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Biodiversity loss and deforestation are increasingly recognized as
systemic economic risks. Yet, their implications for financial markets

remain poorly understood. Here we study how biodiversity and ecosystem
service loss affect financial risk for the world’s largest asset class, sovereign
debt. Environmental degradation undermines the natural foundations

of economic activity, reducing productive capacity and the ability of
governments to service debt. Currently, sovereign credit ratings ignore
these risks, meaning that markets may be mispricing, mismanaging

and misallocating US$83 trillion of financial assets. We incorporate
biodiversity risk into sovereign credit assessments by extending S&P
Global’s methodology toinclude scenarios for future tropical timber,

wild pollination and marine fisheries services across 23 countries,
representing 5.5 billion people. A partial ecosystem collapse scenario
increases annual debt servicing costs by US$49 billion in India, equivalent
to 2.4% of median post-tax income, and by US$70 billion in China. Across
countries, additional annual interest payments could reach US$162 billion,
nearly reaching the US$200 billion per year target for conservation
support under the Global Biodiversity Framework. Angola, Bangladesh,
the Democratic Republic of the Congo and Madagascar could face gross
domestic product losses of more than 15% by 2030. Our results suggest
that financial markets are systematically underpricing nature-related risks,
with consequences for public finances, nature and financial stability.

With at least half of global gross domestic product (GDP) considered
moderately or highly dependent on nature’, there is mounting evidence
that environmental-economic risks extend well beyond the climate
system to include biodiversity loss, deforestation, water stress and
broader environmental change®’. The near-term human, economic
and financial toll of nature loss are substantial. Deforestation and spe-
cies loss alone make pandemics such as COVID-19 more likely*, and
estimates indicate that even partial collapses in just three ecosystem

services—wild pollination, marine fisheries and tropical timber—could
resultin “adecline in global GDP of US$2 trillion annually by 2030,
Yet, action on biodiversity policy and finance has long lagged
behind climate efforts. The Intergovernmental Panel on Climate
Change was established in 1988, whereas the Intergovernmental
Science-Policy Platform on Biodiversity and Ecosystem Services was
established only in 2012. The Stern Review on the economics of climate
change arrived 15 years before the Dasgupta Review on biodiversity,
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and the Task Force on Climate-related Financial Disclosures predates
its nature-related counterpart (Taskforce on Nature-related Finan-
cial Disclosures) by 6 years. Meeting the Kunming-Montreal Global
Biodiversity Framework (GBF)’s target to mobilize US$200 billion per
year for biodiversity® will require scientifically rigorous assessments
of nature-related financial risks.

Macroeconomic studies on biodiversity often focus on global
assessments of the value of natural capital and ecosystem services to
human well-being® ™ rather than quantifying risks to financial assets
associated with nature loss. By contrast, climate finance research has
assessed aggregate global financial risks', or identified global expo-
sure to specific risks such as asset stranding".

Biodiversity finance, however, isamuch younger field". Pioneer-
ing research describes the conditions under which public and private
capital might support conservation®, the amount of finance needed
to meet targets set out under the Kunming-Montreal GBF*, or the
extent to which investor expectations about biodiversity risk affect
current asset prices'>'®.

Such focus from finance specialists on biodiversity-related risks
is welcome, but one concern is how well the resulting research incor-
porates environmental science. Knowing the characteristics of exist-
ing biodiversity-finance deals'®, or how investors react to news about
biodiversity risk™>', is critically important. However, such deals and
reactions may have little relationship to underlying ecological fun-
damentals. Editors may choose newspaper headlines to drive clicks
and sell adds. Contracts for biodiversity finance are not evidence of
conservation outcomes. Neither is a substitute for science.

Weincorporate environmental science into biodiversity finance by
using ecological-economic models toidentify and price biodiversity-
and ecosystem-related financial risks for the world’s largest asset class:
sovereign debt. Our approach embeds forward-looking scenarios of
ecological shocks into existing assessments sovereign creditworthi-
ness. We focus on sovereign debt because, at over US$83 trillion”, it is
aprimary source of publicinvestment, its price (the interest rate paid
by governments on public borrowing) is akey determinant of develop-
ment potential’®, and itis the ‘safe asset’ to which markets turnin times
of turmoil (flight to safety). However, in many countries, interest on
debt canbecome asevere constraint on public finances, with disastrous
consequences for sustainable development”. While governments hope
that private markets will mobilize substantial financial flows in pursuit
of nature conservation, the public goods nature of ecosystems means
that public finance needs to play adominant role* >,

For-profit credit ratings agencies (CRAs) produce sovereign credit
ratings to provide markets with information about sovereign creditwor-
thiness, assessing the ability and willingness of sovereigns to service
debt.Suchratings affect the cost of borrowing faced by countries, and
therefore the allocation of capital globally. When ratings overlook
large, novel sources of risk—as in the subprime mortgage crisis in the
USA, which led to the 2008 global financial crisis—the consequences
canbeglobally catastrophic. Against mounting scientific and economic
evidence, the omission of nature-related financial risks from sovereign
ratings becomes increasingly problematic.

Among ‘the big three’ CRAs, none of the ratings methods explicitly
incorporates financial risks arising from the future loss of biodiversity
and ecosystem services*°. However, all are capable of indirectly
incorporating the consequences of past—backward-looking—risks.
For instance, if historical biodiversity loss reduces GDP, or increases
debt-to-GDP ratios, this would be factored into current ratings. How-
ever,ametric thatonly reveals risk ‘after the fact’is of little use to finan-
cial markets, which must allocate capital today in pursuit of returns
tomorrow. The difference between forward- and backward-looking risk
measuresis like the difference between a doctor’s diagnosis beforehand
versus anautopsy reportafterwards: they reveal an opportunity toact.

Althoughleading CRAs areactively engagedin discussions with sci-
entists, economists, data providers, environmental non-governmental

organizations and international financial institutions to consider how
nature loss might affect creditworthiness, no methodological change
hasbeenintroduced so far”2,

To incorporate biodiversity loss within sovereign credit assess-
ment, we first construct a model to predict current sovereign credit
ratings. We thenincorporate forward-looking projections of macroeco-
nomic outcomes under arange of environmental-economic scenarios
tosimulate the effect of nature loss on ratings (Supplementary Fig.1).

Building onthelatest researchinto the determinants of sovereign
ratings”?’, we focus on S&P’s long-term foreign-currency sovereign
ratings because S&Pis one of the largest CRAs, issues ratings covering
the most sovereigns over the longest time period and is recognized as
a market leader; moreover, their published methodology is among
the most transparent and replicable”*°, Our non-parametric ratings
prediction modelincorporates six macroeconomic variables, includ-
ing: GDP per capita, GDP growth, net general government debt/GDP,
general government balance/GDP, narrow net external debt/current
accountreceipts (CAR) and current account balance/GDP.

Results

We presentresultsinterms of three indicators that are familiar to mar-
kets and regulators: sovereign credit ratings, default probability and
the cost of borrowing. The link between biodiversity loss and these
indicatorsis a priori unknown. In the short run, converting natural
capital into income (for example, by logging tropical forests) could
appear to reduce credit risk by increasing GDP and exports, and by
lowering debt-to-GDP and external debt-service-to-exports ratios.
However, inthe longer run, this reduces the natural capital stock, and
therefore the productive capacity of the economy, ultimately increas-
ing risk, reducing creditworthiness and making public borrowing (and
investment) costlier because lenders demand higher risk premia®.

A framework for integrating biodiversity loss with credit
ratings

To simulate the effect of future nature loss on ratings, we develop
anintegration pipeline that maps GTAP-InVEST scenario outputs to
country-specific macroeconomic pathways and embeds theminto sov-
ereign creditratings, default probabilities and the cost of borrowing for
23 sovereigns (Methods). GTAP-InVEST is the first-of-its-kind effort to
combineaglobal, spatially explicit ecosystem service valuation model
(Integrated Valuation of Ecosystem Services and Trade-offs, InVEST)
with a global computable general equilibrium model (Global Trade
Analysis Project, GTAP) to jointly determine how changes in natural
capital and ecosystem service provision affect primary industries,
scale through value chains, and spread through trade links, to affect
macroeconomic outcomes such as GDP.

Under a range of scenarios, GTAP-InVEST estimates GDP losses
associated with declines in the provision of multiple ecosystem ser-
vices: marine fisheries, wild pollination services and tropical timber
production. The choice of these ecosystems servicesis predetermined
by their ability to be modelled endogenously as sectoral productivity
shocks that meet two conditions: (1) the availability of globally con-
sistent, spatially explicit data; and (2) a clear functional link between
biophysical change and sectoral economic productivity (Methods).
Although other InVEST modules exist, such as water yield, flood regu-
lation and soil retention, the lack of harmonized global data and the
difficulty of consistently mapping them to market sectors prevent
their integration into the coupled computable general equilibrium
(CGE) model. We would expect the inclusion of additional components
of biodiversity and ecosystem services to affect the magnitude and
relative geographic distribution of our results, although these can be
devilishly difficult to model.

Atthe time of writing, this three-service specification remains the
field standard in global CGE-linked environmental-economic model-
ling?. Our results reflect two GTAP-InVEST scenarios. Specifically, we
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Fig.1| Credit rating changes under current trends and partial-collapse
scenarios. a, Percentage shortfallin GDP under a scenario in which current rates
of natural capital and ecosystem decline persist through 2030 (BAU-ES, blue)
and under a PEC (red). b, Impact of BAU-ES and PEC scenarios on sovereign credit
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country during the 2015-2020 training sample period. To retain Madagascar
within our sample, we used our credit ratings prediction model to estimate
asynthetic rating for Madagascar, which we later adjust for biodiversity loss
(‘Adjusting ratings factors for environmental risk’ section in Methods).
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consider a business-as-usual (BAU) scenario that ignores ecosystem
service decline against one that incorporates ecosystem service loss
(BAU-ES). Under BAU-ES, habitat loss and economic activity continue
todegrade natural capital and ecosystemservices at their currentrate,
and global GDPin 2030 is US$75 billion (2014 US dollars) less than in the
counterfactual BAU world (in which declining natural capital and eco-
systemservices are excluded from the model). We additionally explore
apartial ecosystem collapse (PEC) scenario, which entailsa90% reduc-
tioninwild pollination services,a90% reductionintotal catch biomass
from marine fisheries, and a conversion of 88% of tropical forest into
grassland or shrubland. The result is a shortfall in global GDP of US$2
trillion (2014 US dollars) annually, compared with the BAU scenario®.

The approachmeans that our results reflect scenario analyses, not
predictions of future ratings. Predictions would require probabilistic
statements about the likelihood of each scenario, which are not pres-
ently available. The PEC scenario serves as a plausible tail-risk stress
test, as is common in environmental economics® and practitioner
reports®>*, For context, a 90% collapse scenario is consistent with
research on pollinators®™ > and observable history in marine fisheries®.
There is greater debate over the magnitude and timing of collapse in
tropical forests®*,

Aggregating these economic losses to the country level allows
forward-looking scientificevidence on the economic consequences of
ecosystem service loss to be directly integrated into sovereign credit
risk assessment.

Impact of biodiversity loss on sovereign credit ratings

Figure 1a reports country-level percentage changes in GDP resulting
fromnatural capital and ecosystem service loss under the BAU-ES and
PECscenarios, as estimated by GTAP-InVEST?. While most countriesin
the sample experience only minor economic damages under the BAU-ES
scenario, Bangladesh experiences a shortfall of 2% of GDP. By contrast,
Angolaand the Democratic Republic of the Congo (DRC) see GDP gains
of 1.3% as broader economic growth outpaces losses associated with
ecosystem decline under the BAU-ES scenario in these countries.

By contrast, the PEC scenario reduces GDP across the sample. As
expected, theimpacts are larger for countries where output depends
most heavily on tropical timber, marine fisheries and wild pollination
services, but even countries suchas Poland (which produces no tropical
timber) are affected through trade relationships.

Figure 1b translates GDP losses under each scenario into impacts
on sovereign credit ratings. Even under the BAU-ES scenario, down-
grades of at least one notch on the 20-notch scale are expected in
Indonesia, Bangladesh, Indiaand China. The PEC scenario entails much
more severe downgrades, with downgrades of at least four notchesin
Malaysia, China, India and Bangladesh. Under this scenario, the DRC,
Angolaand Madagascar become unratable, as their simulated ratings
fall below the lowest grade found inthe training data. In practical terms,
this scenario would probably lead to a sovereign default.

TheresultsinFig.1revealanimportant feature of the nature-GDP-
credit ratings relationship, which is highly nonlinear. This is demon-
strated in the rankings of countries by impacts on GDP versus credit
ratings. Nonlinearity in the GDP-ratings relationship arises because
ratings are constructed using discrete ‘income bands’. Countries near
band thresholds can experience large rating changes from modest
GDP shocks, whereas countries in the middle of a band show limited
sensitivity. Our model recovers these threshold effects directly from
theratings data, explaining the observed cross-country heterogeneity.
Interms ofimpacts on GDP, Chinaand Malaysia are in the middle of the
pack, with shortfalls of 3.1% and 4.2%, respectively (Fig. 1a), but these
translate into the greatest impacts on sovereign downgrades, with
China and Malaysia sliding 5.5 and 6.3 notches, respectively (Fig. 1b).
Finally, because these resultsreflect losses across only alimited range
of ecosystem services, the associated impacts should be considered
lower bounds.

Impact on default probability and borrowing costs

Credit ratings effectively convey an analytical assessment of a sover-
eign’s probability of defaulting on debt. These probabilities of default
(PD) arereportedinFig. 2. Current PDs for each country, ignoring any
futureimpacts from declining natural capital or ecosystemservices, are
reportedinred. Madagascar, the DRC, Bangladesh, Angola and Pakistan
are most at risk of PD. However, nature loss increases sovereign risk,
with the associated increase in PD shown in blue. These are additive,
meaning that China’s PD under the PEC scenario (6.7%) would be the
sum of current PD (2.1%) and the additional, nature-driven PD (4.5%).
Thus, this scenario entails a threefold increase in the probability of
Chinese default.

Finally, we show the effect of a partial nature collapse on annual
debt servicing payments. Figure 3 plots the additional annual interest
payments on outstanding debt under the PEC scenario. China and
India face the greatest economic exposure, with additional annual
interest payments of US$70 billion and US$49 billion, respectively.
Acrossjust the 23 countriesinthe sample, we find an additional annual
interest payment of US$162 billion. This is a substantial amount con-
centrated in a very small number of countries. For comparison, the
combined net interest payment across all developing countries in
2022 was US$847 billion (ref. 19). Put differently, global develop-
ment aid in2023 was US$223.7 billion according to the Organisation
for Economic Co-operation and Development, meaning that these
interest payments are equivalent to 72.4% of all overseas develop-
ment aid worldwide***.

Policy options for meeting additional interest payments

There are four ways through which countries might meet these addi-
tional interest payments. First, countries could cut public spending
elsewhere, reallocating resources towards debt servicing costs but away
from mass transit infrastructure, education, healthcare or national
security. However,inmany developing countries, debt servicing already
commands a dominant share of public expenditure. Globally, more
than 3.3 billion people live in countries that spend more on interest
than on education or health®.

Asecond optionistoborrow more to meet current payments. How-
ever, thismerely delays the problem as additional debt today must be
serviced tomorrow. Moreover, the rates at whichmany biodiversity-rich
developing countriesborrow are already two to four times higher than
in the USA', and our results indicate that continued nature loss will
only exacerbate the spread.

Athird optionis simply for sovereigns to default, but global debt
markets are notoriously unpredictable and a history of sovereign
defaultimposes substantial costs on future borrowing.

Fourth, the additional interest payments could be met by raising
taxes. Figure 3 (right) offers an indication of what this might look like
forthe median citizen. Here, India’s US$49 billion of additional interest
(Fig. 3, left) is converted into international dollars (to adjust for dif-
ferencesinthe cost of living across countries) and divided by median
after-tax income. Thus, the additional interest payment arising from
natureloss would be equivalent to 2.4% of the median Indian’s dispos-
ableincome, each year.

Discussion

The continued destruction of natural capital and loss of associated
ecosystem services could yield catastrophic financial risks worldwide.
We use ecosystem service degradation as a partial and conservative
transmission channel linking biodiversity loss to impacts on cred-
itworthiness. While biodiversity encompasses genetic, species and
ecosystem-level dimensions*, many of which may decline without
immediate economic effects, our results suggest that declines in just
these three (tropical timber, marine fisheries and wild pollination)
services could be financially material. As natural capital continues
to decline’, credit ratings that ignore scientific information about
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Fig.2 | Nature-related increases in PD. PD by country, current (red), additional due to PEC (blue), and combined, following partial collapse (red + blue). Current PD
values are derived from current sovereign ratings and the historical default probabilities associated with those ratings.

nature-related risks may obscure financially material vulnerabilities.
We calculate the impacts of losses in marine fisheries catch, tropical
timber and wild pollination services on sovereign credit ratings, the
costof publicborrowing and the probability of sovereign default under
aBAU and partial collapse scenario.

Although our study covers 23 countries, it includes India, China,
the USA, Indonesiaand Pakistan, witha combined population of about
5.5 billion people. Across the sample, the lower-bound estimate of a
combined additional debt servicing costs would be US$162 billion—
everyyear—just to cover the additional risk premium on publicdebt due
tonatureloss. For comparison, the Kunming-Montreal GBF signed by
196 countries set a target of mobilizing US$200 billion per year globally
for conservation®. Indiaand China are among the most exposed, facing
apotential increase in annual interest payments of US$49 billion and
US$70 billion, respectively.

For the credit ratings industry, our results demonstrate that the
effects of nature loss on rating fundamentals can be identified in a sci-
entifically rigorous manner, that they are large and financially material,
andthatthey canbeincorporatedintosovereign creditrisk assessment.

Forinvestors, we show that forward-looking environmental risks
can be incorporated into mainstream risk measures such as credit
ratings, without the need toresort to poorly defined ‘ESG’ metrics that
often lack scientific underpinnings.

We argue that governments, central banks, financial regulators
and international financial institutions such as the World Bank and
International Monetary Fund cannot afford to ignore nature-related
financial risk. Given the likely impact of nature loss on output, sovereign
ratings and debt, credit rating agencies ought to explicitly include
these risks into their ratings methodologies. Conceptually, incorpo-
rating biodiversity- and nature-related risks into sovereign ratings is
no different from incorporating other highly uncertain risks such as

geopolitical risk. Indeed, the risk of biodiversity loss can be precisely
quantified and geographically localized.

Finally, we show that the additional interest payments associated
with increased sovereign risk due to even a PEC could be substantial.
Indeed, the impacts across the 23 countries could lead to additional
interest payments of US$162 billion per year, or 81% of the total annual
target for biodiversity finance to be raised by all countries under the
GBEF. If countries are putting such scarce resources into payinginterest,
they are forgoing the opportunity to make critical investments into
ecosystem services, water or nature-based protection. Ultimately,
when it comes to the impact of biodiversity loss on sovereign debt,
economies face a choice: pay now, by investing in nature, or pay later
throughreduced fiscal space, higher borrowing costs and higher inter-
est payments that crowd out other growth-enhancing investments.
The ‘pay now’ option generates long-termreturns for people, business
and nature. The ‘pay later’ option entails large downside risks, with
little to no upside.

Although our modelling presents arange of estimations, the over-
all finding is stark: sovereign nations (and ultimately their markets
and taxpayers) may face substantial financial costs due to nature loss.
Debt in lower-income, often biodiversity-rich countries that already
face among the world’s highest borrowing costs may be especially
vulnerable to higher risk premia driven by nature loss*. The UN Sec-
retary General describes the ‘crushing’ debt crisis as ‘nothing less
than a development disaster™’. We show that continued nature loss
will only exacerbate the challenge, undermining the ability of many
biodiversity-rich nationsto meet development goals across theboard,
from education, health and infrastructure to investments in nature
conservation and climate adaptation. Moreover, higher borrowing
costs arenot restricted to governments: well-known dynamics known
asthe ‘sovereign ceiling”® and ‘sovereign spillover*® effects mean that
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Fig. 3| Additional annual debt servicing costs due to PEC. Effect of the PEC scenario on annual debt servicing costs. Left: increase in annual debt interest payments in
billions of US dollars. Right: increase in annual debt interest payments as a percentage of median after-taxincome.

higher borrowing costs for sovereigns lead to higher borrowing costs
for banks and corporatesin the affected countries.

The future of biodiversity finance

We welcome the growing recognition of the need to invest in natural
capital, ecosystem services and nature conservation', but progress in
mobilizing biodiversity finance has been slow>”°. Biodiversity finance—
asaresearchfieldandin practice—faces several obstacles, including a
proliferation of potentially confusing metrics™*, the difficulty of cap-
turing private financial returns to the provision of public environmental
goods and services®, and difficulties in turning scientificinformation
about the myriad economic values generated by nature*® into specific
insights about material risks on which investors can act.

Asthefield of biodiversity finance evolves, itis criticallyimportant
toensure thatenvironmental scienceisintegrated from first principles.
Our research indicates that it is possible to incorporate scientifically
rigorous environmental-economic researchinto financial risk assess-
ment for the world’s largest asset class, sovereign debt. We call on busi-
ness schools and environmental scientists to accelerate collaboration
and science-based financial innovation to deliver actionable insights
that canimprove the allocation of capital, create new financial instru-
ments and products that supportinvestmentsinadaptation as well as
natural capital and biodiversity conservation,and meet globally agreed
targets for biodiversity finance.

Akey areaforurgent collaborationisin the development of mod-
els that link environmental change to ecosystem service provision to
economic outcomes. The GTAP-InVEST model on which our results are
basedisanimportantexample. However, three key gaps remain. First,
GTAP-InVEST facilitates the scenario analyses presented here, but does
notsupport probabilistic statements about the likelihood of any given
scenario coming to fruition. Thus, our results should be considered
simulations rather than predictions. Second, while we have focused
onbiodiversity here, greater effort is needed to model and assess the
combined, and potentially compounding effects of climate change
and nature loss simultaneously. The Green-DICE model represents an

important step, but does not yet provide global results at the same reso-
lution as GTAP-InVEST*"**, Third, more work is needed to demonstrate
the environmental benefits of conservation interventions ata macro-
scalesothatthese canbeincorporatedinto financial risk assessments.
Currently, countries using debt finance to support conservation and
adaptationinvestments, may face downward pressure oncredit ratings,
as debt-to-GDP ratios increase and scarce resources are deployed in
pursuit of nature-enhancinginvestments for publicgoods rather than
traditionally productivity-enhancing investments for market returns.
Animportant next step would be to combine GTAP-InVEST-type models
with unified ‘pressures-and-conservation-impact’ (PACI) models* that
can incorporate the net effect of environmental change, accounting
for both the negative consequences of nature loss and the positive
benefits from conservation spending.

Finally, we call on academics from environmental science and
finance to collaborate more closely with leading non-governmental
organizations and established financial institutions—including credit
rating agencies, the World Bank and the International Monetary Fund—
to address shared concerns about the impact of nature loss on sov-
ereign debt markets and the financial system more broadly. If there
are two communities who ‘live or die’ by their ability to accurately
identify and quantify future risks, they are environmental scientists
and financial markets.

Methods

Followingrecentinnovationsin the field of environmentally adjusted
sovereign credit risk analysis®~®, a random forest classification
modelis trained on credit ratings data describing ratings issued by
S&P and macroeconomic fundamentals to predict sovereign rat-
ings. We then integrate forward-looking macroeconomic paths
derived from GTAP-InVEST via a sovereign-level aggregation and
indicator-adjustment layer, linking scenario outputs to the six rat-
ings determinants in our prediction model (Supplementary Fig. 1).
Thisimplementation entails propagating nature-adjusted GDP (from
GTAP-InVEST) into fiscal/external indicators via practitioner-based
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mappings, and embedding the resulting nature-adjusted GDP
and nature-adjusted fiscal indicators into a ratings—-PD-costs of
borrowing pipeline.

We use the GTAP-InVEST earth-economy framework to link eco-
system service dynamics with macroeconomic outcomes. The model
constitutes anoriginal methodological contribution thatintegrates the
GTAP computable general-equilibrium model of the world economy
with the InVEST spatially explicit biophysical models. GTAP provides
a consistent representation of global production, consumption and
trade across 37 aggregated regions and 17 sectors, subdivided into
18 agro-ecological zones (341 AEZ-region units). InVEST is executed
globally at this resolution to simulate changes inthe provision of three
ecosystem services—crop pollination, timber provision and marine
fisheries—under alternative land-use and policy conditions. Timber
productivity is represented through changes in forest biomass, crop
pollination asareductionin the ability of wild pollinators to pollinate
crops, and marine fisheries as a reduction in the total catch biomass
of marine fisheries.

Biophysical outputs from InVEST are converted into percent-
age productivity shocks for the corresponding GTAP sectors (agri-
culture, forestry and fisheries). These shocks are implemented as
factor-neutral changes in total-factor productivity within the GTAP
model, allowing ecosystem-service changes to propagate through pro-
duction, trade and income linkages. The resulting general-equilibrium
adjustmentsyield country-level measures of GDP, welfare and related
macroeconomic indicators.

The most up-to-date GTAP-InVEST estimates impose two restric-
tions on our modelling: (1) reliance on three ecosystem services that
can be modelled endogenously, and (2) the sample of countries for
which the GTAP-InVEST framework provides data that can be reliably
disaggregated to the national level, in our case 23 sovereign states.

While GTAP-InVEST constitutes astep change for integrated eco-
logical-economic modelling, arange of assumptions and limitations
remain. These arise from the nature of CGE modelling in general, the
specific GTAP CGE modelitself, the INVEST model, and issues encoun-
tered when linking models across multiple spatial scales. First, in its
current form, GTAP-InVEST can only be used for comparative static
analyses:it cancompare abaseline equilibriumagainst future equilibria
butis not adynamic model that can endogenize environmental-eco-
nomic-fiscal feedback loops over time. Second, the three ecosystem
services included here are only a limited subset of the full spectrum
of economically valuable services generated by nature. Third, and
relatedly, many of the benefits generated by nature accrue to humans
outside of formal markets and would not be captured in this analysis.
Fourth, at present, the GTAP-InVEST model does notinclude a coupled,
integrated financial sector. Lastly, CGE models entail arange of assump-
tions for key parameter values, including total factor productivity
growth, substitution elasticities, representative household behav-
iour (in this case, Cobb-Douglas utility functions) and production
frameworks (in this case, nested constant elasticities of substitution
production functions). Accordingly, our results should be considered
lower-bound estimates and interpreted as scenario simulations rather
than predictions.

Training the ratings model on historical data

Our parsimonious model uses six macroeconomic variables to predict
sovereign credit ratings: GDP per capita, GDP growth, net general
government debt/GDP, general government balance/GDP, narrow
netexternal debt/CAR, and current account balance/GDP. We choose
this six-indicator set because it aligns with the core economic (income
level and growth), fiscal (debt stock and fiscal balance) and external
(externalleverage and external balance) pillars used in sovereign credit
assessment, offers consistent cross-country coverage, and can be sys-
tematically adjusted under our biodiversity scenarios. GDP per capita
and GDP growth are taken directly from the GTAP-InVEST outputs

for each scenario. The four government-performance and external
indicators are then updated using practitioner’s evidence” on how
GDP shortfalls relate to movements in these variables. Concretely,
we fit low-order polynomial functions to the published relationships
between disaster-induced GDP losses and each indicator, and we apply
the nature-adjusted GDP outcomes to generate internally consistent,
scenario-specific series by country. This design preserves predictive
performance while avoiding ‘anchoring’ on determinants that cannot
beadjusted onthe basis of scientific evidence, and it keeps the scenario
mechanics close to observable ratings practice.

We trained the algorithm using data on 113 countries from 2015 to
2020. Typically, in machine learning exercises it is best to include the
largest possible sample. Despite longer dataavailability for most coun-
tries, we intentionally avoid the 2008-2009 global/Eurozone crises
and the 2021-2023 pandemic years to reduce noise and maintain the
highest possible predictive accuracy. We tested various periods, includ-
ing2004-2020 and 2012-2020, which arereported in Supplementary
Section3 with an extended time series. This process enables us to build
statistical parameters within which we can begin to make predictions
around how changes in our variables will influence credit ratings.

Random forest model

Random forest models are classification algorithms. In our case, we
classify sovereigns into investment-grade versus speculative-grade
asastarting point, using six explanatory features. The model chooses
the split that most reduces classification error—for example, if a
GDP-per-capita threshold neatly separates investment-grade from
speculative-grade issuers, that variable becomes the first split (the
root node; Supplementary Fig. 2).

After the initial split, observations pass to the next node where
the algorithm again selects the variable that most effectively reduces
error. Iterating this yields clear boundaries between different levels of
credit quality. Our implementation expands the simplified example
to 20 rating classes and aggregates results over 2,000 trees. The esti-
mated objects are the thresholds/boundaries separating categories.
This approach offers two advantages: (1) each tree is trained on a per-
turbed version of the baseline data, producing largely uncorrelated
predictions that we average; and (2) it mitigates overfitting, improving
out-of-sample accuracy. Each split considers only arandom subset of
features, and the forest predictionis the average across all trees, which
istypically more stable and reliable than a single model.

Asillustratedin Supplementary Fig. 3 (left hand-side box), higher
In(GDP per capita) pushes ratings over successive thresholds, with
pronounced nonlinearities: at very low incomelevels, further declines
can leave predicted ratings unchanged, indicating other variables
dominateinthat range. GDP growth has strong effects over anarrower
band: rising growth helps to move ratings into investment grade, but
the effect fades beyond a point—potentially because very high growth
may reflect post-shock rebounds where lingering vulnerabilities matter
more. The remaining panels show analogous relationships for fiscal
and external indicators.

Variable importance
Theimportance of each variable for predicting ratings can be assessed
by observing the percentage drop in R*when each variable is permuted
atrandom (SupplementaryFig. 4). This test indicates how much predic-
tive accuracy would be affected if an individual variable from the set
were replaced with a random value. While the ranking is illustrative
and may vary by country, In(GDP per capita) emerges as the dominant
driver on average, followed by debt, fiscal balance and GDP growth.
To unpack country-level mechanics, Supplementary Fig. 5 decom-
poses predicted ratings for arange of economies by sequentially adding
variables. Starting from the sample average predicted rating (11.155),
incorporating additional information into the model In(GDP per
capita) lifts Canada by +5.428 notches (reflecting high income) but
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lowers China (given lower per-capita income). Proceeding through
the remaining variables yields Canada’s final prediction 0f19.672. This
figure reinforces that contributions differ by country, underscoring
heterogeneous variable importance.

Benefits of random forest models

Random forests offer several benefits over econometric approaches for
predicting sovereign ratings. First, weimplement the above-described
process thousands of times with slightly modified versions of the
original dataset, each making use of avaried pool of the original six vari-
ables. This means that our prediction model will perform muchbetter
when presented with new data, adding precisionto our estimates that
no parametric approach such as regression can offer®>*’,

Second, this approach enables us to model nonlinearities with
greater ease®. Ratings data are peculiar, as they are discrete in nature
(alphabetical ratings are translated into numerical scale such as the
one we are using AAA =20, AA+=19,SD =1, with AAA representing
the highest creditworthiness and SD the lowest). Incremental shifts
through therating scale do not represent equally meaningful changes
in creditworthiness.

For instance, a 1-notch change at the top of the rating scale (for
example, AAA to AA+) entails only a negligible increase in risk and
default probability, whereas the same 1-notch change at the lower
end of the scale (for example BB-to B+) can have substantial impacts
on the cost and access to debt finance. Machine learning ultimately
captures these dynamics. Moreover, ratings data exhibit distributional
properties that can lead to bias in econometric modelling. There are
often more observations at the top end of the ratings scale than across
therestoftherating categories. These features make linear modelling
of credit ratings difficult and canlead to error. Finally, ratings are not
purely quantitative assessments and reflect committee judgement
and other qualitative considerations. Non-parametric methods help
capture complex and nonlinear relationships between fundamentals
and ratings more flexibly than traditional (parametric) approaches®..
Therefore, usinga methodology that can handle distributional proper-
ties, nonlinearities and qualitative components is essential.

Adjusting ratings factors for environmental risk

Our ratings prediction model includes input variables that need to
be adjusted to reflect natural capital and ecosystem service decline’®.
Shortfallsin GDP per capita and GDP growth for each scenario can be
taken directly from GTAP-InVEST?. To adjust the remaining variables
(netgeneral government debt/GDP, general government balance/GDP,
narrow net external debt/CAR, and current accountbalance/GDP), we
exploitindustry research conducted by S&P. S&P credit analysts were
asked to assess how natural disasters such as earthquakes, tropical
cyclones, floods and winter storms would affect GDP losses and gov-
ernment performance indicators®. Supplementary Fig. 8 shows data
relating per capita GDP loss with analysts’ assessment of the impact
on (the log of) net general debt to GDP. To produce the function that
best describes this relationship, we fit polynomials of increasing order
until no further improvement in fit could be found. We use this fitted
model to relate GDP losses under each GTAP-InVEST scenario to each
government performance variable.

One exception to this procedure is the production of results for
Madagascar. S&P did not issue a rating for Madagascar during our
2015-2020 sample period. However, the country is included in the
GTAP-InVEST results.

To avoid losing Madagascar from the sample, we used GDP per
capita and growth data from the World Bank to estimate government
performance variables based on theimplied associationsin the rest of
the historical data. These werein turn used to estimate astarting point
credit rating using the same random forest model described above.
Incorporating the GTAP-InVEST results—as for any other countryin the
sample—produces biodiversity-adjusted credit ratings for Madagascar.

For context, our simulated rating was 5.6, part way between B- (5) and
B (6) (Supplementary Fig. 9). In April 2022, S&P issued Madagascar
a B-rating. This exercise has no impact on the rest of the results and
couldbe considered inconsequential, as Johnson et al.” estimate losses
exceeding 100% of Madagascar’s economy.

Treatment of uncertainty

Our workflow links biodiversity loss to sovereign credit risk
through a series of steps. Ecosystem service shocks generate
scenario-conditioned macropaths for GDP levels and growth. These
paths are then used to update fiscal and external indicators using
practitioner-based mappings. The six adjusted inputs are finally trans-
lated into ratings and, from there, into PD and borrowing costs. Each
stageintroduces uncertainty (biophysical parameters, economic elas-
ticities, sovereign-level harmonization and statistical prediction).

We report point estimates by scenario to match market practice
insovereign credit assessment. Credit ratings are single alphanumeric
opinions on future default risk. Committees and market users usually
communicate central judgements rather than full probability distribu-
tions. Practitioners such as S&P’s*"** estimate how extreme weather
events would affect sovereign creditworthiness, expressed asachange
inrating notchesrelative to abase case rather thanasafull distribution
of outcomes. Our presentation mirrors this practice, while acknowledg-
ing that parameter and model uncertainty is present at several stages.

Although sampling over the full uncertainty space would be ideal,
the principles guiding this study emphasize staying close to how rating
agencies handle uncertainty in practice. Our team includes a former
Global Sovereign Chief Rating Officer at S&P who helped build the
sovereign rating methodology and sat on hundreds of committees,
including those that issued ratings for countries examined here. This
experience informs our choice of presentation.

We address uncertainty in three ways. First, we use clearly defined
scenarios that function as stress tests. These bracket plausible out-
comes under large ecological shocks rather than assigning explicit
probabilities. Second, when mapping nature-induced GDP shortfalls
to fiscal and external indicators, we fit low-order polynomial func-
tions to practitioner evidence. Third, in the ratings step, we report
out-of-sample diagnostics such as accuracy within 1 or +2 notches,
and we rely on the internal resampling of the random forest proce-
dure to gauge predictive dispersion without imposing a parametric
error structure.

Sampling over the full uncertainty space remains an important
issueandisapriority for future work.Itis outside the scope of this study.

Calculating default probabilities and additional cost of debt
Once we obtainthe biodiversity-adjusted credit ratings, we can trans-
late theminto additional costs of borrowing of sovereigns and corpo-
rates. We first converted S&P’s sovereign ratings to a 20-notch scale
(Supplementary Fig. 9).

To calculate the additional cost of borrowing associated with
nature-drivensovereign downgrades, we estimate the additional pre-
mium over the risk-free rate that would be associated with a sover-
eign at its baseline rating. With the newly estimated, nature-driven
sovereign credit rating, we re-establish the additional premium. The
difference between these two valuesis the additional cost of debt. For
example, China, which has abaseline estimated rating of 15, would have
a spread of 1.05%. With a nature-driven rating of 9.5, the new spread
wouldbe 2.81. Theincreasein the cost of borrowing is therefore 1.76%
(2.81-1.05=1.76). The cost of borrowing figures for the rating catego-
ries are established by taking the median option-adjusted spread for
eachrating category and interpolating as per Supplementary Fig. 10.

A similar process is conducted using data from S&P Global to
estimate theincrease inthe10-year PD. Supplementary Fig.10 reveals
the model used to estimate the spread increase in the cost of debt
(Supplementary Fig. 10a) and the increase in the PD, respectively
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(Supplementary Fig. 10b). Our model for estimating the increase in
cost of debt and the PD is given by the parameters from a cubic and
quinticregression, respectively.

Calculating additional debt burden from nature loss for the
median citizen

Figure 3 (right) was calculated by obtaining the medianincome or con-
sumption from Our World in Data®’. For each country, we take the most
recentyear observationto calculate the per capitaincreaseinthe cost of
debt (associated with the nature-driven downgrade) using the popula-
tion data from the corresponding year. We then divide this number by
the medianincome or consumption (multiplied by 365, as the dataare
daily) for the same year to obtain the proportion of the nature-driven
borrowing cost that represents the median person’s annual income.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Data were hand-collected from publicly available sources. Data on
sovereign credit ratings and ratings factors are sourced from S&P
Ratings Direct database and S&P Sovereign Risk Indicators public
depository. Data on GDP impacts associated with ecosystem service
losses are taken from the GTAP-InVEST model’. Median after-tax (thatis,
disposableincome after all taxes are paid) incomeis sourced from Our
WorldinData®. The full replication package, including code and data, is
available via GitHub at https://github.com/mattdburke/nature-credit.

Code availability

The full replication package, including code and data, is available via
GitHub at https://github.com/mattdburke/nature-credit. The software
used for the analysis in this article was version 4 of R. A variety of dif-
ferent R packages were used to support data cleaning and compiling
figuresand graphs. All of these packages are standard and listed in the
GitHub repository, along withascriptinthe mainfile that automatically
loads or downloads these packages.
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