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Executive Summary 
Climate scenario analysis has become a central focus for banks and financial institutions, especially as 
regulatory expectations have become more stringent, requiring firms to understand and assess both short-
term and long-term financial risks associated with climate change. In recent months, there has been a 
heightened emphasis on recognizing and effectively managing the immediate impacts of climate-related 
financial risks on the business models of firms. 

Measuring climate risk in the short term presents unique challenges for firms, particularly when evaluating the 
impact from a trading book perspective. This involves the consideration of severe and plausible climate risk 
scenarios within a horizon of less than one year. In the first half of 2023, ISDA commissioned Deloitte to 
develop a conceptual framework1 and key issues to consider for the design and implementation of climate risk 
scenarios for the trading book, with the aim of producing a set of corresponding market risk factors consistent 
with climate risk as an output.  

This framework was used as the basis for a pilot exercise to develop three short-term climate scenarios for the 
trading book. These comprise: a physical risk scenario that involves a sudden and dramatic increase in 
temperature; a transition risk scenario encompassing a sharp increase in carbon taxes; and a combined physical 
and transition risk scenario. All three scenarios entail falls in equity prices and rises in credit spreads across 
regions as economic growth slows in response to the climate shocks. Interest rates rise in the transition risk 
scenario as central banks battle rising inflation, but interest rates fall in the physical risk scenario as central 
banks focus on offsetting the shock to growth. Emerging market economies experience larger impacts on their 
economies and associated financial asset prices than advanced economies in all three scenarios. These 
scenarios are intended to support banks as they broaden their climate scenario analysis capabilities to include 
the trading book.   

 

Some of the key factors that formed part of this exercise included: 

• The exercise has produced a detailed set of scenario parameters covering a range of market risk factors 
in the three scenarios, including country and sector specific parameters. Given the exercise was a pilot, 
coverage of the scenarios is partial and should be expanded in future work. 

• The geographical areas covered in this pilot exercise were divided into developed markets (the EU, 
Japan, the UK and the US) and emerging markets, with Brazil and India selected as representative 
regions. 

• An integral part of this exercise was a crowdsourcing exercise, which involved soliciting input from an 
ISDA working group on the magnitude and direction of the shocks. This process aimed to ensure that 
the shocks remained plausible for the trading book in the short term and is consistent with the role 
that subject matter experts typically play in most scenario analysis exercises. 

• To support the crowdsourcing part of the exercise, the ISDA working group was provided with an initial 
set of model-based scenarios to discuss. A specific set of models was adopted for this exercise, but the 
group discussed how a range of different approaches could also have been used. 

• The calibrated market risk shocks from the crowdsourcing exercise were used to assess the impact of 
the three scenarios on a set of hypothetical instruments based broadly on exercises that the European 
Banking Authority (EBA)2 has conducted for benchmarking. 

• The results were compared against various climate and regulatory exercises to provide a benchmark 
for the results of this pilot exercise. 

 

The conceptual framework served as a crucial reference for conducting the climate scenario analysis in the 
trading book discussed in this paper. This process demonstrated the usefulness of each stage and key element 
delineated in the conceptual framework for the successful execution of climate scenario analysis within the 
trading book. Specifically, it was instrumental in evaluating the influence of climate-related risks on market risk 
factors. 

 
1 www.isda.org/2023/07/12/a-conceptual-framework-for-climate-scenario-analysis-in-the-trading-book/ 
2 www.eba.europa.eu/publications-and-media/press-releases/eba-publishes-annual-assessment-banks-internal-approaches  

http://www.isda.org/2023/07/12/a-conceptual-framework-for-climate-scenario-analysis-in-the-trading-book/
http://www.eba.europa.eu/publications-and-media/press-releases/eba-publishes-annual-assessment-banks-internal-approaches
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1.  Introduction  

1.1. Background and Objectives of Phase 2 
 

Background 
 
Between February and June 2023, over 30 banks were engaged to define a conceptual framework for climate 
scenario analysis in the trading book. This was in response to feedback from the industry for support in 
developing short-term scenarios that are designed for the trading book. Up until that point, the primary focus 
of climate scenario analysis had been on longer-term scenarios, targeted on the banking book. This research 
sought to determine how physical and transition risks translate into the relevant market risk shocks for the 
trading book.  
 
As part of this phase (Phase 1), a survey was launched to explore banks’ current practices and future 
expectations. The responses were used to develop a conceptual framework on how to approach climate 
scenario analysis for the trading book, leveraging the survey findings, working group discussions and bilateral 
meetings with the banks. The paper3 summarized the industry’s current practices and future goals and included 
key considerations for a conceptual framework and its underlying principles. 

 

Objectives of Phase 2 
 
In the second half of 2023, there was a desire from the ISDA working group to test the conceptual framework 
designed in Phase 1. ISDA commissioned Deloitte to support the design and modelling of three climate 
scenarios for the trading book. These comprised a physical risk scenario, a transition risk scenario and a 
combined scenario, which involves both physical and transition risk events occurring concurrently. These 
scenarios were designed to be consistent with longer-term scenarios but capture the potential severity of 
climate events in the short term. This was achieved by calibrating transition and physical risk shocks that are 
consistent with longer-term climate risk scenarios and implementing them as one-off, permanent shocks at the 
beginning of the scenarios (instead of assuming they occur gradually over many years). 
 
A key differentiator of this exercise is that scenario analysis for the trading book focuses primarily on a scenario 
horizon up to one year, whereas other short-term scenarios are more aligned to the banking book with 
scenario horizons between three and five years. Until now, the industry’s focus has been to design scenarios to 
explore the impact of climate events on macroeconomic variables and the broader economy. This exercise was 
intended to produce scenarios that translate climate shocks into macroeconomic variables, which then 
propagate into market risk factor shocks.  
 
The working group agreed on the calibration of the scenario variables through a crowdsourcing exercise, using 
a set of modelled macroeconomic outputs and market risk shocks as a starting point. The purpose was to 
deliver a set of shocks that are severe yet plausible for the trading book. The calibrated market risk shocks were 
then applied to a set of hypothetical instruments to generate illustrative impacts of climate risk on the trading 
book. 
 

 

 
3 www.isda.org/2023/07/12/a-conceptual-framework-for-climate-scenario-analysis-in-the-trading-book/ 

https://www.isda.org/2023/07/12/a-conceptual-framework-for-climate-scenario-analysis-in-the-trading-book/
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2. Alignment of Modelling Approach with the Conceptual Framework 
The purpose of this exercise was to test the conceptual framework developed in Phase 1 (see Figure 1). This framework supports the design and implementation 
of climate risk scenarios for the trading book through explicit consideration of climate risk factors, producing a set of corresponding market risk factors consistent 
with climate risk scenarios. The conceptual framework is set out in stages 1 to 5, with each stage underpinned by a set of key considerations that have been 
informed by the industry survey and working group insights.  

 
Figure 1: End-to-end Conceptual Framework for Climate Scenario Analysis in the Trading Book 
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Figure 2 overlays the conceptual framework with an illustration of the practical implementation steps to derive climate scenarios for the trading book, climate-
adjusted macro financial variables and market risk factors. In Stage 1, the objective of the exercise was agreed to produce a pilot climate scenario analysis using 
the conceptual framework. In Stage 2, the decision was made to focus on three climate scenarios: a transition risk scenario; a physical risk scenario; and a 
combined scenario. In Stage 3, the sectors and regions were agreed, as well as the climate data that would be used and stressed in the scenarios. In Stage 4, 
shocks were produced using a combination of three models: a climate model; an agent-based macroeconomic model; and a set of market-risk expansion models. 
In Stage 5, the market risk factors were applied to a set of hypothetical instruments to produce estimates of the potential impacts of the climate scenarios. Each of 
the five stages is covered in further detail in the next section. 

 
Figure 2: Alignment to the Conceptual Framework
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3. Detailed Modelling Approach and Alignment with Conceptual Framework

3.1.  Stage 1: Objective

As a first stage of any climate scenario analysis, it is important to establish the use case. Some examples of use 
cases for climate scenario analysis include climate stress tests mandated by regulators, internal risk 
management practices, climate-related disclosures and informing strategy and business decision making. 

The objectives of this exercise are to provide a pilot of the conceptual framework, develop three climate 
scenarios tailored for stress testing for the trading book and provide an impact assessment of the climate risk 
scenarios on the trading book. By doing so, banks can evaluate the impact of climate conditions on market risk 
factors, thereby assessing the resulting effects on their trading book portfolios and overall financial 
performance. These scenarios can be utilized by organizations in their internal risk management procedures, 
supporting them in establishing their climate risk appetite and informing hedging strategies in the future. The 
exercise also allows the working group to evaluate and adjust the conceptual framework published in July 
2023. 

Unlike prevailing scenarios that primarily concentrate on assessing the impact of climate on macroeconomic 
variables over long horizons, this exercise focuses on translating climate-related shocks into market risk factors 
shocks over short horizons. Shorter-term scenarios currently in development typically span a horizon of three 
to five years and are primarily applicable to the banking book. To develop climate scenarios more pertinent for 
the trading book, a horizon of up to one year is more appropriate to capture the severity of shocks in the near 
term. These adjustments are necessary to achieve the primary objective of developing severe yet plausible 
scenarios for the trading book. 

3.2.  Stage 2: Scenario Development 
The ISDA working group has reviewed various existing longer-term scenarios (eg, those by the European 
Central Bank (ECB), the Intergovernmental Panel on Climate Change (IPCC) and the Climate Biennial 
Exploratory Scenario) to determine which scenarios are most appropriate to utilize as a baseline for the trading 
book. The IPCC Shared Socioeconomic Pathways (SSP) scenarios were found to be most widely used by the 
industry. The SSP245 (‘middle of the road’) scenario was selected as the baseline, as it corresponds to 
emissions pathways based on current global trends in which social, economic and technological trends do not 
shift markedly from historical patterns. 

To account for the severity of climate shocks adequately in the short term, a set of transition and physical risk 
shocks had to be calibrated. Following guidance from the conceptual framework, these calibrations were 
informed by those used in existing longer-term scenarios. The ECB’s disorderly transition scenario was used as 
a reference point to inform the transition risk short-term scenario and the Network for Central Banks and 
Supervisors for Greening the Financial System (NGFS) ‘hot house world’ was used as the basis for informing the 
physical risk scenario. 

3.2.1. Scenario Narratives 

Physical Risk Scenario 

This scenario is characterized by a sudden deterioration in the physical risk environment caused by an 
acceleration of emissions into the atmosphere across the globe, resulting in an instantaneous increase in 
average global surface temperature of 1.5-degree Celsius above global average temperatures of between 1.2-
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1.4-degree Celsius in 20234. This is driven by an abrupt thawing of arctic permafrost5 and a subsequent release 
of emissions. 

The increase in emissions gives rise to a deterioration in the physical environment – for example, changes in 
precipitation, an increase in temperatures and a rise in sea levels. There is a material reduction in demand and 
an increase in savings among households in the face of this severe shock. Household consumption, government 
consumption and investment drop in line with declining output, and inflation falls. This is a phase-shift in the 
global climate, in which historical correlations no longer fully describe observed patterns of behavior.  

The decline in GDP leads to reduced corporate profits and consumer spending, negatively affecting equity 
prices and overall indices. Equity sectors respond differently, depending on each sector’s ability to remain 
resilient. In the economic slowdown, investors flock to the perceived safety of gold (increasing prices) and 
government bonds (putting downward pressure on yields). Emerging markets are more adversely affected by 
the global economic downturn, resulting in a currency depreciation in these regions. 

Transition Risk Scenario 

This scenario entails a sudden and dramatic increase in the price of carbon, implemented via a carbon tax. This 
follows the simultaneous acknowledgement by governments around the world that unless they act 
immediately and decisively, they will be unable to avoid the extremely undesirable consequences of not 
meeting the Paris Agreement goals. This represents an aggressive and challenging pathway to meet those 
commitments and aligns to the ECB’s short-term disorderly scenario6.  

Coordinated action by multiple countries results in a simultaneous and instantaneous increase in the carbon 
price to $200 per ton via a carbon tax on production. Firms in high-polluting sectors are penalized to a greater 
extent than lower-emitting firms, according to the carbon intensity for each sector7. The carbon tax is assumed 
to be imposed as a tax on firm production and so the effect of the carbon tax is captured as a wedge between 
producer prices and consumer prices, with consumer prices rising while raw materials prices remain stable.  

As the instantaneous additional tax is imposed on firm production, unit input costs increase, which is passed on 
to the consumer, fueling inflation. At the same time, output falls due to reduced demand for goods from highly 
polluting sectors. In response to higher observed inflation, all market participants forecast further increases.  

Credit spreads widen as higher prices signal greater risk aversion by investors, which demand higher yields to 
compensate for a perceived increase in credit risk. The central bank for each country raises interest rates based 
on higher expected inflation (only partially offset by lower future economic growth), causing government bond 
yields to increase across all regions. Gold prices rise following flight-to-safety flows, but other commodity 
prices (eg, oil and coal) decline due to the overall impact of lower demand and the impact of the carbon tax. 
Emerging markets are more adversely affected by the global economic downturn, resulting in a currency 
depreciation in these regions. 
 

Combined Scenario 

This scenario mixes the heightened physical risks seen in the physical risk scenario with accelerated policy 
action in the transition risk scenario, resulting in a combined transition and physical risk stress. In this scenario, 
a sudden rise in temperature and associated physical risk stresses (ie, changes in precipitation, an increase in 

 
4 www.climate.gov/news-features/understanding-climate/climate-change-global-
temperature#:~:text=2023%20was%20the%20warmest%20year,average%20(1850%2D1900)  
5 www.unfccc.int/sites/default/files/resource/Permafrost%20v3.pdf 
6 www.ecb.europa.eu/pub/economic-
bulletin/focus/2023/html/ecb.ebbox202302_06~0e721fa2e8.en.html#:~:text=In%20addition%2C%20the%20stress%20test,carbon%20p
rices%20over%20a%20short%2D  
7 Air Emissions Intensities by NACE Rev. 2 Activity. Eurostat, 
https://ec.europa.eu/eurostat/databrowser/view/env_ac_aeint_r2__custom_9357731/default/table?lang=en Accessed January 15, 
2024 

http://www.climate.gov/news-features/understanding-climate/climate-change-global-temperature#:~:text=2023%20was%20the%20warmest%20year,average%20(1850%2D1900)
http://www.climate.gov/news-features/understanding-climate/climate-change-global-temperature#:~:text=2023%20was%20the%20warmest%20year,average%20(1850%2D1900)
http://www.unfccc.int/sites/default/files/resource/Permafrost%20v3.pdf
http://www.ecb.europa.eu/pub/economic-bulletin/focus/2023/html/ecb.ebbox202302_06~0e721fa2e8.en.html#:~:text=In%20addition%2C%20the%20stress%20test,carbon%20prices%20over%20a%20short%2D
http://www.ecb.europa.eu/pub/economic-bulletin/focus/2023/html/ecb.ebbox202302_06~0e721fa2e8.en.html#:~:text=In%20addition%2C%20the%20stress%20test,carbon%20prices%20over%20a%20short%2D
http://www.ecb.europa.eu/pub/economic-bulletin/focus/2023/html/ecb.ebbox202302_06~0e721fa2e8.en.html#:~:text=In%20addition%2C%20the%20stress%20test,carbon%20prices%20over%20a%20short%2D
https://ec.europa.eu/eurostat/databrowser/view/env_ac_aeint_r2__custom_9357731/default/table?lang=en
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temperatures and a rise in sea levels) act as the trigger for government action to raise carbon taxes. The 
combined shocks lead to a downturn in the economy. 

This leads to lower output and productivity across countries. Reduced productive capacity shrinks demand for 
intermediate goods, cutting aggregate demand and GDP across the world. Simultaneously, firms are hit with 
the additional carbon tax on production, leading to higher inflation as firms raise prices in response to 
increases in their cost base. Households cut back expenditure in anticipation of economic stress, compounded 
by a reduction in wages that materializes when firms seek to reduce costs, causing GDP to fall further.  

The physical and transition risk shocks lead to equity prices falling and credit spreads to widen across countries 
as firm profits reduce. Policy interest rates and yield curves decline across most regions as the negative impacts 
on GDP from the transition and physical risk shocks outweigh the inflationary effects of the carbon tax shock. 
Commodity prices (eg, oil and coal) fall significantly due to the aggregated effects of lower global demand and 
the carbon tax. In the economic slowdown, investors flock to the perceived safety of gold. Emerging markets 
are hit harder by the global economic downturn, resulting in a currency depreciation in these regions. 

3.3. Stage 3: Data 
A key element of the conceptual framework was to identify the data to be used in the exercise. It is particularly 
important to identify the assets that institutions are most interested in exploring or think will be most 
vulnerable to climate risk. In terms of transition risks, this will typically mean focusing on sectors that may be 
exposed to climate transition policies to a greater or lesser extent, depending on their carbon intensity. For 
physical risks, this will involve focusing on economic factors that are more likely to be affected by acute and 
chronic physical risks as they emerge.  

For this exercise, consideration was given to the data that would be used in terms of portfolio segmentation – 
which sectors, regions and assets – and the data required for modelling. Given this exercise is a pilot covering a 
range of globally active banks, the choice of regions, sectors and assets was selective. 

Portfolio Segmentation 

The conceptual framework emphasizes the significance of integrating portfolio segmentation into climate 
scenario analysis within the trading book. This initial exercise included segmentation based on geography, 
sector and asset class, with the aim of offering more detailed insights into how climate impacts the trading 
book. Figure 3 shows the geographical areas covered in this pilot exercise and is divided between developed 
and emerging markets. 

Figure 3: Geographical Coverage for the Climate Scenario Analysis 

Collectively these regions cover 54% of the world’s economy by GDP8 and include the major trading regions 
that the working group wanted to consider in terms of transition policy risks and the losses associated with 
physical risk hazard events. The two emerging market regions are expected to have heightened exposure to the 

8 www.imf.org/external/datamapper/PPPSH@WEO/EU/CHN/USA 

http://www.imf.org/external/datamapper/PPPSH@WEO/EU/CHN/USA


            

10 

physical risk shock. The emerging market shocks are applied as exogenous events that feed into the market risk 
scenario expansion by adjusting the inputs for the developed countries. 

The EU was chosen for granular sectoral-level modelling in order to conduct a more detailed assessment of 
climate impacts – particularly transition-based climate effects. The chosen sectors for this analysis include air 
transport, land transport, electricity, mining and quarrying, manufacturing of chemical products and publishing 
activities. These were selected with the aim of capturing the impact on the most carbon-intensive sectors. The 
inclusion of the publishing sector for equities, known for its lower carbon footprint, served as a control, 
enabling the working group to assess and compare the climate-specific impact. With insights gathered from the 
industry, and leveraging existing stress testing exercises as a reference, a list of asset classes and macro risk 
factors was compiled for this exercise. A description of the data models for each region can be found in 
Appendix B. 

 

3.4.  Stage 4: Shock Generation 
A key input into the working group’s crowdsourcing discussion was an initial set of macroeconomic and market 
risk shocks generated by a series of quantitative models, described in this section. These can be categorized as 
a climate model, a macroeconomic model and a series of scenario expansion models that convert 
macroeconomic shocks to market risk factors over a one-year horizon. A more detailed description of the 
modelling methodology is available in the Appendix B.  

Figure 4 provides a high-level example of the end-to-end process for translating climate risk factors into 
climate-adjusted macro and market risk factors. The purpose of this illustration is to describe the process for 
modelling a single market risk factor – in this case, climate-adjusted UK yield curves – in response to a physical 
risk shock. However, similar processes are followed for other market risk factors. 

For the physical risk shock, an instantaneous 1.5-degree Celsius temperature rise is fed into the 
macroeconomic model. This runs in a monthly timestep to produce a set of climate macroeconomic pathways 
for macro factors, such as GDP, inflation and central bank policy rates for each region9. These factors are 
modelled at each monthly timestep and used as an input to the relevant market risk model – in this case, a 
one-factor Hull-White model. Using the appropriate historical data, the yield curves are calibrated for each 
timestep in the specific region. The first simulation point is one day following the reference date of the 
simulation – June 30, 2023. Therefore, every subsequent timestep refers to one day plus a number of months. 

The process is repeated for each region and the relevant market risk model is applied to generate the factors 
for the various asset classes.

 
9 An interpolation method is used where market risk shocks fall between two simulated timesteps. 
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Figure 4: End-to-end Illustration of the Process for Calculating Climate-adjusted Macro and Market Risk Factors for the Trading Book 

A single case is highlighted for brevity: physical risk shocks on yield curves for the UK economy. Note that all numbers shown are for illustrative purposes only. 

Text in black represents an example of the end-to-end process for modelling a 
climate shock to a market risk shock for a single case. 

Text in grey represents examples of other models and shocks applied to model 
climate related market risk shocks.  
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3.4.1. Climate Model 

The first key modelling block is the climate model. This translates climate shocks expressed in terms of typical 
climate variables, such as temperature, radiative forcing and carbon dioxide, into a set of variables that can be 
used as inputs into a macroeconomic model. The set of shocks produced by the climate model includes labor 
productivity and depreciation. These shocks are produced at a sectoral level, generating a much richer set of 
climate impacts than if aggregate country impacts were used. A standalone climate model is essential to 
determine the impact of a phase shift in the global climate and economy, where historical correlations may no 
longer fully describe the observed behavior. This is explained in detail in Appendix B. 

 

3.4.2. Carbon Tax Pathway 

The shock from the transition scenario is also applied from the first step in macroeconomic model simulation. 
Emission intensities for different economic sectors10 (tons CO2e per million unit of local currency output) are 
multiplied by the prescribed carbon tax ($200/ton CO2e) to derive an implied tax on production. This is added 
to the existing tax on production for each sector, which is calculated from national accounting identities 
following the methodology of Poledna et al (2020)11. This imposes extra costs on firms in highly polluting 
sectors, reducing profits and causing shocks to propagate bidirectionally through firm supply chains. 

 

3.4.3. Macro Model: The Agent-Based Model  

The second key modelling block is the macroeconomic model. This model takes a set of climate-adjusted 
shocks from the climate model as inputs and processes them to produce a set of macroeconomic pathways. For 
this pilot exercise, an ABM was used. The macroeconomic ABM prescribes a set of heterogeneous agents that 
interact, trade and adapt their behavior to current and expected conditions in the economy. By modelling the 
interactions of market participants from the bottom up, the complex and non-linear dynamics of real 
economies can be captured.  

This is especially important for modelling emergent behavior associated with climate change, which has no 
historical precedent to calibrate traditional top-down models, like those based on general equilibria. The 
diversity of agents within the model also allows for greater sectoral granularity, which helps to understand how 
different parts of the economy will be affected by physical and transition risks. An ABM like the one employed 
for this exercise has been successfully used to model various economic crises in the euro area. In a paper on 
this topic, the authors show that the model is capable of predicting turmoil arising endogenously during the 
period following the 2008/2009 financial crisis without any exogenous shocks. It was also used to predict the 
inflationary dynamics of the economic recovery following the COVID-19 pandemic.  

The ABM model is based on a paper entitled Economic Forecasting with an Agent-based Model by Polenda et al 
(2019)12. As described in this paper, an ABM is developed to fit the macroeconomic data of an open economy 
that forecasts variables such as GDP (including its components), inflation and interest rates. Markets are fully 
decentralized and characterized by a continuous search-and-matching process, which allows for trade frictions. 
The ABM allows the assumption of rational expectations from equilibria-based economic models to be relaxed. 
Here, agents’ expectations are formed through bounded rationality, which provides a less restrictive 
representation of behavior. Agents also learn from and adapt to prolonged adverse shocks. For example, the 

 
10 Air Emissions Intensities by NACE Rev. 2 Activity. Eurostat, 
https://ec.europa.eu/eurostat/databrowser/view/env_ac_aeint_r2__custom_9357731/default/table?lang=en . Accessed January 15, 
2024 
11 Hommes, Cars H. and Poledna, Sebastian, Analyzing and Forecasting Economic Crises with An Agent-based Model of the Euro Area, 
March 7, 2023, https://ssrn.com/abstract=4381261  or http://dx.doi.org/10.2139/ssrn.4381261 
12 Poledna, Sebastian, et al, Economic Forecasting with an Agent-based Model, 3484768, February 24, 2020, 
https://doi.org/10.2139/ssrn.3484768. 

https://ec.europa.eu/eurostat/databrowser/view/env_ac_aeint_r2__custom_9357731/default/table?lang=en
https://ssrn.com/abstract=4381261
http://dx.doi.org/10.2139/ssrn.4381261
https://doi.org/10.2139/ssrn.3484768
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autoregressive models that govern expectations of inflation and economic growth are recalibrated at each 
time-step based on the latest data generated by the model.  

The key to incorporating transition climate risk into traditional macroeconomic variables is to include the 
trajectory for sectoral carbon emissions. The carbon tax propagates through the model via price channels, 
raising inflation rates and factoring into central banks’ policy reactions. Heavily polluting sectors will therefore 
experience higher costs than less polluting ones. The emissions intensities remain constant throughout the 
ABM simulation, assuming firms do not have time to adjust their processes to reduce emissions in line with the 
timescale of a typical trading book scenario.  

To capture the impact of physical climate risk in the economy, the effects of changing temperature are also 
incorporated into the model. A sudden heat shock alters macroeconomic variables on a sector-by-sector basis, 
changing the dynamics of supply and demand across the economy. For example, the productivity of labor in the 
agricultural sector will generally decrease in response to higher temperatures. These shocks propagate 
throughout the economy while it finds a new equilibrium. 

The ABM comprises the following agents: firms, households, government, banks and central banks. The 
number of each type of agent is set according to business demography and census data, as described in the 
appendix. These are the five domestic agents that interact with the rest of the world through imports and 
exports. 
 

3.4.4. Market Risk Shocks 

A crucial part of the conceptual framework is translating the climate-adjusted macroeconomic shocks into 
market risk shocks. For this pilot exercise a range of expansion models were used to develop market risk factors 
for each asset class. The suite of models used should be viewed as illustrative and is intended to be a useful 
starting point for individual institutions to build from. A mapping of models to market risk factors is provided in 
Table 1. 

The detailed methodology and equations for each of the models can be found in Appendix B. 

 

Market Risk Factor Model 

Nikkei225 Fama French 5 Factor Model 

Sectoral Equity Indices (EU) Residual Income Method 

S&P 500 Fama French 5 Factor Model 

FTSE 100 Fama French 5 Factor Model 

Sectoral Credit (EU) Merton LSTM 

USD 5Y Credit Default Swap (CDS) on UK Merton LSTM 

Government Yield Curves Hull White One Factor Model 

Interest Rate Swap Curves PCA Component Regression 

FX XGBoost Regressor – GBP Purchasing Power Parity 

Commodities Regression on ABM Macroeconomic Outputs 

US Residential Mortgage-backed Securities (RMBS) Richard & Roll Prepayment Model 

Table 1: Mapping of Market Risk Factors to Models 
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3.5. Stage 5: Results and Impact Assessment 
This section sets out the results from the methodology described in the previous segment to produce climate-
adjusted macroeconomic and market risk factor shocks for the three climate scenarios (physical risk, transition 
risk and a combined scenario) over a one-year horizon. The macro results are described first, because they 
drive the impact to the market risk factors that are most important for the trading book. 

3.5.1. Macro Results 

The macro model uses a set of climate-adjusted shocks from the climate model as inputs and processes them 
to produce a set of macroeconomic pathways over a one-year horizon.  

GDP & Inflation 

GDP declines across all the regions for the physical risk, transition risk and combined scenarios (Figure 5, 12-
month GDP). The decrease in GDP for the physical risk scenario is more pronounced compared to the transition 
risk scenarios, reflecting the large size of the temperature shock imposed at the start of the scenario. The 1.5-
degree Celsius temperature shock has been calibrated based on the difference between the NGFS ‘hot house 
world’ and the ‘middle of the road’ scenarios as at the end of the century but has been imposed at the start of 
the scenario and is therefore a very significant shock. Particularly large impacts would occur for Japan, as 
manufacturing makes up a greater portion of the Japanese economy and this sector is more severely affected 
by physical risk and transition risk events. The emerging market economies are severely affected in all three 
scenarios, consistent with the historical tendency for their GDP to be more volatile and their economies to be 
more vulnerable to large economic shocks.  

Inflation rises in all regions in the transition scenario, due to the imposition of a carbon tax and the associated 
increase in input costs and prices (Figure 5, 12-month Inflation). The physical risk scenario entails a drop in 
inflation in all regions, consistent with the large declines in GDP. Those regions that experience the largest falls 
in GDP, such as Japan, India and Brazil, also see the largest reductions in inflation.  

In the combined scenario, inflation is somewhat higher in most regions, as the inflationary impacts of the 
carbon tax shock outweigh the negative effects from lower GDP from the physical risk shock. In Japan, inflation 
falls a little, as the particularly large negative effects on GDP from the physical risk scenario are sufficient to 
outweigh the inflationary impacts of the carbon tax. Figure 6 plots the macroeconomic trends for GDP over the 
one-year scenario horizon for physical risk, transition risk and combined scenarios, illustrating how GDP 
performs over time as the different climate risks propagate through the economy. 
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Figure 6: GDP Performance Under the Physical Risk, Transition Risk and Combined Scenario Over Scenario Horizon 

Note that values shown are with respect to the baseline scenario13. 

 

GDP declines across all regions for the physical risk, transition risk and combined scenario. Across all three 
scenarios, the impacts increase through time. In the transition risk scenario, however, the effect shows signs of 
flattening out at the nine-month point as the economy begins to adjust to the new equilibrium with higher 
carbon taxes. GDP for physical risk shows less evidence of flattening out, consistent with the economy taking 
longer to adjust to the particular large shock. 

 

3.5.2. Market Risk Results and Crowdsourcing 

This section details the market risk results after the climate-adjusted macroeconomic shocks are translated into 
market risk shocks through a range of expansion models summarised in section 3.4.4 and described in detail in 
Appendix B. The market risk shocks were modelled for four different liquidity horizons to capture the relevant 
horizons for the various asset classes. Following consultation with the ISDA working group, shocks were 
generated for one-day, 10-day, three-month, and one-year liquidity horizons. 

After the production of market risk shocks, a series of calibration exercises was conducted through 
crowdsourcing within the working group. The objective was to solicit input from the working group on the 
magnitude and direction of the shocks. This process aimed to ensure that the shocks remained plausible for the 
trading book in the short term and is consistent with the role that subject matter experts typically play in most 
scenario analysis exercises. The working group received a template containing market risk shocks for three 
scenarios and was tasked with specifying their expected shock values and directions for each market risk factor 

 
13 Note that values shown are with respect to the baseline scenario. 
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associated with the given liquidity horizon. In providing expected values, the working group drew on a variety 
of sources, including internal scenario analysis, historical timeseries and input from internal subject matter 
experts. 

The working group contributed insights on macroeconomic and market risk shocks across six regions. While 
most of the feedback from individual participating banks was qualitative, a few provided explicit quantitative 
feedback on the desired shock size and direction. 

Emphasis within the working group was primarily on the one-day and 10-day horizons, as these were deemed 
the most relevant for their trading book exposures. This was also where the greatest amount of feedback was 
received. Calibration of the market risk shocks incorporated the feedback received from the working group, 
with adjustments made to ensure that the relationships between the shocks remained intuitive. The following 
section presents the outcomes of the crowdsourcing exercise, detailing results for each asset class across 
different liquidity horizons for each scenario.  

Equities 

Asset Class Region Sector Risk 
Factor 

ISDA Proposed Shocks 

Transition Risk Physical Risk Combined 

1D 10D 3M 1Y 1D 10D 3M 1Y 1D 10D 3M 1Y 

Equities 
(percentage 

change) 

Asia NIKKEI 
225 -5% -10% -15% -20% -5% -10% -20% -25% -5% -10% -20% -20%

Europe 

Air Transport -10% -20% -25% -30% -5% -10% -15% -20% -10% -20% -25% -20%

Electricity -10% -20% -25% -30% 5% 5% 10% 15% 5% 5% 10% 15% 

Mining & 
Quarrying -15% -25% -30% -35% 0% 0% 0% 0% -15% -25% -30% -35%

Publishing 
Activities 0% -5% -10% -10% 0% 0% 0% 5% 0% -5% -10% -10%

Manufacture 
Chem/Chem 

Prods 
-10% -20% -25% -30% 5% 10% 15% 20% 10% 10% 15% 20% 

Land 
Transport -10% -20% -25% -30% -5% -10% -15% -20% -10% -20% -25% -30%

US S&P 500 -5% -10% -15% -20% -5% -10% -15% -20% -5% -10% -15% -20%

UK FTSE100 -5% -10% -10% -20% -5% -10% -15% -20% -5% -10% -15% -20%

Table 2: Equity Market Risk Shocks 

Transition Risk: There are substantial declines in equity prices across all indices and sectors in the transition 
risk scenario. The Nikkei 225, FTSE 100 and S&P 500 all see reductions of up to 20% at one year. This reflects 
the macroeconomic impacts of the carbon tax lowering GDP, while also pushing up inflation and interest rates, 
leading to reduced profits and valuations.  

The effects are particularly pronounced for the EU carbon-intensive sectors selected by the ISDA working group 
for this exercise (air transport, electricity, mining and quarrying, manufacturing of chemicals and land 
transport). These sectors are particularly vulnerable to the carbon tax shock and experience large equity price 
declines between 10% and 35%. The mining and quarrying sector suffers the largest drop of 35% at one year. 
The working group selected publishing activities – deemed a low-carbon sector – as a control to assess shock 
sensitivity. The input costs associated with this sector are not heavily affected by the carbon tax, and this sector 
experienced a 0% to 10% decline in equity prices, depending on the liquidity horizon. 

Physical Risk: There are also substantial declines in equity prices across indices in the physical risk scenario. 
Significant and enduring shocks to GDP occur in the UK, US and Japan, signaling reduced economic output and 
production, which leads to lower corporate earnings, negatively affecting equity prices. The FTSE 100 and S&P 
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500 experience falls of up to 20% at one year. The Nikkei 225 undergoes a larger decline of 25% at one year, 
consistent with the greater impact on GDP described in the macroeconomic effects section.  

There is a more mixed picture for equity prices in the EU sectors. This is unsurprising given they were selected 
because of their vulnerability to transition risk (ie, carbon taxes) rather than their vulnerability to physical risk. 
Sectors with little climate exposure in their supply chain (eg, publishing activities) experience a negligible 
impact on equity values in response to the physical risk shock. There is a significant decline in equity prices for 
air and land transport, consistent with reduced travel demand observed during previous economic downturns 
and the physical risk narrative in which severe physical risk events damage destination areas and infrastructure. 
Conversely, sectors with less demand elasticity, such as electricity and manufacturing, experience an increase 
in equity prices as heightened relative demand outweighs the negative impact from losses due to physical risk 
events. 

Combined: There are substantial declines in equity prices across indices and most sectors in the combined 
scenario. The Nikkei 225, FTSE 100 and S&P 500 all experience declines of up to 20% at one year. Equity prices 
in the UK, US and Japan exhibit a consistent pattern in response to both the physical and transition risk 
scenario, characterized by a decline in demand leading to reduced corporate earnings. The reaction of sectoral 
equity prices to the physical and transition scenario varies based on the carbon intensity and demand elasticity 
of each sector. 

Sectors with a higher exposure to household expenditure, such as electricity and manufacturing, witness a less 
pronounced impact on demand. Consequently, these sectors experience an increase in equity prices, as the 
heightened demand outweighs the negative effects from losses due to physical hazard events. Conversely, 
mining and air transport are more severely affected by the imposition of the carbon tax, leading to a decline in 
demand and reduced corporate earnings, thereby causing equity prices to fall. 

Credit  

Asset Class Region Sector Risk Factor 

ISDA Proposed Shocks 

Transition Risk Physical Risk Combined 

1D 10D 3M 1Y 1D 10D 3M 1Y 1D 10D 3M 1Y 

Credit 
(absolute 

spread change, 
in basis points) 

 
Europe 

 
  

Air Transport 

 

20 20 70 110 25 50 75 125 20 110 125 150 

Electricity 20 30 80 120 25 50 100 125 25 100 125 150 

Mining & 
Quarrying 25 50 100 130 25 75 100 150 35 100 130 200 

Manufacture 
Chem/Chem 

Prods 
25 30 80 120 25 75 100 150 30 110 130 150 

Land 
Transport 20 20 80 120 25 50 75 125 25 80 110 150 

UK/USD  USD 5Y CDS 
on UK 10 20 40 75 10 30 40 75 10 30 50 90 

Table 3: Credit Spreads Shocks 

The base ratings for the credit spreads are based on BBB corporate bonds, and all spread changes are relative. 
There is a widening in credit spreads across all sectors in all three scenarios, consistent with the transition and 
physical risk shocks increasing the probability of company defaults across the economy. The combined scenario 
sees the largest widening of spreads, consistent with this scenario having the biggest impacts on GDP due to 
both physical and transition risks occurring. The mining and quarrying sector suffers the largest widening in 
spreads given the significant impact of the carbon tax, but all carbon-intensive sectors see widening spreads. In 
the transition risk scenario, spreads also widen most in the mining and quarrying sector – consistent with this 
sector being particularly badly affected and undergoing the largest fall in equity prices. The physical risk 
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scenario sees larger increases in spreads than the transition risk scenario, reflecting the greater impacts of the 
physical risk shock on output and the economy – as evidenced by the larger declines in GDP in this scenario. 

Interest Rates 

Asset Class Region Risk Factor 

ISDA Proposed Shocks 

Transition Risk Physical Risk Combined 

1D 10D 3M 1Y 1D 10D 3M 1Y 1D 10D 3M 1Y 

Rates (absolute 
spread change, in 

basis points) 

Asia 

INDIA GOV 1D 35 90 120 190 -80 -120 -170 -400 -15 -15 -20 -60 

INDIA GOV 6M 30 80 110 180 -70 -110 -160 -350 -10 -15 -20 -50 

INDIA GOV 1Y 25 70 100 170 -60 -100 -150 -300 -5 -10 -15 -40 

Europe 

GER GOV 1D 30 50 80 90 -20 -35 -45 -75 -10 -20 -25 -50 

GER GOV 6M 20 40 70 80 -15 -30 -40 -75 -5 -15 -20 -40 

GER GOV 1Y 10 30 60 70 -10 -25 -35 -65 -5 -10 -15 -35 

UK 

GBP GOV 1D 30 60 80 80 -30 -40 -70 -140 -15 -20 -40 -70 

GBP GOV 6M 20 50 70 70 -25 -35 -60 -120 -10 -15 -30 -60 

GBP GOV 1Y 10 40 50 60 -20 -30 -50 -100 -10 -15 -30 -50 

US 

USD GOV 1D 30 70 80 160 -10 -30 -40 -100 -10 -15 -25 -25 

USD GOV 6M 25 60 70 150 -10 -25 -35 -90 -5 -10 -20 -25 

USD GOV 1Y 20 50 60 140 -10 -20 -30 -80 -5 -10 -15 -20 

Other 

BRL GOV 1D 35 90 120 190 -100 -170 -220 -500 -10 -15 -20 -70 

BRL GOV 6M 30 80 110 180 -90 -160 -210 -475 -10 -15 -20 -50 

BRL GOV 1Y 25 70 100 170 -80 -150 -200 -450 -5 -10 -15 -40 

Table 4: Yield Curve Shocks 

Transition Risk: In the transition risk scenario, yield curves rise across countries and maturities for both 
government bond and swap curves. The rises are associated with rate increases by central banks in response to 
higher inflation fueled by the introduction of the carbon tax. As central banks raise rates, investors seek higher 
returns to match the new interest rate environment. The increases in yield curves are smaller at longer 
maturities, reflecting the temporary nature of the inflation shock. The increases in yield curves are larger for 
India and Brazil, consistent with greater historical interest rate volatility in these countries. The increase in 
swap curve rates is consistent with the rise in risk-free rates due to higher inflation. 

Physical Risk: In the physical risk scenario, yield curves fall across countries and maturities for government 
bond curves and shorter maturity swap curves. The declining yields are primarily attributed to the reduction in 
interest rates driven by declines in GDP, as central banks try to stimulate demand. As in the transition scenario, 
the drop in yields is smaller at longer horizons because this shock is not viewed as having large, permanent 
effects on the level of interest rates. The decrease in swap curves is consistent with a reduction in risk-free 
rates. India and Brazil see particularly large declines in yield curves, consistent with the significant impact of the 
physical risk shock on GDP and policy rates.   

Combined: The combined scenario sees relatively modest impacts on yield curves across countries as the 
impacts of the transition risk shocks pushing yields up are more than offset by the impacts of the physical risk 
shocks pushing them down. 
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Foreign Exchange (FX) 

Asset Class Region Risk Factor 

ISDA Proposed Shocks 

Transition Risk Physical Risk Combined 

1D 10D 3M 1Y 1D 10D 3M 1Y 1D 10D 3M 1Y 

FX (percentage 
change) 

Asia 
USDINR -5% -10% -15% -20% -5% -10% -15% -20% -5% -10% -15% -20%

USDJPY 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 

Europe USDEUR 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 

UK USDGBP 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 

Other USDBRL -5% -10% -15% -20% -5% -10% -15% -20% -5% -10% -15% -20%

Table 5: FX Shocks 

Transition Risk: The US dollar appreciates against the emerging market currencies, as these economies are 
largely exporters of commodities from high-emitting sectors, so are more adversely affected by the imposition 
of a carbon tax. The US dollar remained unchanged against the Japanese yen, euro and sterling as the relative 
shocks on developed countries are similar. 

Physical Risk: The US dollar appreciates against the Brazilian real and Indian rupee as the interest rate shocks 
for the emerging markets are more severe compared to developed countries, given their economies are more 
vulnerable to large declines in GDP. The yields for these countries fall sharply in response to a decline in 
interest rates. The US dollar remains unchanged against the Japanese Yen, euro and sterling as the relative 
shocks on developed countries are similar. 

Combined: As with the transition and physical risk scenarios, the US dollar appreciates against the Brazilian real 
and Indian rupee, as these economies are large exporters of goods from high-emitting sectors and are 
therefore more severely affected by the carbon tax, together with a large decline in GDP resulting from 
physical risk events.  

Commodities and Mortgage-backed Securities (MBS) 

Asset Class Region Risk Factor 

ISDA Proposed Shocks 

Transition Risk Physical Risk Combined 

1D 10D 3M 1Y 1D 10D 3M 1Y 1D 10D 3M 1Y 

Commodities 
(percentage change) Other 

GOLD 5% 10% 15% 20% 5% 10% 15% 20% 5% 15% 25% 30% 

CBOT CORN -5% -5% -5% -5% -5% -5% -5% -5% -10% -10% -15%
-

20% 

COAL PRICE -10% -20% -30% -40% -10% -15% -25% -30% -10% -25% -30%
-

35% 

WTI CRUDE -5% -10% -20% -30% -10% -25% -20% -30% -10% -20% -25%
-

35% 

MBS US US RMBS -5% -10% -15% -20% -5% -15% -20% -25% -10% -15% -25% -
40% 

Table 6: Commodity and MBS Shocks 

Transition Risk: Gold prices increase as investors perceive this as a ‘flight to safety’ sector in economic turmoil. 
Coal, corn and crude prices drop as GDP declines, causing demand to fall. There is a larger impact on oil and 
coal prices, as these are directly adversely affected by the increase in carbon tax. The shocks for soft 
commodities assume second-order effects from increased energy prices. Equally for the RMBS, the impact of 
increasing inflation, falling output and rising interest rates leads to increased expected mortgage losses and 
falls in the rise in prices of raw materials within this carbon-intensive sector will affect company profits, 
resulting in a reduction in the underlying mortgage value. 
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Physical Risk: Gold is expected to increase as it serves as a safe haven after severe negative equity indices 
shocks. Coal, corn and crude oil prices fall sharply given the overall impact of lower global demand, 
outweighing the impact of a reduction in supply. Lower demand leads to lower earnings, causing commodity 
prices to fall. The global economic slowdown will lead to a decline in demand for RMBS, as borrowers 
encounter financial difficulties and struggle to meet mortgage payments. 

Combined: The perception of gold as a safe haven pushes prices higher following severe negative equity indices 
shocks. The negative equity indices shock directly influences the price of commodities as businesses cut 
production and consumers reduce spending. There is a larger impact on oil and coal prices, as these are directly 
adversely affected by the increase in carbon tax. Similarly, in the case of RMBS, the economic slowdown and 
declining GDP cause a reduction in demand for property and the underlying RMBS. 

 

3.5.3. Impact Assessment 

An impact assessment using a set of hypothetical instruments has been developed to complement the market 
risk factor shocks and to provide an illustrative indication of the potential impacts of climate risk on the trading 
book. The hypothetical instruments for this pilot exercise have been selected by leveraging previous EBA 
benchmarking exercises. These instruments have been ‘shocked’ using the scenarios that have been generated 
as part of this exercise.   

The instruments cover the main advanced economy regions together with some emerging markets. The main 
asset classes are covered (equities, government bonds, swaps, FX and commodities), including sectoral equity 
and credit impacts for the EU. 

The impact assessment is carried out for the instruments in the list using pricing models to calculate the 
relative change in the value, with results summarised in table below. The relative change in value measures the 
impact of the market risk shocks when applied to the physical, transition and combined scenarios. A detailed 
model formulation is presented in Appendix A, but an overview of the approach is described in this section. The 
impact assessment therefore provides benchmark heuristics for the representative market instruments.  

The results of the impact assessment are presented in Table 7 below and results are consistent with the market 
risk shocks that have been applied as per the relevant physical, transition and combined market risks. The 
results reveal the nonlinear impact of the market factor shocks, as they combine a number of market shocks 
together that vary by instrument. All instruments used a 10-day liquidity horizon.  

For example, the futures are influenced both by the relevant risk-free rate and the market risk shocks which 
have been applied to the underlying instruments price. Using the cost of carry method, we obtain the relative 
change in values under various scenarios. The short future increases in value when the value of the underlying 
asset decreases as we apply the market risk shock to the underlying’s value. So, for example, the short Nikkei 
225. Futures rise in value across all three consistent with the falls in equity prices in all three scenarios.  
Conversely, the long future’s relative value falls when the value of the underlying asset decreases.  For 
example, the long S&P futures falls in value across all three scenarios, consistent with the falls in equity prices 
in all three scenarios. 
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Asset Class Region Instruments Physical 
Minus Base 

Transition 
Minus Base 

Combined 
Minus Base 

Equities 

Asia 
Short Nikkei 225 Futures 

9.2% 10.3% 9.8% 

 Long S&P 500 Futures 9.9% 10.1% 10.0% 

Europe 

Short EUR Equity Futures 1.9% 2.2% 2.0% 

Long Call Option. Underlying EUR 
Pharmaceutical Equity -12.0% -9.0% -13.7% 

Long EUR Pharmaceutical Equity -8.7% -10.7% -11.8% 

UK Long Call Option, Underlying FTSE 100 -7.5% -8.0% -12.5% 

Credit (absolute spread 
change, in bps) 

Europe 

Long EUR CDS on Insurance Equity 3.0% -2.3% 1.3% 

Long EUR CDS on Energy Equity 2.9% -2.3% 1.3% 

Long EUR CDS on Automobile Equity 3.0% -2.3% 1.3% 

Long EUR CDS on iTraxx Europe Index On-the-
run Series 2.7% -2.1% 1.2% 

UK Long USD CDS on the UK 1.6% 0.4% 2.0% 

Rates (absolute rate 
change, in bps) 

Europe 

Long Germany Government Bond EUR1,000,000 1.3% -1.3% 0.5% 

Two-year EUR Swaption on Five-year IRS EUR – 
Pay Fixed Rate and Receive Floating Rate 0.8% -0.7% 0.3% 

UK Two-year IRS GBP – Receive Fixed Rate and Pay 
Floating Rate -3.7% 3.7% 8.6% 

Emerging 
Markets 

Long Brazil Government Bond USD1,000,000 8.5% -3.2% 0.3% 

FX 
Europe 

Six-month USD/EUR Forward Contract -0.1% -0.2% -0.1% 

(percentage change) Long Call Option EUR10,000,000 2.0% -7.3% -6.8% 

Table 7: Impact Assessment Results 

 

3.5.4. Sensitivity Analysis and Benchmarking Results 

The macroeconomic result from this pilot exercise was benchmarked against other regulatory climate stress 
tests. This included the ECB’s disorderly transition scenario, the Bank of England’s (BOE) Annual Cyclical 
Scenario (ACS), the BOE’s late action scenario under the Climate Biennial Exploratory Scenario and the Federal 
Reserve’s Comprehensive Capital Analysis and Review (CCAR) severely adverse scenario.  

Additionally, the 1-year transition risk market factor shocks were benchmarked against the 2022/3 BOE Annual 
Cyclical Stress test (ACS) transition risk scenario, The Federal Reserve Bank’s comprehensive capital analysis 
and review (CCAR) severely adverse scenario and the European Central Bank (ECB) disorderly transition 
scenario. The table detailing the macroeconomic and market risk benchmarking results can be found in Table 8 
to Table 11 in Appendix A. 
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4. Concluding Comments and Next Steps

In this paper, a conceptual framework developed by ISDA has been used to produce three climate risk 
scenarios for the trading book. The scenarios include a detailed set of market risk factors. A key consideration 
for this exercise is the transmission from climate-adjusted macroeconomic variables to market risk factors. 
While conventional regulatory climate scenario analysis exercises predominantly concentrate on assessing the 
impact of climate on macroeconomic variables, the primary objective of this pilot exercise was to develop a 
methodology for modelling the impact on market risk factors. The scenarios produced are intended to support 
banks as they work to conduct climate risk scenario analysis for their trading books. The exercise has also 
served as a pilot of the conceptual framework. 

Overall, the conceptual framework proved an invaluable guide for trading book climate scenario analysis in the 
trading book described in this paper. This exercise proved that all of the stages and key considerations outlined 
in the conceptual framework are necessary to successfully conduct climate scenario analysis for the trading 
book and assess the impact of climate-related risk on market risk factors. More specifically, this pilot exercise 
highlighted stages of the conceptual framework that are especially important for future climate scenario 
analysis for the trading book: scope of country and sectoral coverage and modelling choices. 

As this was a pilot exercise, a number of choices was made to limit scope. Only six regions were chosen to 
represent the largest global economies. Other than the EU, the other regions were modelled at a country level, 
incorporating the aggregated effects of the sectors within that specific location. It would be desirable to 
include more countries in future exercises – particularly those highly sensitive to commodity markets. The ISDA 
working group expressed interest in including Australia, Canada, China and South Africa in future work to 
better capture the impact of commodity markets on these countries and to provide a wider coverage for 
Foreign Exchange shocks. 

In terms of sectors, market risk shocks at a sectoral level were modelled for one region (the EU). Five high-
emitting sectors were selected with input from the working group, along with one low-carbon sector 
(publishing activities) as a control. Richer sectoral granularity would provide analysis on how market 
participants switch to green alternative sectors (eg, the differentiation between ‘green’ and ‘brown’ sectors), 
which would provide a more in-depth explanation of the resulting market risk shocks. 

However, including more regions and sectors would increase the complexity and size of the modelling 
challenge. The need to balance the complexity of the modelling approach used for shock generation with the 
scope of the exercise was an issue highlighted in the conceptual framework and reinforced by this exercise.  

From a modelling perspective, it is crucial to recognize that climate risk factors drive the behavior of 
macroeconomic variables, ultimately influencing market risk factors. There are several ways to model climate-
adjusted macroeconomic variables, and the choice of model will yield different market risk factor results. For 
this exercise, an ABM was used, which allowed the exploration of sectoral impacts and dynamics in a detailed 
way. As highlighted in the conceptual framework, it is important for all scenario analysis to carefully consider 
the appropriate modelling framework based on the use case and the portfolios of interest.   

The crowdsourcing aspect of the scenario analysis was an integral part of this pilot exercise to manage the risks 
of model uncertainty. Drawing on subject matter expertise of the working group meant a broad set of views on 
the anticipated shock movements and sizes were captured to overlay on the modelling outputs. This allowed 
the climate risk scenarios to be calibrated to provide plausible market risk factor shocks that aligned with the 
ISDA working group’s expectations on market risk movements. 

The impact assessment offers benchmark heuristics for representative market instruments and provides 
insights into the valuation of such instruments under climate scenarios. A holistic P&L assessment would 
require consideration of additional components, including hedging positions, basis risk and funding. 
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Furthermore, a capital assessment would require consideration of the impact to Risk-Weighted Assets (RWAs). 
These issues were not within the scope of this exercise but might be included in future work.  

Short-term climate scenario analysis is still an evolving area and firms are continuing to develop their 
capabilities to measure climate risk in the trading book. The climate scenario analysis landscape is expanding to 
include climate-related risks in the trading book and the purpose of this pilot exercise was to provide firms with 
climate scenarios to consider and use as an input to their internal scenario analysis. Some firms indicated that 
these scenarios would be used to inform their internal risk management processes and serve as input into their 
internal capital adequacy assessment process (ICAAP).  

The methodology outlined in this report serves as a first step in developing a standard for measuring climate-
related risks in the trading book. A potential next step for the ISDA working group is to continue the expansion 
of scenarios to include additional regions and sectors, which will support firms in accelerating their climate 
scenario analysis capabilities in line with regulatory expectations.
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5. Appendix A
Macro-economic Benchmarking Results 

ISDA Transition 
Risk 
(Q2 2023) 

ISDA Physical 
Risk 
(Q2 2023) 

ISDA Combined 
Scenario (Q2 
2023) 

ECB 2022 
Disorderly 
Transition 
Baseline (Q1 
2022) 

ECB 2022 
Disorderly 
Transition 
ST min base (Q1 
2022) 

BOE ACS ST 
2022/3 
(Q2 2022) 

CBES 2021 
Late 
Action 
(LA) 

CCAR 2023 
Severely 
Adverse 
(Q1 2023) 

VARIABLE UNIT GEOGRAPHY y1 y1 y1 Y1 y1 y1 y1 y1 

MACRO VARIABLES 

Gross Domestic 
Product (GDP) 

Delta of 
shock vs 
baseline 

UNITED KINGDOM -1.40% -4.30% -4.90% 1.63% -2.36% -3.87% -0.69% -2.50%

EU (FRANCE) -0.70% -2.70% -2.90% 2.21% -2.19% -4.30% -1.24% -5.00%

UNITED STATES -0.60% -1.60% -2.00% 3.00% -4.41% -5.60% -1.05% -2.70%

JAPAN -2.60% -5.60% -6.70% 1.32% -4.19% -2.47% -6.60%

REST OF THE WORLD 3.39% -3.67% -4.70% -0.78%

Inflation rate 
Delta of 
shock vs 
baseline 

UNITED KINGDOM 2.70% -2.60% 1.20% 2.23% 1.74% 5.60% 3.68% -0.80%

EU (FRANCE) 1.20% -0.50% 1.30% -0.18% 0.07% 8.13% 4.00% -1.40%

UNITED STATES 1.40% -0.80% 1.30% 2.87% 2.12% 1.00% 

JAPAN 1.90% -3.70% -1.10% 0.57% 1.08% -2.00%

REST OF THE WORLD 2.31% 1.88% 

Short term 
interest rate 

Delta of % 
rate p.a. 

UNITED KINGDOM 0.60% -1.70% 1.40% 0.10% 0.74% 2.99% -0.79%

EU (FRANCE) 0.60% -0.70% -0.70% -0.18% -0.41% 3.59% -0.41%

UNITED STATES 0.90% -1.00% -0.20% 0.25% 0.32% 3.22% -0.72% -4.10%

JAPAN 0.50% -2.00% -1.30% -0.07% -0.56%

REST OF THE WORLD 0.038 -0.37%

Table 8: Benchmarked Macro-economic Values14

The base line year for each scenario is specified in brackets in the respective headings of the table. The benchmarking results indicate that there is considerable variation 
across all the different exercises, making benchmarking somewhat difficult. This is not entirely surprising given they are focused on different risks. For the ISDA transition 
risk scenario, the GDP shock is broadly in line with the CBES late action scenario and a little smaller than the ECB disorderly transition scenario. And the transition 
impacts are smaller than the BoE ACS and CCAR scenarios. On the other hand, the physical risk and combined scenarios see larger GDP impacts than the CBES scenario, 
with the GDP shocks for the UK and Japan similar to the ACS and CCAR. Regarding inflation under the transition risk shock, this exhibits greater severity compared to the 
ECB Disorderly shock across all regions, although there is a closer alignment when comparing the short-term interest rate. It is noteworthy that both inflation and the 
short-term interest rate for the EU are negative, whereas the ISDA shock is positive.

14 SSP245 baseline data can be found here: https://tntcat.iiasa.ac.at/SspDb/dsd?Action=htmlpage&page=40 

https://tntcat.iiasa.ac.at/SspDb/dsd?Action=htmlpage&page=40
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Market Risk Factors Sensitivity Analysis and Benchmarking Results 
The tables below detail the results of the sensitivity analysis conduct for the physical risk scenario. Two additional temperature sensitivities were produced to assess the 
impact of the physical risk shocks at 1 and 0.5 degrees Celsius temperatures. These results suggest smaller impacts on the market risk factors at the lower temperatures 
and have been presented alongside other regulatory stress test results for comparison purposes. 

Equities 

REGION SECTOR RISK FACTOR 
ISDA Physical Risk 1.5C ISDA Physical Risk 1C ISDA Physical Risk 0.5C BOE ACS 2023 TR Shocks CCAR 2023 TR 

Shocks 

ECB 1y 
market risk 

shocks 

1 D 10 D 3 m 1 y 1 D 10 D 3 m 1 y 1 d 10 D 3 m 1 y 1 d 10D 1 m 1 y Spot 1 y 

Asia NIKKEI225 -5% -10% -20% -25% -4% -10% -17% -19% -2% -3% -6% -10% -
7% 

-
21% 

-
30% 

-
51% -32%

EUROSTOXX50 - - - 
-

7% 
-

22% 
-

33% 
-

49% -35%

Europe 

Air Transport -5% -10% -15% -20% 0% 0% 1% 2% -0% -0% 1% 1% 

- 

-7% 

Electricity 5% 5% 10% 15% 4% 3% 9% 20% 1% 1% 4% 6% -11%

Mining & Quarrying 0% 0% 0% 0% -1% 0% 0% 1% -0% -0% 0% 0% -17%

Publishing Activities 0% 0% 0% 5% 0% 0% 3% 9% -0% -0% 1% 4% - 

Manufacture of Chem/Chem 
Prods 5% 10% 15% 20% 7% 5% 14% 17% 1% 2% 4% 6% -6%

Land Transport -5% -10% -15% -20% 0% -1% 0% 1% -0% -0% -0% 0% -10%

US S&P 500 -5% -10% -15% -20% -4% -5% -9% -16% -1% -2% -3% -3% -
8% 

-
20% 

-
28% 

-
47% -26%

UK FTSE100 -5% -10% -15% -20% -3% -6% -8% -12% -1% -2% -3% -5% -
6% 

-
21% 

-
29% 

-
45% -30%

Table 9: Equity Market Risk Factor Benchmarking Results 
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Interest Rates 

REGION RISK FACTOR 
ISDA Physical Risk 1.5C ISDA Physical Risk 1C ISDA Physical Risk 0.5C BOE ACS 2023 TR Shocks CCAR 2023 TR Shocks ECB 1y market risk shocks 

1 D 10D 3 M 1 Y 1 D 10D 3 M 1 Y 1 D 10D 3 M 1 Y 1 D 10D 3 M 1 Y Spot 1 Y 

Other 
INDIA GOV 1Y -60 -100 -150 -300 -44 -61 -71 -213 -12 -24 -38 -65 60 115 150 370 -71 

INDIA GOV 5Y -50 -90 -120 -280 -37 -57 -69 -199 -10 -22 -34 -58 45 85 115 290 -61 

Europe 

GER GOV 1Y -10 -25 -35 -65 -5 -11 -16 -25 -2 -6 -6 -7 65 130 175 440 -93 

GER GOV 5Y -5 -20 -30 -55 -5 -9 -14 -19 -1 -5 -6 -6 50 100 130 320 -71 

EUR SW 1Y 0 -15 -25 -60 -1 -8 -14 -24 2 -1 -4 -6 70 140 185 460 -78 

EUR SW 5Y 0 -5 -15 -45 0 -2 -11 -17 4 3 -2 -4 50 100 130 330 -61 

UK 

GBP GOV 1Y -20 -30 -50 -100 -12 -19 -34 -88 -4 -9 -12 -35 65 125 165 410 -90 28 

GBP GOV 5Y -15 -25 -45 -90 -10 -17 -27 -75 -4 -4 -11 -24 55 110 145 360 -69 

GBP SW 1Y -10 -15 -35 -100 -8 -13 -31 -86 0 -4 -10 -33 65 130 170 420 -90 

GBP SW 5Y 0 -5 -30 -90 -4 -7 -24 -72 0 3 -6 -20 50 100 130 320 -69 

US 

USD GOV 1Y -10 -20 -30 -80 -4 -13 -17 -28 -2 -5 -7 -10 60 115 150 370 -153 74 

USD GOV 5Y -5 -15 -25 -70 -3 -8 -14 -23 -1 -3 -5 -7 45 85 115 290 -106 

USD SW 1Y -10 -15 -30 -80 -2 -10 -15 -27 1 -2 -5 -9 50 100 135 340 -153 

USD SW 5Y 0 -5 -20 -70 0 0 -11 -21 3 2 -3 -5 45 85 110 270 -106 

Other 
BRL GOV 1Y -80 -150 -200 -450 -52 -82 -121 -309 -22 -35 -41 -128 105 200 265 650 332 

BRL GOV 5Y -70 -140 -190 -425 -43 -76 -114 -261 -22 -33 -38 -111 - - - - 464 

Table 10: Interest Rate Market Risk Factor Benchmarking Results 
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FX and Commodities 

ASSET CLASS REGION RISK FACTOR 
ISDA Physical Risk 1.5C ISDA Physical Risk 1C ISDA Physical Risk 0.5C BOE ACS 2023 TR Shocks CCAR 2023 TR 

Shocks 
ECB 1y market 

risk shocks 

1 D 10D 3 M 1 Y 1 D 10D 3 M 1 Y 1 D 10D 3 M 1 Y 1 D 10D 3 M 1 Y Spot 1 Y 

FX (percentage change) 

Asia 
USDINR -5% -10% -15% -20% 0.6% 0.7% 0.9% 2.0% 0.1% 0.2% 0.5% 0.7% 5% 10% 13% 20% -2% 

USDJPY 0% 0% 0% 0% 0.2% 0.2% 0.4% 0.6% 0.1% 0.1% 0.2% 0.3% 3% 5% 7% 10% 10%

Europe USDEUR 0% 0% 0% 0% 0.0% -0.1% 0.0% 0.1% 0.0% 0.0% 0.1% 0.1% 0% 0% 0% 0% 6% 0.9% 

UK USDGBP 0% 0% 0% 0% -0.1% -0.1% -0.2% -0.5% 0.0% 0.0% -0.1% -0.1% 0% 0% 0% 0% 5% 0.9% 

Other USDBRL -5% -10% -15% -20% 0.6% 1.0% 1.0% 3.2% 0.2% 0.3% 0.4% 1.0% 10% 20% 27% 40% -13%

Commodities 
(percentage change) Other 

GOLD 5% 10% 15% 20% 3% 10% 8% 13% 1% 2% 3% 5% 5% 15% 20% 50% 15% 

CBOT CORN -5% -5% -5% -5% -5% -7% -6% -7% -2% -1% -2% -3% -12%

COAL PRICE -10% -15% -25% -30% -7% -8% -19% -16% -2% -3% -6% -6% -50%

WTI CRUDE -10% -25% -20% -30% -6% -10% -11% -15% -2% -4% -3% -4% 10% 30% 50% 40% -34%

Table 11: FX and Commodities Market Risk Factor Benchmarking Results 

Results 

See "Climate Scenario Results.xlsx".



6 Appendix B: Detailed Modelling Methodology

This below sections outline the detailed methodology for the mapping of climate shocks to
market risk factors. The full details of all models used in the exercise are described, from the
climate model, through the macroeconomic agent‐based model to the variety of expansion
models used to generate the market risk shocks. All models are described with reference to
the appropriate academic literature, which encompasses traditional models from quantita‐
tive finance and modern machine learning‐based approaches.
The below sections are not intended as an academic article and makes no claims on original‐
ity. Instead, it synthesises, builds upon and implements the methodologies and open‐source
numerical libraries developed by existing researchers. This document is therefore intended
as a description of how our Python‐based forecasting models for all three domains (devel‐
oped by the Traded and Quantitative Risk group in the Deloitte London office) are consis‐
tently coupled using three mathematical frameworks. Consequently, the text below draws
directly from and adopts approaches as indicated in the cited research.

6.1 Modelling Climate

Earth System Models (ESMs) are integral to our detailed understanding of how the climate
system responds and hence what future states of the world might look like in response to
changing greenhouse gas (GHG) and aerosol emissions. The lack of empirical precedent for
human‐induced climate change makes modelling ‐ for scenario generation ‐ a necessity.
However, ESMs are so computationally expensive that only a limited set of experiments are
possible during a cycle of the Coupled Model Intercomparison Project (CMIP). This constraint
on the quantity of experiments necessitates the use of simpler, less granular climate models
(SCMs) to provide probabilistic assessments and hence enable the exploration of additional
experiments and scenarios.

6.1.1 Simple Climate Models are Powerful

In general, SCMs are able to simulate the globally averaged emission → concentration → ra‐
diative forcing → temperature response pathway and can be tuned to emulate an individual
ESM (or multi‐model mean). In general, SCMs are considerably less complex than three di‐
mensional, gridded ESMs, which explicitly model dynamical and physical processes (therefore
outputting many hundreds of variables, whereas SCMs instead are globally averaged or cover
large regions). SCMs parameterize many processes, resulting in many fewer output vari‐
ables. This reduction in complexity means that SCMs are much quicker than ESMs in terms
of runtime. The result is that most SCMs can run tens of thousands of years of simulation per
minute on an “average” personal computer, whereas ESMs may take several hours to run a
single year on hundreds of supercomputer processors. Most SCMs are also much smaller in
terms of lines of code, being be on the order of thousands of lines, compared to ESMs which
can be up to a million lines (Alexander and Easterbrook, 2015).
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6.1.2 Climate Modelling Needs to be Dynamic

An important innovation of the IPCC 5th Assessment Report (Myhre et al., 2013) was the in‐
troduction of a transparent set of equations (the AR5‐IR model) for use in the calculation of
GHG metrics. However, that model did not adequately reproduce the evolution of the inte‐
grated impulse response to emissions over time, due to the lack of non‐linearity in the model
of the carbon cycle. The Finite Amplitude Impulse Response (FAIR) model v1.0 (Millar et al.,
2017) introduced a state dependence to the AR5‐IR carbon cycle. In Version 2.0, Leach et al.
(2021) maintain the ability to simulate the atmospheric response to a wide range of GHGs
and aerosol emissions, while attempting to significantly reduce the complexity of model
structure. We follow the model provided in FaIR Version 2.0.0, where Leach et al (2021) pro‐
pose a set of six equations that are demonstrated to be sufficient to capture the global mean
climate system response to GHG and aerosol emissions. Whilst the trading book scenarios
considered here are short‐term, it is preferable to design a generalized methodology which
could be extended to the banking book. Therefore, dynamics with a longer timescale than
trading book scenarios (like emission dynamics) are relevant for discussion here.

6.1.3 Six Equations Capture Climate Behavior

The six equations shown in Figure 7 are simple but flexible and tuneable enough to emulate
the behaviour of several key processes within more complex models from CMIP6. The FAIR
model is exceptionally quick to run on a desktop computer, making it ideal for ensemble
analysis. Leach et al (2021) apply a constraint based on the current estimates of the global
warming trend to a million‐member ensemble, using the constrained ensemble to enable
scenario‐dependent projections and hence infer ranges for key properties of the climate sys‐
tem. Through these analyses, they show that simple climate models (unlike more complex
models) are not themselves intrinsically biased “hot” or “cold”. Instead, it is the choice of pa‐
rameters and how those are selected that determines the model response. The FaIR 2.0.0
model is able to reproduce the global climate system response to GHG and aerosol emissions
with sufficient accuracy to be useful in a wide range of applications and therefore usable as a
lowest‐common‐denominator model to provide consistency in different contexts.

6.1.4 Capturing Individual Cycles

As shown in Figure 7, terms without (t) are constants. The coloring divides the model into
gas cycle, radiative forcing, and climate response components. The dashed grey line indicates
the components identical to AR5‐IR. Table 1 in Leach et al (2017) provides brief descriptions
of each named parameter in the figure. We note that under the default parameterization,
for all gases except carbon dioxide, the index i and associated sums can be removed as these
gases are modelled as having a single atmospheric decay timescale only. Equations are de‐
scribed in full in Sect. 2.1 of Leach et al (2021).

6.1.5 The Short‐term Impact on Temperature of a Doubling of CO2

Borrowing directly from Millar et al 2017, projections of the response to anthropogenic emis‐
sion scenarios, evaluation of some greenhouse gas metrics, and estimates of the social cost
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Figure 7: Schematic showing the Full FAIR Model Structure and Equations

Figure 8: Parameter Names and Values for Temperature Impact

of carbon often require a simple model that links emissions of carbon dioxide ()CO2) to at‐
mospheric concentrations and global temperature changes. A key requirement of such a
model is to reproduce typical global surface temperature and atmospheric CO2 responses
displayed by more complex Earth system models (ESMs) under a range of emission scenar‐
ios, as well as an ability to sample the range of ESM response in a transparent, accessible and
reproducible form. Here we adapt the simple model of the Intergovernmental Panel on Cli‐
mate Change 5th Assessment Report (IPCC AR5) to explicitly represent the state dependence
of the CO2 airborne fraction. In the particular case of the impact on temperature of an in‐
stantaneous doubling of CO2, the transient climate response (TCR) of temperature to such a
doubling can be estimated from the following equation:

TCR = F2x

(
q1

(
1− d1

70

(
1− exp

(
−70

d1

)))
+ q2

(
1− d2

70

(
1− exp

(
−70

d2

))))
(1)

where the variables have the values shown in Figure 8.

6.1.6 Coupling Climate and Economic Models

Due to the complexities in both climate and macro‐economic models, the overall philosophy
for coupling such complex models is to follow the FAIR approach and use non‐linear impulse‐
response functions. In macroeconomic modelling it is generally agreed that consumers’ re‐
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Figure 9: Climate-adjusted and Statistically Balanced Input-Output Matrix - UK

sponses to income and wealth shocks result in variations in consumption. During the last
two decades, the world economy experienced major cyclicalities through a series of bubble–
post‐bubble environments. The major events included (but are not limited to) the dot‐com
bubble of 2000–2003, the global financial crisis of 2007–2010 and most recently the Covid‐19
period. Evidence from these events suggests that households do not change their consump‐
tion habits immediately in response to such episodes. However, several macroeconomic and
psychological factors appear to affect consumption in such volatile economic conditions. It
is therefore not surprising that cyclical and non‐linear (i.e. asymmetric and/or time varying)
behavior in consumption and its components have been observed.

6.1.7 Sectoral Impact of Temperature Changes

Burke et al (2015) show that overall economic productivity is non‐linear in temperature for
all countries, with productivity peaking at an annual average temperature of 13oC and de‐
clining strongly at higher temperatures, but with substantial variations between developed
and developing countries. Hsiang et al. (2017) produce probabilistic impact projections of
daily temperature and precipitation using the Surrogate/Model Mixed Ensemble (SMME)
method, which employs probabilistic projections of global mean surface temperature (GMST)
change produced using a simple climate model (SCM) very similar to the FAIR model de‐
scribed above, to weight the gridded temperature/precipitation projections from a multi‐
model ensemble of downscaled GCM output, and employs linear pattern scaling to produce
‘model surrogates’ that cover portions of the SCM‐derived GMST probability distribution not
present in the GCM ensemble.

6.1.8 Balancing the Input‐Output Matrix

The final step of the climate modelling process is mapping temperature effects to individual
economic sectors. This involves calibrating the impact of temperature changes by sector to
ensure that the input‐output matrix is correctly balanced and thereby avoid misleading sec‐
toral macroeconomic results. From a mathematical perspective this involves rescaling a given
square non‐negative matrix A ∈ Rn×n to a doubly≥ 0 stochastic matrix, where every row
and column sums to one, by multiplying two diagonal matrices R and S. This is a fundamental
process for analyzing and comparing matrices in a wide range of applications, including input‐
output analysis in economics, called the RAS approach (see Sugiyama et al 2018) . The final
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result of applying the temperature adjustments by sector and balancing the input‐output ta‐
ble is indicated in Figure 9.

6.2 Macroeconomic ABM

The macroeconomic Agent‐Based Model (ABM) is comprised of groups of hetrogeneous
agents which interact and trade according to predefined rules and expectations. By observing
and aggregating their behavior, the overall performance of the economy can be observed.
The different types of agents are described qualitatively here, with their governing equations
in the following subsection.
Agent‐based models allow the bottom‐up interactions of heterogeneous agents to govern
the overall behavior of the system. For applications with no historical precedent, like climate
change, it is essential to use methodologies that allow the capture of non‐linear and unintu‐
itive dynamics in complex systems. It is also possible to relax assumptions of general equilib‐
rium models, like rational expectations, which limit their generalizability to real‐world sce‐
narios. An ABM that is similar to the one employed here has been successfully used to model
various economic crises in the Euro area (Hommes & Poledna, 2023). The authors show that
the model is used to predict a crisis that arises endogenously during the Great Recession
without applying exogenous shocks. It was also used to predict the inflationary dynamics
of the COVID‐19 economic recovery. In previous and the present work, it is also able to do
so with a level of granularity and transparency that is challenging to achieve from top‐down
modelling methodologies. For example, the interrogation of individual firm balance sheets to
derive sectoral equity valuations in Section .

Firms:

The firm sector is composed of distinct industry sectors, the number of which varies with
the region being modelled. The firm population of each sector is derived from business de‐
mography data, while firm sizes follow a power law distribution. Each firm is part of a certain
industry and produces industry‐specific output by means of labor, capital, and intermediate
inputs from other sectors—employing a fixed coefficient (Leontief) production technology
with constant coefficients. These productivity and technology coefficients are calculated di‐
rectly from input‐output tables. Firms are subject to fundamental uncertainty regarding their
future sales, market prices, the availability of inputs for production, input costs, and cash flow
and financing conditions. Based on partial information about their current status quo and
its past development, firms need to form expectations to estimate future demand for their
products, their future input costs, and their future profit margin. According to these expec‐
tations, which are not necessarily realized in the future, firms set prices and quantities. Firms
form these expectations using simple autoregressive time series models (e.g., AR (1) expec‐
tations). These expectations are parameter‐free, as agents learn the optimal AR (1) forecast
rule that is consistent with two observable statistics, the sample mean and the sample auto‐
correlation. Output is sold to households as consumption goods or investment in dwellings
and to other firms as intermediate inputs or investment in capital goods, or it is exported.
Firm investment is conducted according to the expected wear and tear on capital. Firms are
owned by investors (one investor per firm), who receive part of the profits of the firm as divi‐
dend income.

32



Households:

The household sector consists of employed, unemployed, investor, and inactive households,
with their respective numbers obtained from census data. Employed households supply labor
and earn sector‐specific wages. Unemployed households are involuntarily idle, and receive
unemployment benefits, which are a fraction of previous wages. Investor households obtain
dividend income from firm ownership. Inactive households do not participate in the labor
market and receive social benefits provided by the government.
Additional social transfers are distributed equally to all households (e.g., childcare payments).
All households purchase consumption goods and invest in dwellings which they buy from
the firm sector. Due to fundamental uncertainty, households also form AR (1) expectations
about the future that are not necessarily realized. Specifically, they estimate inflation using
an optimal AR (1) model to calculate their expected net disposable income available for con‐
sumption.

Government:

The main activities of the government sector are consumption on retail markets and the re‐
distribution of income to provide social services and benefits to its citizens. The amount and
trend of both government consumption and redistribution are obtained from government
statistics. The government collects taxes, distributes social as well as other transfers, and
engages in government consumption. Government revenues consist of (1) taxes: on wages
(income tax), capital income (income and capital taxes), firm profit income (corporate taxes),
household consumption (value added tax), other products (sector‐specific, paid by industry
sectors), firm production (sector‐specific), as well as on exports and capital formation; (2) so‐
cial security contributions by employees and employers; and (3) other net transfers such as
property income, investment grants, operating surplus, and proceeds from government sales
and services.
Government expenditures are composed of (1) final government consumption; (2) interest
payments on government debt; (3) social benefits other than social benefits in kind; (4) subsi‐
dies; and (5) other current expenditures. A government deficit adds to its stock of debt, thus
increasing interest payments in the periods thereafter.

Commercial Bank:

The banking sector obtains deposits from households as well as from firms and provides
loans to firms. Credit creation is limited by minimum capital requirements, and loan exten‐
sion is conditional on a maximum leverage of the firm, reflecting the bank’s risk assessment
of a potential default by its borrower. Bank profits are calculated as the difference between
interest payments received on firm loans and deposit interest paid to holders of bank de‐
posits, as well as write‐offs due to credit defaults (bad debt).

Central Bank:

The central bank sets the policy rate based on implicit inflation and growth targets, provides
liquidity to the banking system (advances to the bank), and takes deposits from the bank in
the form of reserves deposited at the central bank. Furthermore, the central bank purchases
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external assets (government bonds) and thus acts as a creditor to the government. Interest
rates are set, according to the Taylor rule.

6.2.1 Macroeconomic ABM Equations

This section describes the equations that govern the behavior of the different agents in the
macroeconomic Agent Based Model (ABM). Each agent acts independently within bounded
rationality: they form expectations based on partial information. Expectations are generally
formed through autoregressive processes of lag order one i.e. based on their current and
previous state.

Firms

Sales:

Qi(t) = min(Si(t− 1) + Yi(t), Q
d
i (t)), (2)

where Si(t − 1) is the inventory of finished goods,Qd
i (t) the demand, and Yi(t) the produc‐

tion of goods by firm i.

Price setting and supply:

Pi(t) =

Unit labor costs︷ ︸︸ ︷(
w̄i(1 + τ SIF )P̄ HH (t− 1)(1 + πe(t))

ᾱi

)

+

Unit Material costs︷ ︸︸ ︷(
1

βi

∑

g

asgP̄g(t− 1)(1 + πe(t))

)

+

Unit capital costs︷ ︸︸ ︷(
δi
κi
P̄ CF (t− 1)(1 + πe(t))

)

+

Unit net taxes/subsidies products︷ ︸︸ ︷(
τ Yi P̄i(t− 1)(1 + πe(t))

)

+

Unit net taxes/subsidies production︷ ︸︸ ︷(
τ Ki P̄i(t− 1)(1 + πe(t))

)

+

Target unit operating surplus︷ ︸︸ ︷(
π̄iP̄i(t− 1)(1 + πe(t))

)
∀i ∈ Is,

(3)

where ᾱi indicates the average productivity of labor, w̄i are gross wages indexed by the con‐
sumer price index P̄ HH (t), and including employers’ contribution to social insurance charged
at a rate τ SIF ; 1

βi

∑
g asg are unit real expenditures on intermediate input by industry s on

good g weighted by the average product price index P̄g(t) for good g; δi
κi
are unit real capital

costs due to depreciation δi is the firm’s capital depreciation rate and κi is the productivity
coefficient for capital); P̄ CF (t) is the average price of capital goods, τ Y

i and τ K
i are net tax
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rates on products and production, respectively, and π̄i = 1− (1+ τ SIF ) w̄i
ᾱi
+ δi

κi
+ 1

βi
− τ K

i − τ Y
i

is the operating margin. Here, πe(t) is the expected inflation rate.

Production:

Yi(t) = min(Q s
i (t), βiMi(t− 1),αi(t)Ni(t),κiKi(t− 1)), (4)

whereQ s
i (t) is desired production of firm i, αi(t) is the productivity of labor of firm i ∈ Is,

and βi and κi are productivity coefficients for intermediate inputs and capital, respectively.

Investment:

Ii(t) =

{∑
g I

d
ig (t) if the firm successfully realized the investment plan,

<
∑

g I
d
ig (t) > if all firms visited could not satisfy its demand,

(5)

The amount of realized investment therefore depends on the search‐and‐matching process
on the capital goods market.

Intermediate Inputs:

Mi(t) =

{∑
g ∆Md

ig(t) if the firm successfully realized its plan,
<
∑

g ∆Md
ig(t) > if all firms visited could not satisfy its demand,

(6)

In the intermediate goods market, too, the amount of realized purchases of intermediate
goods depends on a search‐and‐matching process.

Employment:

Ni(t) =

{
N d

i (t) if the firm successfully fills all vacancies,
< N d

i (t) > if there are unfilled vacancies.
(7)

Here, whether vacancies are filled or not depends on the search‐and‐matching mechanism in
the labor market.

External finance:

∆L d
i (t) = max(0,∆De

i (t)−Di(t− 1)), (8)

where∆L d
i (t) is a bank loan (i.e., new credit) to cover a firm’s financing gap if the internal

financial resources of the firm are not adequate to finance its expenditures.

Accounting:

Ei(t) = Di(t) +
∑

g

asgP̄g(t)Mi(t) + Pi(t)Si(t) + P̄ CF (t)Ki(t)− Li(t) ∀i ∈ Is, (9)

whereDi(t) is the deposit, P̄g(t) the price index for the principal good g, Si(t) the inven‐
tories, P̄ CF (t) the economy‐wide capital formation price index,Ki(t) the capital stock, and
Li(t) the overall debt.
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Insolvency:

Li(t+ 1) = ζ b P̄ CF
i (t)Ki(t) (10)

Di(t+ 1) = 0 (11)

where ζ b is a fraction of the remaining liabilities of its real capital stock for firm i, and Li(t +
1) are liabilities of firm i andDi(t+ 1) are the deposits in the next period (t+ 1).

Households

Activity Status:

wh(t) =

⎧
⎪⎨

⎪⎩

θ UBwh(t− 1) if newly unemployed,
wi(t) if newly employed by firm i,

wh(t− 1) if unemployment continues.
(12)

An economically inactive person h receives social benefits sb inact (t) and does not look for a
job:

sb inact (t) = sb inact (t− 1)(1 + γe(t)) (13)

Consumption:

Ch(t) =

{∑
g C

d
hg(t) if the consumer successfully realized the consumption plan,

<
∑

g C
d
hg(t) > if all firms visited could not satisfy the consumer’s demand,

(14)
where Cd

hg(t) is the consumption budget of the h‐th household to purchase the g‐th good.

Household Investment:

Ih(t) =

{∑
g I

d
hg(t) if the household successfully realized the investment plan,

<
∑

g I
d
hg(t) > if all firms visited could not satisfy its demand,

(15)

where Idhg(t) is the investment demand by household h for product g net of taxes.

Income:

Yh(t) =

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

(wh(1− τ SIW − τ INC(1− τ SIW)) + sbother(t))P
HH

(t) if employed
(wh(t) + sbother(t))P

HH
(t) if unemployed

(sbinact(t) + sbother(t))P
HH

(t) if not economically active
θDIV(1− τ INC)(1− τ FIRM)max(0,Πi(t)) + sbother(t)P

HH
(t) if an investor

θDIV(1− τ INC)(1− τ FIRM)max(0,Πk(t)) + sbother(t)P
HH

(t) if a bank investor
(16)

where sb other (t) is the additional social benefits (related to family and children, sickness,
etc.) from the government, τ INC is the income tax rate, τ SIW is the rate of social insurance
contributions to be paid by the employee, τ FIRM is the corporate tax rate, θ DIV is the dividend
payout ratio, P̄ HH (t) is the consumer price index, and Πi(t) is the profit of firm i.
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Savings:

Dh(t) = Dh(t− 1)

+

Savings︷ ︸︸ ︷
Yh(t)−

(
(1 + τVAT)Ch(t) + (1 + τ CF)Ih(t)

)

+

Interest payments︷ ︸︸ ︷
r(t)min(0, Dh(t− 1))

+

Interest received︷ ︸︸ ︷
r̄(t)max(0, Dh(t− 1)) . (17)

where Yh(t) is the current disposable income, Ch(t) the realized consumption expenditure,
Ih(t) the realized investment in housing,Dh(t − 1) the h‐th household’s previous deposits,
τ VAT the value‐added tax rate on consumption, and τ CF the tax rate on investment goods.

The General Government

Government Consumption:

Cj(t) =

{∑
g C

d
jg(t) if the government successfully realized the consumption plan,

<
∑

g C
d
jg(t) > if all firms visited could not satisfy its demand,

(18)
where Cd

jg(t) is the consumption budget of the j‐th government entity to purchase the g‐th
good.
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Government Revenues:

Y G(t) =

Social security contributions︷ ︸︸ ︷
(τSIF + τSIW )P̄HH(t)

∑

h∈HE(t)

wh(t)

+

Labor income taxes︷ ︸︸ ︷
τ INC(1− τSIW )P̄HH(t)

∑

h∈HE(t)

wh(t)

+

Value added taxes︷ ︸︸ ︷
τV AT

∑

h

Ch(t)

+

Capital income taxes︷ ︸︸ ︷

τ INC(1− τFIRM )θDIV

(
∑

i

max(0,Πi(t)) +max(0,Πk(t))

)

+

Corporate income taxes︷ ︸︸ ︷

τFIRM

(
∑

i

max(0,Πi(t)) +max(0,Πk(t))

)

+

Taxes on capital formation︷ ︸︸ ︷
τCF

∑

h

Ih(t)

+

Net taxes/subsidies on products︷ ︸︸ ︷∑

i

τYi Pi(t)Yi(t)

+

Net taxes/subsidies on production︷ ︸︸ ︷∑

i

τKi Pi(t)Yi(t)

+

Export taxes︷ ︸︸ ︷
τEXPORT

∑

l

Cl(t) . (19)

where τYi and τKi are the net rates on products and production, respectively.
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Government deficit:

ΠG(t) =

Social benefits and transfers︷ ︸︸ ︷∑

h∈Hinact

P̄HH(t)sbinact(t) +
∑

h∈HU (t)

P̄HH(t)wh(t) +
∑

h

P̄HH(t)sbother(t)

+

Government consumption︷ ︸︸ ︷∑

j

Cj(t)

+

Interest payments︷ ︸︸ ︷
rGLG(t− 1)

−
Government revenues︷ ︸︸ ︷

Y G(t) . (20)

Government Debt:

LG(t) = LG(t− 1) + ΠG(t) (21)

where LG(t− 1) are loans taken out by the government at the previous stage, and ΠG(t) are
year‐to‐year deficits/surpluses of the government.

The Bank

Provision of Loans:

∆Li(t) = max

(
0,min

(
∆Ld

i (t),

ζLTV P̄CF (t− 1)(1 + πe(t))Ke
i (t)− (1− θ)Li(t− 1),

Ek(t− 1)

ζ
−

I∑

i=1

(Li(t− 1) +∆Li(t))
))

(22)

where Ek(t−1) is the equity capital (common equity) of the bank at time t−1, and 0 < ζ < 1
can be interpreted as a minimum capital requirement coefficient (i.e., 1/ζ is the maximum al‐
lowable leverage for the bank),∆Li(t) is the realized amount of new loans to firm i in period
t. Here, ζLTV is the loan‐to‐value ratio, andKe

i (t) is the expected value of firm i’s capital
stock; πe(t) is the expected inflation rate.

Accounting for Profits and Losses:

Dk(t) =
I∑

i=1

Di(t) +
H∑

h=1

Dh(t) + Ek(t)−
I∑

i=1

Li(t) (23)

whereDk(t) is the bank’s balance sheet, Ek(t) is the bank equity,Di(t) andDh(t) are the
deposits from firm i and household h, respectively; Li(t) is the loan issued to firm i.
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The Central Bank

Determination of Interest Rates:

r̄(t) = max (r∗ + ρ(γe − γ∗) + (1− ρ) ∗ (πe − π∗)), r̄min) (24)

where ρ is a measure of weight assigned, r∗ is the real equilibrium interest rate, π∗ is the in‐
flation target by the CB, γe is the expected economic growth and γ∗ is the target economic
growth. The CB policy rate follows Taylor Rule.

Accounting for Profits and Losses:

The central bank’s profits ΠCB(t) are:

ΠCB(t) = rGLG(t− 1)− r̄(t)Dk(t− 1) (24)

where rGLG(t−1) are revenues from interest payments on government debt, and r̄(t)Dk(t−
1) is the net position in advances/reserves with regards to the banking system.
The central bank’s equity ECB(t) evolves according to its profits or losses and its past equity,
and is given by:

ECB(t) = ECB(t− 1) + ΠCB(t). (25)

Net Creditor/Debtor Position of the National Economy:

The net creditor/debtor position of the national economy to the rest of the worldDRoW (t)
evolves according to the following law of motion

DRoW (t) = DRoW (t− 1)− (1 + τEXPORT )
∑

l

Cl(t)

︸ ︷︷ ︸
Exports

+
∑

m

Pm(t)Qm(t)

︸ ︷︷ ︸
Imports

(26)

where Cl(t) is the realized consumption by foreign consumers, and Pm(t) andQm(t) are the
prices and sales of imports, respectively.

Imports and Exports

Imports:

The total amount of imports Y I(t):

log(Y I(t)) = αI log(Y I(t− 1)) + βI (27)

which is assumed to follow an AR(1) process.
The prices for these import goods are:

Pm(t) = P̄g(t− 1)(1 + πe(t)) (26)

wherem produces the principal product g, P̄g(t) is the product price index, and πe(t) is the
expected inflation rate. This corresponds to the assumption of a fixed relation between the
domestic and international price level, i.e., the same inflation rate at home and abroad.
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Sales of imports are:
Qm(t) = min(Ym(t), Q

d
m(t)) (27)

whereQd
m(t) is the demand by consumers for foreign firmm.

Exports:

Cl(t) =

{∑
g C

d
lg(t) if the foreign consumer successfully realized the consumption plan,

<
∑

g C
d
lg(t) > if all firms visited could not satisfy its demand,

(28)
where Cd

lg(t) is the demand for exported goods by the l‐th foreign consumer to purchase the
g‐th good.

6.3 Market Risk Model Methodologies

6.3.1 Equities Indices ‐ Fama French 5 Factor Model:

Market Risk Factors Modelled: Nikkei 225, FTSE 100 and S&P 500 equity indices
The Fama French five‐factor model11builds upon the Capital Asset Pricing Model (CAPM) by
adding values for size, value, profitability and investment to the existing market return over
the risk‐free rate. It predicts the expected returns of an asset based on the performance of
each of the five factors (firm size, book‐to‐market value, excess return, profitability and in‐
vestment), using parameters that are fitted to historical data. It was proposed in 2014 and it
is an extension of the Fama French three factor model. This is used for equity indices: namely
the NIKKEI 225, FTSE 100 and S&P 500. To calculate the market risk shocks for equity indices,
the central bank’s policy rate from the ABM is used as the risk‐free rate to generate forward
yield curves. The central bank policy rate in the ABM is driven by a policy rule which is a func‐
tion of output and inflation. The values for each of the five factors are taken for the relevant
equities from Kenneth French’s online repository 12 , with the risk‐free rate used to vary the
market return factor. The returns are compared across different scenarios to generate the
market risk factors for equity indices.

6.3.2 Sectoral Equity for the EU– Residual Income Method:

Market Risk Factors Modelled: EU sector shocks for electricity, manufacturing of chemical
products, air transport, land transport, mining and quarrying and publishing activities Equity
indices are created for firms in each sector of the economy, within the macroeconomic ABM
13. At each time step, a basket of firms for each sector in the economy is valued and the ag‐

11Fama, Eugene F., French, Kenneth R. Common risk factors in the return on stocks and bonds www.bauer.
uh.edu/rsusmel/phd/Fama-French_JFE93.pdf

12French, Kenneth R. Developed Markets Factors and Returns https://mba.tuck.dartmouth.edu/
pages/faculty/ken.french/data_library.html

13To create the index, the ten largest firms in each sector are chosen before the simulation begins. If fewer
than ten firms are available in a sector, then all available firms are included. At each subsequent monthly
timestep in the ABM, the firms are valued and the aggregate figure for each sector recorded. Note that these
indices do not influence the agents within the ABM (eg, for investment decisions); they are only an output used
to infer how real equity values might vary in response to climate shocks
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gregate figure tracked over time. This method is used for the EU, as a developed economy
with highly granular sectors. These sectors included Electricity, Manufacturing of Chemical
Products, Air transport, Land transport, Mining and Quarrying. Publishing activities was in‐
cluded as a non‐carbon intensive control sector. By comparing the change in the values of
these firms between different climate scenarios, the effect of different shocks on equity val‐
ues can be inferred. The firms are valued using a simplified version of the Residual Income
Method (RIM), which considers firm fundamentals: income, assets and liabilities. A full de‐
scription of the model is provided in the appendix. The total profits that a firm expects to
make over the next ten‐year period– less the expected return on equity capital – are dis‐
counted and added to the present book value of the firm. The expected profits for future
time steps over ten years are assumed to be equal to the profit at the current time step –
i.e. each firm performs identically for each subsequent time step. Therefore, instantaneous
changes to the business environment like the imposition of a carbon tax (which reduce net
margin) have an immediate impact on the value of firms. The book value of a firm is taken
to be its assets, net of liabilities. Assets are the sum of total fixed capital, stock of intermedi‐
ate and finished goods, plus cash at hand. Liabilities are debts owed to the commercial bank.
All values of assets and liabilities are taken from the existing balance sheet of each individual
firm, a description of which is provided within the ABM section of the appendix.

6.3.3 Credit Default Swaps (CDS) ‐ ISDA Market Standard Bootstrapping CDS
Spreads:

Market Risk Factors Modelled: USD CDS on UK
A Credit Default Swap (CDS) is a derivative product used for trading and risk management.
Here, a USD‐denominated CDS on UK government debt is modelled. Credit events can in‐
clude complete default on payments, partial default, credit rating downgrades, or widening
credit spreads. To analyze a credit event, the Poisson process is often used which is a prob‐
abilistic model. The Poisson process estimates the probability of default between two‐time
intervals, conditional on survival until the initial time point. Hazard rates, or default intensi‐
ties, are used in the Poisson process to model the likelihood of a credit event occurring. Simi‐
larly, survival probability is a fundamental factor in pricing CDS contracts. It is the probability
that no credit event will occur, and it is the complement of the probability of default. Survival
probability is not directly observable and must be implied from traded credit spreads in the
market. A bootstrapping algorithm is used to calculate survival probabilities from traded CDS
spreads. The CDS spreads represent the market’s view of credit risk. By using these spreads,
the algorithm derives the survival probabilities, assuming a constant recovery rate of 40% 14,
to price the CDS contracts. The discount factors for the bootstrapping algorithm are derived
from the yield curve model which generates rates for the respective time frames. These are
fed back into the bootstrapping algorithm to price the CDS contracts.

6.3.4 Yield Curves – Hull White One‐factor Model:

Market Risk Factors Modelled: The 1D, 6M, 1Y, 5Y,10Y and 20Y government bond yields for
GBP, Germany (as a proxy for Europe), USD, Brazil and India

14ECB 2006 Financial Stability Review. ISSN 1830‐2025, European Central Bank, 2006, p. 80 www.ecb.
europa.eu/pub/pdf/fsr/financialstabilityreview200612en.pdf
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A Hull White one factor model is used to derive yield curves. It is an extension of the Vasicek
model 15 , with the ability to fit a term structure of interest rates. It assumes that short‐term
interest rates follow a mean‐reverting stochastic process. The model is used to simulate
many different paths of future interest rates based on a varying short rate, here taken to be
the risk‐free rate from the macroeconomic ABM. The future path of interest rates is mod‐
elled using two parameters that are calibrated to historical data: the speed of mean reversion
and the volatility of the short rate. The volatility of the short rate is calculated directly from
historical data 16 from each economy modelled in the ABM. The speed of mean reversion
is calculated using a least‐squares fitting to historical yield curves – determining the value
that best replicates past data. This ensures that the dynamics of the interest rates conform
to historical expectations (including previous financial crises). However, it does not necessar‐
ily limit the magnitude of the shocks to historical precedent. For each monthly time step in
the macroeconomic ABM, the policy rate is used to calculate different paths of interest rates.
The pre‐determined values for the speed of mean reversion and volatility are used through‐
out, for their relevant economies. From these, a yield curve is constructed which best fits the
future paths of interest rates. By comparing these across different scenarios, the shocks to
yield curves that result from the physical, transition and combined risks are determined.

6.3.5 Interest Rate Swaps – PCA‐based Machine Learning:

Market Risk Factors Modelled: The 1D, 6M, 1Y, 5Y,10Y and 20Y swap curve for GBP, EUR and
USD
Interest rate swap curves are modelled here using a combination of Principal Component
Analysis (PCA) and machine learning, relating changes in the predicted yield curves for a par‐
ticular economy to changes in swap spreads 17. Yield curves are generated for each economy
modelled by the macroeconomic ABM using the Hull White One Factor Model (see above).
The difference between these yield curves and those from the reference date of the sim‐
ulation, 30th June 2023, are then calculated at each time step. These differences are then
decomposed into their PCA components and the regressor used to predict the changes in the
swap curve with respect to the reference date. Adding the changes in the swap spreads to
the changes in the yield curve – from the Hull White model – allows the overall changes in
the swap curves to be determined for each scenario. The changes in swap curves are then
compared between scenarios to generate the swap curve market risk shocks 18.

6.3.6 Foreign Exchange (FX) – Purchasing Parity Power Model:

Market Risk Factors Modelled: USDINR, USDJPY, USDEUR, USDGDP, USDBRL
15Hull, J., White, A. The Journal of Financial and Quantitative Analysis. Vol.28, No 2 (June1993)
16Data used for short rate volatility: Brazil, daily from 06/10/03 – 30/06/23; EU, daily from 06/10/03 –

30/06/23; India, daily from 03/04/2009 – 30/06/23; Japan, daily from 16/02/2016 – 30/06/23; UK, daily from
02/01/18 – 30/06/23; US, daily from 08/01/71 – 30/06/23

17The shape of the yield curve can be parameterised using PCA, with the first three components often
used to infer economic conditions or expectations. It has been shown that a relationship exists between swap
spreads and PCA components of benchmark yield curves

18For training of the machine learning model, week‐to‐week changes in historical yield and swap curves are
calculated and PCA performed on these yield curve deltas. A Random Forest regressor is trained to predict the
changes in swap spreads from the first three components of the yield curve delta PCA
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To forecast currency exchange rates, the Purchasing Power Parity (PPP) based approach is
used, which combines the macroeconomic outputs produced by the ABM and combining
it with machine learning model, XGBoost, which is based on a study by Amat et al. in 2018.
The methodology is based on the assumption that exchange rates should adjust so that the
same basket of goods costs the same in different countries, considering purchasing power.
For each currency pair, the changes in GDP, inflation and risk‐free rates for each country are
used as the independent variables for an XGBoost regression model. XGBoost is chosen for
its efficiency and features that help prevent making predictions that are too specific to the
historical data (overfitting).. This model learns from past data about how exchange rates have
changed. Finally, the economic factors predicted by our ABM model are used to forecast how
exchange rates will change for specific pairs of currencies.

6.3.7 Commodities – Macroeconomic Regression:

Market Risk Factors Modelled: Gold, CBOT Corn, Coal Price and WTI Crude
A machine learning‐based approach is used to predict commodity prices based on histori‐
cal relationships with economic output. Commodity price predictability has been shown to
be closely linked to the economic cycle10 with this relationship strongest in periods of eco‐
nomic recession. Here, a Random Forest 19 regressor is trained on the relationship between
the GDP of the developed economies modelled by the macroeconomic ABM and historical
commodity prices. A Random Forest regressor is chosen over a linear or polynomial‐based
approach to capture the non‐linearities inherent in the macroeconomic‐commodity price re‐
lationship. Commodity prices are taken at quarterly intervals to match the frequency of the
macroeconomic data between 2000‐2022 inclusive. When regressing commodity prices on
macroeconomic variables, out‐of‐sample predictability has been shown to be greatest for a
quarterly horizon 20 . For the short‐term horizons considered here, historical correlations are
assumed to hold as traders and consumers utilize existing schemas and/or models to drive
behavior. Longer term horizons may consider basing regression on more fundamental vari‐
ables related to specific economic sectors. The trained regressor is then used to predict com‐
modity prices using the values of GDP predicted by the ABM. Values of GDP for the US, UK,
EU and Japan are used as input to the regressor to forecast the commodity prices at each
monthly timestep.

6.3.8 Retail Mortgage‐Backed Securities (RMBS) – Richard and Roll Prepay‐
ment Model:

Market Risk Factors Modelled: The USD RMBS
To value residential mortgage‐backed securities, the Richard and Roll prepayment model is
used. Developed by Dwight J. Richard and Richard R. Roll, it is widely used for modelling
mortgage‐backed securities (MBS) and Collateralized Mortgage Obligations (CMOs). It esti‐
mates the prepayment rates of borrowers in a pool of mortgages, which is crucial for assess‐

19Random forests are a scheme proposed by Leo Breiman in the 2000’s for building a predictor ensem‐
ble with a set of decision trees that grow in randomly selected subspaces of data. www.jmlr.org/papers/
volume13/biau12a/biau12a.pdf

20Gargano, Antonio, and Allan Timmermann. “Forecasting Commodity Price Indexes Using Macroeconomic
and Financial Predictors.” International Journal of Forecasting, vol. 30, no. 3, July 2014, pp. 825–43. ScienceDi‐
rect, https://doi.org/10.1016/j.ijforecast.2013.09.003.
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ing the performance, value and risk of mortgage‐related securities. Defaults are accounted
for using the Standard Default Assumption (SDA), which assumes a default rate that changes
over time. A detailed explanation of the Richard and Roll prepayment model is provided in
the Appendix B. The model works on the assumption that mortgagors can and will refinance
their loans if it is economically rational to do so. This is crucial to determine the value of the
security, because it relies heavily on the sum of future discounted cash flows paid by the
mortgagors. Key macroeconomic and market risk variables used to assess refinancing feasi‐
bility includes, policy rates, the effects of mortgage seasoning and seasonality, credit spreads
and premium burnout. The model frames the decision to prepay/refinance a mortgage as an
American‐style option, with a strike price that is equal to the sum of the outstanding principal
and the refinancing costs. This naturally depends on the future path of interest rates, which
here is forecast using the Cox‐Ingersoll‐Ross (CIR) model. Once the prepayment rates have
been determined, the future cash flows are calculated for all tranches of the security. When
discounted, they form the present value of the RMBS which can be compared across different
scenarios. Here, a Monte Carlo simulation is run to estimate the yield of a sample CMO with
five tranches. The simulation involves generating mortgage rates, prepayment rates, default
rates, and cash flows, then distributing them according to the CMO’s structure. Simulation
Results are obtained after 10,000 simulations, the yields and weighted average lives (WALs)
of the tranches are calculated, providing insights into the expected returns and maturities of
each tranche.

6.3.9 Realized Volatility:

Market Risk Factors Modelled: Equity, FX, Interest rates and commodity volatilities
The approach follows the Zhu et el (2023) methodology which is a panel data‐based machine
learning approach (PDML) employed to forecast the realized volatility. They forecast realized
volatility using panel data where the cross‐sectional realized volatilities are computed with
high frequency data, using a two‐stage framework. At first, an optimal window size from an
initial set of available choices is selected, the model is then trained using the optimal window
size. The results of the PDML approach demonstrate superior performance compared to clas‐
sical linear models and can be embedded into any machine learning model, making it flexible
for practical applications.

6.3.10 Probability of Default:

Market Risk Factors Modelled: USD CDS on UK 1Y and 5Y implied PD
To forecast probabilities of default, an advanced machine learning based model is used, that
builds upon the Merton model, based on the work of Mao et al. in 2023.The model uses a
type of machine learning model called Long Short‐Term Memory (LSTM) to analyze the con‐
nection between certain financial indicators and macroeconomic variables (i.e., risk free rate)
and Credit Default Swap (CDS) spreads. Unlike many other methods that categorize compa‐
nies as either normal or in default, this approach embraces the complexity of the data. The
LSTM’s ability to understand complex relationships in the data significantly improves the ac‐
curacy of the forecasts.
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6.4 Emerging Markets: Regression of Macroeconomic Variables

In the study of global economic interdependencies, a structured approach is taken to investi‐
gate the influence of developed markets on emerging markets. Utilizing the data generated
by the macroeconomic agent‐based model (ABM), a series of regressions are conducted to
understand the relationships between key macroeconomic variables.
Each variable in the emerging markets is individually regressed on its counterpart from the
developed markets using a Random Forest regressor. This non‐linear regression technique
is well‐suited for capturing intricate dependencies and interactions between variables, espe‐
cially given the complex nature of global economic dynamics.
The set of macroeconomic variables under consideration includes:

• Gross Domestic Product (GDP)

• Inflation

• Total Household Consumption

• Central Bank Interest Rate

• Total Investment (spanning both firms and households)

• Government Consumption

• Imports

For each variable, a separate Random Forest regression object is trained. For example, the
GDP of the emerging market is regressed on the GDP of the developed markets, the inflation
rate in the emerging market on the inflation rate in the developed markets, and so on. The
data is first scaled using a Min‐Max scaler, whilst the regressor has a maximum of 300 estima‐
tors and a maximum depth of 5. Quarterly macroeconomic data are used for training, which
are linearly interpolated and scaled to monthly values to match the monthly timestep of the
ABM. Training data is taken from between 2000‐2022 inclusive.

GDPemerging = f1(GDPdeveloped)

Inflationemerging = f2(Inflationdeveloped)
...

Where each fi represents a distinct Random Forest regressor for the ith macroeconomic vari‐
able.
By training these models on historical data, it becomes possible to predict the macroeco‐
nomic performance of emerging markets based on the projected values of the developed
markets, as forecasted by the ABM. This approach offers a nuanced understanding of how
macroeconomic changes in developed economies can cascade and impact the economic
landscapes of emerging markets.
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6.5 Model Data

The data used in the models is described below and is split by region.

Europe

Data sources include micro and macro data from national accounts, sector accounts, input‐
output tables, government statistics, census data, and business demography data and are col‐
lected for the latest available data as at 30th June 2023 from Eurostat6. Model parameters,
used as input to the macroeconomic model, are either taken directly from data or calculated
from national accounting identities. Parameters that specify the number and type of market
participants are taken directly from census and business demography data.
Model parameters concerning productivity and technology coefficients, as well as capital
formation and consumption coefficients, are taken directly from input‐output tables, or are
derived from them. Tax rates and marginal propensities to consume or invest are calculated
from national accounting identities. These rates are set such that the financial flows ob‐
served in input‐output tables, government statistics, and sector accounts are matched. Cap‐
ital ratios and the inflation target of the monetary authority are set according to the litera‐
ture7. For exogenous processes such as imports and exports, parameters are estimated from
the Eurostat national accounts (main aggregates).

UK

Data for the UK has been largely sourced from the Office for National Statistics8 (ONS) for the
latest available date. The data has largely been taken from UK input‐output tables, national
accounts, government statistics, census data and business demography data. Data that spec‐
ify the number and type of market participants are taken directly from census and business
demography data.
The model parameters concerning productivity and technology coefficients, as well as capital
formation and consumption coefficients, are taken directly from input‐output tables, or are
derived from them. Tax rates and marginal propensities to consume or invest are calculated
from national accounting identities.
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Japan

Data for the Japanese economy has largely been sourced from the e‐Stat9 which a portal site
for official statistics of Japan. The dataset comprises of Japanese government deficit and rev‐
enue, input‐output tables, census data, business demography data and national accounts
data. Capital formation, technology and productivity coefficients are sourced from the input
output table directly or calculated from the tables.

US

Data for US economy has been sourced from Bureau of Economic Analysis10 which is pro‐
vided by the US Department of Commerce. Data obtained included: GDP by industry, input‐
output tables, income, and employment by industry, savings and investment data. Like the
other advanced economies being modelled, the tax rates and marginal propensities to con‐
sume or invest are further calculated from national accounting identities. Model parameters
concerning productivity and technology coefficients, as well as capital formation and con‐
sumption coefficients, are taken directly from input‐output tables, or are derived from them
as in the methodology shared by Polenda et al (2019).

6.6 Scenario Expansion

6.6.1 Yield Curve Model

The one‐factor Hull‐White model models future yield curves at every time step of the macroe‐
conomic ABM, where central bank policy rate acts as a short rate. The stochastic differential
equation defining the Hull‐White model for the short rate r(t) is given by:

dr(t) = (θ(t)− ar(t))dt+ σdW (t)

In this equation, θ(t) ensures consistency with the initial yield curve, a represents the speed
of reversion, σ is the volatility parameter, andW (t) denotes a Wiener process.
To calibrate the Hull‐White model, historical data is employed to estimate the parameters a
and σ. The speed of reversion, a, is determined by analyzing how quickly interest rates re‐
vert to their long‐term average, while the volatility parameter, σ, is calculated based on the
observed variability of interest rate changes over time. These calibrated parameters are in‐
strumental in capturing the historical behavior of interest rates and ensuring that the model
accurately reflects the underlying market dynamics.
With the policy rate set by the central bank agent at each timestep, the Hull‐White model uti‐
lizes the calibrated parameters to forecast the short rate and, by extension, the entire yield
curve at the subsequent timestep. This iterative process results in a series of predicted yield
curves, aligning with the central bank’s policy decisions and providing a dynamic view of po‐
tential future interest rate movements.
This modelling approach, therefore, not only aids in understanding the impact of monetary
policy on yield curves but also ensures that the predictions are grounded in historical market
behavior, enhancing the reliability of the forecasts.
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6.6.2 Sectoral Equity Model

Equity indices are created for firms in each sector of the economy, within the macroeconomic
ABM. This method is used where the economies are partitioned into a large number of sec‐
tors, for example the EU. The value of each firm is calculated at the first time step according
to a simplified version of the Residual Income Method (RIM), Equation 29:

V0 = BV0 +
n∑

i=1

RIi
(1 + r)i

(29)

Where BV0 is the present book value of the firm, r is the expected rate of return on equity
capital and RIi is the residual income for the ith period. The residual income is calculated as
the firm’s profit less the expected return on equity capital, RIi = r BV0. The expected rate
of return on equity capital is the current risk free rate set by the Central Bank in the ABM,
plus the fixed risk premium used by the Bank agent to determine loan repayments. The book
value of the firm BV0 is calculated as net assets less liabilities, with values for deposits held
at the bank, stock of finished goods, fixed capital and outstanding loans taken from the bal‐
ance sheets of individual firms within the ABM. Firm profits for the ith step are assumed to
be the same as the profit for the current step, discounted by the current expected rate of re‐
turn compounded for the ith period. The residual income is calculated over a number of peri‐
ods equivalent to 10 years. Up to the 10 largest firms in each sector at the first time step are
tracked throughout the remainder of the ABM simulation. An index, initially set to unity, is
formed that tracks their value. The industry specific impact of the scenario is hence captured
through the firm profits which is captured by the present book value of the firm.

6.6.3 Fama French Five Factor Model ‐ Equity Indices

The Fama French five‐factor model builds upon the Capital Asset Pricing Model (CAPM) by
adding values for size, value, profitability and investment. It predicts the expected returns
of an asset based on the performance of each of the five factors, using parameters that are
fitted to historical data. It was proposed in 2014 and it is an extension of the Fama French
three factor model. This is used specifically for equity indices: namely the NIKKEI 225, FTSE
100 and S&P 500. The model is as follows:

R = α + βmMKT + βsSMB + βhHML+ βrRMW + βcCMA (30)

WhereMKT is the market risk premium, SMB is the return on a diversified portfolio of
small cap stocks minus the return on a diversified portfolio of big cap stocks,HML is the
difference between the returns on diversified portfolios of stocks with high and low book
to market ratios, RMW is the difference between the returns on diversified portfolios of
stocks with robust and weak profitability and CMA is the difference between the returns on
diversified portfolio of stocks of low and high reinvestment ratios investment firms. The coef‐
ficients α, βm, βs, βh, βr and βc are respectively: the excess return over benchmark; sensitivity
to market risk; sensitivity to size factor; sensitivity to value factor; sensitivity to profitabil‐
ity factor; and sensitivity to investment factor. The five factors are derived from the histor‐
ical data from Kenneth R French data library. To calculate the market risk shocks for equity,
the central bank’s policy rate is factored into the MKT parameter of the Fama French 5 fac‐
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tor model. The central bank policy rate is an output from the Agent Based Macroeconomic
(ABM) model.

6.6.4 Interest Rate Swaps Model

The methodology developed for modelling swap spreads employs Principal Component Anal‐
ysis (PCA) to analyse changes in the yield curves. The yield curves used are those predicted
by the Hull‐White One Factor model described in Section . The relationship between the first
to third principal components of the yield curve PCA and swap spreads is utilized, drawing
on insights from Moody’s Analytics (Licari et al. (2013)) and the Bank of England Quarterly
Bulletin (Cortes (2006)).
Changes in both yield curves and swap spreads are calculated at weekly intervals over a 10
year period, denoted as∆Y (t) and∆S(t) respectively, where t represents the time index.

∆Y (t) = Y (t)− Y (t− 1) (31)

∆S(t) = S(t)− S(t− 1) (32)

Here, Y (t) and S(t) represent the yield curve and swap spread at time t, respectively.
Following the calculation of changes, Principal Component Analysis (PCA) is applied to the
yield curve changes, resulting in a set of principal components PCi(t), where i ranges from 1
to 3. This transformation captures the main patterns of variation in the yield curve changes.

⎡

⎣
PC1(t)
PC2(t)
PC3(t)

⎤

⎦ = PCA (∆Y (t)) (33)

Subsequently, a regression model, specifically a Random Forest algorithm, is employed to
establish a relationship between the principal components of the yield curve changes and the
changes in swap spreads. This is expressed as:

∆S(t) = f(PC1(t), PC2(t), PC3(t)) (34)

The coefficients of this regression model encapsulate the sensitivity of swap spread changes
to changes in the yield curve, as represented by the principal components.
Finally, for a given yield curve, the methodology enables the prediction of swap spread changes,
which can then be added to the known swap spreads from a reference date, such as June
30th, 2023. This results in a comprehensive model that provides insights into the relationship
between yield curves and swap spreads, and facilitates the prediction of swap spread move‐
ments based on changes in yield curves.

6.6.5 Commodities

A machine learning‐based method is used to forecast commodity prices, specifically employ‐
ing a Random Forest regressor. This model establishes a relationship between the prices of
commodities and the Gross Domestic Product (GDP) of key developed economies modelled
by the ABM: the United Kingdom, the United States, Japan, and the European Union.

50



The training process involves using historical data, wherein the commodity prices serve as
the dependent variable, and the GDP values of the specified developed economies act as the
independent variables. Quarterly GDP figures are used from between 2000‐2022 inclusive.
The average commodity price over each quarter is used for the regression. The Random For‐
est algorithm, known for its capability to handle non‐linear relationships and interactions
between variables, is then trained on this dataset. A maximum of 300 estimators are used
with a maximum depth of 5. For each GDP output of the macroeconomic ABM, at monthly
intervals, the commodity prices are then predicted. This approach relies on historical correla‐
tions between different commodities and GDP holding in each climate scenario. It is assumed
that these correlations are robust for the short liquidity horizons considered here (less than
one year), due to the pre‐existing models and schemas that would govern market dynamics
over the short term.

6.6.6 RMBS ‐ Richard and Roll Prepayment Model

The Richard and Roll prepayment model assumes that prepayment rates are dependent on
four factors:

Refinancing Incentive (RI):

• RI measures the financial motivation for borrowers to refinance their mortgages. It’s
based on the difference between the current interest rate on their mortgages (C) and
the prevailing market interest rate for new mortgages (R).

• The larger the gap between C and R, the greater the incentive for borrowers to refi‐
nance. If C is much higher than R, borrowers can save money by refinancing.

• The relationship between C and R is typically nonlinear, and various functions can be
used to represent this relationship.

Seasoning Multiplier (SM):

• This factor accounts for the observation that prepayments tend to increase as mort‐
gages age or “season.” As mortgages get older, borrowers are more likely to refinance
or prepay.

• The model incorporates a seasoning factor that increases prepayment rates as time
progresses. It is assumed that the peak of the prepayments occurs in the 30th month:

SMt = min
(

t

30
, 1

)
(35)

Month of the Year:

• The model considers that prepayments occur more frequently during certain months
of the year. Borrowers may be more likely to refinance in the summer or early autumn
compared to winter.
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• The model uses values for each month to adjust prepayment rates, with some months
having higher prepayment probabilities than others.

Burnout Multiplier (BM):

• This factor accounts for the declining propensity of borrowers to prepay their mort‐
gages over time. For example, a change in a borrower’s credit status may make their
loan ineligible for refinancing.

• The burnout multiplier captures the diminishing likelihood of prepayment as the out‐
standing balance of the mortgage pool decreases.

The annualized Conditional Prepayment Rate (CPR) is a product of all four factors:

CPRt = RIt × SMt ×MM × BMt (36)

Modelling Interest Rate Paths:

The Cox‐Ingersoll‐Ross (CIR) model is essentially a model is used to model the movements
in the interest rate. It is a one‐factor model, predicting the movements in the interest rate
driven by market risk. The governing equation is:

drt = a(b− rt)dt+ σ
√
rtdWt (37)

where rt is the short‐term interest rate, b is the long‐term mean, a is the speed of mean re‐
version and σ is the volatility.
Interest rates are modelled using the Cox‐Ingersoll‐Ross (CIR) short‐term rate process, with
parameters calibrated to historical data. The Cox‐Ingersoll‐Ross short term interest rate pro‐
cess is:

drt = a(b− rt)dt+ σ
√

(rt)dWt (38)

Parameter ‘b’ is a long‐term mean and ‘a’ is a speed of adjustment to the mean. Sigma repre‐
sents standard deviation and ‘Wt’ is a Brownian motion.
One of the main advantages of the CIR model is that it is able to capture the mean reversion
property of interest rates, which is a well‐documented phenomenon in financial markets.
Mean reversion refers to the tendency of interest rates to move back towards their long‐term
average over time. The CIR model also has the advantage of being able to produce positive
interest rates, which is important for the financial models. This is achieved by constraining
the short rate to be non‐negative, which is a desirable feature when modelling interest rates.

6.6.7 Forecasting Foreign Exchange Rates

Model Selection

It is generally agreed among macroeconomists that using economic relationships such as un‐
covered interest parity (UIP) to predict exchange rate movements has resulted in poor predic‐
tion results, despite such models being well‐grounded theoretically. An indentified and criti‐
cally constraining factor of existing models is their functional form, in which, the forecasting
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equations are generally simple linear combinations of the fundamentals (such interest rates,
inflation and GDP), thereby neglecting the potential impact of (generally acknowledged to
be important) non‐linearities. The reason for the strict linear form originates in the theoret‐
ical derivations of existing models such as purchasing power parity (PPP) and the monetary
model (MM). However, it is also acknowledged that fundamentals play a significant role in
forecasting the movement of exchange rates if a non‐linear formulation is used. Following
the suggestion of Amat et al. (2018), we opted to use a ML model XGBoost on the basis of
generally superior forecasting performance as a result of capturing potential non‐linearities
and for the purposes of calibrating the key model parameters.
Based on Amat (2018), we opted to use XGBoost (eXtreme Gradient Boosting) which is a
package developed by Chen and Guestrin (2016) for easy application and tuning of gradi‐
ent boosting for classification and regression (we use XGBoostRegressor) for forecasting ex‐
change rates. Gradient boosting is an ensemble method that combines the weighted predic‐
tions of multiple weak learners, in the form of trees, into a superior model for forecasting.
The XGBoost model works by sequentially fitting weak learners to bootstrapped samples
from the source data. Instead of fitting the samples to the target variable, the goal is to re‐
duce the residuals of weak learners by successively reducing the residuals of the previously
fitted weak learners. This is acheived by adding up the predictions of the weak learners and
then minimizing the prediction error. When the error can no longer be reduced, the final ad‐
ditive regression model takes the following form:

∆ŷt+1 =
K∑

k=1

f r
k (xt) (39)

where f r
k denotes the regression tree formulation of XGBoost and K is the number of weak

learners in the final model. The model is fitted by minimizing a predefined loss function that
includes a penalty term for regularization:

Lossr(∆ŷt+1,∆yt+1) =
K∑

k=1

k(∆ŷt+1,∆yt+1) +
K∑

k+1

Ω(fk) (40)

where the loss term Ω(fk) is specified as follows:

Ω(fk) = γM +
1

2
λ||ω||2 (41)

and where M denotes the number of leaves in a weak learner and ||ω||2 is the L2 norm of the
weights ω attached to each leaf in a tree. Following Chen and Guestrin (2016) the Ω(fk) term
penalizes both tree complexity and prevents unnecessarily large terms in the loss function.

6.6.8 Data

The monthly historical dataset used to train the model covered the period from January
1990 to June 2023 (a total of 396 observations for each currency pair). The data was sourced
from the OECD, Reuters and the US Federal Reserve. For forecasting purposes, we appended
monthly data for GDP, interest rates (domestic and foreign), inflation rates (domestic and
foreign) produced from our agent‐based macroeconomic model. When training complex
machine learning models, it is important to provide the ML algorithm with sufficient obser‐
vations to achieve an acceptable level of learning without over‐fitting. So, for this reason,
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we opted to train the algorithms using the combined data of all currencies, but to make the
out of sample (OOS) forecasts for each currency pair separately. All variables were scaled
with maximum absolute scaling. To distinguish between countries, the IDs of the currency
pairs were also encoded as dummy variables. The date information was also included as time
dummies for months and years. For every country pair, the dataset was split into a training
set (in‐sample) containing the first 80% of the available periods and a validation set (out‐of‐
sample) consisting of the remaining 20% of the periods. Following Pfahler (2022), we trained
with and without fundamentals and therefore opted to include macroeconomic fundamen‐
tals in the XGBoost model for forecasting. Model hyper‐parameters were tuned and validated
for each currency pair using grid search and 5‐fold cross‐validation.

6.6.9 Forecasting Realised Volatility

Model Selection

Forecasting quantities such as asset prices is an extensively researched topic in finance. How‐
ever, many empirical studies (Chen et al, 2020; Gu et al, 2020) have shown that consecutive
asset returns are correlated very weakly and tend to behave similarly to the increments in a
random walk, which generally leads to poor predictive ability. However, realized volatility,
offers potential to explain the behavior of markets. Indeed, Brandt et al (2010) found a strong
negative correlation between idiosyncratic volatility and future asset returns and the persis‐
tence of stylized facts such as volatility clustering, together imply that volatility is highly likely
to be predictable. Bucci (2018) provides a thorough overview of volatility forecasting.
In classical linear setting, forecasting models use only a small subset of variables partly be‐
cause these methods rely on linear regression which breaks down when a model contains too
many explanatory variables that may be strongly correlated. Fortunately, rapid development
of machine learning and its ability to capture inherent non‐linearities in the relationships be‐
tween variables has yielded considerable successful research, with much of it based on neu‐
ral networks (NNs). NNs have been found to be helpful in forecasting volatile financial vari‐
ables where the non‐linear dependence is evident, for instance, in stock prices and interest
rates. A variety of machine learning techniques have been employed in volatility prediction,
such as Lasso, random forest and gradient boosting, etc. Techniques such as cross‐validation
provide greater flexibility when selecting the most efficient models.
The approach outlined in this document follows Zhu et al (2023) whose methodology (re‐
ferred to as the panel‐data‐based machine learning approach, or PDML) we employed to
forecast realized volatility. They forecast realized volatility using an ML model based on panel
data where the cross‐sectional realized volatilities are computed with high‐frequency data
using a two‐stage framework.They first select an optimal window size from an initial set of
available choices, then train their model using the optimal window size. The results of their
PDML approach demonstrate superior performance compared to classical linear models and
can be embedded into any ML model, making it very flexible for practical applications.
Time series models and panel models are often discussed separately. In the existing litera‐
ture, there is a lack of comparison of their forecasting performance. For example, Fama and
French (2020) compared cross‐section and time‐series factor models, considering size, value,
profitability, investment, and momentum factors. Their focus was solely on which model
could provide better descriptions of average returns. Unlike their orientation, our focus was
selecting an ML model based on its predictive ability. Zhu et al (2023) find that their PDML
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model produces comparable performance to time‐series models, but crucially, time‐series
models incur computational costs far greater than a panel‐data‐based model.
Based on the performance results reported by Zhu et al (2023) and on the flexibility and ease
of use of ML techniques they evaluated, we opted to use stochastic gradient boosting (SGB)
to fit the base learners form the training samples at each iteration. Gradient boosting is a
greedy procedure because new decision trees are added to the model to correct the residual
error of an existing model. Each decision tree is created using a search procedure that selects
split points to best minimize an objective function. SGB incorporates randomization into the
gradient boosting procedure by randomly selecting a subsample used to fit the base learners
from the entire training sample at each iteration. The update to the model approximation is
therefore also random in successive iterations. Specifically, in each iteration of SGB, a tree
is grown from a random subset that is selected from the original data by sampling without
replacement. Trees are added until the total residual deviance based on the held data does
not decrease and finally reaches the most suitable prediction model.
There are three important hyper‐parameters in SGB. Namely, the learning rate that deter‐
mines the contribution of each tree to the whole model, tree complexity that determines the
sample number in each final node and the number of trees. Following Zhu et al (2023) we set
the learning rate to be either ν = 0.01, 0.05 or 0.1, the maximum depth of each tree to vary
between 1 and 10, whilst the number of treesK, is set to be either 50, 100, or 150, which
coincides with the number of iterations. All hyper‐parameters were tuned by random grid
search and 5‐fold cross‐validation.
K weak learners in an SGB model implies that the algorithm iteratesK times, each with a
base learner, h(XT ; γk) with parameter γk, such that the impact of a weak learner f(XT ) is
calculated by:

f(XT ) = h(XT ; γ0) +
K∑

k=1

ηkh(XT ; γk) (42)

where ηk is an expansion coefficient and h(XT ; γ0) is the initial learner. The kth learner w
as chosen at kth iteration with the first k − 1 learners being fixed. The objective of the al‐
gorithm is to select a prediction function by minimizing the loss criteria, denoted by φ over
the training data. Again, we follow Zhu et al (2023) and set φ as the root mean squared error
function, which implies the following form for the optimal prediction function f(XT ) fitted
on T is given by:

f(XT ) = argminf

⎛

⎝
W ∗

B∑

j=1

N∑

i=1

φ(RV (i)
T−j+1, f(X

(i)
T−j))

⎞

⎠ (43)

Then, if f(x) is a parameter, use gradient descent to get the solution. Let fk−1(X) repre‐
sent the estimation of f(X) at the (k − 1)st iteration. At the kth iteration, the algorithm
randomly selects a subset from the original training dataset, in which samples being ran‐
domly selected are collected in setΥk. Following Zhu et al (2023) for convenience, define
(RVq,T+1, Xq,T ) as the qth subsample from the entire training sample, as an equivalence to(
RV (q−τN)

T−τ+1 , X(q−τN)
T−τ

)
for τ =

[
q
N

]
and q = 1, ...,WB × N . The negative gradient R̃V j,T is

calculated by:

R̃V j,T = −∂fφ(RVj,T , f(Xj,T ))

∂f(Xj,T )
(44)
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γk is estimated by minimizing the sum of the squared error, so that ηk is found by minimizing
the loss function:

ηk = argminη
∑

j∈Υk

φ(RVj,T , fk−1(Xj,T ) + ηh(Xj,T ; γk)) (45)

The final step is to update the estimate at the kth iteration using:

fk(X) = fk−1(X) + νηkh(X; γk) (46)

where ν is the shrinkage parameter. AfterK iterations the final model output is the result
fK(X).

Data

We used 1 minute tick data from on‐line sources and following Zhu et al (2023) we analyzed a
series of high‐frequency factors into panel models to assess their usefulness. By shrinking the
large‐scale macroeconomic variables with machine learning methods, we identified some sig‐
nificant stylized facts/features for use in forecasting future realised volatility. High‐frequency
features, such as the realized semi‐covariances, realized skewness and realized kurtosis, all
exhibited significance in forecasting volatility and were therefore used in estimation for the
relevant asset class/instrument.

6.6.10 Modelling Probabilities of Default

Model Selection

Predicting corporate defaults plays a central role in each sector of the economy, as was high‐
lighted during the global financial crisis of 2007‐2010 and its accompanying increase in credit
risk. There have been three broad types of statistical models: discriminant analysis (e.g.
Mare et al 2017), binary response (e.g. Aretz et al 2018) and hazard (e.g. Traczynski et al
2017). More recently, machine learning methodologies such as support vector machines, de‐
cision trees and artificial neural networks have been brought to bear on the challenge of de‐
fault prediction. Research has demonstrated that default prediction models should be multi‐
period, such that future outcomes are affected by past decisions. It has also been demon‐
strated that stock price and corporate value (as determined by the stock market) are impor‐
tant factors to use in default prediction. It has been further highlighted that an extremely
desirable feature of a corporate default prediction model should be the ability to suggest the
cause(s) of default.
In much of existing ML‐based research into default prediction, the challenge has been posed
as a classification problem that categorizes a company’s or sector’s status as being in one of
two states, namely, normal (= 0) and in default (= 1). ML modelling then involves calculat‐
ing the probability that a company or sector can be classified as being in either a normal or
defaulted state. Therefore, classification algorithms have mainly been used for default pre‐
diction, representative examples include SVMs, decision trees, and artificial neural network
algorithms.
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Model selection

However, the main problem with such a binary approach is that the data required to make
classifications are complex, multivariate, with substantial breadth and depth. Multivariate
time series forecasting focuses on predicting future values based on historical context. Us‐
ing macroeconomic and financial conditions to forecast credit default swap (CDS) spreads
is a challenging task. Mao et al (2023) propose the Merton‐LSTM model, a modified LSTM
model formed by integrating the Merton determinants model, to forecast the CDS indices.
For the purposes of forecasting sectoral spreads and default probabilities we adapt the Mao
et al (2023) approach underlying the Merton‐LSTM model based on its ability to leverage the
non‐linear learning capability to learn the inherent association between the Merton deter‐
minants and sectoral CDS spreads. The superiority of the Merton‐LSTM model in forecasting
performance is attractive in long‐term prediction even with a forecasting horizon extended to
28 days.

Data

Consistent with the Merton determinants model we use the following input data (Mao et al
2023 draw together a series of observations on the input variables, which we repeat below
in the interest of clarity. For a complete view of the Merton determinants see Mao et al 2023
bibliography):

• Spot rate: a higher spot rate increases the risk‐neutral drift of the entity’s value process
in the Merton structural model. A higher drift reduces the probability of default and
lowers the credit spreads in turn. Duffee (1998) found a significant negative relation‐
ship between credit spreads and the spot rates.

• Term‐structure slope: the level and slope of the term structure are the primary factors
driving the spot rates which could further influence the CDS spreads. Slope steepening
may increase default probability, thereby increasing the CDS index values.

• Volatility: the Merton structural model implies that the debt claim is similar to a short
position in a put option. Given that option values increase with volatility, the Merton
structural model therefore means that credit spreads will also increase with volatility,
which in turn affects the default probability and therefore influences the CDS spreads.

• Equity’s market value: the Merton structural model implies a negative connection be‐
tween the reference entity’s market value of equity and its probability of default. Fur‐
ther, the market value of equity is a reflection of market conditions which will also in‐
fluence the recovery rate which is also likely to change over the business cycle.
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6.7 Modelled Outputs: Volatilities & PDs
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Table 12: Volatilities and probabilities for default (PDs) of the physical risk scenario with
temperature sensitivities shown.
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Table 13: Volatilities and probabilities of default (PDs) for the combined scenario with
temperature sensitivities shown.
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6.8 Impact Assessment Models

A summary of impact assessment models is presented in this section. The details of the
mathematical formulas is covered in the second half of the section.
The value of the futures contract is calculated using the cost of carry model which is used
to determine the theoretical price of a futures contract. It assumes that the futures price is
equal to the spot price plus the cost of carrying the underlying asset to the delivery date of
the futures contract. The formula considers the current stock price, risk‐free rate, and time to
expiration.
To assess the value of the option the Black‐Scholes Model is used to calculate the theoretical
price of call and put options. It assumes that the price of the underlying asset follows a geo‐
metric Brownian motion with constant volatility and that the risk‐free interest rate is known
and constant. The model considers the current stock price, option’s strike price, time to expi‐
ration, volatility of the underlying asset, and risk‐free interest rate to calculate the fair value
of an option.
For pricing the forward contracts, the forward rate and forward points of a forward contract
are calculated based on the spot rate, interest rates, and days to maturity. The forward rate
is the exchange rate at which two parties agree to exchange currencies at a future date, while
the forward points represent the difference between the spot rate and the forward rate. The
forward points are calculated using the annual interest rates of both currencies and the num‐
ber of days to maturity, and the forward rate is calculated by adding the forward points to
the spot rate.
In the CDS pricing model, the survival probability is a crucial factor in determining cash flows
and the value of the contract. The probability of default is the complement of the survival
probability, and both probabilities add up to 1. The survival probability cannot be directly
observed but can be implied from credit spreads on CDS contracts traded in the market. A
bootstrapping algorithm is used to calculate the survival probability, which is then used in the
pricing of CDS contracts. The recovery rate is set to 40
The equity valuation model involves several crucial calculations and functions to evaluate a
company’s financial health. These include calculating the compound annual growth rate, av‐
erage margin, and forecast function to estimate future financial performance. It also involves
obtaining the weighted average cost of capital and net debt to evaluate the company’s finan‐
cial health comprehensively. Finally, the EBIT figures are discounted to arrive at the present
value of the firm’s cash flows, providing a comprehensive overview of the company’s financial
position.
The Interest Rate Swap Valuation Model involves valuing a plain vanilla swap, which pays a
fixed rate and receives a floating rate. The fixed and floating legs of the cash flows are cal‐
culated and discounted to the present value. The fixed leg is calculated by multiplying the
fixed coupon by the number of coupon payments and discounting it to the present value.
The floating leg is determined based on each six‐month tenor on the forward curve, which is
calculated for each point at which the swap is valued. Finally, the value of the instrument is
obtained by subtracting the fixed leg from the floating leg.
The Bond Valuation Model uses the yield curve generated from the Hull‐White one factor
model to value government bonds at each simulated time step. The fixed coupon payments
are discounted by their present value and summed, and the face value at maturity is also
discounted and added to the sum of the coupon cash flows to determine the total value of
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the bond.
The Swaption Pricing Model uses the Black 76 model to determine the value of a swaption,
which is an option on a swap. The function takes in several input parameters, including the
start time of the swaption, forward rate, strike rate, risk‐free rate, time to maturity, volatility,
and number of cash flows. These parameters are used to calculate the value of the swaption
using the Black 76 formula.

6.8.1 Future Pricing Model

The cost of carry model is a formula used to calculate the theoretical price of a futures con‐
tract. It assumes that the futures price is equal to the spot price plus the cost of carrying the
underlying asset to the delivery date of the futures contract. The futures price is calculated
using the cost of carry model where:

F = C ∗ e(rf−d)∗T (47)

where F is the futures price, C is the current stock price, rf is the risk free rate and T is the
time to expiration

6.8.2 Black Scholes Option Pricing

The Black‐Scholes Model is a mathematical model used to calculate the theoretical price of
call and put options The model assumes that the price of the underlying asset follows a geo‐
metric Brownian motion with constant volatility, and that the risk‐free interest rate is known
and constant. Using these assumptions, the model calculates the fair value of an option
by considering the current stock price, the option’s strike price, the time to expiration, the
volatility of the underlying asset, and the risk‐free interest rate. The Black‐Scholes Model is
widely used in financial markets for pricing and risk management of options contracts. The
formula for the price of a call option according to the Black‐Scholes Model is:

C = S ∗N(d1)−X ∗ e(−r∗T ) ∗N(d2) (48)

where: C is the price of the call option S is the current stock price X is the option’s strike price
r is the risk‐free interest rate T is the time to expiration of the option (in years) N(d1) and
N(d2) are the cumulative standard normal probability functions of the variables d1 and d2,
respectively
The variables d1 and d2 are calculated as follows:

d1 = (lnS/X + (r + (σ2)/2) ∗ T )/(σ ∗
√
T ) (49)

d2 = d1− σ ∗
√
T (50)

where σ is the volatility of the underlying asset.
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6.8.3 Forward Contract Pricing Model

The forward rate and forward points based on the spot rate, interest rates, and days to ma‐
turity are calculated. The forward rate is the exchange rate at which two parties agree to ex‐
change currencies at a future date, based on the current spot rate and the expected interest
rate differential. The forward points represent the difference between the spot rate and the
forward rate, expressed in pips or basis points. The spot rate of the underlying currency pair,
the annual interest rates of both currencies and the number of days to maturity are required
to calculate the forward points. The forward points are calculated using the formula:

ForwardPoints = (InterestRateEUR − InterestRateUSD) ∗DaystoMaturity/365
(51)

Then, the forward rate is calculated using the formula:

ForwardRate = SpotRate+ ForwardPoints (52)

6.8.4 CDS Pricing Model

The survival probability is a crucial factor in determining cash flows and ultimately the value
of a CDS contract. Understanding Credit Default Swap, cash flow structures depend on the
occurrence or non‐occurrence of a credit event. The likelihood of a credit event taking place
is associated with the probability of default, which is the complement of the survival prob‐
ability. This complementary relationship arises because the sum of the probability of sur‐
vival and probability of default is equal to 1. Although the survival probability cannot be di‐
rectly observed in the market, it can be implied from credit spreads on CDS contracts that are
traded in the market. A bootstrapping algorithm can be utilized to calculate the survival prob‐
ability from these credit spreads. These survival probabilities are then used in the pricing of
CDS contracts.

6.8.5 Equity Valuation Model

To conduct a thorough financial analysis of a company, several crucial calculations and func‐
tions must be performed. The first step is to calculate the compound annual growth rate
using past revenue data, which provides insight into the company’s historical performance.
Next, the average margin is calculated using past EBIT to determine the company’s profitabil‐
ity. The forecast function is then run inside the simulation loop to estimate the company’s
future financial performance. In addition, obtaining the weighted average cost of capital
(WACC) and net debt is essential to evaluate the company’s financial health comprehen‐
sively. To calculate the net debt, the total debt is subtracted from the company’s cash and
cash equivalents. Finally, the EBIT figures are discounted to arrive at the present value (PV)
of the firm’s cash flows, providing a comprehensive overview of the company’s financial posi‐
tion.

6.8.6 Interest Rate Swap Valuation Model

The interest rate swaps are valued for a plain vanilla swap, paying fixed rate and receiving
floating rate. Each leg (fixed or floating) of the cashflows are calculated and discounted to
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the present value. Subtracting the fixed leg from the floating provides the value of the in‐
strument. To calculate the value of the fixed leg, the fixed coupon (taken from market data
at the reference date ‐ 30th June 2023) is multiplied by the number of coupon payments (and
discounted to the present value). The number of coupon payments assumes a semi‐annual
frequency and is therefore solely dependent on the duration of the swap. The floating leg is
determined based on each six monthly tenor on the forward curve, which is calculated for
each point at which the swap is valued.

6.8.7 Bond Valuation Model

The yield curve generate from the Hull‐White one factor model is used to value government
bonds at each simulated time step. The fixed coupon payments (taken from market data at
the reference date ‐ 30th June 2023) are discounted by their present value and summed. The
face value at the given maturity is also discounted and added to the sum of the coupon cash
flows to determine the total value of the bond at a given simulated time step. As the yield
curve rises or falls at different tenors ‐ in response to the climate shocks ‐ the present value
of the cash flows varies and produces a profit or loss with respect to the reference date.

6.8.8 Swaption Pricing Model

The Black 76 model is implemented to value a swaption, which is a simple swaption pricing
model used to determine the value of a swaption (an option on a swap). To calculate the
swaption value the function takes in several input parameters, including the start time of
the swaption t1 , forward rate F , strike rateX , risk‐free rate rf , time to maturity T , volatil‐
ity vol, and number of cash flows numcfs. The Black76 formula to calculate the call and put
prices of the swaption is as follows:

d1 = [ln(F/X) + (vol2/2) ∗ T ]/(vol ∗
√
T ) (53)

d2 = d1− vol ∗
√
T (54)

where nd1 = cumulative distribution function (CDF) of the standard normal distribution for
d1
and nd2 = CDF of the standard normal distribution for d2

df = e(−r∗T ) (55)

d3 = (1− (1/(((1 + F/numcfs)
t1∗numcfs))))/F (56)

callprice = df ∗ ((F ∗ nd1)− (X ∗ nd2)) ∗ d3 (57)

putprice = df ∗ ((X ∗ norm.cdf(−d2))− (F ∗ norm.cdf(−d1))) ∗ d3 (58)
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Instructions



						INSTRUCTIONS: PLEASE READ

Each of the tabs contains the outputs for different stages of the modelling framework for climate scenario analysis of the trading book.
-    Sheet "Climate Risk Shocks": Contains the outputs from the climate model.
-    Sheet "Macro Risk Shocks": Contains the outputs from the macroeconomic model (ABM).
-    Sheet "Market Risk Shocks": Contains the outputs from climate adjusted macro-outputs translated into market risk factors. 
-    Sheet "Vols & PDs": Contains the climate adjusted volatilities and probability of defaults factors
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				NOTE: all values given here are the absolute figures used as input to the macroeconomic ABM. Trends can be established by comparing
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				are generated downstream based on the outputs of the macroeconomic agent-based model.
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				Financial and insurance [K]		0.0186539069		1.9304933782		0.2240725206		0.0062309121		0.01031112		0.032150499		0		0		0.0547748711		0.019466059		2.014543018		0.233828169		0.006502193		0.01031112		0.032150499		0		0		0.054641469		0.0186539069		1.9304933782		0.2240725206		0.0062309121		0.01031112		0.032150499		0		0		0.0547748711										Financial and insurance [K]		0.0458197418		0.8241884081		0.1194793588		0.0497720613		0.0378919302		0		0		0.0004100163		0.048287278		0.0486693558		0.8754462016		0.12691		0.0528674774		0.039059378		0.0378919302		0		0.0004086014		0.0481577809		0.0458197418		0.8241884081		0.1194793588		0.0497720613		0.0378919302		0		0		0.0004100163		0.048287278								Financial and insurance [K]		0.0129048182		1.8634045982		0.2950752629		0.007655581		0.0367		0.016733333		0		0		0.0433199672		0.013466667		1.944533333		0.307922222		0.007988889		0.0367		0.016733333		0		0		0.0432		0.0129048182		1.8634045982		0.2950752629		0.007655581		0.0367		0.016733333		0		0		0.0433199672								Financial and insurance [K]		0.9230106695		2.6411887988		0.1293097666		0.0085757041		0.1089537019		0.058864292		0.0454495371		0.0633925815		0.209434942		0.9894064041		2.8311797452		0.1386115193		0.0091925877		0.1089537019		0.058864292		0.0454118477		0.0633325806		0.2093721608		0.9230106695		2.6411887988		0.1293097666		0.0085757041		0.1089537019		0.058864292		0.0454495371		0.0633925815		0.209434942

				Real estate [L]		0.0736705083		4.4373092305		0.1442926952		0.0018712689		-0.002823018		0.004217249		0.0046156868		0.0226744483		0.2245051669		0.076877968		4.630500384		0.150574897		0.00195274		-0.002823018		0.004217249		0.0046		0.022597399		0.223958393		0.0736705083		4.4373092305		0.1442926952		0.0018712689		-0.002823018		0.004217249		0.0046156868		0.0226744483		0.2245051669										Real estate [L]		0.2601661838		1.4810563981		0.0769286094		0.0153881514		0.0106023462		0.0046		0.0046163322		0.012367222		0.2012369371		0.2763463975		1.5731660205		0.0817129412		0.0163451689		0.0111283748		0.0106023462		0.0046		0.012324545		0.2006972589		0.2601661838		1.4810563981		0.0769286094		0.0153881514		0.0106023462		0.0046		0.0046163322		0.012367222		0.2012369371								Real estate [L]		0.1082535347		3.0338140866		0.0258096355		0.0080175976		0.0138		0.0111		0.0046156868		0.0053215871		0.1747840345		0.112966667		3.1659		0.026933333		0.008366667		0.0138		0.0111		0.0046		0.0053		0.1743		0.1082535347		3.0338140866		0.0258096355		0.0080175976		0.0138		0.0111		0.0046156868		0.0053215871		0.1747840345								Real estate [L]		1.9340021458		2.7139259054		0.2440139025		0.0164011941		0.0093643144		0.0092146245		0		0		0.0773054072		2.0731224155		2.9091491138		0.2615667682		0.0175809955		0.0093643144		0.0092146245		0		0		0.0772822338		1.9340021458		2.7139259054		0.2440139025		0.0164011941		0.0093643144		0.0092146245		0		0		0.0773054072

				Professional and support activities [M-N]		0.0096426358		2.1248887392		0.2486566213		0.0074450654		0.006029203		0.028001495		0.1624521071		0.1227877994		0.0334179883		0.010062456		2.217401946		0.25948261		0.007769208		0.006029203		0.028001495		0.1619		0.122370558		0.0333366		0.0096426358		2.1248887392		0.2486566213		0.0074450654		0.006029203		0.028001495		0.1624521071		0.1227877994		0.0334179883										Professional and support activities [M-N]		0.0198187325		1.0111875278		0.0981602344		0.0896013538		0.0065325862		0.1619		0.1624748214		0.1723452071		0.0298507824		0.0210512959		1.0740751406		0.104265		0.0951738268		0.0084853415		0.0065325862		0.1619		0.1717504757		0.0297707285		0.0198187325		1.0111875278		0.0981602344		0.0896013538		0.0065325862		0.1619		0.1624748214		0.1723452071		0.0298507824								Professional and support activities [M-N]		0.0172880553		2.8571820535		0.4533296435		0.0157015715		0.006644444		0.014022222		0.1624521071		0.0841413209		0.0305846991		0.018040741		2.981577778		0.473066667		0.016385185		0.006644444		0.014022222		0.1619		0.0838		0.0305		0.0172880553		2.8571820535		0.4533296435		0.0157015715		0.006644444		0.014022222		0.1624521071		0.0841413209		0.0305846991								Professional and support activities [M-N]		4.7391291437		4.6542873197		0.0126667189		0.0036531325		0.0865251458		0.0583906033		0.0593025181		0.0244584825		0.2866742152		5.0800330698		4.9890882446		0.0135778851		0.0039159165		0.0865251458		0.0583906033		0.059253341		0.0244353326		0.2865882803		4.7391291437		4.6542873197		0.0126667189		0.0036531325		0.0865251458		0.0583906033		0.0593025181		0.0244584825		0.2866742152

				Government, health & education [O-Q]		0.0045584266		2.5858960309		0.0844750808		0.0039903294		0.001873555		0.006903436		0		0.0030174555		0.0430243963		0.004756891		2.69848053		0.088152949		0.00416406		0.001873555		0.006903436		0		0.003007202		0.042919612		0.0045584266		2.5858960309		0.0844750808		0.0039903294		0.001873555		0.006903436		0		0.0030174555		0.0430243963										Government, health & education [O-Q]		0.0183189852		1.3307560564		0.1229344786		0.0232778373		0.0335593559		0		0		0.0018301619		0.0624536865		0.0194582766		1.413518224		0.13058		0.0247255289		0.0321313624		0.0335593559		0		0.0018238464		0.0622861979		0.0183189852		1.3307560564		0.1229344786		0.0232778373		0.0335593559		0		0		0.0018301619		0.0624536865								Government, health & education [O-Q]		0.007730114		4.2614407902		0.0541427385		0.0042803112		0.036075		0.00565		0		0		0.0750077211		0.008066667		4.446975		0.0565		0.004466667		0.036075		0.00565		0		0		0.0748		0.007730114		4.2614407902		0.0541427385		0.0042803112		0.036075		0.00565		0		0		0.0750077211								Government, health & education [O-Q]		1.1602009796		2.3393488494		0.0220510547		0.0035334076		0.1248263096		0.0813562676		0		0.0071220022		0.0654785135		1.2436587325		2.5076272785		0.0236372725		0.0037875793		0.1248263096		0.0813562676		0		0.0071152613		0.0654588853		1.1602009796		2.3393488494		0.0220510547		0.0035334076		0.1248263096		0.0813562676		0		0.0071220022		0.0654785135

				Other services [R-T]		0.0041838538		2.690722086		0.103114375		0.0044462506		0.010143338		0.094392209		0.0023078434		0.0009427997		0.0619814836		0.00436601		2.807870492		0.107603759		0.004639831		0.010143338		0.094392209		0.0023		0.000939596		0.06183053		0.0041838538		2.690722086		0.103114375		0.0044462506		0.010143338		0.094392209		0.0023078434		0.0009427997		0.0619814836										Other services [R-T]		0.0126617076		1.166639427		0.1292765256		0.041879122		0.0263244505		0.0023		0.0023081661		0.0024099933		0.0522108605		0.0134491625		1.2391948794		0.1373164706		0.0444836617		0.0265611409		0.0263244505		0.0023		0.0024016768		0.0520708412		0.0126617076		1.166639427		0.1292765256		0.041879122		0.0263244505		0.0023		0.0023081661		0.0024099933		0.0522108605								Other services [R-T]		0.0076087318		2.8256759838		0.1893750086		0.0122340232		0.02664		0.01116		0.0023078434		0		0.0535482928		0.00794		2.9487		0.19762		0.012766667		0.02664		0.01116		0.0023		0		0.0534		0.0076087318		2.8256759838		0.1893750086		0.0122340232		0.02664		0.01116		0.0023078434		0		0.0535482928								Other services [R-T]		2.3440884023		1.9458399745		0.0726873417		0.0079269325		0.0949385515		0.0628502854		0.1247891047		0.080377371		0.0576772268		2.5127077658		2.0858117851		0.0779160239		0.0084971475		0.0949385515		0.0628502854		0.1246856222		0.0803012939		0.0576599372		2.3440884023		1.9458399745		0.0726873417		0.0079269325		0.0949385515		0.0628502854		0.1247891047		0.080377371		0.0576772268







Macro Risk Shocks



				Macro Economic Shocks

				For CRWG Input

				NOTE: macroeconomic variables for developed and emerging markets are identical. For developed markets, these are generated by the

				macroeconomic agent-based model. For emerging markets, they are generated by regression using the values for developed markets.



				UK - Developed Economy (ABM)																																		EU - Developed Economy (ABM)																																				US - Developed Economy (ABM)																																				Japan - Developed Economy (ABM)																																				Brazil - Emerging Market (Regression)																																				India - Emerging Market (Regression)
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				Modelled outputs*																																		Modelled outputs																																				Modelled outputs																																				Modelled outputs																																				Modelled outputs																																				Modelled outputs

				GDP (percentage change)		-0.9%		-1.3%		-2.5%		-1.6%		-4.3%		-0.6%		-0.8%		-1.0%		-1.3%		-1.4%		-1.4%		-1.9%		-3.0%		-3.8%		-4.9%				GDP (percentage change)		-0.5%		-0.7%		-1.5%		-2.1%		-2.7%		-0.4%		-0.5%		-0.5%		-0.6%		-0.7%		-0.6%		-0.8%		-1.7%		-2.1%		-2.9%						GDP (percentage change)		-0.5%		-0.8%		-1.4%		-1.6%		-1.6%		-0.3%		-0.4%		-0.5%		-0.6%		-0.6%		-0.9%		-1.3%		-1.4%		-1.7%		-2.0%						GDP (percentage change)		-0.9%		-1.6%		-2.9%		-4.2%		-5.6%		-1.1%		-1.5%		-1.8%		-2.4%		-2.6%		-1.6%		-1.9%		-2.8%		-4.8%		-6.7%						GDP (percentage change)		-1.7%		-2.9%		-5.3%		-5.9%		-9.3%		-1.5%		-2.0%		-2.4%		-3.1%		-3.3%		-2.9%		-3.6%		-5.4%		-7.9%		-10.0%						GDP (percentage change)		-1.3%		-2.2%		-4.1%		-4.4%		-6.9%		-1.1%		-1.5%		-1.9%		-2.3%		-2.5%		-2.2%		-3.0%		-4.0%		-5.7%		-7.6%

				Inflation (absolute percentage change)		-0.8%		-1.3%		-1.7%		-2.0%		-2.6%		1.2%		1.5%		2.0%		2.6%		2.7%		0.7%		0.9%		1.0%		1.1%		1.2%				Inflation (absolute percentage change)		-0.3%		-0.4%		-0.4%		-0.5%		-0.5%		0.8%		0.9%		1.1%		1.2%		1.2%		0.8%		1.0%		1.1%		1.3%		1.3%						Inflation (absolute percentage change)		-0.3%		-0.4%		-0.5%		-0.7%		-0.8%		0.7%		1.0%		1.3%		1.4%		1.4%		0.5%		0.9%		1.1%		1.2%		1.3%						Inflation (absolute percentage change)		-0.5%		-1.4%		-2.3%		-3.2%		-3.7%		0.9%		1.1%		1.4%		1.7%		1.9%		-0.4%		-0.6%		-0.7%		-0.8%		-1.1%						Inflation (absolute percentage change)		-1.8%		-3.3%		-4.7%		-6.1%		-7.3%		3.5%		4.1%		5.4%		6.4%		6.8%		1.5%		2.1%		2.5%		2.7%		2.6%						Inflation (absolute percentage change)		-1.4%		-2.7%		-3.9%		-5.1%		-5.9%		2.7%		3.4%		4.5%		5.3%		5.5%		1.2%		1.8%		2.0%		2.2%		2.1%

				Total Household Consumption (percentage change)		-0.3%		-0.4%		-0.8%		-1.3%		-1.7%		-0.2%		-0.3%		-0.4%		-0.5%		-0.6%		-0.8%		-1.4%		-2.0%		-2.4%		-2.6%				Total Household Consumption (percentage change)		-0.5%		-0.8%		-1.3%		-1.4%		-1.6%		-0.2%		-0.3%		-0.4%		-0.5%		-0.6%		0.0%		-0.1%		-0.1%		-0.6%		0.0%						Total Household Consumption (percentage change)		-0.3%		-0.7%		-0.9%		-1.2%		-1.3%		-0.2%		-0.3%		-0.3%		-0.4%		-0.4%		-0.3%		-0.4%		-0.6%		-0.8%		-0.8%						Total Household Consumption (percentage change)		-0.4%		-0.9%		-1.3%		-1.9%		-2.3%		-0.2%		-0.2%		-0.3%		-0.4%		-0.5%		-1.3%		-1.8%		-2.3%		-2.8%		-2.9%						Total Household Consumption (percentage change)		-0.9%		-1.8%		-2.7%		-3.4%		-4.1%		-0.5%		-0.7%		-0.9%		-1.1%		-1.2%		-1.5%		-2.4%		-3.2%		-4.2%		-4.2%						Total Household Consumption (percentage change)		-0.7%		-1.3%		-2.1%		-2.8%		-3.3%		-0.4%		-0.5%		-0.7%		-0.8%		-1.0%		-1.1%		-1.8%		-2.2%		-2.9%		-3.2%

				Central Bank Interest Rate (absolute percentage change)		-0.3%		-0.7%		-1.2%		-1.4%		-1.7%		0.2%		0.3%		0.5%		0.5%		0.6%		0.7%		1.0%		1.2%		1.4%		1.4%				Central Bank Interest Rate (absolute percentage change)		-0.3%		-0.4%		-0.5%		-0.6%		-0.7%		0.2%		0.4%		0.5%		0.5%		0.6%		0.0%		-0.1%		-0.4%		-0.6%		-0.7%						Central Bank Interest Rate (absolute percentage change)		-0.2%		-0.4%		-0.6%		-0.8%		-1.0%		0.5%		0.6%		0.8%		0.9%		0.9%		-0.1%		-0.1%		-0.1%		-0.2%		-0.2%						Central Bank Interest Rate (absolute percentage change)		-0.3%		-0.8%		-1.3%		-1.9%		-2.0%		0.1%		0.2%		0.4%		0.5%		0.5%		-0.6%		-0.8%		-1.0%		-1.1%		-1.3%						Central Bank Interest Rate (absolute percentage change)		-1.0%		-2.2%		-3.4%		-4.4%		-5.3%		1.0%		1.4%		1.9%		2.3%		2.5%		0.0%		0.0%		-0.2%		-0.5%		-0.7%						Central Bank Interest Rate (absolute percentage change)		-0.8%		-1.8%		-2.7%		-3.6%		-4.3%		0.8%		1.2%		1.6%		1.8%		2.0%		0.0%		0.0%		-0.2%		-0.4%		-0.6%

				Total Investment of Firms & Households (percentage change)		-0.2%		-0.5%		-0.9%		-1.3%		-1.5%		-0.2%		-0.3%		-0.4%		-0.6%		-0.6%		-0.9%		-1.4%		-1.8%		-2.3%		-2.5%				Total Investment of Firms & Households (percentage change)		-0.1%		-0.2%		-0.4%		-0.5%		-0.6%		-0.1%		-0.1%		-0.2%		-0.2%		-0.2%		-1.1%		-1.9%		-2.4%		-2.7%		-3.0%						Total Investment of Firms & Households (percentage change)		0.0%		-0.1%		-0.2%		-0.3%		-0.4%		-0.1%		-0.1%		-0.1%		-0.2%		-0.1%		-0.9%		-1.5%		-1.8%		-1.9%		-2.0%						Total Investment of Firms & Households (percentage change)		-0.3%		-0.8%		-1.2%		-1.6%		-1.8%		-0.1%		-0.2%		-0.3%		-0.4%		-0.5%		-1.1%		-1.7%		-2.1%		-2.4%		-2.7%						Total Investment of Firms & Households (percentage change)		-0.4%		-1.0%		-1.7%		-2.3%		-2.7%		-0.3%		-0.4%		-0.6%		-0.8%		-0.9%		-2.6%		-3.9%		-4.9%		-6.0%		-6.4%						Total Investment of Firms & Households (percentage change)		-0.3%		-0.7%		-1.3%		-1.8%		-2.1%		-0.2%		-0.3%		-0.5%		-0.6%		-0.7%		-1.9%		-3.2%		-3.8%		-4.4%		-4.8%

				Government Consumption (percentage change)		-1.1%		-2.9%		-3.9%		-5.1%		-6.8%		0.1%		0.3%		0.5%		0.6%		0.7%		0.0%		0.2%		0.4%		0.4%		0.6%				Government Consumption (percentage change)		-1.1%		-1.8%		-2.6%		-4.0%		-4.9%		0.3%		0.4%		0.6%		0.5%		0.6%		0.2%		0.3%		0.4%		0.5%		0.5%						Government Consumption (percentage change)		-0.6%		-1.3%		-2.2%		-2.5%		-2.8%		0.3%		0.4%		0.4%		0.5%		0.6%		0.1%		0.2%		0.3%		0.4%		0.4%						Government Consumption (percentage change)		-1.1%		-2.7%		-3.5%		-5.0%		-6.2%		0.4%		0.5%		0.6%		0.7%		0.9%		-1.6%		-2.0%		-2.8%		-3.7%		-4.3%						Government Consumption (percentage change)		-2.5%		-5.2%		-7.7%		-10.7%		-12.9%		0.6%		0.9%		1.3%		1.4%		1.8%		-0.8%		-0.8%		-1.1%		-1.6%		-1.7%						Government Consumption (percentage change)		-1.8%		-3.9%		-6.0%		-8.1%		-10.1%		0.5%		0.7%		1.0%		1.1%		1.4%		-0.6%		-0.6%		-0.9%		-1.2%		-1.3%

				Imports (percentage change)		0.9%		1.3%		2.0%		2.8%		3.2%		0.8%		1.1%		1.4%		1.5%		1.6%		1.2%		1.9%		2.5%		3.0%		3.5%				Imports (percentage change)		0.6%		0.9%		1.4%		1.9%		2.9%		0.1%		0.3%		0.5%		0.6%		0.7%		0.9%		1.4%		1.7%		2.0%		2.1%						Imports (percentage change)		0.5%		0.9%		1.2%		1.7%		1.9%		0.9%		1.0%		1.0%		1.1%		1.1%		1.1%		1.4%		1.7%		1.8%		1.9%						Imports (percentage change)		0.7%		1.1%		2.1%		3.2%		3.9%		1.1%		1.3%		1.5%		1.7%		1.7%		1.5%		1.8%		2.8%		3.6%		4.1%						Imports (percentage change)		1.7%		2.6%		4.1%		6.0%		7.1%		1.8%		2.3%		2.9%		3.0%		3.1%		2.9%		3.9%		5.3%		6.3%		7.3%						Imports (percentage change)		1.3%		2.0%		3.1%		4.8%		5.3%		1.4%		1.7%		2.2%		2.2%		2.5%		2.1%		3.0%		4.0%		5.1%		5.7%

				Notes

				All values shown are changes in reference to the baseline scenario.





Market Risk Shocks

				Market Risk Shocks

				Please note these numbers are based on the modelled outcomes from the methodology describe in the report:"Climate Risk Scenario Analysis for the Trading Book - Phase 2" and overlays were applied following SME input from the ISDA working group through a crowdsourcing exercise.



				Asset Class		Region		Sector		Risk Factor		ISDA Proposed Shocks

												ISDA_Transition Risk								ISDA_Physical Risk								ISDA_Combined

												1 d		10 day		3 m		1 y		1 d		10 day		3 m		1 y		1 d		10 day		3 m		1 y

				Equities (percentage change)		Asia				NIKKEI225		-5%		-10%		-15%		-20%		-5%		-10%		-20%		-25%		-5%		-10%		-20%		-20%

						Europe		Air Transport				-10%		-20%		-25%		-30%		-5%		-10%		-15%		-20%		-10%		-20%		-25%		-20%

								Electricity				-10%		-20%		-25%		-30%		5%		5%		10%		15%		5%		5%		10%		15%

								Mining & Quarrying				-15%		-25%		-30%		-35%		0%		0%		0%		0%		-15%		-25%		-30%		-35%

								Publishing Activities				0%		-5%		-10%		-10%		0%		0%		0%		5%		0%		-5%		-10%		-10%

								Manufacture of Chem/Chem Prods				-10%		-20%		-25%		-30%		5%		10%		15%		20%		10%		10%		15%		20%

								Land Transport				-10%		-20%		-25%		-30%		-5%		-10%		-15%		-20%		-10%		-20%		-25%		-30%

						US				S&P 500		-5%		-10%		-15%		-20%		-5%		-10%		-15%		-20%		-5%		-10%		-15%		-20%

						UK				FTSE100		-5%		-10%		-10%		-20%		-5%		-10%		-15%		-20%		-5%		-10%		-15%		-20%

				Credit (absolute spread change, in basis points)		Europe		Air Transport				20		20		70		110		25		50		75		125		20		110		125		150

								Electricity				20		30		80		120		25		50		100		125		25		100		125		150

								Mining & Quarrying				25		50		100		130		25		75		100		150		35		100		130		200

								Manufacture of Chem/Chem Prods				25		30		80		120		25		75		100		150		30		110		130		150

								Land Transport				20		20		80		120		25		50		75		125		25		80		110		150

						UK/USD				USD 5Y CDS on UK		10		20		40		75		10		30		40		75		10		30		50		90

				Rates (absolute spread change, in basis points)		Asia				INDIA GOV 1D		35		90		120		190		-80 		-120 		-170 		-400 		-15 		-15 		-20 		-60 

										INDIA GOV 6M		30		80		110		180		-70 		-110 		-160 		-350 		-10 		-15 		-20 		-50 

										INDIA GOV 1Y		25		70		100		170		-60 		-100 		-150 		-300 		-5 		-10 		-15 		-40 

										INDIA GOV 5Y		20		60		90		160		-50 		-90 		-120 		-280 		-5 		-5 		-10 		-35 

										INDIA GOV 10Y		15		50		80		150		-40 		-80 		-100 		-260 		0		-5 		-5 		-25 

										INDIA GOV 20Y		10		40		70		140		-30 		-70 		-90 		-200 		0		0		0		-15 

						Europe				GER GOV 1D		30		50		80		90		-20		-35		-45		-75		-10		-20		-25		-50

										GER GOV 6M		20		40		70		80		-15		-30		-40		-75		-5		-15		-20		-40

										GER GOV 1Y		10		30		60		70		-10		-25		-35		-65		-5		-10		-15		-35

										GER GOV 5Y		10		20		50		60		-5		-20		-30		-55		-5		-5		-10		-30

										GER GOV 10Y		5		10		40		50		0		-15		-25		-35		0		-5		-5		-20

										GER GOV 20Y		5		5		30		40		0		0		-20		-25		0		0		0		-10

										EUR SW 1D		25		60		80		100		-10 		-30 		-40 		-75 		-5 		0		-15 		-55 

										EUR SW 6M		20		50		70		90		-5 		-25 		-35 		-70 		0		0		-10 		-45 

										EUR SW 1Y		15		40		60		80		0		-15 		-25 		-60 		0		0		0		-35 

										EUR SW 5Y		10		30		50		70		0		-5 		-15 		-45 		5		5		0		-25 

										EUR SW 10Y		10		20		40		60		10		0		-10 		-30 		10		10		5		-15 

										EUR SW 20Y		5		15		30		50		15		20		0		-10 		15		15		10		-5 

						UK				GBP GOV 1D		30		60		80		80		-30		-40		-70		-140		-15 		-20 		-40 		-70 

										GBP GOV 6M		20		50		70		70		-25		-35		-60		-120		-10 		-15 		-30 		-60 

										GBP GOV 1Y		10		40		50		60		-20		-30		-50		-100		-10 		-15 		-30 		-50 

										GBP GOV 5Y		10		30		40		50		-15		-25		-45		-90		-5 		-10 		-20 		-40 

										GBP GOV 10Y		5		20		30		40		-10		-20		-35		-80		-5 		-5 		-15 		-30 

										GBP GOV 20Y		5		10		20		30		-5		-15		-25		-70		0		0		-10 		-20 

										GBP SW 1D		30		70		80		90		-20 		-30 		-55 		-140 		-10 		-15 		-30 		-60 

										GBP SW 6M		25		60		70		80		-15 		-25 		-45 		-120 		-10 		-15 		-20 		-50 

										GBP SW 1Y		20		50		60		70		-10 		-15 		-35 		-100 		-10 		-15 		-15 		-40 

										GBP SW 5Y		10		40		50		60		0		-5 		-30 		-90 		-5 		-10 		-10 		-30 

										GBP SW 10Y		10		30		40		50		10		0		-20 		-80 		0		-5 		-10 		-15 

										GBP SW 20Y		5		20		30		40		15		20		0		-70 		0		0		-5 		-10 

						US				USD GOV 1D		30		70		80		160		-10 		-30 		-40 		-100 		-10 		-15 		-25 		-25 

										USD GOV 6M		25		60		70		150		-10 		-25 		-35 		-90 		-5 		-10 		-20 		-25 

										USD GOV 1Y		20		50		60		140		-10 		-20 		-30 		-80 		-5 		-10 		-15 		-20 

										USD GOV 5Y		10		40		50		130		-5 		-15 		-25 		-70 		-5 		-5 		-5 		-15 

										USD GOV 10Y		10		30		40		120		0		-10 		-20 		-60 		0		0		0		-10 

										USD GOV 20Y		5		20		30		110		0		-5 		-15 		-50 		0		0		0		-5 

										USD SW 1D		30		60		80		170		-10 		-30 		-40 		-100 		-5 		-5 		-10 		-20 

										USD SW 6M		25		50		70		160		-10 		-25 		-35 		-90 		0		0		-5 		-15 

										USD SW 1Y		20		40		80		150		-10 		-15 		-30 		-80 		5		5		0		-10 

										USD SW 5Y		10		30		70		140		0		-5 		-20 		-70 		5		10		5		-5 

										USD SW 10Y		10		20		60		130		10		5		-10 		-60 		10		15		10		0

										USD SW 20Y		5		10		50		120		20		15		0		-50 		15		15		10		5

						Other				BRL GOV 1D		35		90		120		190		-100 		-170 		-220 		-500 		-10 		-15 		-20 		-70 

										BRL GOV 6M		30		80		110		180		-90 		-160 		-210 		-475 		-10 		-15 		-20 		-50 

										BRL GOV 1Y		25		70		100		170		-80 		-150 		-200 		-450 		-5 		-10 		-15 		-40 

										BRL GOV 5Y		20		60		90		160		-70 		-140 		-190 		-425 		-5 		-5 		-15 		-30 

										BRL GOV 10Y		15		50		80		150		-60 		-130 		-180 		-400 		-5 		-5 		-10 		-20 

										BRL GOV 20Y		10		40		70		140		-50 		-120 		-170 		-350 		0		0		-10 		-10 

				FX (percentage change)		Asia				USDINR		-5%		-10%		-15%		-20%		-5%		-10%		-15%		-20%		-5%		-10%		-15%		-20%

										USDJPY		0%		0%		0%		0%		0%		0%		0%		0%		0%		0%		0%		0%

						Europe				USDEUR		0%		0%		0%		0%		0%		0%		0%		0%		0%		0%		0%		0%

						UK				USDGDP		0%		0%		0%		0%		0%		0%		0%		0%		0%		0%		0%		0%

						Other				USDBRL		-5%		-10%		-15%		-20%		-5%		-10%		-15%		-20%		-5%		-10%		-15%		-20%

				Commods (percentage change)		Other				GOLD		5%		10%		15%		20%		5%		10%		15%		20%		5%		15%		25%		30%

										CBOT CORN		-5%		-5%		-5%		-5%		-5%		-5%		-5%		-5%		-10%		-10%		-15%		-20%

										COAL PRICE		-10%		-20%		-30%		-40%		-10%		-15%		-25%		-30%		-10%		-25%		-30%		-35%

										WTI CRUDE		-5%		-10%		-20%		-30%		-10%		-25%		-20%		-30%		-10%		-20%		-25%		-35%

				Other		US				US RMBS		-5%		-10%		-15%		-20%		-5%		-15%		-20%		-25%		-10%		-15%		-25%		-40%

				All values shown are changes in reference to the baseline scenario.

















Vols & PDs

				Volatilities and PDs						The PDs % are based on the market standard assumption of a 40% recovery

										The percentage ATM Implied vol is the actual Implied vol and not the relative change

				Physical Risk Scenario

				Asset Class		Region		Risk Factor		Physical Risk - 1.5C								Physical Risk - 1C								Physical Risk - 0.5 C

										1D		10D		3m		12m		1D		10D		3m		12m		1D		10D		3m		12m

		Volatility		FX Vols
(absolute % change in Normal vol)		Asia		USDINR 3M ATM Realised Vol		20%		20%		20%		20%		13%		12%		12%		12%		12%		10%		9%		11%

								USDJPY 3M ATM Realised Vol		10%		10%		10%		10%		8%		8%		7%		7%		6%		6%		6%		6%

						Europe		EURUSD 3M ATM Realised Vol		15%		15%		10%		10%		9%		8%		6%		8%		8%		7%		4%		7%

						UK		GBPUSD 3M ATM Realised Vol		15%		14%		11%		13%		10%		10%		8%		9%		7%		8%		6%		6%

						Other		USDBRL 3M ATM Realised Vol		20%		20%		20%		20%		13%		12%		11%		11%		10%		9%		9%		10%

				Equities Vol		Asia		NIKKEI 3M ATMF Realised Vol		35%		35%		25%		20%		22%		24%		14%		12%		18%		19%		10%		9%

				(absolute % change in Log-normal vol)				NIKKEI 12M ATMF Realised Vol		35%		35%		25%		20%		23%		21%		16%		12%		16%		17%		13%		9%

						Europe		EUROSTOXX50 3M ATMF Realised Vol		30%		25%		20%		15%		16%		16%		14%		11%		15%		14%		11%		9%

								EUROSTOXX50 12M ATMF Realised Vol		30%		25%		20%		15%		19%		17%		13%		11%		13%		12%		9%		9%

						UK		FTSE100 3M ATMF Realised Vol		25%		25%		20%		20%		15%		14%		11%		11%		12%		13%		8%		8%

								FTSE100 12M ATMF Realised Vol		25%		25%		20%		20%		13%		12%		11%		12%		10%		9%		10%		10%

						US		S&P500 3M ATMF Realised Vol		30%		25%		20%		20%		18%		17%		11%		11%		15%		13%		9%		9%

								S&P500 12M ATMF Realised Vol		25%		25%		20%		15%		16%		17%		13%		10%		14%		12%		10%		8%

				Rates Vol		Europe		EUR 1Y-1Y ATM Vols		15%		15%		10%		10%		8%		8%		8%		6%		7%		6%		5%		6%

				(absolute % change in Normal vol)				EUR 5Y-5Y ATM Vols		10%		10%		10%		10%		6%		6%		5%		5%		5%		5%		5%		4%

						UK		GBP 1Y-1Y ATM Vols		15%		15%		10%		10%		8%		9%		9%		6%		7%		6%		7%		6%

								GBP 5Y-5Y ATM Vols		10%		10%		10%		10%		7%		5%		5%		5%		5%		4%		4%		4%

						US		USD 1Y-1Y ATM Vols		15%		15%		10%		10%		8%		8%		7%		7%		7%		7%		6%		7%

								USD 5Y-5Y ATM Vols		10%		10%		10%		10%		7%		6%		6%		6%		5%		5%		5%		5%

						Other		BRL 1Y-1Y ATM Vols		20%		20%		20%		20%		12%		13%		11%		12%		12%		9%		9%		9%

								BRL 5Y-5Y ATM Vols		20%		20%		15%		15%		11%		11%		10%		8%		10%		9%		8%		7%

				Commodities		Other		GOLD		10%		15%		20%		25%		8%		9%		13%		17%		4%		5%		6%		9%

				(absolute % Price change)				CBOT CORN		10%		15%		15%		20%		7%		7%		11%		10%		3%		4%		5%		5%

								COAL PRICE		15%		20%		20%		25%		8%		12%		14%		17%		5%		6%		8%		8%

								WTI CRUDE		15%		20%		20%		25%		8%		9%		13%		16%		4%		5%		7%		7%

		PDs		Credit (absolute % change, in basis points)		UK/USD		USD 5Y CDS on UK 1 year implied PD		0.4%		0.3%		0.0%		0.0%		0.3%		0.3%		0.4%		0.8%		0.2%		0.3%		0.3%		0.6%

								USD 5Y CDS on UK 5 year implied PD		0.4%		0.4%		0.0%		0.0%		0.4%		0.3%		0.5%		1.4%		0.3%		0.3%		0.4%		1.0%

														 

				Combined Scenario

				Asset Class		Region		Risk Factor		Combined - 1.5 C								Combined - 1 C								Combined - 0.5 C

										1D		10D		3m		12m		1D		10D		3m		12m		1D		10D		3m		12m

		Volatility		FX Vols
(absolute % change in Normal vol)		Asia		USDINR 3M ATM Realised Vol		25%		20%		15%		15%		15%		12%		11%		10%		14%		11%		9%		9%

								USDJPY 3M ATM Realised Vol		15%		15%		10%		10%		9%		8%		7%		6%		6%		6%		6%		6%

						Europe		EURUSD 3M ATM Realised Vol		20%		15%		10%		10%		12%		9%		8%		9%		11%		7%		6%		6%

						UK		GBPUSD 3M ATM Realised Vol		15%		15%		10%		10%		11%		9%		8%		9%		8%		8%		8%		6%

						Other		USDBRL 3M ATM Realised Vol		30%		20%		10%		20%		18%		11%		6%		12%		13%		9%		5%		8%

				Equities Vol		Asia		NIKKEI 3M ATMF Realised Vol		40%		30%		22%		34%		27%		21%		15%		24%		20%		17%		11%		19%

				(absolute % change in Log-normal vol)				NIKKEI 12M ATMF Realised Vol		40%		30%		25%		22%		28%		21%		17%		14%		18%		15%		13%		11%

						Europe		EUROSTOXX50 3M ATMF Realised Vol		40%		25%		30%		30%		26%		15%		18%		18%		21%		14%		15%		15%

								EUROSTOXX50 12M ATMF Realised Vol		40%		30%		30%		20%		26%		18%		20%		14%		21%		16%		17%		10%

						UK		FTSE100 3M ATMF Realised Vol		30%		25%		20%		20%		20%		17%		11%		11%		16%		12%		8%		8%

								FTSE100 12M ATMF Realised Vol		30%		20%		10%		15%		22%		12%		7%		11%		16%		9%		6%		8%

						US		S&P500 3M ATMF Realised Vol		40%		25%		25%		20%		29%		16%		18%		14%		23%		13%		13%		11%

								S&P500 12M ATMF Realised Vol		25%		20%		20%		15%		17%		14%		13%		11%		13%		11%		9%		8%

				Rates Vol		Europe		EUR 1Y-1Y ATM Vols		20%		10%		10%		10%		13%		7%		6%		6%		9%		5%		5%		6%

				(absolute % change in Normal vol)				EUR 5Y-5Y ATM Vols		20%		10%		10%		10%		10%		6%		5%		6%		9%		5%		4%		4%

						UK		GBP 1Y-1Y ATM Vols		20%		15%		10%		10%		14%		9%		7%		6%		11%		8%		6%		5%

								GBP 5Y-5Y ATM Vols		10%		10%		10%		5%		7%		6%		5%		4%		6%		4%		4%		4%

						US		USD 1Y-1Y ATM Vols		20%		10%		10%		10%		12%		7%		6%		7%		11%		6%		6%		5%

								USD 5Y-5Y ATM Vols		15%		10%		10%		5%		8%		5%		5%		3%		6%		5%		4%		2%

						Other		BRL 1Y-1Y ATM Vols		30%		20%		20%		20%		20%		13%		11%		12%		15%		9%		9%		10%

								BRL 5Y-5Y ATM Vols		20%		20%		10%		10%		13%		11%		8%		8%		9%		9%		7%		7%

				Commodities		Other		GOLD		10%		15%		20%		30%		7%		10%		14%		20%		4%		5%		7%		9%

				(absolute % Price change)				CBOT CORN		10%		20%		25%		25%		8%		12%		14%		17%		4%		7%		9%		9%

								COAL PRICE		15%		20%		30%		30%		11%		15%		17%		23%		6%		8%		8%		11%

								WTI CRUDE		15%		15%		20%		30%		10%		12%		15%		19%		6%		6%		9%		10%

		PDs		Credit (Absolute %  change, in basis points)		UK/USD		USD 5Y CDS on UK 1 year implied PD		0.0%		0.0%		0.0%		0.0%		0.5%		0.3%		0.2%		0.3%		0.4%		0.2%		0.2%		0.3%

								USD 5Y CDS on UK 5 year implied PD		0.0%		0.0%		0.0%		0.0%		0.3%		0.3%		0.2%		0.2%		0.3%		0.3%		0.2%		0.2%





changes

				PROVISIONAL



				Asset Class		Region		Risk Factor		Changes/ Added		Liquidity horizons																Comments

												Modelled outputs								CRWG crowdsourced variables

												1 d		10 day		3 m		1 y		1 d		10 day		3 m		1 y

				Equities (percentage change)		Asia		NIKKEI225		Add: S&P		x%		x%		x%		x%		x%		x%		x%		x%

						Europe		EUROSTOXX50				x%		x%		x%		x%		x%		x%		x%		x%

						US		S&P Global				x%		x%		x%		x%		x%		x%		x%		x%

						UK		FTSE100		Change AVIVA to: FTSE100		x%		x%		x%		x%		x%		x%		x%		x%

				Credit (absolute spread change, in basis points)		Europe		ITRAXX EUR IG		1. Add: iTraxx Crossover
2. If bond marked off CDS curve or CDS marked off bond curve, would be bond/CDS basis		x		x		x		x		x		x		x		x

								EUR CDS on Total SA				x		x		x		x		x		x		x		x

								EUR CDS on Volkswagen Group				x		x		x		x		x		x		x		x

						UK		USD CDS on UK				x		x		x		x		x		x		x		x

										Change the following to include all the points on the curve up:

				Rates (absolute rate change, in basis points)		Asia		INDIA GOV 1Y		 INDIA GOV 1Y ->20y (1,2,5,10,15,20)		x		x		x		x		x		x		x		x		ISIPs to be agreed

								INDIA GOV 5Y				x		x		x		x		x		x		x		x		ISIPs to be agreed

						Europe		GER GOV 1Y		GER GOV 1Y ->20y (1,2,5,10,15,20)		x		x		x		x		x		x		x		x		ISIPs to be agreed

								GER GOV 5Y				x		x		x		x		x		x		x		x		ISIPs to be agreed

								EUR SW 1Y		EUR SW 1Y ->20y (1,2,5,10,15,20)		x		x		x		x		x		x		x		x		ISIPs to be agreed

								EUR SW 5Y				x		x		x		x		x		x		x		x		ISIPs to be agreed

						UK		GBP GOV 1Y		GDP GOV 1Y ->20y (1,2,5,10,15,20)		x		x		x		x		x		x		x		x		ISIPs to be agreed

								GBP GOV 5Y				x		x		x		x		x		x		x		x		ISIPs to be agreed

								GBP SW 1Y		GDP SW 1Y ->20y (1,2,5,10,15,20)		x		x		x		x		x		x		x		x		ISIPs to be agreed

								GBP SW 5Y				x		x		x		x		x		x		x		x		ISIPs to be agreed

						US		USD GOV 1Y		US GOV 1Y ->20y (1,2,5,10,15,20)		x		x		x		x		x		x		x		x		ISIPs to be agreed

								USD GOV 5Y				x		x		x		x		x		x		x		x		ISIPs to be agreed

								USD SW 1Y		US SW 1Y ->20y (1,2,5,10,15,20)		x		x		x		x		x		x		x		x		ISIPs to be agreed

								USD SW 5Y				x		x		x		x		x		x		x		x		ISIPs to be agreed

						Other		BRL GOV 1Y		BRL GOV 1Y ->20y (1,2,5,10,15,20)		x		x		x		x		x		x		x		x		ISIPs to be agreed

								BRL GOV 5Y				x		x		x		x		x		x		x		x		ISIPs to be agreed

				FX (percentage change)		Asia		USDINR
USDJPY		Add the following currency pairs: 		x%		x%		x%		x%		x%		x%		x%		x%

						Europe		EURUSD

						UK		GDPUSD

						Other		USDBRL		USDJPY 
USDBRL
GDPUSD
USDCAD
AUSUSD (Gregg suggested Aus and Canada)		x%		x%		x%		x%		x%		x%		x%		x%

				Commods (percentage change)		Other		GOLD		1. Add Coal Price
2.Commodity risk factor metric clarification over native underlying (e.g. bushels) or futures equivalent should be made.		x%		x%		x%		x%		x%		x%		x%		x%

								CBOT CORN				x%		x%		x%		x%		x%		x%		x%		x%

								COAL PRICE

								HENRY HUB SPOT				x%		x%		x%		x%		x%		x%		x%		x%

								WTI CRUDE				x%		x%		x%		x%		x%		x%		x%		x%

				Other		US		[MORTGAGE BACKED SECURITIES] TBD		Additional other requests:
1. HPI/CPPI
2. For equity, interest rate, FX and Commodity options – Vega, Gamma (and simplify any assumptions about vol surface skew or smile)
3. If EUR swaption involves a Euribor coupon and an ESTR marking curve, could be 3M/RFR basis risk 		x%		x%		x%		x%		x%		x%		x%		x%

								[MUNICIPAL BONDS] TBD				x%		x%		x%		x%		x%		x%		x%		x%

						Europe		[1m MT EUA DEC24 CARBON CREDITS] TBD				x%		x%		x%		x%		x%		x%		x%		x%





				Notes

				All values shown are changes in reference to the baseline scenario.

















