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Abstract 

Enthusiasm for ‘greening the financial system’ is welcome, but a fundamental challenge 
remains: financial decision makers lack the necessary information. It is not enough to know 
that climate change is bad. Markets need credible, digestible information on how climate 
change translates into material risks. To bridge the gap between climate science and real-world 
financial indicators, we simulate the effect of climate change on sovereign credit ratings for 
108 countries, creating the world’s first climate-adjusted sovereign credit rating. Under various 
warming scenarios, we find evidence of climate-induced sovereign downgrades as early as 
2030, increasing in intensity and across more countries over the century. We find strong 
evidence that stringent climate policy consistent with limiting warming to below 2°C, 
honouring the Paris Climate Agreement, and following RCP 2.6 could nearly eliminate the 
effect of climate change on ratings. In contrast, under higher emissions scenarios (i.e., RCP 
8.5), 63 sovereigns experience climate-induced downgrades by 2030, with an average 
reduction of 1.02 notches, rising to 80 sovereigns facing an average downgrade of 2.48 notches 
by 2100. We calculate the effect of climate-induced sovereign downgrades on the cost of 
corporate and sovereign debt. Across the sample, climate change could increase the annual 
interest payments on sovereign debt by US$ 22–33 billion under RCP 2.6, rising to US$ 137–
205 billion under RCP 8.5. The additional cost to corporates is US$ 7.2–12.6 billion under 
RCP 2.6, and US$ 35.8–62.6 billion under RCP 8.5.    

Keywords: Sovereign credit rating, climate change, counterfactual analysis, climate-economy 
models, corporate debt, sovereign debt.
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1. Introduction 

Climate change is “the biggest market failure the world has seen” (Stern 2008), with wide-

ranging implications for stability – financial, economic, political, social, and environmental. 

Leading climate-economy models estimate economic losses from climate change of between 

2% and 22% of gross world product by 2100 (Burke et al., 2015; Dell et al., 2014 and Kahn et 

al, 2019). Beyond impacts on aggregate output, the environmental, social and policy 

consequences of climate change will directly impact firms, investors, and regulators. Possible 

transmission pathways include physical damages from extreme weather events, consumer 

movements (including boycotts, protests, in reputational risks), transition risks (e.g., from 

regulations and asset stranding), and litigation risks (e.g., lawsuits over environmental 

damages). Dietz et al. (2016) estimate that the ‘climate value at risk’ of global financial assets 

amounts to US $2.5 trillion. Financial markets face growing pressure to factor these climate 

impacts into decision making and to mobilise trillions of dollars of capital in pursuit of a Just 

Transition towards a low carbon future (Fiedler et al., 2021). Whilst enthusiasm for ‘greening 

the financial system’ is welcome, a fundamental challenge remains: investors and businesses 

lack the necessary information.  

To green the financial system, it is not enough to know that climate change is bad. Firms, 

investors, financial institutions, and regulators need scientifically credible information on how 

climate change translates into material financial risks, how to price those risks, and how to 

manage them. Growing demand for climate risk disclosures comes from private investors, 

activist shareholders, universal owners, public regulators, treasuries and central banks 

(Deutsche Bundesbank 2019). Investor-led demand for climate risk disclosures has sparked a 

rapid expansion of the Environmental, Social, and Corporate Governance (ESG) ratings 

market, which by some estimates may reach $1 billion in 2021, with approximately $30 trillion, 

or one-third of all professionally managed assets now subject to ESG criteria (Opimas 2020; 

Howard-Grenville 2021). Regulator-led demand for climate disclosures includes the 

development of the Task Force on Climate-related Financial Disclosures (TCFD) to improve 

risk assessments, support better informed capital allocation decisions, and improve short-, 

medium-, and long-term strategic planning (TCFD 2017). Globally, more than 1,340 

companies with a market capitalization of $12.6 trillion and financial institutions responsible 

for assets of $150 trillion have expressed support for the TCFD (TCFD 2020). 
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However, the credibility and usefulness of existing climate disclosures is mixed (Mathiesen 

2018; Siew 2015). A chief concern is the lack of scientific foundations in climate risk 

disclosures. Climate models typically operate at the global or national scale, and assess changes 

in temperature and precipitation over decades or centuries. Translating these projections into 

material risk assessments on the spatial and temporal scale needed for business and investment 

decisions remains a challenge (Fielder et al., 2021). Beyond the lack of scientific 

underpinnings, further limitations include a narrow focus on firm behaviour to the exclusion 

of crucial systemic and macroeconomic context, short-term assessments that fuel the “tragedy 

of the horizon” (Carney 2015), and the incomparability of disclosures from different firms and 

ESG ratings methods (Fiedler et al., 2021; Mathiesen 2018). The result is an overall failure to 

translate climate science into credible metrics for conveying risks to financial decision makers.  

We contribute to closing the gap between climate science and real-world financial indicators. 

Specifically, we simulate the effect of climate change on sovereign credit ratings for 108 

countries under three different warming scenarios, reporting results for the years 2030, 2050, 

2070, and 2100. The conceptual framework described in Figure 1 outlines our process for ‘soft-

linking’ climate science with climate economics, leading sovereign credit ratings methods, and 

existing evidence on the effects of sovereign downgrades on the cost of public and corporate 

debt. Our goal is to remain as close as possible to climate science, economics, and real-world 

practice in the field of sovereign credit ratings. To the best of our knowledge, we are the first 

to simulate the effect of future climate change on sovereign credit ratings, and our approach 

enables us to evaluate these impacts under various policy and warming scenarios.1 

In Figure 1, blue boxes (top row) represent the status quo in three domains: climate science, 

climate-economics, and sovereign credit ratings. Climate science projects changes in 

temperature and precipitation. Climate economics translates these into impacts on output and 

growth (white box). However, a significant gap remains between climate-adjusted GDP 

estimates and sovereign ratings. The green boxes and arrows represent our novel approach to 

closing this gap.2 First, we develop a random forest machine learning model to predict 

sovereign credit ratings, training it on sovereign ratings issued by S&P (2015-2020) to 

 
1 S&P (2015a,b) represent the first investigations into the effect of extreme weather and natural disasters on 
ratings. However, they only include direct damage to property and infrastructure resulting from 1-in-250 year 
natural disastsers. For an extended review of literature see Appendix A. 
2 Climate-economy model literature is vast. See extended literature review in Appendix A. 
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maximise its predictive accuracy. Second, we combine climate economic models and S&P’s 

own natural disaster risk assessments to develop a set of climate-adjusted macroeconomic data 

(government performance variables) to feed the ratings prediction model created in step 1. We 

feed our model with climate-adjusted macroeconomic inputs under a range of policy and 

warming scenarios to simulate the effect of climate change on sovereign ratings, reporting 

results for 2030, 2050, 2070, and 2100.3 Finally, using existing research on the effect of 

sovereign downgrades on yields, we calculate the additional cost of corporate and sovereign 

capital due to climate-induced sovereign downgrades (purple). 

Figure 1. Conceptual Framework: Bridging the gap between climate science and financial 
indicators 

  
We focus on sovereign ratings for several reasons. First, they are readily interpretable and 

familiar indicators creditworthiness, already used by investors, portfolio managers, financial 

institutions and regulators in a range of decision contexts. For instance, ratings are ‘hardwired’ 

into decisions over which securities investors can hold (e.g., institutional investors may be 

committed by their charter not to hold debt below a certain rating (Fuchs & Gehring 2017)). 

Similarly, under Basel II rules, ratings directly affect the capital requirements4 of banks and 

insurance companies (Almeida et al., 2017). Moreover, approximately US$ 66 trillion, global 

sovereign debt accounts for a large share of total assets under management (PRI 2019). As 

 
3 Results for other years available on request 
4 Basel II ‘hardwires’ ratings into the capital requirements imposed on banks and insurance companies holding 
specific sovereigns or firms. The rating bins on sovereign claims and their corresponding risk weights are as 
follows: AAA to AA− (0%), A+ to A− (20%), BBB+ to BBB− (50%), BB+ to B− (100%), and below B− (150%) 
(Almeida et al., 2017). 
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measures of the creditworthiness of this debt, sovereign ratings act as ‘gatekeepers’ to global 

markets, significantly influencing the cost and allocation of capital across countries (Cornaggia 

et al., 2017).  

Sovereign downgrades increase the cost of both public and private debt, influencing overall 

economic performance and with potentially significant implications for business across all 

sectors (Chen et al., 2016). If the economic effects of climate change reduce sovereign 

creditworthiness, there could be indirect impacts on other asset classes. One potential 

mechanism is the ‘sovereign ceiling effect,’5 whereby sovereign ratings implicitly place an 

upper bound on ratings in other asset classes (Adelino & Ferrera 2016; Almeida et al., 2017; 

Borensztein et al., 2013). A second and closely related mechanism is the observed ‘sovereign 

spill-over effect’, whereby sovereign downgrades are quickly followed by downgrades in other 

asset classes (Augustin et al., 2018; Baum et al., 2016; Gennaioli et al., 2014). Because both 

the ceiling and spillover effects are more pronounced for firms and financial institutions whose 

ratings are closest to the sovereign’s, any climate-induced downgrades are likely to have a 

greater impact on the highest rated firms.  

A further motivation for focusing on sovereign ratings is the observation that climate change 

does not just affect firms individually, it affects countries and economies systemically. Narrow, 

firm-level assessments that ignore broader climate impacts are necessarily incomplete. For 

instance, major floods, storms, and fires have impacts across sectors rather than just hitting 

individual firms. Combined, the sovereign ceiling, spillovers, size of the sovereign bond 

market, and the indiscriminate nature of climate change means no corporate climate risk 

assessment is complete without also considering the effect climate on sovereigns. Finally, 

because sovereign ratings impact bond yields (i.e., the cost of public borrowing), understanding 

how they might be affected by climate change is central to long-term fiscal sustainability. 

 
5 For example, following a sovereign downgrade of Italy on the 28th April 2020, Fitch downgraded four Italian 
banks: UniCredit S.p.A.'s, Intesa Sanpaolo's (IntesaSP), Mediobanca S.p.A.'s , and Unione di Banche Italiane 
S.p.A.'s (UBI). https://www.fitchratings.com/research/structured-finance/covered-bonds/fitch-downgrades-four-
italian-banks-following-sovereign-downgrade-12-05-2020. Similarly, Moody’s downgraded 58 sub-sovereign 
entities after UK's sovereign action 16th October 2020.  
https://www.moodys.com/touupdated.aspx?isAnnual=true&lang=en&cy=global&ru=%2fresearch%2fMoodys-
has-taken-rating-actions-on-58-sub-sovereign-entities--PR_434579 
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Our results document three key findings. First, we show that under various warming scenarios, 

climate change could induce sovereign downgrades as early as 2030, with larger downgrades 

across more countries to 2100. For instance, in absence of climate policies (i.e., RCP 8.56 

scenario), 63 sovereigns experience downgrades of approximately 1.02 notches by 2030, rising 

to 80 sovereigns facing a downgrade of 2.48 notches by 2100. Second, our data strongly 

suggests that stringent climate policy consistent with the Paris Climate Agreement will result 

in minimal changes to the current ratings profile. We find that an average reduction is sovereign 

rating of 0.65 notches remains unchanged over time between 2030-2100. The additional costs 

to sovereign debt – best interpreted as increases in annual interest payments due to climate-

induced sovereign downgrades – in our sample is US$ 22–33 billion under RCP 2.6, rising to 

US$ 137–205 billion under RCP 8.5. The additional costs to corporates reach US$ 7.2–12.6 

billion under RCP 2.6, and US$ 35.8–62.6 billion under RCP 8.5. This suggests that early 

investments in climate mitigation and adaptation can ultimately improve long-run fiscal 

sustainability and reduce corporate costs of debt. We find qualitatively similar results using 

two independent climate-economy models; Burke et al. (2015) and Kahn et al. (2019). Results 

are robust to changing the time series of ratings used to train the prediction model, restricting 

the model to only those sovereigns with investment grade ratings, and varying assumptions 

about the degree of temperature volatility within the baseline climate-economic model.  

These results are of interest to finance ministries and central banks, regulators (e.g., ESMA and 

the SEC), banks, insurers, and institutional investors. Climate-induced sovereign downgrades 

provide a direct and immediate financial incentive for sovereigns to pursue climate-smart 

investments, (e.g., boosting resilience and adaptive capacity) to improve their current rating 

and reduce the cost of borrowing. The research is timely, as governments seek to balance fiscal 

stimulus following the Covid-19 pandemic against the need to manage the public finances in 

the long run. That public investment in low-carbon climate resilient infrastructure presents an 

attractive long-run growth opportunity is firmly established (Hepburn et al., 2020; Zenghelis 

et al., 2020). Our results add further support by demonstrating that earlier action improves 

fiscal positions through two channels: (i) reducing the cost of corporate debt, thereby enhancing 

 
6 RCPs are Representative Concentration Pathways and describe different potential scenarios of future emissions 
trends. RCP 2.6 is the ‘stringent climate policy’ scenario and is most consistent with limiting warming to below 
2°C. RCP 8.5 is the high emissions scenario and is more consistent with a 5°C warming world. See extended 
literature review, Appendix A. 
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competitiveness, and (ii) reducing future interest rates on sovereign debt, thereby maintaining 

fiscal operating space and reducing future tax burdens.  

Our results are of central importance to the regulation of CRAs and development of ESG 

standards. Although the European Securities and Markets Authority (ESMA, which regulates 

credit ratings agencies (CRAs) in Europe) has called for greater transparency and disclosure 

around ESG factors they have refrained from introducing formal requirements (ESMA 2019). 

Existing climate disclosures and ESG ratings remain largely voluntary and are not standardised. 

CRAs recognise that climate and environmental factors “could have significant implications 

for sovereign ratings in the decades to come… [although they] pose a negligible direct risk to 

sovereign ratings in advanced economies for now, on average, ratings on many emerging 

sovereigns (specifically those in the Caribbean or Southeast Asia) will likely come under 

significant additional pressure” (S&P 2018). One potential obstacle is a lack of credible 

methods for assessing the impact of climate on creditworthiness (Buhr et al., 2018). Our 

research represents a first step in providing such a method.  

The remainder of this paper is as follows. Section 2 describes data and methodology. Section 

3 provides empirical results of climate-adjusted sovereign credit ratings. Section 4 discusses 

additional cost sovereign and corporate borrowing due to climate-induced downgrades. Finally, 

Section 5 offers some concluding remarks. 

2. Data and methodology  

2.1. Rating data 

Our sample consists of 1385 annual long-term foreign-currency sovereign ratings for 108 

countries, issued by S&P between 2004 and 2020, obtained from S&P Ratings Direct database. 

Alphabetical ratings are translated into a 20-notch scale widely used in the literature (Correa et 

al., 2014; see Table B.1). Although several agencies issue sovereign ratings, we use S&P’s 

because they have the widest country coverage over the assessment period and their ratings 

actions have the strongest own-country stock market impact (Almeida et al., 2017; Brooks et 

al., 2004; Kaminsky & Schmukler 2002). 
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2.2. Macroeconomic data 

Our ratings prediction model is parsimonious, incorporating just six macroeconomic 

indicators.7 This approach is motivated by a desire to avoid overfitting, and most importantly, 

to ensure our model inputs remain as close as possible to the underlying climate science and 

economic models. Our baseline climate-economy model (Kahn et al., 2019) provides estimates 

of climate-adjusted real GDP growth rates and levels up to 2100. Table 1 presents our 

determining factors and highlights a range of cross-sectional descriptive statistics. Data comes 

from S&P Ratings Direct Sovereign Risk Indicators (SRIs). Countries in the sample display a 

wide range of income levels, growth rates, and macroeconomic performance indicators. 

Table 1. Summary Statistics 

Variable Mean St. Dev. Min Max 

Log GDP per capita (US $) 8.98 0.19 8.47 9.20 

Real GDP Growth 0.78 2.77 -0.09 11.19 

Net General Government Debt/GDP 29.87 6.13 19.09 37.94 

Narrow Net External Debt/CARs 51.96 11.89 28.91 66.58 

Current Account Balance/GDP -1.42 1.01 -3.64 0.81 

General Government Balance/GDP -2.01 1.38 -4.36 0.16 

Notes: Table 1presents summary statistics for the natural logarithm of nominal GDP per capita in US $ (Log GDP 
per capita (US$)), the annual nominal growth rate (GDP Growth), net general government debt/GDP, narrow net 
external debt/current account receipts (CARs), current account balance/GDP, and general government 
balance/GDP. Data sample covers period between 2004 and 2020. 
 

Variable selection is based on several factors: relevance for predicting ratings, the availability 

and quality of scientific evidence describing how they respond to climate change, and country 

coverage. Our commitment to climate-science underpinnings entails a trade-off: we are unable 

to include some important determinants of ratings (e.g., political stability and government 

transparency, see Table 2) because we do not have credible science-based descriptions of how 

they vary with climate. The method is readily extendable when such information becomes 

available. Furthermore, we provide evidence that these variables lose predictive importance as 

we move up the ratings scale, instilling further confidence in our results because the impact of 

climate on ratings is most substantial for highly rated sovereigns. 

 
7 For example, De Moor et al. (2018) and Ozturk et al. (2016) employ 23 and 16 variables to predict ratings. See 
the literature review in Appendix A. 
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2.3. Methods 

We create a parsimonious, six-variable model to reconstruct sovereign credit ratings based on 

S&P’s published methodology.8 The twin objectives are (i) to remain as close as possible to 

S&P’s ratings method to ensure good predictive capacity, and (ii) maintain the greatest possible 

scope for incorporating science-based climate-adjusted macroeconomic variables.9  

Two of these (climate-adjusted GDP and its growth rate) come directly from climate-economic 

models (Kahn et al., 2019; Burke et al., 2015). Beyond GDP, sovereign ratings include a range 

of government performance indicators including net general government debt/GDP, narrow net 

external debt/current account receipts, current account balance/GDP, and general government 

balance/GDP. To construct climate-adjusted versions of the four government performance 

variables in our model, we construct statistical models based on data from S&P’s own 

assessments (see SM, Appendix B for details). For example, S&P (2015b) produce estimates 

of the effect of various climate and natural disasters on our set of government performance 

indicators presented in column 1 of Table 1.  

Finally, we feed our newly created climate-adjusted macroeconomic indicators to our 

sovereign ratings model to simulate the effect of climate on ratings. For comparability with the 

literature and to demonstrate the effect of strict climate policies that are consistent with meeting 

the Paris Agreement, we present results under four warming scenarios: RCP 2.6, RCP 8.5, and 

both of these, but allowing the variability of temperature around its long-run average to rise 

with temperature. 

2.3.1. Reconstructing sovereign credit ratings  

We develop a two-step strategy to simulate the effect of climate change on sovereign ratings. 

Using S&P’s sovereign rating method as a template, step one constructs a sovereign ratings 

prediction model using supervised machine learning methodologies (Breiman 2001). Step two 

 
8 Sovereign credit ratings incorporate a wide range of objective macroeconomic data and subjective assessments 
by ratings agencies. Although the science, economics, and politics of climate change are widely studied, we do 
not have a reliable source of information on how climate change will impact every variable included in the 
sovereign ratings methodology.  
9 Due to the nature of macroeconometric climate models, our results focus primarily on economic losses arising 
from physical impacts of climate change. That is, we do not capture transition or litigation risks, including the 
possibility of climate refugees, civil unrest, or political instability. However, our approach can be readily extended 
to incorporate these impacts when credible quantitative estimates are available. As such, our results may be 
considered lower-bound estimates of the effect of climate change on sovereign ratings. 
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identifies or constructs climate-adjusted versions of macroeconomic performance indicators to 

feed the prediction model from Step 1. The two most prominent climate-adjusted indicators are 

log per capita GDP and real GDP growth, which we take directly from Kahn et al. (2019) under 

two warming scenarios, RCP 2.6 and RCP 8.5. The remaining four are termed the ‘government 

performance indicators’ and are identified by S&P as important inputs into sovereign ratings. 

These include: net general government debt/GDP, narrow net external debt/current account 

receipts (CARs), current account balance/GDP, and general government balance/GDP. 

Traditional approaches to modelling credit ratings rely on parametric estimations (such as 

ordered response models or OLS; see for example, Cantor & Packer 1996; Afonso et al., 2009; 

2011; Baghai et al., 2016). However, due to the non-linearity of ratings and their distributional 

properties, and to address multicollinearity, researchers have considered non-parametric 

approaches to model sovereign ratings (Bennell et al., 2006; De Moor et al., 2018; Fioramanti, 

2008; Markellos et al., 2016; Ozturk et al., 2016). The central benefits associated with these 

approaches are much better handling of non-linear outcomes in the data (Markellos et al., 2016) 

and the potential for superior fit (De Moor, 2018). Because sovereign ratings may be subject 

to thresholds in country-level predictors, such as GDP per capita (S&P 2017), methods  capable 

of handling non-linearities are essential.  

Random forest algorithms are the primary machine learning technique in the application of 

credit rating prediction (Ozturk et al., 2016; De Moor et al., 2018). Decision tree algorithms 

operate by constructing a series of nodes (see SM, Appendix A, Figure A.2). At each node the 

algorithm selects the feature which provides the best split of the data. Once the data has been 

split on the first feature, it then attempts to split the data again such that the subsequent splits 

are as different from the previous split as possible, but as similar to each other as possible. This 

process continues until the data can no longer be split on the features provided. 

Random forest algorithms can be thought of as extensions of decision trees. However, whereas 

decision tree algorithms can be highly sensitive to the data on which they have been trained, 

random forests reduce this sensitivity by enabling each tree within the forest to be trained upon 

a randomly selected sub-sample of the data, with replacement. Moreover, in an ordinary 

decision tree process, the algorithm selects the feature (from all available features) which 

provides the best split. A random forest algorithm enables the tree to select from only a random 

subset of features. The intuition behind each of these two modifications is that the prediction 
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made by a forest is an average of the decision made by each tree, and as a consequence is much 

more reliable and robust as a collection.  

2.3.2. Random forest estimation, variable importance, and partial plots 

A key advantage of using machine-learning approaches is their ability to model non-linearities. 

Figure 2 shows the partial effect of increases in standardised GDP per capita and the growth 

rate on the sovereign credit rating. The left panel demonstrates that as ln GDP per capita (US$) 

increases, the sovereign meets the threshold criteria for increasing rating scores. Furthermore, 

this panel demonstrates that GDP per capita has various empirical limitations with regards to 

the ratings it will impact. For instance, the graph suggests that at a certain point, ln GDP per 

capita (US$) can continue to decrease with no resulting impact on the rating. This may partially 

explain the effect of the estimations on poorer countries observed in the previous sections. 

Other variables may be more important at predicting ratings at the lower end of the scale. The 

second panel to the right demonstrates the relationship GDP growth has on the rating. This 

variable seems to have its greatest impact over a much smaller range than per capita GDP. 

Furthermore, the relationship is clearly non-linear. Increases in the growth rate are beneficial 

in pushing the sovereign further into the investment grade ratings. However, beyond a certain 

point this effect is lost almost entirely.  

Figure 2. Marginal Effects of per capita GDP and Growth on Ratings 
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An important consideration is whether the variables considered important by our random forest 

procedure are consistent with those identified in the empirical literature on estimating 

sovereign ratings (Cantor and Packer 1996; Afonso et al., 2009; 2011; Baghai et al., 2016). 

Table 2 confirms this is the case, reporting variable importance in the random forest analysis 

across various subsamples. This analysis iterates through the list of predictor variables, 

imputing the values with random figures, and reassessing the estimation accuracy. The loss in 

accuracy (formally, increase in the mean square error) during this procedure is gauges the 

importance of each variable for predicting ratings. Table 2 provides estimates of the percentage 

increase in mean square error associated with the loss of variables commonly used to predict 

ratings.  

Table 2. Variable importance (% increase in MSE) 

 G20 subsample 

 

Rest of the world 

 

Investment 

grade 

 

Speculative 

grade 

 

GDP per capita (US$) 12.20 29.32 40.47 17.16 

Real investment growth 2.93 14.15 16.81 7.15 

Investment/GDP 12.85 32.76 28.31 14.04 

Unemployment 18.41 28.15 32.32 16.82 

CPI growth 15.27 17.63 15.97 18.58 

Real exports growth 0.08 6.55 6.39 6.88 

Current account 

balance/GDP 

8.79 27.88 17.69 17.52 

General government 

balance/GDP 

8.57 28.41 23.78 8.54 

Voice and accountability 17.86 23.99 18.05 18.59 

Political stability  13.39 15.49 22.96 14.02 

Government 

effectiveness 

13.75 25.69 27.68 14.72 

Regulatory quality 16.45 30.05 31.26 19.13 

Control of corruption 15.69 13.92 23.31 18.13 

Notes: Table presents the percentage increase in mean squared error attributable to the random forest prediction 
when the corresponding variable is imputed with random values. Column 2 presents the results for the G20 
subsample, Column 3 corresponds to the rest of the world subsample, Column 4 contains investment grade only, 
and Column 5 relates to speculative grade only. Data sample covers period between 2004 and 2020. 
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Key economic indicators demonstrate substantial value in this analysis, justifying their 

inclusion. However, notably a selection of World Bank governance indicators also provides 

reasonable explanatory power. This is especially true for countries outside of the G20 where 

e.g. political stability may be a greater constraint on ratings. Furthermore, columns 4 and 5 

show the variation between countries with investment grade and speculative grade ratings. 

Amongst investment grade countries GDP per capita and associated economic indicators are 

the clear empirical driver of the rating. However, amongst speculative grade this is less clear. 

World Bank governance metrics play a much more important role alongside primary economic 

variables. This finding perhaps explains aspects of the see-saw effect observed in the main 

result. Countries at the lower end of the scale rely, to a greater extent, on qualitative, factors 

for a reliable rating prediction.  

3. Empirical results 

3.1. Step 1: Reconstructing ratings 

Table 3 demonstrates our model’s ability to predict sovereign existing sovereign ratings (i.e., 

before we incorporate climate change). Rows 2-5 indicate the deviation (in notches) between 

ratings issued by S&P and our predictions, starting with N=0 (exact match) to N=3 (our model 

is off by three notches). Columns 3-5 indicate increasingly restrictive slices of the data, starting 

with the whole sample in column 3, and providing results for out of sample tests (using 80% 

of the data to predict the remaining 20%) for all countries in column 4, and for only those 

countries with investment grade ratings in column 5. 

Table 3. Predictive accuracy of our ratings prediction model 

  Whole sample Out of sample 

80/20% split 

Investment grade 

only. Out of sample 

80/20% 

% predicted 

within n notches 

N = 0 67.92 31.75 34.78 

N = 1 96.24 76.19 63.77 

N = 2 99.69 90.48 81.16 

N = 3 - 94.44 92.75 

Observations 639 513 / 126 276 / 69 

Countries 108 108 62 / 42 

Notes: Table presents the results of the predictive capacity for our benchmark random forest model. Columns 3-
5 show the percentage accuracy of our model corresponding to the number of notches in Column 2. Columns 3, 
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4 and 5 present the results for the whole sample, out of sample and investment grade only respectively. Data 
sample covers S&P ratings issued 2015-2020. 

Our benchmark model (column 4) yields exact matches between predicted and observed ratings 

31.75% of the time, increasing to over 90% accuracy within two notches. The literature 

indicates that eliminating countries that have recently defaulted can improve predictive 

accuracy. To test this, column 5 restricts the analysis to only those countries with investment 

grade ratings. Although we see a minor increase in exact matches, we see a loss of accuracy 

within two notches in out of sample tests. One potential reason is that focusing only on 

investment grade sovereigns reduces the sample for training the model by nearly half. A further 

concern is that vulnerability to climate change may be correlated with low sovereign ratings, 

for instance if developing countries rely more heavily on climate-sensitive industries such as 

agriculture, have less climate resilient infrastructure (e.g., poor road quality or flood defences), 

and have lower quality governance and institutions associated with the resource curse. 

Eliminating these countries from the sample would make our results less representative. As 

such, our baseline model includes all 108 countries in the sample and is trained on S&P’s 

ratings issued between 2015 and 2020.    

Figure 3 presents graphical interpretations of the out of sample accuracy of sovereign rating 

predictions given in Table 3 (column 4). The solid line depicts accuracy of the estimated rating 

compared to the actual rating. Each observation is accompanied by the predicted rating (dot) 

and its error. Out of sample predictions yield exact matches for up to 31.75% of the data and 

are within 2 notches over 90% of the time. Standard errors are produced using the jackknife 

methodology summarised in Wager et al. (2014).  

Figure 4 demonstrates the geographical spread of our predictions model. The key observation 

is that high predictive accuracy does not appear to be concentrated in any particular region, 

climate, size, development status, or political system. Exact matches appear for countries as 

diverse as Brazil, Finland, Uganda, Germany, Honduras, and Mongolia. Most of the G20 

countries are predicted within one notch. Argentina, Colombia, Ecuador and Iraq are the least 

well predicted by our model, which may be expected due to the history of debt crises, defaults, 

civil unrest, war, and government instability in these countries. This explanation is consistent 

with Table 2, column 5, which indicates the higher predictive weight placed on governance 

quality, corruption, and political stability for speculative grade countries. Because we do not 
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have credible quantitative data on the effect of climate change on these governance indicators, 

they are not included in our ratings prediction model. 

Figure 3. Out of sample accuracy of our ratings prediction model (2015 - 2020 data, all 
countries) 

 
Figure 4. Out of sample predictive accuracy of our sovereign ratings model 
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3.2. Step 2: Climate adjusted sovereign ratings: baseline model 

We next present the results from our baseline model10 under two warming scenarios (RCP 2.6 

and RCP 8.5) for the years 2030, 2050, 2070, and 2100.11 All results presented here rely on the 

same macroeconometric climate model from Kahn et al. (2019). Panels A and B of Figure 5 

present simulated, climate-adjusted sovereign ratings under RCP 8.5 and RCP 2.6 for the year 

2030 respectively. As in Figure 3, the horizontal axis indicates current ratings by S&P and the 

thick black line represents exact matches between current and predicted ratings. Here, however, 

our predicted ratings are inclusive of climate change under RCP 8.5, with the dotted line 

indicating best fit. The results indicate that climate-induced sovereign downgrades may be 

expected within the next decade and are most likely to impact the highest rated countries.  

Figure 5. Climate-adjusted Ratings: 2030 (RCP 8.5 versus RCP 2.6) 

 

The concentration of downgrades at the top end of the ratings scale may appear 

counterintuitive, given that wealthier countries tend to have more diversified economies with 

greater capacity to respond to shocks. It may be expected that poorer countries (and therefore 

lower-rated sovereigns) are relatively more exposed and less able to respond to climate shocks. 

However, the underlying climate-economic model (Kahn et al., 2019) anticipates economic 

losses for countries at all development levels. For interpreting our results, it is important to 

remember that not all notches are created equal: a downgrade from AAA to AA+ reflects 

 
10 108 countries, using ratings from 2015 to 2020, 6-variables, Kahn et al. (2019) for the climate-economy model. 
11 Figures for 2050, 2070, 2100 are available upon request. 
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smaller reduction in creditworthiness than a downgrade from investment grade to speculative 

grade, or a rating downgrade within the range of speculative ratings. This nonlinear relationship 

between rating and default frequency is demonstrated by the agencies’ annual rating default 

and transition studies. Moreover, our objective is to identify the effect of climate change on 

sovereign ratings, not national economies. The fact that AAA rated countries may suffer worse 

downgrades than B rated ones does not imply that these wealthy countries will also suffer worse 

economic damages from climate change. Our result is consistent with the nature of sovereign 

ratings, which provide information about both the ability and willingness of sovereigns to 

service their debt. Countries with low ratings often already face a range of political, economic, 

and social challenges that indicate a low ability or willingness (or both) to service debt. Whilst 

we expect climate to have severe consequences for low-income countries, this may not further 

affect the rating if the country is already considered a high credit risk.  

Finding downgrades just 10 years into the future is significant, as a common critique of the use 

of climate science in developing climate-finance metrics is that the timescales are 

incompatible: climate impacts accrue in the distant future, whereas financial decisions take 

place over a much shorter period. This conflict has been dubbed the ‘Tragedy of the Horizon” 

(Carney 2015). Our findings indicate that climate could impact ratings within the standard 10-

year ratings horizon. 

Figure 5, Panel B presents results for the same simulation under RCP 2.6. Although some 

downgrades are still predicted at the top end of the scale, these are fewer in number and 

intensity than under RCP 8.5. This demonstrates the potential for stringent climate policy to 

reduce the downward effect of climate change on sovereign ratings within the next decade.  

Figure 6 presents the best fit lines for our climate-adjusted ratings under RCP 8.5 and 2.6, 

respectively, for 2030, 2050, 2070, and 2100 (Panels A and B). Axes and the bold lines are 

interpreted in the usual way. Data points indicate current observed and predicted ratings, 

excluding climate change. Fig. 6, Panel A demonstrates climate-induced sovereign downgrades 

of increasing magnitude and across more countries as we look further into the future under 

RCP 8.5. Again, downgrades are largest at the top end of the ratings scale, but we begin to see 

impacts across the full range of investment grade sovereigns. In contrast, Panel B indicates that 

stringent climate policies consistent with RCP 2.6 continue to protect against substantial 
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climate downgrades over the assessment period.12 T-tests indicate that ratings predicted over 

any period to 2100 under RCP 2.6 are not statistically significantly different from each other 

or from current ratings predicted without climate change.  

Figure 6. Climate-adjusted ratings to 2100 (RCP 8.5 versus 2.6) 
 

 
Figures 7-8 depict the magnitude and geographical distribution of sovereign ratings changes 

predicted by our model by 2100 under RCP 2.6 and RCP 8.5, respectively. Under RCP 2.6, 62 

sovereigns experience downward pressure on ratings by 2030, with an average reduction of 

0.66 notches. The number of downgraded sovereigns drops to 55 by 2100, with the intensity 

of the downgrade virtually unchanged (average of 0.65 notches). Countries mostly affected by 

the downgrades are Chile and China with 2.56 and 2.05 notches respectively. Amongst other 

sovereigns we see Morocco, India and Colombia in the range 1.39 to 1.52 notches. This 

suggests that limiting warming to well below 2°C could greatly reduce the effect of climate 

change on sovereign ratings.   

In contrast, under RCP 8.5, 63 sovereigns experience climate-induced downgrades by 2030, 

with an average reduction of 1.02 notches, rising to 80 sovereigns facing an average downgrade 

of 2.48 notches by 2100. The most affected nations include Chile, China, Slovakia, Malaysia, 

 
12 The tight bunching of best fit lines for 2030, 2050, 2070, and 2100 under RCP 2.6 around the bold line makes 
the time series difficult to discern graphically. T-tests confirm that they are not statistically significantly different 
from each other. 
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Mexico, India, Peru and Canada all exceeding 5 notches downgrades. The least affected by 

downgrades are Oman, Cyprus and Honduras with results under 0.3 notches. 

 
Figure 7. Global climate-induced sovereign ratings changes (2100, RCP 2.6) 

 

Figure 8. Global climate-induced sovereign ratings changes (2100, RCP 8.5) 

 

 

Combined, the maps indicate a now familiar story: stringent climate policy under RCP 2.6 and 

largely consistent with the Paris Climate Agreement is associated with only minor downgrades 
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across most of the world. In both figures, some countries (Argentina, Iraq, and Ecuador) appear 

to receive upgrades. We urge extreme caution against over-interpreting these counterintuitive 

findings, as our model’s predictive capacity for these countries is relatively low (see Figure 4). 

This is likely because factors not included in our model such as political stability and default 

history in these countries mean that current ratings are relatively low for their GDP (see Table 

2 and surrounding text). Our model does not include governance and political stability metrics 

because we do not have authoritative quantitative data on how these measures are likely to 

change as a result of climate change. 

 

3.3. Increased temperature variability 

Our baseline model relies on Kahn et al. (2019) to describe the impacts of warming on real 

GDP and GDP growth rates. They explicitly model changes in the distribution of weather 

patterns; that is not only averages of climate variables that the climate-macro literature focuses 

on but also their variability. Therefore, this model enables us to incorporate varying degrees of 

temperature volatility within the overall warming trend. Put simply, we can choose whether 

warming is characterized by high and low temperatures that cluster tightly around their 30-year 

moving averages, or whether they deviate with increasing volatility as temperature rises.  

Lower volatility could reduce shocks and means adaptation costs can be spread over time. 

Higher volatility may require more upfront investments and lead to asset stranding. Beyond 

rises in the average, rises in the volatility of temperature are increasingly recognised as 

economically important. For instance, Kotz et al. (2021) find that increased temperature 

volatility reduces economic growth “independent of and in addition to changes in annual 

average temperature.”  

To incorporate the effects of increased temperature volatility in our model, we allow 

temperature increases to affect the variability of temperature shocks commensurately, or in 

other words we keep the coefficient of variation unchanged. On average, this increases the 

costs of climate change by 80% globally under the RCP 8.5 scenario, with the size of these 

income effects varying across countries depending on the pace with which temperatures 

increase and historical variability of climate conditions in each country.  

Compared to Panel B of Figure 6, Panel B of Figure 9 indicates that climate change will have 

a larger impact on sovereign ratings if temperature volatility rises, even under RCP 2.6. 
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However, although the effect is marginally larger, it remains the case that stringent policies 

consistent with RCP 2.6 will limit the effect of climate on sovereign ratings. In contrast, Fig 9, 

Panel A demonstrates that increased temperature volatility leads to far more substantial 

climate-induced sovereign downgrades, sooner, and along a much wider range of the ratings 

scale. 

Figure 9. Climate-adjusted ratings with increased temperature volatility (RCP 8.5 versus 2.6) 

 

4. Additional cost of sovereign and corporate borrowing due to climate-induced sovereign 

downgrades 

Previous research demonstrates that sovereign downgrades increase sovereign spreads (Afonso 

et al., 2012; Gande and Parsley 2005). Estimates of the effect of a 1-notch downgrade in 

sovereign rating on increases in yield spreads range from 0.08-0.112% (Afonso et al., 2012) to 

0.12% (Gande and Parsley 2005). Taking these as lower and upper bounds (respectively) 

enables us to calculate ranges for the increase in annual interest payments on public debt due 

to climate-induced sovereign downgrades. Table 4 reports these costs for the G7 plus China 

under RCP 2.6 scenario by 2100. Columns 2-3 present climate-induced sovereign downgrades 

(in notches) and total outstanding sovereign debt as of 2019. Columns 4-5 report lower and 

upper bound estimates of the additional cost of sovereign debt due to climate downgrades. 

Climate-induced sovereign downgrades could increase the cost of sovereign debt across our 

sample by US$ 22.47 billion to US$ 34.11 billion under RCP 2.6. These costs are more than 6 

times larger under RCP 8.5, with a lower-bound of US$ 136.68 billion and an upper-bound of 

US$ 205.02 billion (see Table 5).  
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Table 4. Additional cost of sovereign borrowing due to climate-induced sovereign 
downgrades (RCP 2.6, 2100) 

Sovereign 

Sovereign 
downgrade 
(notches) 

Outstanding 
sovereign debt   

($ bn) 

Cost of 
sovereign 

borrowing ($ 
bn) (lower 

bound) 

Cost of 
sovereign 

borrowing ($ 
bn) (upper 

bound) 
Canada 0.58 557.10 0.26 0.39 
China 2.05 2464.40 4.04 6.06 
France 0.83 2026.10 1.35 2.02 
Germany 0.23 1254.30 0.23 0.35 
Japan 0.36 10396.20 2.99 4.49 
United Kingdom 0.92 2710.70 2.00 2.99 
United States 0.55 16673.40 7.34 11.00 
G7 + China 0.79 36082.20 18.18 27.27 
Full sample total 0.65 42716.80 22.74 34.11 

Notes: Translating climate-induced sovereign downgrades into increased sovereign cost of borrowing by 2100 
under RCP 2.6 scenario for G7 plus China. Italy is not downgraded under this scenario. Full sample results for 55 
downgraded sovereigns available in Appendix D, Table D.1. Outstanding sovereign debt figures for 2019 obtained 
from S&P SRIs. Conversion between sovereign downgrades into yields for lower bound is based on Afonso et al. 
(2012) and for upper bound on Gande & Parsley (2005), whereby 1 notch sovereign downgrade increases 
sovereign bond spread by 0.08% and 0.12% respectively. 

Table 5. Additional cost of sovereign borrowing due to climate-induced sovereign 
downgrades (RCP 8.5, 2100) 

Sovereign 
Sovereign 

downgrade 
(notches) 

Outstanding 
sovereign debt   

($ bn) 

Cost of 
sovereign 

borrowing ($ 
bn) (lower 

bound) 

Cost of 
sovereign 

borrowing ($ 
bn) (upper 

bound) 
Canada 5.15 557.10 2.30 3.44 
China 6.55 2464.40 12.91 19.37 
France 2.43 2026.10 3.94 5.91 
Germany 3.65 1254.30 3.66 5.49 
Italy 0.30 2225.30 0.53 0.80 
Japan 2.39 10396.20 19.88 29.82 
United Kingdom 3.48 2710.70 7.55 11.32 
United States 4.74 16673.40 63.23 94.84 
G7 + China 3.59 38307.50 113.93 170.89 
Full sample total 2.48 47326.70 136.68 205.02 

Notes: Translating climate-induced sovereign downgrades into increased sovereign cost of borrowing by 2100 
under RCP 8.5 scenario for G7 plus China. Full sample results for 80 downgraded sovereigns available in 
Appendix D, Table D.2. Outstanding sovereign debt figures for 2019 obtained from S&P SRIs. Conversion 
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between sovereign downgrades into yields for lower bound is based on Afonso et al. (2012) and for upper bound 
on Gande & Parsley (2005), whereby 1 notch sovereign downgrade increases sovereign bond spread by 0.08% 
and 0.12% respectively. 

Translating sovereign rating changes into impacts on corporate cost of capital is more 

challenging, as no such direct translation exists in the literature. However, Almeida et al (2017) 

quantify a sovereign spillover effect from sovereign to corporate ratings, whereby a one 

percentage point increase in sovereign yields increases corporate yields by a factor of 0.6-0.7. 

We follow three-step procedure to calculate the effect of climate-induced sovereign ratings on 

the cost of corporate capital (see Tables 6 and 7 for RCP 2.6 and 8.5 respectively).13 First, we 

translate sovereign downgrades into sovereign yield spreads as described above and reported 

in Tables 4-5. Second, we multiply these values (0.08% versus 0.12%) by the magnitude of the 

spillover effect from sovereign to corporate yields identified in Almeida et al (2017), treating 

0.6 (0.7) as the lower (upper) bound.14 Finally, we calculate the resulting costs of outstanding 

corporate debt in all countries in which we have data. Using data from the Bank of International 

Settlements (BIS), Table 6, column 3 reports outstanding corporate debt in US$ billion for the 

G7 + China as of June 2020. The availability of BIS data on corporate debt restricts our 

calculations to a sub-sample of 28 (34) countries under RCP 2.6 (8.5). 

Lower- and upper-bound estimates of increases in the cost of corporate debt due to climate-

induced sovereign downgrades are reported in columns 4-5. Under RCP 2.6, the lower (upper) 

bound estimates of the additional annual interest payments due to spillover of sovereign 

downgrades onto corporations will reach US$ 7.21 (12.62) billion by 2100 across all 28 

sovereigns for which BIS data is available. It is worth noting that this is the indirect effect of 

increased sovereign credit risk induced by climate change and passed onto corporates. These 

costs can be considered in addition to the direct effects of climate change on corporates (e.g. 

physical, transition, and litigation losses). The magnitude of the sovereign downgrades 

increases corporate interest outlays significantly (almost 5 times) under the RCP 8.5 scenario 

and exceeds 35.76 (62.59) $ billion for lower (upper) bound, respectively.  

 
13 As before in these tables we report G7 countries plus China but results for the full sample are available in 
Appendix D, Tables D.1.-D.4. 
14 Authors estimate the effect around the investment versus speculative grade threshold. These results are for 
illustrative purposes only and should be considered with caution. We realise taking this measure and applying it 
to all corporate debt held by a sovereign is conservative since not all firms will be rated around that threshold. 
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Table 6. Additional cost of corporate debt due to climate-induced sovereign downgrades 
(RCP 2.6, 2100) 

Sovereign 

Sovereign 
downgrade 
(notches) 

Outstanding 
corporate debt   

($ bn) 

Increase in cost 
of debt ($ bn) 
lower bound 

Increase in cost 
of debt ($ bn) 
upper bound 

Canada 0.58 515 0.14 0.25 
China 2.05 4061 4.00 6.99 
France 0.83 777 0.31 0.54 
Germany 0.23 241 0.03 0.05 
Japan 0.36 845 0.15 0.26 
United Kingdom 0.92 564 0.25 0.44 
United States 0.55 7126 1.88 3.29 
G7 + China 0.79 14129 5.35 9.36 
Total BIS 0.73 15356 7.21 12.62 

Notes: Translating climate-induced sovereign downgrades into increased corporate cost of debt by 2100 under RCP 2.6 
scenario. G7 plus China results presented here. Italy is not presented as it is not downgraded under this scenario. Data 
availability from BIS on corporate debt restricts our sample to 28 countries. Sub-sample results for the remaining 21 
sovereigns calculated using BIS database available in Appendix D, Table D.3. To calculate the value of corporate debt 
affected by sovereign downgrades we first convert the sovereign rating changes into sovereign yield which we then 
convert into corporate sovereign yield. To translate sovereign ratings into yields we use lower bond (0.08%) from 
Afonso et al. (2012) and higher bound (0.12%) from Gande & Parsley (2005). To then convert these into corporate 
spreads we use Almeida et al. (2017)’ conversions, with 0.6 for lower bound and 0.7 for higher bound. We multiply 
sovereign rating changes (see column 2) by an amount of outstanding debt at end-June 2020 (column 3) and 0.00048 
for a lower bound (0.08%*0.6) and 0.00084 (0.12%*0.7) for a upper bound respectively.  

Table 7. Additional cost of corporate debt due to climate-induced sovereign downgrades 
(RCP 8.5, 2100) 

Sovereign 

Sovereign 
downgrade 
(notches) 

Outstanding 
corporate debt   

($ bn) 

Increase in cost 
of debt ($ bn) 
lower bound 

Increase in cost 
of debt ($ bn) 
higher bound 

Canada 5.15 515 1.27 2.23 
China 6.55 4061 12.77 22.34 
France 2.43 777 0.91 1.59 
Germany 3.65 241 0.42 0.74 
Italy 0.3 152 0.02 0.04 
Japan 2.39 845 0.97 1.70 
United Kingdom 3.48 564 0.94 1.65 
United States 4.74 7126 16.21 28.37 
G7 + China 3.16 10220 20.75 36.31 
Total BIS 3.28 15561 35.76 62.59 

Notes: Translating climate-induced sovereign downgrades into increased corporate cost of debt by 2100 under 
RCP 8.5 scenario. G7 plus China results presented here. Data availability from BIS on corporate debt restricts our 
sample to 34 countries. Sub-sample results for the remaining 26 sovereigns calculated using BIS database 
available in Appendix D, Table D.4. To calculate the value of corporate debt affected by sovereign downgrades 
we first convert the sovereign rating changes into sovereign yield which we then convert into corporate sovereign 
yield. To translate sovereign ratings into yields we use lower bond (0.08%) from Afonso et al. (2012) and higher 
bound (0.12%) from Gande & Parsley (2005). To then convert these into corporate spreads we use Almeida et al. 
(2017)’ conversions, with 0.6 for lower bound and 0.7 for higher bound. We multiply sovereign rating changes 
(see column 2) by an amount of outstanding debt at end-June 2020 (column 3) and 0.00048 for a lower bound 
(0.08%*0.6) and 0.00084 (0.12%*0.7) for a higher bound respectively.  



 

 

24 

 

The above calculations show that impacts of climate-induced sovereign downgrades on debt 

servicing costs are large in magnitude for both sovereigns and corporates. With maturities of 

debt products extending15 and meaningful economic implications of climate change drawing 

nearer, investors will progressively need more reliable credit opinions beyond the relatively 

short-term 5-10 years horizon16 offered by CRAs today. This research has set the foundations 

for such a longer-term view. Based on the methodology applied here, future research could 

focus on the development of ultra-long ratings that investors could consider when assessing 

long-dated sovereign credit exposures. Currently CRAs apply the same “long-term” rating to a 

2-year bond as they do to a 50-year or century-bond. This equalisation of risk is clearly 

implausible. A transparent and scientifically grounded truly long-term rating will help support 

better investment decisions today, expose stranded assets earlier and create incentives for 

public policies and investments that contribute to containing and mitigating climate change. 

Such an instrument would therefore promote the global public good of climate protection and 

diminish the market failure that has created the climate crisis in the first place. Truly long-term 

credit views can help make climate risks visible within mainstream financial indicators, thus 

supporting investors to take decisions that are environmentally and financially sustainable for 

the long haul.17,18 

Our research has strong policy implications for CRAs’ regulators including ESMA and SEC. 

Significant changes due to climate change and aging societies are inevitable and sovereign 

credit ratings are not designed to reflect those ultra-long-term risks. Additionally, the “up to 

ten-year” horizon that CRAs pursue is not credible. Credit reports on sovereigns will include 

forecasts that typically only reach three years into the future, at most, and exceptionally to five. 

Regulators could therefore insist that CRAs document how they fulfil their current claim of a 

5 to 10-year time horizon. In a second step regulators should require CRAs to demonstrate how 

 
15 For instance, governments issue ever-longer dated bonds as long as 100 years (e.g., Argentina, Austria, Belgium, 
Ireland). 
16 CRAs issue what they refer to as “long-term” ratings but the time horizon extends to no more than 5-10 years, 
which is a fraction of the length of some of the bonds now being sold, and a relatively short period compared to 
the process of climate change. 
17 This will alleviate concerns raised by many in relation to climate service providers who “operate outside of the 
bounds of scientific merit” (Keenan 2019) and misuse climate models (Nissan et al., 2019).   
18 One important concern is whether predicting climate-induced downgrades in the future may increase the cost 
of debt today. This is particularly concerning for low-income countries where evidence suggests that climate-
related natural disasters are already hitting bond yields (Beirne et al., 2020; Buhr et al., 2018; Kling et al., 2018). 
If investors believed that e.g., India is not a climate-safe investment, the perverse result could be to starve India 
of the access to capital it needs to increase resilience. 
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they intend to incorporate long-term challenges such as demographic or climate change. 

Regulators must begin to look at more fundamental credit issues that could over a longer period 

impact the functioning of the capital market and its stability. 

5. Concluding remarks 

This research contributes to bridging the gap between climate science and real-world financial 

indicators. Combining climate science with economics, machine learning, and practitioner 

expertise, we simulate the effect of climate change on sovereign creditworthiness, producing 

the world’s first climate-adjusted sovereign credit rating. The analysis is conducted using two 

distinct climate-economy models and yields qualitatively similar results under various 

warming scenarios. We document three key empirical findings. In contrast to much of the 

climate-economics literature, we find material impacts of climate change as early as 2030, with 

significantly deeper downgrades across more sovereigns as climate warms and temperature 

volatility rises. Under RCP 8.5, the average sovereign downgrade could reach 2.48 notches, 

with several countries falling 5 notches or more on a 20-notch scale. Second, our findings 

suggest that stringent climate policy consistent with the Paris Agreement will result in minimal 

changes to sovereign creditworthiness. Finally, from policy perspective, our results support the 

idea that deferring green investments will increase costs of borrowing for sovereigns, which in 

line with the existing literature will translate into higher costs of corporate debt. The additional 

costs to sovereigns in our sample range from US$ 22 to 33 billion under RCP 2.6, and US$ 

137 to 205 billion under RCP 8.5. Corporates will experience additional costs of between US$ 

7.2 and 12.6 billion under RCP 2.6, and between US$ 35.8 and 62.6 billion under RCP 8.5.    

Perhaps most importantly, our approach demonstrates that it is possible to ‘do ESG’ without 

compromising scientific credibility. We show that existing climate science and economics are 

capable of supporting credible, decision-ready green finance indicators. 

This research is of interest to investors, sovereigns and CRAs alike. Governments issue ever-

longer dated bonds, of which life insurance companies and pension funds are eager buyers, 

thus enabling them to match their own long-term liabilities. Therefore, investors should 

consider the long-term creditworthiness of sovereign issuers. Currently there is no reliable 

yardstick for assessing sovereign creditworthiness beyond the current decade and this research 

fills this gap. Our study offers a first methodological approach to extend the long-term rating 

to an ultra-long-term reality. Based on the methodology applied here future research could 
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focus on developing ultra-long ratings not only for sovereigns but also for other issuers 

including corporates. 
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Appendices 

Appendix A- Literature review 

Assessing the effect of climate change on sovereign ratings is an inherently interdisciplinary 

endeavour. We combine several strands of scientific and economic research with practitioner 

insights from the world of sovereign ratings. This section introduces key themes from climate 

economics, sovereign risk assessment, and machine learning that underpin our study.  

Climate-economy models 

Macroeconomic climate models can be grouped into two categories: global integrated 

assessment models (IAMs) such as the DICE model for which Bill Nordhaus was awarded the 

2018 Nobel Prize in Economics (for reviews, see Aufhammer 2018; Diaz & Moore 2017), and 

a more recent strand of macroeconometric models to estimate the long-run impacts of changes 

in temperature and precipitation of aggregate output at the country level (Burke et al., 2015; 

Dell et al., 2014; Kahn et al., 2019). IAMs typically operate at the global scale and are used to 

evaluate economic impacts of various warming scenarios or climate policies, or to calculate 

the social cost of carbon for use in social cost-benefit analyses (Stern 2008). Although they 

have been useful in organising economists’ thinking about climate-economic relationships, 

IAMs are notoriously sensitive to assumptions about discount rates, the shape and 

parameterisation of damage functions, the latency of greenhouse gases in the atmosphere, the 

degree of climate sensitivity, and the costs and efficacy of investments in mitigation and 

adaptation (Aufhammer 2018; Diaz & Moore 2017). Whilst some characterize such 

sensitivities as weaknesses (Pindyck 2013), others find their flexibility useful for integrating 

advances in economic theory and environmental science into climate policy (Bastien-Olvera & 

Moore 2020; Dietz & Stern 2015).   

The primary limitation of IAMs for the current application – assessing the effect of climate on 

sovereign creditworthiness – is their high degree of spatial aggregation. Global analyses do not 

easily translate into country-level risk metrics.19 For instance, using DICE, Dietz et al. (2016) 

estimate the representative ‘climate value at risk’ of global financial assets to be US $2.5 

trillion, but do not comment on the distribution of value at risk across countries. While their 

 
19 Even the regional version of DICE (called RICE), aggregates to eight regions (Nordhaus & Boyer 2000). 
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results demonstrate that restricting warming to 2°C or less make financial sense for risk-neutral 

and institutional investors, DICE prevents them from making statements about sovereign risk. 

A new body of research is emerging that combines climate science with long-run 

macroeconometric analyses of relationships between temperature and GDP growth at the 

country-level (Burke et al., 2015; Dell et al., 2012, 2014; Kahn et al., 2019). Such models are 

increasingly used to assess country-level impacts of climate change and identify country-

specific social costs of carbon (Ricke et al., 2018). In an early contribution, Dell et al. (2012) 

constructed a 53-year, 125 country panel of weather and macroeconomic data to show that 

warming significantly reduces growth in poor countries by 1.3 percentage points for each 1C 

increase in temperature, but that the results are not significant in rich countries. Relaxing Dell 

et al’s (2012) assumption of linearity, Burke et al. (2015) find more extreme and unequal values 

for the impacts of climate change, with substantial winners and losers from climate change, 

summing to a net 22.6% of gross world product by 2100. Whilst these models can produce 

estimates of the economic effects of climate change, their macro structure means they cannot 

comment on the mechanisms through which these impacts are found (Burke et al., 2015). In 

contrast, Kahn et al., (2019) develop a stochastic growth model that links deviations of country-

specific climate variables (temperature and precipitation) from their historical norms to real 

output per capita growth. Using data between 1960 and 2014 and 174 countries, they find that 

persistent deviations of temperature from time-varying and country-specific historical 

thresholds (i.e., the historical norm) reduces per capita output growth, amounting to around 7% 

reduction in gross world product by 2100 in the absence of mitigation policies (with the global 

losses being significantly higher at 13% if the country-specific variability of climate conditions 

were to rise commensurate to temperature increases). Due to their ability to assess country-

level climate impacts (and explicitly modelling changes in the distribution of weather patterns; 

that is not only averages of climate variables that the climate-macro literature focuses on but 

also their variability), our baseline model uses Kahn et al., (2019) to inform our assessment of 

the effects of climate change on sovereign ratings, and Burke et al., (2019) for a robustness 

check.  

To facilitate interpretation and comparability, climate modelling exercises refer to a common 

set of future scenarios called representative concentration pathways (RCPs). RCPs describe 

potential trajectories for the annual flow and overall stock of greenhouse gases (GHGs), 
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aerosols, and chemically active gases in the atmosphere to 2100 (Moss et al., 2010). Each RCP 

is named according to its corresponding level of radiative forcing in 2100. For instance, RCP 

2.6 refers to a world of stringent climate policy that results in an end-of-century increase in 

radiative forcing of 2.6 Watts/m2 and corresponds to temperature rise well below 2°C, relative 

to pre-industrial conditions. In contrast, RCP 8.5 refers to an end-of century increase in 

radiative forcing (8.5 Watts/m2) and temperature of 5°C, relative to pre-industrial levels.  

In terms of policy, the Paris Climate Agreement pledged to limit average warming to ‘well 

below 2°C’ and corresponds most closely to RCP 2.6. In contrast, RCP 8.5 is described as the 

‘worst case’ high emissions scenario (Hausfather & Peters 2020; van Vuuren et al., 2011). For 

comparability with previous literature, we report results for warming scenarios under RCP 2.6 

and RCP 8.5. 

Climate change and sovereign credit risk 

To the best of our knowledge, there is no previous climate science-driven economic analysis 

of the impact of future climate change related to all types of climate weather events on 

sovereign ratings. The closest, papers are S&P (2015a,b) and Cevik & Jalles (2002a). In S&P 

(2015b) authors convert the economic outcomes resulting from extreme weather conditions 

into simplified sovereign rating tool. Findings suggest amongst studied perils earthquakes are 

the most devastating natural hazard and will likely to put pressure on creditworthiness of 

sovereigns close to the “edges of Earth’s geological plates” such as Chile, Costa Rica, Japan, 

Panama Peru, Philippines, Taiwan. S&P (2020a) is based on sample of 38 sovereigns and 44 

natural catastrophe events arising due to two perils: tropical cyclones and floods. To quantify 

climate change impact for each sovereign, the authors simulate direct damage to property and 

infrastructure resulting from given disaster type. The benchmark severity is a natural disaster 

that would be expected to occur once in every 250 years using a probabilistic model 250 years 

being a standard benchmark in the reinsurance industry). Simulated impacts take a time horizon 

up to 2050, and suggest that the impact of climate change via natural disasters is more important 

for emerging and developing sovereigns than for the advanced economies. Our results vary 

significantly which might be driven the fact we apply climate-economy models which take 

account of all natural perils and study much larger sample of sovereigns around the globe. Our 

trajectories also differ significantly as we are able to predict the climate-adjuested ratings for 

the years up to 2100.  
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Offering a backward look rather a future simulation of sovereign ratings Cevik & Jalles (2020a) 

use OLS and ordered response models to regress past sovereign ratings on climate 

vulnerability, resilience, and the usual macroeconomic indicators for a panel of 67 countries 

between 1995 and 2017. They find a positive statistically significant effect of climate resilience 

on ratings, but only mixed results for vulnerability. We advise caution in interpreting these 

results for several reasons. Many of the countries20 in their sample were not rated by CRAs 

until the mid-2000s and may not have many ratings events in the panel. Moreover, the effect 

of climate change over the period 1995 – 2017 is likely to be small compared to what is 

expected over the coming century. It could be difficult to identify climate-specific impacts on 

ratings in the past. More importantly, their approach only considers the effects of climate 

change on ratings through climate vulnerability and resilience, but ignores the effect of climate 

change on GDP per capita, GDP growth, or indeed any of the other macroeconomic variables 

in their model. Finally, we present a number of econometric and methodological challenges in 

the next section. 

Most of the literature on climate and sovereign risk focuses on bond yields rather than ratings 

(Beirne et al., 2020; Buhr et al., 2018; Capelle-Blancard et al., 2017; Cevik & Jalles 2020b,c; 

Crifo et al., 2015; Kling et al., 2018). An increasingly common finding is that high climate 

vulnerability and low resilience increases sovereign borrowing costs, especially for lower 

income countries (Beirne et al., 2020; Kling et al., 2018). Calculating the impact of climate risk 

on bond yields for 46 countries from 1996 to 2016, Buhr et al. (2018) find that climate related 

vulnerability increased the cost of debt of developing countries by 117 basis points, which 

translates into USD 40 billion in additional interest payments on government debt over the 

period of past 10 years. 

Recent research also suggests exposure to climate risk increases public borrowing costs in 

developed countries. Painter (2020) investigates how exposure to sea level rise affects yields 

for US municipalities, finding that a one percent increase in climate risk leads to an increase in 

cost of capital by 23.4 basis points, or an average rise in annualized issuance costs of $1.7 

million for the average county (Painter 2020).  

 
20 For instance, Albania’s first ever rating was in 2010, Azerbaijan 2008, Bosnia 2008, Fiji 2006, Gabon 2007, 
Georgia 2005, Mozambique 2004, Nigeria 2006, Seychelles 2006. 



 

 

33 

 

Estimating sovereign ratings 

As key intermediaries between the supply and demand for finance, credit ratings agencies 

(CRAs) play a central role in markets by providing standardised information about the 

creditworthiness of investments. Sovereign ratings compile objective data with subjective 

assessments of the ability and willingness of sovereigns to service their debt. Although CRAs 

make their ratings methodologies publicly available,21 the subjective inputs mean that 

sovereign ratings are not perfectly replicable by outsiders.22 For this reason, a literature has 

arisen to try to ‘hack’ the sovereign ratings methods, using publicly available macroeconomic 

and governance indicators to ‘reconstruct’ sovereign ratings based on objective data, thus 

eliminating the subjective component and making ratings replicable.  

Traditional approaches to modelling credit ratings often rely on parametric estimation (see for 

example, Afonso et al., 2009; 2011; Baghai et al., 2016; Cantor & Packer 1996). Most often 

this is an ordered probit model, featuring alongside other methodologies as robustness checks 

including linear regression and logit regression (see Cevik & Jalles 2020a). However, the 

uniqueness of credit ratings presents several challenges. First, ratings are inherently non-linear. 

Incremental shifts through the rating scale do not represent equally meaningful changes in 

credit worthiness. For instance, if Country A moves from one high grade rating to another, this 

change would not be as significant as if Country A moved from a lower medium grade to a 

non-investment grade. Second, sovereign credit ratings are not characterised by the same 

distributional properties we may observe in other variables. The case is that often far more 

observations are found at the top-end of the ratings scale than throughout the rest of the rating 

categories. These features make linear modelling of credit ratings difficult and subsequently 

lead to error. The methodologies used in the literature may also be subject to other errors, such 

as multi-collinearity. This is often induced as a result of collinear predictors in country level 

data or using least-squares dummy variable (LSDV) estimations.    

Motivated by these issues, researchers have considered non-parametric approaches to 

modelling sovereign ratings. Methodological implementations are varied, which include the 

application of artificial neural networks (Bennell et al., 2006; Fioramanti 2008; Markellos et 

 
21 For a graphical interpretation of S&P sovereign methodology see Figure A.1. 
22 One of our authors Global Chief Rating Officer, Sovereign Ratings at S&P (2013 – 2018).  
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al., 2016), decision trees (Markellos et al., 2016), random forests (Ozturk et al., 2016; De Moor 

et al., 2018) and support vector machines (Van Gestel et al., 2007). The central benefits 

associated with these approaches are twofold. First, nonparametric approaches are much better 

at handling non-linear outcomes in the data (Markellos et al., 2016). Second, these approaches 

can often provide a superior fit (De Moor 2018). In addition, it is suspected that sovereign 

credit ratings are subject to certain thresholds in various country level predictors, such as GDP 

per capita (S&P 2017). Therefore, using methodologies that are capable of handling non-

linearities is essential. 

Random forest algorithms are variously identified as the optimum machine learning technique 

in the application of credit rating prediction (Ozturk et al., 2016; De Moor et al., 2018). Figure 

A.2 provides an overview of the mechanics of this algorithm. Random forests are most 

intuitively thought of as a collection of decision trees. Decision tree algorithms work through 

the construction a series of nodes represented by the circles in Fig. A.2. At each node the 

algorithm selects the feature which provides the best split of the data. Once the data has been 

split on the first feature, it then attempts to split the data again such that the resulting splits are 

as different from the other split as possible, but as similar to each other as possible. This process 

continues until the data can no longer be split on the features provided. 

Random forest algorithms can be thought of as extensions of decision trees, and are different 

in two key ways. First, decision tree algorithms can be highly sensitive to the data on which 

they have been trained. Random forests improve upon this by enabling each tree within the 

forest to be trained upon a randomly selected sub-sample of the data, with replacement. Second, 

in an ordinary decision tree process, the algorithm selects the feature (from all available 

features) which provides the best split. A random forest algorithm enables the tree to select 

from only a random subset of features. The intuition behind each of these two modifications is 

that the prediction made by a forest is an average of the decision made by each tree, and as a 

consequence is much more reliable and robust as a collection.  

Machine learning methodologies are becoming increasingly popular in the sovereign ratings 

literature. Research variously employs these techniques to model the impact of the informal 

economy (Markellos et al., 2016), predict sovereign debt crises (Fioramanti 2008), provide 

accurate predictions of credit ratings (Bennell, 2006; De Moor et al., 2018; Ozturk et al., 2016; 

Van Gestel et al., 2006) and explain variance in ESG ratings (Berg et al., 2020). Evidence 
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across the literature supports the view that machine learning techniques outperform traditional 

parametric approaches in each of these applications. Furthermore, in applications of rating 

prediction, research reports an improvement of accuracy of approximately 30% above 

parametric approaches (De Moor et al., 2018; Ozturk et al., 2016). This research supports the 

use of random forest techniques in ratings prediction application.  

This paper differs from the existing literature in one primary way. That is, our goal is to 

estimate sovereign credit ratings in various climate change scenarios. A common theme 

throughout the literature is the inclusion of a wide range of determining variables. Inclusive 

amongst these are economic indicators, trade relations, and measures of institutional quality. 

In our application we only make use of variables which we can readily predict under climate 

change scenarios. As such, we sacrifice some predictive capacity in order to stay as close to 

the climate research as possible. 

Since some of the metrics are not quantifiable and due to proprietary rights weights of the exact 

(numerous) variables are not known it is difficult to closely replicate the rating. Because 

sovereign debt has a pronounced economic and financial effect many researchers attempted to 

find an exhaustive suite of sovereign rating determinants using publicly available information 

to then mimic and forecast them into the future. 

Figure A.1. S&P's sovereign ratings methodology 

Source: S&P (2017) 
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Figure A.2. Random forest classification process 

 

Appendix B- Data and methodology 

B.1. Constructing climate-adjusted government balance variables 

To construct climate-adjusted versions of the four government balance variables in our model, 

we extrapolate statistical models based on data from S&P (2015b). S&P produce estimates of 

the effect of various climate and natural disasters on our set of government balance indicators. 

For instance, using the scenario of a 1 in 250 – year earthquake, they estimate the damage 

caused, impacts on GDP per capita. They repeat this analysis for tropical cyclones, floods and 

winter storms. To make use of this data, we combine the tables in S&P (2015b) and assume 

homogeneity across the various events.  

Figure B.1. illustrates the process. Data points combines values from tables in S&P (2015b) 

describing the relationship between disaster-induced losses in per capita GDP and the log of 

net general government debt (one of our four government performance variables). To adjust 

our government performance variables for the effect of climate change, we need a function 

describing the data in Figure B.1. To derive this function, we first fit a linear model (red line), 

followed by polynomials of increasing order until ANOVA tests indicate no further 

significance is achieved. Using the coefficients from the best fit polynomial, we apply GDP 
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losses determined by Kahn et al. (2019) to derive climate-adjusted net general government debt 

for each country in the sample. We repeat the process for each government balance variable. 

Figure B.1. Fitting models of the effect of GDP loss on government performance variables 

 
 

This approach is a simplification, as more sophisticated models of the effects of each type of 

disaster on GDP may be available. However, we believe this is justified for two reasons. First, 

in this step we are not interested in the effect of disasters on GDP, but rather the effect of the 

change in GDP on e.g. net general government debt. Our measure of the effect of climate on 

GDP comes directly from Kahn et al. (2019). Second, this approach provides practitioner 

evidence on the expected relationship between GDP losses and these macro indicators, keeping 

our approach as close as possible to real-world practice in CRAs. Finally, the approach enables 

us to continue to rely on the same direct links between climate science and climate economics 

that we use for adjusting GDP and its growth rate. 
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Table B.1. Converting S&P's sovereign ratings to a 20-notch numerical scale 

Long-term 
foreign currency 

issuer rating 
symbol 

Numerical rating 

 

Rating grade 

S&P          

AAA 20 
 

Prime high grade 
 

Investment grade 

AA+ 19   

High grade 
 

AA 18   
 

AA- 17   
 

A+ 16    
 

A 15   
Upper medium grade  

A- 14   
 

BBB+ 13   

Lower medium grade 
 

BBB 12   
 

BBB- 11     

BB+ 10   

Speculative 

  

Non-investment grade 

BB 9   
 

BB- 8   
 

B+ 7   

Highly speculative 
 

B 6   
 

B- 5   
 

CCC+ 4   

Substantial risks 
 

CCC 3   
 

CCC- 2   
 

CC 1   
Extremely speculative  

C 1   
 

D/SD 1   In default 
 

Notes: This table presents S&P alphabetical categories translated into 20-notch scale based on S&P’s Global 
Rating Definitions available from: 
https://www.standardandpoors.com/en_US/web/guest/article/-/view/sourceId/504352 
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Appendix C - Robustness to alternative climate-economy models and longer time series 

We employ several approaches to testing the robustness of our results. First, we extend the time 

series of ratings data used to train our ratings prediction model. Our baseline model is trained 

on 639 sovereign rating actions issued by S&P between 2015 and 2020. This time series is 

chosen because it overlaps with data outputs (climate-adjusted GDP) from our climate-

economy model (Kahn et al., 2019) and because ratings issued at any point within this 

timeframe are still within the standard ratings horizon of 5-10 years.23 However, most of the 

countries in our sample have ratings histories that pre-date our 2015 cut-off, meaning a longer 

time series is available.  

To test our model on a longer time series of sovereign ratings, we incorporated data on S&P’s 

sovereign ratings between 2004 and 2020. Tripling the timespan more than doubles our 

observations number from 639 in the baseline to 1385 in the extended sample. We train the 

same 6-variable model on the same 108 countries. Table C.1. compares predictive accuracy of 

our baseline model (columns 2-4) against our extended time series model (columns 5-7). 

Extending the ratings sample reduces exact matches between observed ratings and our 

predictions for in-sample, out of sample, and out of sample investment grade ratings. However, 

this is a random model and variation in predictive accuracy of this magnitude are observed 

across multiple runs of the model. Interestingly, extending the time series has opposite effects 

on the accuracy of out of sample tests when we run the model on the full set of 108 countries 

compared to restricting it to countries with investment grade ratings. Focusing on all 108 

countries (columns 2 and 5), we see a decrease in predictive accuracy across the board. In 

contrast, focusing only on those countries with investment grade ratings (columns 4 and 7), we 

see slight reduction in exact matches followed by improved accuracy within 1, 2, and 3 notches. 

 

 

 

 
23 At the time of writing. 
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Table C.1. Predictive accuracy with an extended time series 
 

Our results (2015 – 2020) Extended sample (2004 – 2020) 
Rating range 

Whole 

Sample 

Out of 

sample 

(80/20 

split) 

Investment 

Grade Out 

of Sample 

(80/20) 

Whole 

Sample 

Out of 

sample 

(80/20 

split) 

Investment 

Grade Out 

of Sample 

(80/20) 

Exact match 67.92% 31.75% 34.78% 55.45 28.52 28.40 

1 notch 96.24% 76.19% 63.77% 92.56 63.18 71.60 

2 notch 99.69% 90.48% 81.16% 98.41 81.85 88.76 

3 notch - 94.44% 92.75% 99.57 91.70 97.63 

Observations 639 513/126 276/69 1385 1108 672 

# of variables 6 6 6 6 6 6 

Countries 108 108 62/42 108 108 66 

Notes: Table presents the predictive capacity of our benchmark random forest model, and an extended time series. 
Columns 2-4 present the results also found in Table 3. Columns 5-7 present the results when the model is trained 
on an extended time period.  

At first, these results may seem counterintuitive: more data can typically be expected to 

improve accuracy. However, several unique features of sovereign ratings suggest this may not 

be the case. First, sovereign ratings have an informal ‘lifespan’ of 5-10 years, owing to the fact 

that the political and economic factors on which ratings are based may change substantially 

over this timeframe. Thus, the inclusion of obsolete data may not improve current predictions. 

Perhaps more importantly, our extended time series now includes the build-up, duration, and 

aftermath of the 2008 financial crisis. This was a turbulent period for sovereign ratings and 

fiscal conditions world-wide. As such, the extended time series may actually introduce more 

noise than predictive capacity. Finally, results in terms of the simulated impacts of climate 

change on sovereign ratings were not qualitatively different when the timespan was extended.24 

Thus, for our baseline scenario we focus on ratings issued between 2015 and 2020.  

One potential concern with our results is that they could be sensitive to the choice of underlying 

climate-economic model (clear box in Figure 1). Models in the macroeconometric climate 

literature employ a range of econometric assumptions and specifications, sometimes leading to 

substantially different conclusions. To assess the sensitivity of our results to the choice of 

model, we ran the full exercise again using Burke et al. (2015) rather than Kahn et al. (2019) 

 
24 Figures and tables can be provided upon request. 
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for the underlying impacts of climate on GDP and government balances. Compared to Kahn et 

al. (2019), Burke et al. (2015) find more extreme and unequal results across countries. For 

instance, they find that due to climate change, India will face a 92% reduction in per capita 

GDP by 2100, whereas Iceland will face a 513% increase.  

Both the depths of the modelled losses in hot countries and the peaks of the modelled gains 

among Northern countries remain outliers in the literature and present challenges for our 

model. Due to the importance of per capita GDP and its growth rate for simulating ratings, 

Burke et al.’s extreme results create a larger number of climate-induced upgrades, largely 

concentrated at the lower end of the ratings scale. Moreover, our interpolative method for 

extracting the climate-adjusted government balance indicators is less reliable in this setting. 

S&P (2015b) only assessed the effect of GDP losses of up to 12% on our government 

performance variables, but Burke et al.’s estimated per capita GDP losses often exceeded this 

range substantially (e.g., for India, they predict losses of 92%). To avoid extrapolating beyond 

S&P’s data, we capped the negative impacts at 12% GDP loss, and positive impacts at 0% 

gains. Finally, to maximise our predictive capacity in the face of Burke et al.’s extreme impacts, 

we restricted our analysis to investment-grade sovereigns.  

Figure C.2. Panels A and B illustrate the effect of climate change on investment-grade 

sovereigns for the year 2100 under Burke et al.’s warming and no warming scenario. Panel A 

shows that although the results are clearly noisier than under our baseline model using Kahn et 

al. (2019), we find a similar pattern of substantial downgrades, with greater reductions at the 

higher end of the scale. T-tests indicate the results are statistically significantly different from 

zero at the 1% level. Similarly, Panel B depicts our predicted changes in ratings for 2100 (again 

for investment-grade countries only) using the ‘no climate change’ scenario from Burke et al.’s 

model. These results show much closer alignment with current observed ratings. T-tests 

indicate the changes cannot be statistically significantly distinguished from zero. 
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Figure C.2. Effect of climate on ratings (2100, RCP 8.5 vs no warming scenario)  

 

Notes: Estimates based on climate economy model of Burke et al. (2015). 
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Appendix D - Additional cost of sovereign and corporate borrowing due to climate-

induced sovereign downgrades  

Table D.1. Additional cost of sovereign borrowing due to climate-induced sovereign 
downgrades (RCP 2.6, 2100) 

Sovereign 

Outstanding 
sovereign 

debt ($ bn) 

Sovereign 
downgrade 
(notches) 

Cost of sovereign 
borrowing ($ bn) 

(lower bound) 

Cost of sovereign 
borrowing ($ bn) 
(higher bound) 

Australia 384.50 1.09 0.33 0.50 
Austria 231.70 1.16 0.22 0.32 
Bangladesh 45.50 0.36 0.01 0.02 
Belgium 436.90 0.52 0.18 0.27 
Benin 3.90 0.21 0.00 0.00 
Botswana 1.10 0.91 0.00 0.00 
Bulgaria 10.80 0.19 0.00 0.00 
Canada 557.10 0.58 0.26 0.39 
Chile 70.50 2.56 0.14 0.22 
China 2464.40 2.05 4.03 6.05 
Colombia 129.80 1.39 0.14 0.22 
Costa Rica 31.40 0.68 0.02 0.03 
Czechia 70.20 0.73 0.04 0.06 
Denmark 91.70 0.66 0.05 0.07 
Dominican 
Republic 28.70 0.07 0.00 0.00 
Estonia 0.10 0.39 0.00 0.00 
Finland 118.10 0.48 0.05 0.07 
France 2026.10 0.83 1.35 2.02 
Georgia 2.60 0.4 0.00 0.00 
Germany 1254.30 0.23 0.23 0.34 
Honduras 6.80 0.03 0.00 0.00 
India 1365.30 1.47 1.61 2.41 
Indonesia 290.60 0.91 0.21 0.32 
Israel 237.90 0.17 0.03 0.05 
Japan 10396.20 0.36 2.96 4.44 
Jordan 29.50 0.13 0.00 0.00 
Kazakhstan 26.80 0.61 0.01 0.02 
Kenya 37.00 0.58 0.02 0.03 
South Korea 589.50 0.65 0.31 0.46 
Kuwait 16.50 0.45 0.01 0.01 
Latvia 11.20 0.3 0.00 0.00 
Luxembourg 11.70 0.11 0.00 0.00 
Malaysia 189.80 0.71 0.11 0.16 
Mexico 386.40 0.55 0.17 0.26 
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Table D.1. Continued 

Sovereign 

Outstanding 
sovereign 

debt ($ bn) 

Sovereign 
downgrade 
(notches) 

Cost of sovereign 
borrowing ($ bn) 

(lower bound) 

Cost of sovereign 
borrowing ($ bn) 
(higher bound) 

Morocco 67.20 1.52 0.08 0.12 
Netherlands 341.40 0.37 0.10 0.15 
New Zealand 52.70 0.46 0.02 0.03 
Macedonia 4.00 0.21 0.00 0.00 
Norway 49.80 0.34 0.01 0.02 
Panama 23.60 0.57 0.01 0.02 
Peru 49.10 1.11 0.04 0.07 
Philippines 134.50 0.73 0.08 0.12 
Poland 222.40 0.66 0.12 0.18 
Qatar 100.20 0.28 0.02 0.03 
Senegal 6.00 0.14 0.00 0.00 
Serbia 14.30 0.49 0.01 0.01 
Slovakia 42.90 0.89 0.03 0.05 
Slovenia 31.00 0.59 0.01 0.02 
South Africa 213.30 0.72 0.12 0.18 
Sri Lanka 57.20 0.13 0.01 0.01 
Sweden 119.70 0.92 0.09 0.13 
Switzerland 68.60 0.84 0.05 0.07 
Thailand 180.20 0.59 0.08 0.13 
United Kingdom 2710.70 0.92 2.00 3.00 
United States 16673.40 0.55 7.35 11.03 
Full sample total 42716.80 0.65 22.74 34.11 

Notes: Translating climate-induced sovereign downgrades into increased sovereign cost of borrowing by 2100 
under RCP 2.6 scenario. Dataset includes 55 downgraded sovereigns and their outstanding sovereign debt figures 
for 2019 obtained from S&P SRIs. Conversion between sovereign downgrades into yields for lower bound is 
based on Afonso et al. (2012) and for higher bound on Gande & Parsley (2005), whereby 1 notch sovereign 
downgrade increases sovereign bond spread by 0.08% and 0.12% respectively. 
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Table D.2. Additional cost of sovereign borrowing due to climate-induced sovereign 
downgrades (RCP 8.5, 2100) 

Sovereign 
Outstanding 

sovereign 
debt ($ bn) 

Sovereign 
downgrade 
(notches) 

Cost of sovereign 
borrowing ($ bn) 

(lower bound) 

Cost of sovereign 
borrowing ($ bn) 
(higher bound) 

Albania 6.50 1.31 0.01 0.01 
Australia 384.50 4.01 1.23 1.85 
Austria 231.70 2.26 0.42 0.63 
Bangladesh 45.50 1.57 0.06 0.09 
Belgium 436.90 2.53 0.88 1.32 
Benin 3.90 1.08 0.00 0.01 
Bolivia 4.90 0.69 0.00 0.00 
Botswana 1.10 3.33 0.00 0.00 
Brazil 1032.60 1.54 1.27 1.91 
Bulgaria 10.80 3.86 0.03 0.05 
Canada 557.10 5.15 2.30 3.45 
Cape Verde 1.30 0.45 0.00 0.00 
Chile 70.50 8.26 0.47 0.70 
China 2464.40 6.55 12.92 19.38 
Colombia 129.80 4.55 0.47 0.71 
Costa Rica 31.40 1.05 0.03 0.04 
Croatia 34.60 0.97 0.03 0.04 
Cyprus 13.80 0.12 0.00 0.00 
Czechia 70.20 2.81 0.16 0.24 
Denmark 91.70 3.49 0.26 0.38 
Dominican 
Republic 28.70 1.00 0.02 0.03 
Estonia 0.10 1.52 0.00 0.00 
Fiji 2.30 0.50 0.00 0.00 
Finland 118.10 1.75 0.17 0.25 
France 2026.10 2.43 3.93 5.90 
Georgia 2.60 1.62 0.00 0.01 
Germany 1254.30 3.65 3.66 5.49 
Guatemala 15.90 1.65 0.02 0.03 
Honduras 6.80 0.23 0.00 0.00 
Hungary 93.10 2.22 0.17 0.25 
India 1365.30 5.39 5.89 8.83 
Indonesia 290.60 3.96 0.92 1.38 
Israel 237.90 1.03 0.20 0.29 
Italy 2225.30 0.30 0.54 0.81 
Japan 10396.20 2.39 19.86 29.80 
Jordan 29.50 1.60 0.04 0.06 
Kazakhstan 26.80 4.92 0.11 0.16 
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Table D.2. Continued 

Sovereign 
Outstanding 

sovereign 
debt ($ bn) 

Sovereign 
downgrade 
(notches) 

Cost of sovereign 
borrowing ($ bn) 

(lower bound) 

Cost of sovereign 
borrowing ($ bn) 
(higher bound) 

Kenya 37.00 0.98 0.03 0.04 
South Korea 589.50 3.09 1.46 2.19 
Kuwait 16.50 0.88 0.01 0.02 
Latvia 11.20 3.10 0.03 0.04 
Lithuania 16.90 2.04 0.03 0.04 
Luxembourg 11.70 2.25 0.02 0.03 
Malaysia 189.80 5.80 0.88 1.32 
Mexico 386.40 5.52 1.71 2.56 
Mongolia 4.90 0.48 0.00 0.00 
Morocco 67.20 4.99 0.27 0.40 
Netherlands 341.40 3.32 0.91 1.36 
New Zealand 52.70 2.69 0.11 0.17 
Macedonia 4.00 2.15 0.01 0.01 
Norway 49.80 2.05 0.08 0.12 
Oman 40.60 0.06 0.00 0.00 
Pakistan 141.90 0.30 0.03 0.05 
Panama 23.60 3.83 0.07 0.11 
Paraguay 5.20 0.90 0.00 0.01 
Peru 49.10 5.32 0.21 0.31 
Philippines 134.50 3.69 0.40 0.60 
Poland 222.40 4.55 0.81 1.21 
Portugal 224.90 1.51 0.27 0.41 
Qatar 100.20 0.57 0.05 0.07 
Romania 88.90 3.13 0.22 0.33 
Russia 191.40 0.51 0.08 0.12 
Rwanda 1.40 0.58 0.00 0.00 
Saudi Arabia 167.50 0.33 0.04 0.07 
Senegal 6.00 0.91 0.00 0.01 
Serbia 14.30 2.07 0.02 0.04 
Slovakia 42.90 6.48 0.22 0.33 
Slovenia 31.00 3.66 0.09 0.14 
South Africa 213.30 3.13 0.53 0.80 
Sri Lanka 57.20 1.11 0.05 0.08 
Suriname 1.70 0.49 0.00 0.00 
Sweden 119.70 3.50 0.34 0.50 
Switzerland 68.60 3.11 0.17 0.26 
Thailand 180.20 2.31 0.33 0.50 
Trinidad & Tobago 9.00 0.50 0.00 0.01 
Turkey 204.50 1.49 0.24 0.37 
United Kingdom 2710.70 3.48 7.54 11.31 
United States 16673.40 4.74 63.18 94.76 
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Table D.2. Continued 

Sovereign 
Outstanding 

sovereign 
debt ($ bn) 

Sovereign 
downgrade 
(notches) 

Cost of sovereign 
borrowing ($ bn) 

(lower bound) 

Cost of sovereign 
borrowing ($ bn) 
(higher bound) 

Uruguay 27.10 3.06 0.07 0.10 
Vietnam 53.70 2.14 0.09 0.14 
Full sample total 47326.70 2.48 136.68 205.02 

Notes: Translating climate-induced sovereign downgrades into increased sovereign cost of borrowing by 2100 
under RCP 8.5 scenario. Dataset includes 80 downgraded sovereigns and their outstanding sovereign debt figures 
for 2019 obtained from S&P SRIs. Conversion between sovereign downgrades into yields for lower bound is based 
on Afonso et al. (2012) and for higher bound on Gande & Parsley (2005), whereby 1 notch sovereign downgrade 
increases sovereign bond spread by 0.08% and 0.12% respectively. 
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Table D.3. Additional cost of corporate debt due to climate-induced sovereign downgrades 
(RCP 2.6, 2100) 

Sovereign 

Sovereign 
downgrade 
(notches) 

Outstanding 
corporate debt   

($ bn) 

Increase in cost 
of debt ($ bn) 
lower bound 

Increase in cost 
of debt ($ bn) 
higher bound 

Australia 1.09 213 0.11 0.20 
Austria 1.16 44 0.02 0.04 
Belgium 0.52 70 0.02 0.03 
Bulgaria 0.19 2 0.00 0.00 
Canada 0.58 515 0.14 0.25 
Czechia 0.73 15 0.01 0.01 
Chile 2.56 89 0.11 0.19 
China 2.05 4061 4.00 6.99 
Denmark 0.66 25 0.01 0.01 
Estonia 0.39 1 0.00 0.00 
Finland 0.48 39 0.01 0.02 
France 0.83 777 0.31 0.54 
Germany 0.23 241 0.03 0.05 
Israel 0.17 66 0.01 0.01 
Japan 0.36 845 0.15 0.26 
Luxembourg 0.11 30 0.00 0.00 
Malaysia 0.71 176 0.06 0.10 
Netherlands 0.37 180 0.03 0.06 
Norway 0.34 91 0.01 0.03 
Peru 1.11 21 0.01 0.02 
Philippines 0.73 14 0.00 0.01 
Poland 0.66 20 0.01 0.01 
Slovakia 0.89 5 0.00 0.00 
Slovenia 0.59 1 0.00 0.00 
Sweden 0.92 9 0.00 0.01 
Thailand 0.59 116 0.03 0.06 
United Kingdom 0.92 564 0.25 0.44 
United States 0.55 7126 1.88 3.29 
Total BIS  0.73 15356 7.21 12.62 

Notes: Translating climate-induced sovereign downgrades into increased corporate cost of debt by 2100 under 
RCP 2.6 scenario. Data availability from BIS on corporate debt restricts our sample to 28 countries. To calculate 
the value of corporate debt affected by sovereign downgrades we first convert the sovereign rating changes into 
sovereign yield which we then convert into corporate sovereign yield. To convert sovereign ratings into yields we 
use lower bond (0.08%) from Afonso et al. (2012) and higher bound (0.12%) from Gande & Parsley (2005). To 
then translate these into corporate spreads we use Almeida et al. (2017)’ conversions, with 0.6 for lower bound 
and 0.7 for higher bound. We multiply sovereign rating changes (see column 2) by an amount of outstanding debt 
at end-June 2020 (column 3) and 0.00048 for a lower bound (0.08%*0.6) and 0.00084 (0.12%*0.7) for a higher 
bound.  
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Table D.4. Additional cost of corporate debt due to climate-induced sovereign downgrades 
(RCP 8.5, 2100) 

Sovereign 

Sovereign 
downgrade 
(notches) 

Outstanding 
corporate debt   

($ bn) 

Increase in cost 
of debt ($ bn) 
lower bound 

Increase in cost 
of debt ($ bn) 
higher bound 

Australia 4.01 213 0.41 0.72 
Austria 2.26 44 0.05 0.08 
Belgium 2.53 70 0.09 0.15 
Bulgaria 3.86 2 0.00 0.01 
Canada 5.15 515 1.27 2.23 
Czechia 2.81 15 0.02 0.04 
Chile 8.26 89 0.35 0.62 
China 6.55 4061 12.77 22.34 
Croatia 0.97 3 0.00 0.00 
Denmark 3.49 25 0.04 0.07 
Estonia 1.52 1 0.00 0.00 
Finland 1.75 39 0.03 0.06 
France 2.43 777 0.91 1.59 
Germany 3.65 241 0.42 0.74 
Hungary 2.22 3 0.00 0.01 
Israel 1.03 66 0.03 0.06 
Italy 0.3 152 0.02 0.04 
Japan 2.39 845 0.97 1.70 
Lithuania 2.04 1 0.00 0.00 
Luxembourg 2.25 30 0.03 0.06 
Malaysia 5.8 176 0.49 0.86 
Netherlands 3.32 180 0.29 0.50 
Norway 2.05 91 0.09 0.16 
Peru 5.32 21 0.05 0.09 
Philippines 3.69 14 0.02 0.04 
Poland 4.55 20 0.04 0.08 
Portugal 1.51 37 0.03 0.05 
Slovakia 6.48 5 0.02 0.03 
Slovenia 3.66 1 0.00 0.00 
Sweden 3.5 9 0.02 0.03 
Thailand 2.31 116 0.13 0.23 
Turkey 1.49 9 0.01 0.01 
United Kingdom 3.48 564 0.94 1.65 
United States 4.74 7126 16.21 28.37 
Total BIS 3.28 15561 35.76 62.59 

Notes: Translating climate-induced sovereign downgrades into increased corporate cost of debt by 2100 under RCP 8.5 
scenario. Data availability from BIS on corporate debt restricts our sample to 34 countries. To calculate the value of corporate 
debt affected by sovereign downgrades we first convert the sovereign rating changes into sovereign yield which we then 
convert into corporate sovereign yield. To convert sovereign ratings into yields we use lower bond (0.08%) from Afonso et al. 
(2012) and higher bound (0.12%) from Gande & Parsley (2005). To then translate these into corporate spreads we use Almeida 
et al. (2017)’ conversions, with 0.6 for lower bound and 0.7 for higher bound. We multiply sovereign rating changes (see 
column 2) by an amount of outstanding debt at end-June 2020 (column 3) and 0.00048 for a lower bound (0.08%*0.6) and 
0.00084 (0.12%*0.7) for a higher bound.  


