Once we 

have found an adequate value for eta, we then perform a grid search over the 

remaining hyperparameter values. The values for each grid-search stage are detailed 
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in tables S4 & S5, and final hyperparameter values for each final model are listed in 

table S6.  

 

2.11 Model validation​

To assess model performance within sites and at new sites we conduct two 

cross-validation exercises, see Figure 1 for an illustration. To assess how well our 

models predict EBV values within our sampled sites we perform a stratified test-train 

split, i.e. we remove 20% of observations from each individual site, and attempt to 

predict these missing data from the model fit. This approach removes a total of 20% 

of all observations from our dataset simultaneously. This exercise provides us with a 

baseline value on which we can judge out-of-site prediction but also serves to assess 

how models may perform with the inclusion of local data.  

 

 

Figure 1: Predicting EBVs from the trained model within sites and to new sites. The model 

has been trained on biodiversity data from the Insect Biome Atlas in Sweden and Madagascar, 

and environmental data from Copernicus/ERA5. 

 

 

To assess out-of-sample prediction we perform a leave-one-site-out cross validation 

exercise, where each individual site is sequentially left out of the training data. In each 

iteration only a single site’s worth of data is removed from the model,  and models are 
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fit to the remaining data. Missing site-level test data are predicted to assess accuracy.  

This approach predicts values at entirely new sites and emulates the mapping of 

EBV’s across large spatial scales. We use the mean absolute error (MAE) between 

observed and predicted values to assess predictive accuracy, 

 

 (1)​𝑀𝐴𝐸 =   1
𝑛  

𝑖=1

𝑛

∑ |𝑦
𝑖
 − 𝑦

𝑖
|   

 

Where   represents the observed value of a given EBV at observation i, and  𝑦
𝑖

𝑦
𝑖

represents the model predicted value. n represents the total number of observations in 

the sample. For each CV exercise we calculate MAE for each site-level held-out 

sample, providing a measure of the predictive performance for that given site. 

 

2.12 Assessing utility of the predictions​

To assess how predicted measures of EBV’s perform in decision making, we compare 

site rankings (i.e. the rank of each site in terms of its absolute value of a given EBV), 

across observed and predicted values. Site rankings are a common tool in impact 

assessment and ecological surveys to determine the attribution of funds, plan 

protections or interventions (40–43). Changes in rank between observed and predicted 

site-level EBV values provide a more tractable metric to assess the utility of predicted 

measures of EBV’s for decision making.  We categorise sites into four equal sized 

quantiles (i.e. priority-tiers) based on their ranking, then assess the change in group 

(quantile), between observed and predicted values. Site-ranking followed by 

classification into priority tiers (e.g. ‘high’, ‘medium’, ‘low’, or ‘priority’ vs 

‘non-priority’) is commonly used in conservation planning and resource allocation  

and aligns well with practice where funding is assigned based on broad categories of 

status (44–46). 

 

3. Results 

 

3.1 Current use of biodiversity datasets and tools for risk assessment purposes 
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Across our sample we see that global tools for screening nature-related impacts and 

dependencies such as ENCORE,  are widely used by both real economy corporates 

(67%) and financial institutions (93%). Other widely used global tools focus either on 

water, such as WRI Aqueduct (31%) or WWF Water Risk Filter (12%) or focus on 

biodiversity, such as IBAT (24%) or WWF Biodiversity Risk Filter (21%).  

Specific data layers which are used to represent the state of biodiversity include the 

IUCN Red List (13%), Global Forest Watch (10%), World Database on Key 

Biodiversity Areas (7%), Biodiversity Intactness Index (6%), RESOLVE Ecoregions 

and Biomes (2%) and Ecologically or Biologically significant Marine Areas (2%).  

 

In general we find that financial institutions primarily use global datasets and tools for 

assessing nature-related risks and impacts across their portfolios, with only 26% of 

financial institutions mentioning the use of any national, local or internal datasets. 

Where these are mentioned, it is typically for banks or insurers that have national 

portfolios or specialist institutions invested in physical assets (e.g., renewable energy) 

rather than financial assets (e.g, equities or bonds). Nearly all corporates analysed 

(95%) use at least one global tool or dataset to assess nature-related risks and impacts, 

but they are more likely to complement this with internal, local or national data 

(61%). This includes data which has been collected previously as part of (baseline) 

environmental impact assessments (19%), as part of ongoing (operational) monitoring 

processes (35%) or that was collected specifically for the purpose of the assessment 

exercise through internal, supplier or community surveys and workshops (19%). 

Additionally, third party data layers, typically from state, national or regional 

specialist sources are used to complement internal and global datasets for the 

assessment (23%). 

 

The application of these tools and datasets primarily serve a general screening 

purpose and creation of a heatmap of potential impacts and dependencies across 

companies’ operations or supply chains (75%) or across financial institutions’ 

portfolios (85%). Sometimes this is where the analysis ends, but often the results are 

used to identify sites, suppliers or portfolio companies, as well as individual 

environmental issues, pressures or ecosystem services that are prioritised for further 

analysis. Financial institutions also use the results of these assessments to identify 

priority companies or topics for their stewardship  and engagement strategies (41%). 
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Other use cases include due diligence of suppliers (4%), quantification for reporting 

purposes (4%), scenario analysis (4%), tracking own performance against targets 

(2%) or benchmarks (2%), supporting clients (2%) or integrating within investment 

decisions (1%). 

 

The preference of global over national, local or internal information is not surprising. 

Many of the reports analysed are prepared by companies with global operations or 

global portfolios. The use of national datasets is more prevalent in entities with a 

strong national footprint, although even then global screening tools are used. While 

the fact that financial institutions hardly use internal data is to be expected, we find 

that only 49% of corporates mention the use of internal datasets to inform a company 

wide risk assessment. This would mean that for half of the sample, third party national 

and global datasets and tools are used at face value, without tailoring the outputs 

based on internal, operational insights.  

 

Many of these organisations are still in the early stages of understanding and 

assessing nature-related (financial) risks. For many organisations these are the first 

TNFD aligned reports that they have produced and they often mention ambitions to 

improve data collection and granularity or scope of analysis in the future. Our analysis 

itself is also limited by what companies actually disclose in terms of methodology, 

data sources and usage of results which may underestimate the level of sophistication 

and capabilities within organisations. However it does show that companies and 

financial institutions today rely primarily on global, generalised tools and datasets to 

understand issues which are inherently local and context specific, even when more 

granular or context specific information is available. While these are primarily used in 

the initial stages of a risk assessment and management process, they do inform where 

scarce (financial) resources and attention are prioritised to mitigate risks and impacts.  

 

3.2 Quality of model-based assessments 

3.2.1 Temporal variation. In our analysis of the quality of model-based assessments, 

we found that EBV’s exhibited a range of temporal trends between Sweden and 

Madagascar (Figure 2). In Sweden, most trends correlated with seasonal shifts in 

temperature, with EBV values changing between the summer and winter months. 

However, EBV’s displayed large differences between the degree of seasonal 
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variability. Species richness and LCBD, showing large temporal trends, functional 

trait dispersal and evenness showed shifts of similar degree, whilst genetic diversity 

displayed lower temporal variability. EBV’s in Madagascar displayed trends that 

correlated with changes between the wet and dry season, however all EBV’s 

displayed relatively little temporal change. Temporal trends in Species richness, 

LCBD, and functional metrics were small, whilst genetic diversity remained more or 

less the same over the year.  
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Figure 2. Estimated temporal trends for each EBV for each country. Results are presented for 

species richness (SR), Local contributions to beta diversity (LCBD), functional dispersal 

(FD), functional evenness  (FE) and genetic diversity (GSH) for Sweden (left) and 

Madagascar (right).  
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3.2.2 Spatial variation. Similar to temporal trends, EBV’s exhibited different degrees 

of spatial variation across both countries. In Sweden (Figure 3, top panels), species 

richness displayed a latitudinal gradient with higher concentrations in the south of the 

country, and a similar but less pronounced pattern was displayed for functional 

dispersal. Functional evenness displayed the inverse pattern, with lower values in the 

south of the country. Genetic diversity and LCBD demonstrated very little spatial 

patterning.​

​

In Madagascar (Figure 3, bottom panels), species richness displayed high degrees of 

spatial pattern, with concentrations in the north east of the country. Functional 

evenness displayed the inverse of this pattern, with high values concentrated to the 

south west of the country. Unlike in Sweden, genetic diversity did display spatial 

variation, with the south of the island having higher concentrations. LCBD did not 

show any significant spatial variation.  

 

3.2.3 Predictive performance. When predicting EBV values at new sites, prediction 

error increased for all EBV’s in both countries, however the degree of this increase 

was both country and EBV dependent (Figure 4). Prediction error for species richness 

at new sites increased considerably for models trained on both Swedish and Malagasy 

data (MAE increased by 62% and 68% respectively). Genetic diversity (GSH) 

prediction error also increased by similar degrees in both countries, 25% in Sweden, 

and 20% in Madagascar. However, the increase in prediction error for functional 

evenness (FE) was considerably larger in Sweden (48%), than for Madagascar (36%). 

Inversely, for functional dispersal (FD) the increase in prediction error was larger in 

Madagascar (32%), than for Sweden (19%). Predictive errors for community 

uniqueness (LCBD) in Sweden displayed were relatively high (18%), but were 

negligible for Madagascar (1%). 
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Figure 3. Estimated spatial trends for each EBV for each country. Sweden: top row, 

Madagascar: bottom row.  
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Figure 4. Mean absolute errors (MAE) from the cross validation exercise for the stratified test train 
split (within site), and leave one site out (new site) methods. Results are presented for species richness 
(SR),Local contributions to beta diversity (LCBD),  functional dispersal (FD), functional evenness  
(FE) and  genetic diversity (GSH) for Sweden and Madagascar. Numbers next to each point represent 
the mean absolute percentage error change between within site and new site validation sets. Points 
represent the median MAE value, and  thick and thin error bars are 50% and 80% quantile intervals 
respectively. 
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3.2.4 Change of ranking. Group rank change for both within and new site predictive 

exercises was considerable across all EBV’s and both countries (Figure 5), but again 

was both EBV and location dependent. In both countries group ranks for species 

richness predictions were relatively well preserved for within-site predictive tasks 

with 78% of all sites remaining in their original group rank for Sweden and 

Madagascar respectively. However, this dropped to 35% and 44% when predictions 

were made to new sites, with 25% and 15% of all sites changing at least two group 

rank categories (e.g. moving from the group containing the highest richness sites, to 

the group containing the second lowest richness sites). Similar trends were seen for 

Functional dispersal and functional evenness in Madagascar, with 73% and 87% of 

sites being placed in the correct category for within site prediction, yet these fall to 

38% and 44% when predictions are made to new sites. However most predictions 

(78% for both EBV’s) remain within one category change from their original, and 

only 22% for over two rank changes for dispersal and evenness. Sweden displayed 

similar patterns for functional metrics, the within site group rank change for 

functional metrics were only 68% and 73% for dispersal and evenness respectively, 

however proportional decrease in miss classifying priority tiers was more varied, with 

functional dispersal having 56% of sites retain their original category, but evenness 

decreased to only 31% of sites. ​

 

LCBD was relatively consistent between countries in terms of group rank change, 

with Sweden displaying very little change in group rankings between within-site and 

new-site predictions, decreasing from 72% to 68%. In Madagascar, 82% of sites 

retained their original group rank for within-site predictions, but this decreased to 

69% for new-site predictions.  Finally, within-site group rank was reasonably well 

retained for genetic diversity in Madagascar at 69% , but decreased to 31% for new 

sites. Conversely Sweden, had group rank retention of 64% and 42% for within and 

new site predictions.  
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Figure 5. The change in priority tier between observed, within-site, and new site predictions for each 
EBV in Sweden (A), and Madagascar (B). Figures show the percentage of sites that change ranking 
groups (i.e. the quartile assigned to the observed EBV value) for within-site and new site prediction 
compared to their original ranking group. The Y axis illustrates the directional change in priority tier 
ranking from its observed tier, i.e. a value of -1 illustrates that sites moved down a single tier rank 
compared to their original observed category. The size of the points is proportional to the total number 
of sites in that category, and the percentage of sites in each is displayed on each point. Line thickness 
illustrates the number of sites that changed priority tiers between observed, within site predicted 
values, and new site predicted values.  
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4. Discussion 

4.1 Implications for biodiversity risk and impact assessments  

Using a summarise then predict approach (18,47), and the growing amount of large 

high-quality biodiversity datasets and relevant environmental variables, EBVs can be 

assessed on a large scale with scalable statistical models. This would address key 

obstacles for biodiversity risk and impact assessments, data deficiency and 

computational efficiency. However, our results demonstrate that the degree of 

variation in the individual estimated EBVs, as well as the predictive errors, can be 

highly dependent on both geographical location and seasonality. At sites without  

local biodiversity data  predictive performance drops significantly and accurate site 

prioritisation can be compromised, illustrated by the observed change of rank of 

individual sites. These results illustrate the potential difficulty of basing a reliable 

biodiversity risk and impact assessment on model-based predictions. At the core is the 

context-dependency of biodiversity measurements, making large-scale extrapolations 

to new sites challenging even using high-quality datasets.  

 

A critical question is how to assess the trade-off between predictive modelling and 

local data collection. Decision support tools based on predictive modelling have 

demonstrated utility world-wide (48–51), and are invaluable components for the 

development of nature-positive policies from governments and financial institutions 

(52–54). However, it has long been appreciated in the ecological community that 

accurate prediction is a challenging task, and here we have demonstrated that even 

when using the gold-standard in biodiversity monitoring data, predictive error can 

result in sub-optimal decision making. As predictive models are critical tools for 

impact assessment it is important we understand their limitations (55,56), as well as 

identify routes to improve performance.  

 

The ‘summarise-then-predict’  approach we take in this application is computationally 

efficient, but may also provide lower predictive performance than possible from 

available data. The alternative approach, ‘predict-then-summarise’, involves 

calculating summaries after predicting occurrence or abundance of individual species, 

and is often considered to have superior predictive performance, as more information 

is used to estimate distributions. However, the improved predictive capability comes 

at the cost of scalability and accessibility, as models can be slow when trained on 
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large datasets, and may also require domain expertise in identifying the drivers of 

individual species dynamics.  Recent statistical and computational advances have 

improved scalability of these techniques (57,58), but they do not seem mature enough 

yet for widespread use in biodiversity impact assessment  

 

The potential for improved predictive modeling must be contrasted with what can be 

achieved by collecting actual biodiversity data on the ground. Recent techniques for 

cost-efficient collection of rich local biodiversity data, eDNA methods in particular, 

have raised the bar considerably when it comes to the precision required for modeling 

approaches to be competitive. Local biodiversity data offer improved precision in 

summary variables, such as EBVs, but also a wealth of precise high-resolution data 

not easily available through modeling. For instance, local data can provide temporally 

highly resolved documentation on the occurrence and abundance of key species, such 

as invasive species or pathogens. 

 

4.2 Implications for corporates and financial institutions 

These results have implications for companies and investors relying on global 

extrapolated biodiversity datasets for site-level analyses. And it is at the site-level that 

these institutions are assessing and reporting their nature-related financial risks, in line 

with the TNFD’s Locate, Evaluate, Assess and Prepare approach. Hence low 

predictability of summary values for sites without locally collected biodiversity 

information will be an issue for corporates as very little of the biodiversity data 

available to researchers, NGOs and tool developers, is available for sites operated by 

corporates. For instance only 0.3% of the total occurrence records on the GBIF 

platform has been reported by corporates (52). Ultimately this leads to highly 

different or inappropriate results which are used to identify priority sites or companies 

and inform resource allocation decisions for further nature action interventions. 

 

The risk of misuse or inappropriate use of the (global) biodiversity datasets and tools 

we’ve identified being used by businesses and financial institutions, is increasingly 

being documented by the scientific community (9–11,53). One way to mitigate this 

could be to advocate for datasets and tools to be accompanied by some evaluation of 

the predictive error or model uncertainty, which some already provide. However such 

supply side measures might not be sufficient to avoid misuse as documented by (53): 
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“While many tool providers caveat that their products are intended only for 

sector-level screening purposes, companies may nonetheless use them to ‘tick the 

boxes’ for due diligence on nature-related risks. In practice, firms may refer to these 

tool results to assert there were no issues, even though the tools were never designed 

to deliver site-specific risk assessments”. 

 

One alternative way to communicate this issue is through the concept of data quality. 

In 2022 the Partnership for Carbon Accounting Financials launched a global 

accounting and reporting standard for financed emissions by financial institutions. 

This standard emphasizes the notion of data quality and the variations of data quality 

from different types and sources of reported and modelled greenhouse gas emissions 

of portfolio companies. It introduces a ‘data hierarchy’ and a ‘data quality score’ and 

argues for the use of the best available data point at the time of analysis or reporting; 

the calculation and reporting of the aggregate data quality score from input data 

points; and the constant improvement of the data quality score (61). Similar principles 

could be applied to incentivise primary biodiversity data collection and reporting to 

reduce uncertainties and contribute to the improvement of (global) summary 

biodiversity measures. 

 

4.3 Moving towards higher data quality 

Using the concepts of data hierarchy and data quality scores, we propose a first draft 

of a biodiversity data hierarchy in Table 3. The goal would be to track improvements 

in corporate biodiversity risk and impact assessment through such a framework, 

similar to the existing one for greenhouse gas emissions. Table 3 lists different states 

and types of biodiversity information, and we call the “processing pathways” the 

process of moving between the boxes. For example, our present analysis has taken 

direct biodiversity data (Box a), into EBVs (Box A) and predicted those summary 

measures within sites (Box B) and to new sites (Box C). An even more accurate 

approach, but computationally and modelling-wise more demanding, would be to go 

from biodiversity data (a) to predicted biodiversity data (b), and then calculate 

predicted summary measures (B). Current common practice in biodiversity risk and  

impact assessments is often a mix of proxies and some small quantity of measured 

data. For example the GLOBIO model (48) uses a combination of direct biodiversity 

data and proxies to produce prediction summaries (aA + dD). ENCORE, also widely 
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used, does not use any measured biodiversity data directly, but rather works with 

proxies and pressures (dD). The problem with these commonly used pathways is that 

they lose the context dependency of any actual biodiversity data used, and the ratio of 

relevant and informative biodiversity data versus proxy data is often very low. When 

used to assess specific sites of interest to a corporation, these issues could easily lead 

to an inflated impression of well-grounded results and mask uninformative 

assessments. 

 

What would a high-quality pathway look like, while also being computationally 

feasible for corporations? Our suggestion is that this would be the pathway aAB, or 

aABC while making sure there are limited new sites where predictions are made 

without any local data. Using a proxy-based pathway such as dD to assess 

biodiversity may also be both realistic and suitable for specific purposes, but most 

likely at larger scales than for individual companies. This could be for example when 

investors are screening large portfolios of assets, or for supply-chain analyses that 

have known and trusted proxy variables for biodiversity impact. Crucially, the 

uncertainty of predictions, or model outcomes, should accompany results. Using a 

data hierarchy and data quality scores should be regarded as an essential complement 

to biodiversity risk and impact assessments and reporting, both clarifying what level 

of data quality has gone into the results but also tracking improvements over time. 
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 Data Data summaries  

 
Direct data 

 
   a.  Biodiversity data 

example: species-level occurrence data in 
GBIF 
 

 
A.​ Data summary measures 

example: our EBV calculations  

 
Predicted 

data in 
existing sites 

 
    b. Predicted biodiversity data 

example: species distribution models, 
within sampled sites  
 

 
 B. Predicted summary measures 
 example: our predicted EBVs, within sampled 
sites  

 
Predicted 

data in new 
sites 

 
   c. Predicted biodiversity data 

example: species distribution models,  to 
new sites  
 

 
C. Predicted summary measures   
example: our predicted EBVs, to new sites 

 
Proxy data 

 
    d. Proxies for biodiversity data 

 example: land use change, pressures 
 

 
D. Summary measures based on proxies 
 

TABLE 3. A first draft of a biodiversity data hierarchy. The table lists different states and types of 

biodiversity information. The Data column and the Summary column are states, representing raw data 

versus summarized data. The rows are types of biodiversity information, divided into Direct data, 

which is measured data, two types of Predicted data, and Proxy data. The process of moving between 

boxes is called processing pathways. 

 

 

4.4 Practical recommendations for data collection at sites of interest 

As noted in the Introduction, modern monitoring methods have made collection of 

local biodiversity data feasible and affordable. Our results show that sites completely 

without data will have predictions with high levels of uncertainty, even when 

combining high-quality global biodiversity datasets and environmental data. Even a 

small amount of local data is likely to improve model performance significantly. 

Concrete advice for corporations implementing data collection at sites of interest 

include noting the local context, designing appropriate sampling strategies and 

investigating potential reference datasets. There is material available guiding the 

private sector on best practices of data collection and sharing (see e.g.(62)). In an 

ideal situation any data collected by individual institutions and corporations would be 

collected according to global data standards and subsequently uploaded to platforms 
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such as GBIF (59,63). This would then contribute to the pool of open reference data 

and create a positive spiral of data growth.  

 

4.5 Outlook 

Machine learning and statistical modelling has potential to contribute with real 

insights and utility at large scales for corporate biodiversity risk and impact 

assessments. However, the assessments will only be as good as the underlying 

training data for the models, and given the context-specific nature of biodiversity 

variables local data remains key. The landscape of biodiversity risk and impact 

reporting is still developing, and therefore there is currently a window of opportunity 

for corporations to highlight the stepwise improvements the field is making. Increased 

data collection by corporations, even at low levels, at their own sites of impact would 

put their risk and impact assessments on a high-quality data path for the future. We 

propose to track these incremental improvements using a data hierarchy and data 

quality scores, similar to what is done for greenhouse gas emissions, as outlined in 

Table 3. Developing and improving on such a framework is, in our opinion, a 

promising direction of work both for the academic and business community. 
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Supplementary Materials 
 
Part 1: Summary of corporate report analysis 

Scope: We only considered datasets and tools used for nature-related risk and impact 

assessments, excluding those related to climate assessments. Furthermore, we only included 

datasets and tools that were used systematically within company-wide or portfolio-wide risk 

assessments, excluding those used in individual projects or presented as part of risk or impact 

management processes. We also excluded risk assessment frameworks and any mentions of 

bespoke tools or frameworks developed by commercial consultancies.  

 

Table S1: Relative and absolute counts of individual corporate reports that mention specific 
global datasets and tools used to inform company or portfolio wide risk or impact 
assessments. Split between corporates (total report count 57) and financial institutions (total 
report count 27). 

Both the Integrated Biodiversity Assessment Tool (IBAT) and the WWF Biodiversity Risk 
Filter incorporate and combine several state of biodiversity datasets. IBAT includes the IUCN 
Red List, World Database on Protected Areas, World Database of Key Biodiversity Areas, 
Species Threat Abatement and Restoration metric, and Rarity-Weighted Species Richness. 
WWF Biodiversity Risk Filter includes the Biodiversity Intactness Index, World Database of 
Protected Areas, World Database of Key Biodiversity, and more. For a full list see: 
https://panda.maps.arcgis.com/sharing/rest/content/items/60743c9fff314ba1b4bd2564401764
e2/data 
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Table S2: Relative and absolute counts of individual corporate reports that mention specific 
categories of internal, local or national datasets and tools used to inform company or portfolio 
wide risk or impact assessments. Split between corporates (total report count 57) and 
financial institutions (total report count 27). 

Restoration, conservation and habitat management data layers (state/national/regional): 
Third party data layers from Data from restoration projects and biodiversity management 
plans 

Community, supplier and internal surveys: Data collected via internal surveys, supplier 
surveys, community engagement or other participatory processes. 

Impact assessments and environmental audits: Data collected as part of formal environmental 
and social impact assessments, biodiversity impact assessments, environmental audits at 
company or supplier sites etc. conducted before or during projects, construction, etc. 

(Operational) environmental pressure monitoring: Data from ongoing monitoring of 
pressures (e.g. emissions, waste, pollution, land disturbance, etc.) from operational sites. 

Ecological monitoring: Data from ongoing monitoring of biodiversity, habitats or ecological 
conditions around operational sites. 

Water resource monitoring: Data on water withdrawal, quality, etc. collected at or near 
operational sites. 

Remote sensing/monitoring: Data from remote sensing platforms (e.g. satellites, aircraft) to 
monitor environmental changes on the ground. 

No internal, local or national datasets mentioned: No mentions for a systematic assessment 
of nature-related risks or impacts across the company or portfolio(s). Any reports mentioning 
the collection of internal, in-situ or local data collection for an individual site or project or for 
risk management and operational monitoring purposes are also covered in this category. 

 

Table S3: Relative and absolute counts of individual corporate reports that mention specific 
use case categories for the global, national, local or internal datasets and tools used to inform 
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company or portfolio wide risk or impact assessments. Split between corporates (total report 
count 57) and financial institutions (total report count 27). 

Screening for potential impacts and dependencies: High level mapping of impacts and 
dependencies across all activities within the company, supply chain or portfolio to identify 
which activities are relatively more/less dependent on nature or contributing to pressures. 

Identifying priority locations (impacts): Singling out individual sites, activities or companies 
based on their potential impacts, for further in depth analysis. 

Identifying priority locations (dependencies): Singling out individual sites, activities or 
companies based on their potential dependencies, for further in depth analysis. 

Identifying priority engagement targets/topics: Singling out individual companies or 
activities based on their potential impacts, for further in depth analysis. 

Supply chain due diligence and engagement: Using tools and datasets to screen/audit 
suppliers or identify priority suppliers for engagement. 

Quantifying supply chain risk/impact: Using tools or datasets to quantify dependencies, 
pressures, risks or impacts within the own operations or supply chains typically for the 
purpose of reporting. These can be both negative or positive e.g. from restoration efforts.  

Scenario analysis: Using tools or datasets to project future risks based on different scenarios 
or pathways. 

Monitoring/tracking performance or progress (against targets) 

Benchmarking impacts and dependencies: Comparing impact and dependencies within the 
own portfolio against a benchmark portfolio. 

Developing commercial strategy and customer support options 

Investment integration: Integrating nature-related considerations into investment 
decision-making, including divestments 

Detailed corporate report analysis 

The full list of reports reviewed for this analysis is available on GitHub 
(https://github.com/ronquistlab/finbio-ebv). It contains information about the reporting entity, 
type of report, year published, sustainability accounting standards board (SASB) sector, 
organisation type and headquarter country. For each report it maps the global datasets and 
tools used for risk/impact assessment; in-situ, local or national datasets used for risk/impact 
assessment; and the use cases for the datasets. 
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Part 2: Model fitting 

Tables of hyperparameter values used for during the optimisation step (S4 & S5), and the 
final hyperparameters used for each model (S6).  

 

Table S4. Stage 1 Hyperparameters test values 

Hyperparameter Meaning Values Tested 

Learning rate (Eta) 
Controls how fast the model learns. 
Smaller values make learning slower 
but more accurate. 

Twenty values between 
0.01:0.300 

Number of boosting 
rounds (Nrounds) 

Total number of trees added to the 
model. More rounds increase 
modelling power but risk overfitting. 

100, 300, 500, 1000,1200 

 

 

 

 

 

Table S5. Stage 2 Hyperparameters test values 

Hyperparameter Meaning Values Tested 
Max tree depth (Max 
Depth) 

Maximum depth of each tree. Higher depth captures 
more interactions but increases overfitting risk. 3:12 

Data subsample rate 
(SubSample) Fraction of total data sampled for each tree 0.8, 1.0 

Column subsample rate 
(ColSample) 

Fraction of predictors sampled for each tree. Lower 
= more regularisation, reduces correlation between 
trees. 

0.25, 0.35, 0.50, 
0.75 

L2 regularisation 
(Lambda) 

Ridge penalty on leaf weights. Helps stabilise large 
weights and reduces overfitting. 0.1, 0.5, 1.5, 3.5 

L1 regularisation (Alpha) Lasso penalty on leaf weights. Encourages sparse 
trees and feature selection. 0.1, 0.5, 1.5, 3.5 
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Table S6.  Final hyperparameters used for model fits 

Country EBV Max Depth Eta Nrounds ColSample SubSample Lambda Alpha 

Madagascar FD 7 0.01 2000 0.35 0.8 0 0 

 FE 6 0.056 500 0.35 0.8 3.5 0.5 

 GSH 11 0.056 2000 0.35 0.8 3.5 1.5 

 LCBD 11 0.1 1500 0.5  1 3.5 0 

 SR 6 0.071 1000 0.5 0.8 0 0.5 

Sweden FD 10 0.025 1000 0.35 1 3.5 0 

 FE 6 0.071 1500 0.35 0.8 3.5 0 

 GSH 11 0.041 1000 0.5 1 1.5 1.5 

 LCBD 12 0.12 1500 0.75 1 0.5 0 

 SR 4 0.086 2000 0.5 1 1.5 0.5 

 

 

Part 3. Assessing model fit​
To assess the fit of individual XGboost models we plot observed vs predicted values for each 
model fit. Figure S1 displays these values for each EBV and country combination. Overall 
each model displays good levels of fit (i.e. high concordance between observed and predicted 
values. Some models do appear to be overfit as concordance between these values are so 
high. However as we tuned hyperparameters for out-of-sample prediction, the predictive 
performance of these models is still acceptable. ​
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​
Figure S1. Observed vs predicted values of EBVs for each country for within sample 
prediction. The red lines represent a 1:1 relationship. 
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