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Abstract

Over the past fifteen years, responsible investment has evolved, shifting from broad
ESG scores to more granular climate risk management. Transition risk has dominated,
with portfolio decarbonization anchored in standardized carbon intensity metrics and,
more recently, complemented by measures of green intensity. Frameworks such as
the comprehensive integrated and core-satellite approaches now give investors effec-
tive tools to integrate transition risks into portfolio construction. In contrast, physical
climate risk remains underdeveloped. Rising extreme weather events, chronic tempera-
ture increases, and ecosystem disruptions are already affecting asset values and supply
chains. However, there is no standardized equivalent to carbon or green intensity for
benchmarking.

This paper argues that physical climate risk must now receive the same attention as
transition risk. Unlike transition risk, physical climate risk lacks clear anchor metrics.
This methodological gap explains why portfolio optimization that incorporates physical
risk is still in its infancy. We review transition and physical risk modeling and discuss
approaches for constructing physical risk scores. We also examine how to integrate these
scores into portfolio optimization and strategic asset allocation. Our analysis shows
that achieving significant reductions in both exposure and vulnerability to physical
climate risk is extremely challenging. Moreover, the high shadow price associated
with these mitigation policies suggests substantial implementation costs and trade-offs.
Overall, we conclude that incorporating physical climate risk into portfolio management
is considerably more complex than managing transition risk.
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1 Introduction

The landscape of responsible investment and sustainable finance has undergone a profound
transformation over the past fifteen years. What started as a relatively straightforward inte-
gration of environmental, social, and governance (ESG) scores into asset allocation decisions
has evolved into a more sophisticated approach to managing climate-related financial risks
(Roncalli, 2026). Initially, investors relied on composite ESG ratings as broad indicators
of corporate sustainability performance, while seeking to preserve diversification benefits
(Cesarone et al., 2025). However, as the field matured, practitioners recognized some lim-
itations of such aggregated measures and moved toward greater granularity. They began
to disaggregate scores into their constituent pillars, focusing in particular on environmental
metrics that could signal material financial risks. The focus on climate transition risk has
emerged as a defining feature of this evolution. Carbon intensity metrics became standard
tools in portfolio construction and optimization, enabling investors to measure and manage
their exposure to the financial implications of decarbonization (Le Guenedal and Roncalli,
2022). This approach became more refined over time, incorporating forward-looking indi-
cators such as carbon momentum, temperature alignment ratings, and synthetic transition
scores that attempted to capture the multidimensional nature of companies’ preparedness
for a low-carbon economy (Le Guenedal et al., 2022). These innovations reflected a growing
consensus that the transition away from fossil fuels represented a fundamental shift in the
global economy that would create winners and losers across sectors and geographies.

However, the investment landscape has shifted dramatically in recent years. In cer-
tain jurisdictions, an ESG backlash has gained momentum, challenging the principles and
practices of sustainable finance. At the same time, political support for ambitious climate
transition policies has weakened in several major economies, creating uncertainty about the
pace and direction of decarbonization efforts. Most concerning, however, is the growing
body of evidence indicating that the transition to a low-carbon economy is still well off
track compared to the pathways required by net-zero scenarios. The gap between climate
commitments and climate action continues to widen. Against this sobering backdrop, a new
reality has asserted itself with undeniable force. Climate physical risks are no longer distant
or hypothetical, but present and material. Extreme weather events, chronic temperature
increases, water scarcity, and ecosystem disruption are occurring with increasing frequency
and severity, directly affecting asset values, supply chains, and business operations1. The
economic consequences of hurricanes, floods, droughts, and wildfires make it clear that phys-
ical climate risk is a critical dimension of portfolio risk that can no longer be overlooked or
treated as secondary. This paper argues that physical climate risk must now be given the
same level of analytical rigor and practical integration in portfolio management as transition
risk has been over the past decade. Just as the investment community has developed so-
phisticated metrics, models, and optimization techniques to manage transition risk, it must
now build an equivalent toolkit for assessing and managing physical risk. This shift does
not imply abandoning transition risk considerations, but rather reflects the recognition that
a comprehensive approach to climate-related financial risk must address both dimensions
with equal seriousness and sophistication.

1In July 2024, Porsche faced a striking example of physical climate risk when severe flooding disrupted
operations at a European aluminium supplier in Switzerland. This resulted in shortages of specialised
aluminium alloys critical to all of Porsche’s vehicle lines. As a result, the company was forced to lower its
revenue guidance for 2024, reducing its projected sales from e40–42 billion to e39–40 billion, and its expected
operating profit margin from 15–17% to 14–15%. Production delays were anticipated to last several weeks.
The market reacted swiftly, with Porsche’s market capitalisation falling by an estimated e2 billion. This
incident highlights how physical climate shocks can have a knock-on effect through supply chains, resulting
in tangible financial losses and challenging the resilience of manufacturing-intensive sectors.
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In the case of transition risk, two main approaches have emerged for portfolio man-
agement: the integrated approach (Barahhou et al., 2022) and the core-satellite approach
(Ben Slimane et al., 2023). Both approaches use carbon intensity as the anchor of climate
transition metrics. Climate transition portfolios are therefore closely related to portfolio
decarbonization, but have additional requirements. First, the decarbonization of portfo-
lios must be endogenous. They should contribute to the decarbonization of the economy
rather than merely reshuffling carbon exposure within financial markets. Second, transition
finance must be accounted for. This implies that the greenness or green intensity of a port-
folio is also a central component of any climate transition investment strategy. These two
dimensions — carbon intensity and green intensity — form the core of transition-related
investment (Roncalli, 2025). In practice, the carbon dimension has typically dominated,
because carbon intensity provides a standardized and widely accepted measure of portfolio
exposure. However, in contexts such as climate solutions and net-zero investing, the green
dimension plays a more prominent role. For example, the primary objective of a portfolio
of green bonds is to maximize green intensity. The same logic applies to satellite allocations
within a core-satellite framework. A key reason for the asymmetry between carbon and
green metrics is methodological. Carbon intensity has benefited from nearly two decades of
standardization, largely thanks to the GHG Protocol, which established accounting rules for
Scope 1, 2, and 3 emissions. Although imperfect, these metrics are now well-normalized and
relatively trusted. This explains why they have become the backbone of transition portfolio
management and net-zero investing methodologies. In contrast, the definition and measure-
ment of green intensity are far less straightforward because they depend on the taxonomy of
sustainable activities. As a result, combining carbon and green dimensions into composite
climate transition scores is an ongoing development. Nevertheless, investors now have the
necessary tools to integrate transition risk into portfolio optimization and asset allocation.

The picture is more complex for physical risk2. While a growing — albeit slow —
academic literature has examined the financial implications of physical climate hazards,
much of this work remains outside the domain of portfolio construction. Early contributions
focused on how firms interpret and respond to physical risks, emphasizing vulnerability
assessment and adaptation strategies (Gasbarro and Pinkse, 2016). In a pioneering effort to
quantify system-wide financial impacts, Dietz et al. (2016) introduced the concept of climate
value-at-risk, providing a physical risk counterpart to the climate stress-testing framework
for transition risk developed by Battiston et al. (2017). However, this early approach relied
heavily on damage functions derived from integrated assessment models, thereby inheriting
their structural assumptions and limitations. More recent empirical studies provide mixed
evidence regarding the pricing of physical risks in financial markets. Albanese et al. (2025)
found that equity markets are increasingly sensitive to both acute and chronic physical risks.
By contrast, Acharya et al. (2022) documented market sensitivity to heat stress in both bond
and equity markets, but found little evidence that other physical risks are priced3. Similarly,
Pankratz et al. (2023) confirmed that extreme temperatures and heat waves adversely impact
corporate performance. These divergent results may be partly explained by differences

2Here, we discuss the contrasting development trajectories of transition risk versus physical risk from
the perspective of the financial industry. From a scientific standpoint, research on physical risk predates
research on transition risk, and the scientific corpus on physical risk is vastly larger than that addressing
transition risk (Roncalli, 2026, Chapters 8 and 12). For example, IPCC reports devote significantly more
content to physical risk than to transition risk, particularly in earlier assessment reports and those prepared
by Working Group I (The Physical Science Basis). Thus, while the analysis of transition risk lags behind
that of physical risk from a climate science perspective, the opposite is true in finance. Integrating physical
risk into financial analysis is less advanced than integrating transition risk — with the notable exception of
the insurance industry, which has been at the forefront of physical risk modeling for decades.

3See also Cisagara (2024) about the impact of temperature risk on stock returns.
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in the time horizons across studies4. Nevertheless, a relative consensus has emerged in
recent years. A growing body of evidence indicates that physical risk affects the pricing of
debt instruments, including loans, mortgages, municipal and corporate bonds (Javadi and
Masum, 2021; Nguyen et al., 2022; Correa et al., 2023; Calabrese et al., 2024), and more
generally the credit risk (Ginglinger and Moreau, 2023; Azzone et al., 2026). There is now
enough literature on this topic that several surveys have been published recently (Zhou et
al., 2023; De Bandt et al., 2025). By contrast, the integration of physical climate risk into
asset management and portfolio construction remains largely unexplored in the academic
literature5. To our knowledge, only three studies directly address this topic. The first
extends the Merton model to incorporate physical risk (Milic et al., 2025). The second is a
Master’s thesis conducted at SEB Asset Management measuring physical risk at the fund
level (Bäckman, 2025). The third integrates physical risk into a climate Black-Litterman
model to incorporate fund managers’ views into portfolio allocation (Bhaugeerutty, 2026).

Unlike transition risk, there is no clear equivalent to carbon intensity or green intensity
that can serve as a simple anchor metric. This absence explains why asset allocation methods
that explicitly incorporate physical risk are still in their infancy, whereas investors already
have access to numerous transition-focused benchmarks and methods across both equity and
bond markets. In fact, there are several challenges. The first is related to measurement.
Current approaches primarily rely on composite scoring systems, which are imperfect indi-
cators of underlying hazards. Improving the granularity, transparency, and robustness of
physical risk metrics, as well as shifting toward more direct data-driven measures, remains
a central priority6. Moreover, downscaling these climate data to company- and asset-level
resolution remains highly problematic. The second challenge lies in aggregation. Physical
risk is multidimensional by nature, encompassing acute and chronic components as well as a
wide range of hazards, such as floods, hurricanes, droughts, and heat stress. Developing co-
herent methods to compare and combine these heterogeneous sources of risk into meaningful
portfolio indicators is far from straightforward. A third difficulty relates to vulnerability.
Much of the existing literature has focused on measuring exposure to physical hazards, but
considerably less attention has been given to assessing vulnerability, that is the ability of
firms, regions, or sectors to withstand and adapt to these shocks. However, vulnerability is
a critical determinant of realized financial losses and, therefore, of investment risk. Progress
in measuring damage functions, vulnerability curves and loss rates — again at the company-
and asset-level resolution — will be essential in the coming years. Finally, beyond measure-
ment and aggregation issues, there is the broader task of developing physical risk portfolio
construction frameworks that are comparable to those already established for transition risk.

This paper is structured as follows. Section Two illustrates the differences between tran-
sition risk and physical risk. Specifically, we define the two main components of physical
risk: acute and chronic risks. We also present the general framework used to measure phys-
ical risk. Section Three shows how to integrate physical risk into portfolio management. In
particular, we focus on two exercises: equity portfolio optimization and strategic asset allo-
cation. We estimate the maximum achievable reduction in climate physical risk, distinguish
between exposure risk and vulnerability risk, and compute the shadow price of implementing
physical risk constraints. Finally, Section Four concludes with closing remarks.

4It is traditionally assumed that transition risk impacts the short term while physical risk impacts the
medium and long term (Gambhir et al., 2022).

5We omit studies on physical risk and asset pricing which, while potentially useful for bottom-up asset
picking, offer limited practical implications for top-down asset allocation.

6The challenges associated with physical risk data and their uncertainty are well-documented in the
literature (Hain et al., 2022; ESMA, 2024). In particular, concerns have been raised about the transparency
of certain model-based approaches: “[...] many providers of climate services use black box models that make
overseeing the scientific rigor of their methodologies impossible” (Condon, 2023, page 147).
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2 Climate risk modeling

2.1 Transition risk
Transition risk relates to the transition to a low-carbon economy and the associated changes
in regulations, technology, and consumer preferences:

“On the other hand, the mitigation of climate change, by means of a transition
to a low-carbon economy, requires a transformation of the energy and production
system at a pace and scale that implies adverse impact on a range of economic
activities, but also opportunities for some other activities (high confidence). If
these impacts are factored in by financial markets, they are reflected in the
value of financial assets. Thus, transition risks and opportunities refers to the
component of financial risk (opportunities) associated with negative (positive)
adjustments in assets values resulting directly or indirectly from the low-carbon
transition.” IPCC (2022, Chapter 15, page 1581),

We generally consider four main forces that drive transition risk: changes in consumer
preferences and demand; climate regulation through carbon pricing mechanisms such as
carbon taxes and emission quotas; stranded assets and the valuation risk associated with
these assets. Additionally, we account for financing risk because access to funding is essential
to transitioning to a low-carbon economy.

2.1.1 Shifting preferences and demand

Transition risk arises not only from policy, regulatory and technological changes, but also
from evolving consumer preferences (NGFS, 2022, page 10). The report by TCFD (2017)
identifies potential transition risks as policy and legal risks, technological risks, as well as
the market risk and reputational risks. Market risk may also emerge from changes in cus-
tomer behavior that could lead to decreased demand for certain commodities, products, and
services. Additionally, shifts in consumer preferences toward more sustainable options may
result in reputational risk for companies that fail to adapt. Notably, there is an increasing
tendency for demand to shift away from high-carbon sectors towards goods and services that
are perceived as more sustainable. At the same time, investors are increasingly interested in
green and sustainable funds and assets, seeking to align their portfolios with environmental
objectives and mitigate exposure to sectors that could be negatively affected by the tran-
sition to a low-carbon economy. As a result, companies and financial institutions that fail
to adapt to these evolving preferences may face significant financial risks, including asset
devaluation and erosion of market share.

Changes in consumer demand and preferences can significantly facilitate the transition
to a low-carbon economy:

“The indicative potential of demand-side strategies to reduce emissions of
direct and indirect CO2 and non-CO2 GHG emissions in three end-use sectors
(buildings, land transport, and food) is 40–70% globally by 2050 (high confi-
dence).” (IPCC, 2022, Technical Summary, page 117).

The actions with the greatest mitigation potential involve changes in individual mobility,
such as switching from driving to walking cycling or using public transport. Another re-
markable shift is toward vegetarian and vegan diets. However, Rizzati et al. (2025) show
that consumer green preferences alone are insufficient to drive the transition to a low-carbon
economy. Substantial emissions reductions require effective regulatory frameworks, as well
as businesses internalizing these preferences in their strategies and operations.
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2.1.2 Carbon pricing and regulation

Carbon pricing is the main tool used in public climate policies to reduce CO2 emissions:

“Carbon pricing is an instrument that captures the external costs of green-
house gas (GHG) emissions — the costs of emissions that the public pays for,
such as damage to crops, health care costs from heat waves and droughts, and
loss of property from flooding and sea level rise — and ties them to their sources
through a price, usually in the form of a price on the carbon dioxide emitted.”
(World Bank, 2021), carbonpricingdashboard.worldbank.org.

There are various carbon pricing practices. As of December 2023, there were 125 carbon
pricing initiatives worldwide, though only 75 were in effect (Poupard et al., 2022; Dao et al.,
2024). Figure 1 provides an overview of current carbon pricing mechanisms.

Figure 1: Global network of carbon pricing mechanisms as of December 2023
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33
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consideration

10
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development

7
abolished

38
ETS

implemented

2
Regional

13
National

23
Subnational

37
Carbon taxes
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27
National

10
Subnational

Source: Dao et al. (2024, Figure 1, page 6).

All of these mechanisms share the same goal: ensuring that the largest emitters of
greenhouse gases pay higher taxes and face higher costs. This increases the cost of brown
activities, resulting in market innovation. Furthermore, carbon pricing generates revenue for
governments to finance the transition to a low-carbon economy. One of the most common
carbon pricing mechanisms is the carbon tax, which sets a fixed price per tonne of CO2

emitted. Typically, carbon tax rates are calculated based on the carbon content of various
fuels and expressed as the cost per tonne of CO2 emitted:

C = τ · CE

where τ is the carbon tax expressed in $/tCO2 (or tCO2e) and CE are the carbon emissions
expressed in tCO2 (or tCO2e). For example, if the carbon tax is $50 per tonne of CO2 and
the emission factor is 2.3 kg of CO2 per liter of gasoline, the tax is approximately 11.5 cents
per liter of gasoline:

C =
$50

1 000 kg
× 2.3 kg

1 liter
= $0.115 per liter

In this case, the cost of emissions is fixed, but the environmental impact is uncertain because
issuers can choose to pay the tax without reducing emissions. Carbon tax mechanisms vary

6

carbonpricingdashboard.worldbank.org


From Transition to Physical Risk: Rethinking Portfolio Management

greatly from country to country and can be applied as stand-alone policies or supplements
to other mechanisms. Furthermore, they can be applied at different levels of the supply
chain, meaning the tax could be paid by either producers or consumers.

While carbon taxes are price-based instruments, carbon emissions can also be regulated
through a quantity-based policy instrument such as an emissions trading scheme (ETS),
which operates through the trading of fixed emission allowances between entities in a carbon
market. An ETS functions by setting an aggregate cap on total allowable emissions across
all participating entities: ∑

j∈ETS

CEj ≤ CE+
ETS

where j ∈ ETS denotes an entity covered by the ETS, CEj is the carbon emissions of
entity j, and CE+

ETS is the overall emissions cap imposed by the system regulator. To
operationalize this limit, a corresponding number of emission allowances (or permits) are
issued or auctioned to entities. Each allowance typically grants the right to emit one tonne
of CO2e. The distribution of allowances must also respect the cap:∑

j∈ETS

EAj ≤ CE+
ETS

where EAj denotes the emissions allowances allocated to entity j. In order to comply, each
entity must surrender allowances equal to its actual emissions. There are two main types of
ETS. There is a cap-and-trade system, which sets an absolute maximum limit on emissions.
In this system, emission allowances are distributed and auctioned, and can subsequently
be traded by market participants. The second one is a baseline-and-credit system. In this
case, each entity possesses its own emissions baseline level. Entities that have successfully
reduced their emissions below this level are awarded a credit, which is then traded by
entities that have exceeded it. Several ETS systems operate worldwide, most notably the
European Union’s ETS, which was implemented in 2005 and has undergone multiple phases
of adjustment to align with evolving climate targets. Unlike carbon taxes, which set the
price of emissions, an ETS determines the quantity of emissions permitted while allowing the
market to establish the price (Dao et al., 2024; Roncalli, 2026). Figure 2 shows the global
status of ETS and carbon taxes, including implemented systems, those under development,
and those under consideration.

The carbon pricing methods discussed above are government-managed external mecha-
nisms. However, internal carbon pricing methods also exist, adopted voluntarily by com-
panies as risk management instruments to monitor transition risk and reallocate resources
toward low-carbon activities. Three main internal carbon pricing methods are commonly
used (Roncalli, 2026):

1. Shadow pricing assigns a hypothetical carbon price, i.e. an estimate of the cost that
could result from future regulations, to assess the long-term environmental and finan-
cial impacts of business decisions.

2. Internal carbon fee is a kind of self-imposed carbon tax, representing the monetized
value of greenhouse gas emissions generated by company operations. The tax generates
revenue for the company that can be allocated to transition funds or sustainability
projects.

3. Implicit carbon price represents the actual cost incurred by a company to mitigate
greenhouse gas emissions. It is calculated retrospectively by considering actions taken
to reduce emissions and comply with regulations.
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2.1.3 Stranded assets and valuation risk

The term “stranded assets” in the context of climate change was popularized by the Carbon
Tracker Initiative through its seminal January 2011 report “Unburnable Carbon — Are the
World’s Financial Markets Carrying a Carbon Bubble? ”. This publication introduced the
concept to financial market, arguing that meeting climate targets would render a significant
portion of fossil fuel reserves unburnable, creating substantial stranded asset risk for investors
(Carbon Tracker Initiative, 2011). Following this pioneering work, the concept spread among
regulators, central banks and academics. One of the most widely accepted definition of
stranded assets is the one of Ben Caldecott (Caldecott et al., 2013, 2016):

“Stranded assets are assets that have suffered from unanticipated or prema-
ture writedowns, devaluations, or conversion to liabilities.”

Daumas (2024) distinguishes between three categories of stranded assets: resources, capi-
tal, and paper. Stranded resources are raw materials and natural resources that cannot be
exploited due to regulatory changes and new climate targets. Examples include unburned
fossil fuel resources, as well as forests and land that cannot be used. Stranded capital refers
to machinery, equipment, and physical infrastructure that lose market value by becoming
obsolete prematurely, such as fossil fuel power plants and carbon-intensive factories. Fi-
nally, the financial repercussions of stranded resources and capital can result in stranded
paper/assets, such as declines in equity value and the emergence of nonperforming loans
(Roncalli, 2026). Since Caldecott et al. (2013), it has been demonstrated that the issue of
stranded assets is not exclusive to the energy sector and its associated fossil fuels. Rather,
all sectors are at risk of stranding (Chester et al., 2024). The table in Roncalli (2026, pages
1013-1015) provides an overview of several sectors exposed to stranded assets and their main
exposures.

The measurement of stranded assets falls into three main categories (Daumas, 2024).
The first category involves non-monetary estimates of physical assets or reserves, often re-
ferred to as Unburnable carbon (Carbon Tracker Initiative, 2011). To meet climate targets,
such as limiting global warming to 2◦C, the majority of existing fossil fuel reserves would
need to remain unexploited. Under this scenario, the stranded carbon is estimated to rep-
resent about 80% of total reserves (Roncalli, 2026). The literature proposes several metrics,
expressed in physical units, like capacity, physical quantities and the age of capital stocks
(Fisch-Romito et al., 2021). However, these measures do not account for the associated
economic costs. The second category focuses on monetary estimates. This approach pro-
vides financial assessments of potential accounting losses and asset write-downs resulting
from the premature decommissioning of assets required to meet climate targets, as well as
the future cash flow losses induced by the green transition. According to Daumas (2024),
such losses can be assessed using two metrics: book loss (realized and recorded loss) and
forgone revenue, which captures an opportunity cost. In monetary terms, stranded assets
can thus be defined as the difference between the value of assets under a baseline scenario
(e.g., business-as-usual scenario) and their value under a climate stabilization scenario (e.g.,
a 2◦C pathway):

Stranded (t0, T ) = VABaseline (t0, T )− VAClimate (t0, T )

Both of these approaches adopt a bottom-up perspective, whereas the third category relies
on a top-down approach. This final category encompasses studies that estimate potential
financial losses for institutions arising from transition risk, which includes losses associated
with stranded assets and other factors. The evaluation of transition risk typically involves
financial network analysis, climate stress testing, and scenario-based modeling (Desnos et
al., 2023).
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2.1.4 Financing risk

As noted by Ben Slimane et al. (2023), transforming the entire global value chain to achieve a
net-zero economy both requires and depends on substantial financial investment. According
to McKinsey (2022), approximately $9.2 trillion per year will be needed, leaving a funding
gap of about $3.5 trillion. The distribution of these investments is uneven across sectors, as
illustrated in Figure 3. As expected, the energy sector accounts for the largest share (around
70% of total investment needs) allocated among energy production, networks, and storage.
This is followed by the construction and transport sectors.

Figure 3: Net-zero capital investments

Source: Energy Transitions Commission (2023, page 9) & Ben Slimane et al. (2023).

According to Energy Transitions Commission (2023), the financing required for the tran-
sition to a low-carbon economy can be divided into two main categories. The first category
comprises capital investments from both the private and public sectors in physical infras-
tructure and machinery, which are expected to yield financial returns. As stated by Energy
Transitions Commission (2023), “we estimate [these capital investments] needs to average
about $3.5 trillion a year to 2050, partially offset by a $0.5 trillion per annum reduction in
fossil fuel investments to leave a net figure of $3trn per annum. This compares with estimated
current low-carbon investment levels of around $0.9–1.2 trillion.” The second category in-
volves concessional and grant-based financing, aimed at covering the costs of activities that
lack sufficient economic incentives and therefore do not generate direct financial returns.
These funds typically support initiatives such as reforestation projects and the accelerated
closure of coal-fired power plants. Such financial flows are primarily directed toward middle-
and low-income countries, and Energy Transitions Commission (2023) estimates that they
may need to reach at least $300 billion per year by 2030.

Remark 1. Another key constraint to the feasibility of the transition is the availability of
critical metals and the concentration of their supply chains. Low-carbon technologies require
large quantities of copper, lithium, nickel, cobalt, and rare earth elements. Constraints in
refining capacity lead times could cause bottlenecks and price volatility. Therefore, scaling
up recycling, diversifying upstream capacity, and investing in material-efficient designs and
alternative chemistries are essential complements to financing and policy.
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2.2 Physical risk
In this section, we define the concept of physical risk, which is often misunderstood, as it is
commonly associated only with extreme weather events and natural catastrophes. However,
physical risk also encompasses the broader dimension of adaptation, which plays a central
role in the context of climate change. We then review several approaches to assessing these
risks, with a focus on macroeconomic and statistical modeling methods.

2.2.1 Definition

Physical risk is generally defined as the direct losses resulting from climate change hazards,
that can lead to substantial economic impacts:

“Physical risks resulting from climate change can be event driven (acute) or
longer-term shifts (chronic) in climate patterns. Physical risks may have finan-
cial implications for organizations, such as direct damage to assets and indirect
impacts from supply chain disruption. Organizations’ financial performance may
also be affected by changes in water availability, sourcing, and quality; food se-
curity; and extreme temperature changes affecting organizations’ premises, op-
erations, supply chain, transport needs, and employee safety.

• Acute Risk
Acute physical risks refer to those that are event-driven, including increased
severity of extreme weather events, such as cyclones, hurricanes, or floods.

• Chronic Risk
Chronic physical risks refer to longer-term shifts in climate patterns (e.g.,
sustained higher temperatures) that may cause sea level rise or chronic heat
waves.” (TCFD, 2017, page 6).

Physical risk therefore goes beyond acute, short-term events to include chronic and struc-
tural changes in the climate system that can affect the long-term viability and value of
assets, businesses, and ecosystems. Despite this broader scope, the concept is still primarily
associated with disasters and extreme events, as reflected in the definition provided in the
most recent report by the Intergovernmental Panel on Climate Change (IPCC):

“[...] unmitigated climate change implies an increased potential for adverse
socio-economic impacts especially in more exposed economic activities and areas
(high confidence). Accordingly, physical risk refers to the component of financial
risk associated with the adverse physical impact of hazards related to climate
change (e.g., extreme weather events or sea level rise) on the financial value of
assets such as industrial plants or real estate. In turn, these losses can translate
into losses on the values of financial assets issued by exposed companies (e.g.,
equity/bonds) and or sovereign entities as well as losses for insurance companies.
The assessment of climate financial physical risks poses challenges in terms of
data, methods and scenarios. It requires cross-match scenarios of climate related
hazards at granular geographical scale, with the geolocation and financial value
of physical assets. The relationship between the value of physical assets (such as
plants or real estate) and the financial value of securities issued by the owners of
those assets is not straightforward. Further, the repercussion of climate-related
hazards on sovereign risk should also be accounted for.” (IPCC, 2022, Chapter
15, pages 1580 and 1581). “In much of the business and financial literature,
the term physical risk relates to those derived from the hazard × exposure ×
vulnerability framework.” (IPCC, 2022, Annex II, page 1830).
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While this framework (hazard × exposure × vulnerability) provides a useful conceptual
structure, it often overlooks the adaptation dimension and its associated costs. Adaptation
captures the capacity of economic agents to adjust their behavior, production processes, and
investments in response to evolving climate conditions. It is therefore a crucial determinant
of how physical risks translate into economic and financial losses.

To better understand the importance of adaptation, consider the wine industry, which
has been and will continue to be significantly affected by climate change7 (Schultz and Jones,
2010; van Leeuwen et al., 2019). Published analyses of the Bordeaux red wine sector reveal
an obvious upward trend in alcohol content over the past few decades. Wines that averaged
around 12–13% alcohol by volume (ABV) in the 1990s now often exceed 13.5–14% ABV and
sometimes even more in particularly warm vintages. This shift is due to increased sugar
concentration in grapes caused by warmer ripening conditions, although vinification choices
also play a significant moderating role. With continued global warming, there is a risk that
Bordeaux wines will gradually approach the alcohol levels of fortified wines such as Madeira,
potentially reaching 16–17% ABV by the end of the century. However, this outcome is far
from certain because wine composition and style depend on multiple factors that will evolve
with climate change, not only temperature, but also precipitation patterns, flooding, and
soil composition. According to climate models, regions with the most favorable conditions
for high-quality viticulture could shift northward by 2050. This could make countries such as
Denmark, Norway and Sweden more suitable for producing premium wines (van Leeuwen et
al., 2024, page 261). Several Bordeaux estates have already begun purchasing land outside
the region in anticipation of these changes. Similarly, Champagne producers have begun
planting vineyards in the United Kingdom and some have expanded to Wales and Scotland,
where the climate is becoming more suitable for growing grapes. These examples illustrate
the decisive roles that capacity and willingness to adapt play in mitigating the long-term
economic consequences of physical climate risks.

Acute risk Acute physical risks refer to extreme weather phenomena caused by events,
such as storms and floods. These events can suddenly and significantly damage assets, infras-
tructure, and supply chains, resulting in severe economic, financial, and social repercussions.
Common examples of acute events include:

1. Extreme weather events
Hurricanes, typhoons, tropical cyclones, tornadoes, and severe windstorms can cause
widespread structural damage, disrupt transportation networks, and lead to prolonged
power outages.

2. Flooding
River (fluvial) flooding from extreme precipitation, coastal flooding, and storm surges,
which are exacerbated by rising sea levels; as well as flash floods, which are triggered
by intense localized rainfall, can inundate properties, contaminate water supplies, and
severely disrupt economic activity.

3. Hail and extreme precipitation
Large hailstorms can damage crops, vehicles, and buildings. Cloudbursts and intense
rainfall can overwhelm drainage systems and trigger landslides in vulnerable areas.

7Over the past few decades, the wine industry has generally benefited from moderate global warming.
This has improved grape ripening, increased sugar concentration, and enhanced overall quality (Jones et
al., 2005). However, beyond this climatic optimum, rising temperatures pose serious threats to the wine
sector. For example, Hannah et al. (2013) found that many traditional wine-growing regions could experience
substantial losses by 2050, with some regions losing 25–73% of suitable land under a high-emission scenario
(RCP 8.5 concentration pathway).
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4. Short-term drought events
Sudden reductions in precipitation or soil moisture can cause acute water shortages,
affecting agricultural production, hydroelectric power generation, and industrial pro-
cesses that depend on water availability.

5. Temperature extremes
Prolonged heat waves can strain energy grids, threaten human health, reduce labor
productivity, and damage heat-sensitive infrastructure. Sudden cold snaps can freeze
water systems, disrupt the energy supply, and devastate crops.

6. Wildfires
Forest, grassland, and bush fires intensified by drought, heat, and wind can destroy
vast areas of property and natural ecosystems, degrade air quality over large regions,
and disrupt supply chains for extended periods.

Chronic risk Chronic physical risks refer to long-term, gradual changes in climate pat-
terns that evolve over decades. Unlike acute events, chronic risks emerge slowly and persis-
tently, making them less visible but potentially more economically consequential due to their
cumulative and often irreversible nature. These persistent changes can undermine the via-
bility of business models and lead to prolonged social and environmental impacts. Common
examples of chronic risks include:

1. Changes in precipitation patterns
Long-term changes in rainfall patterns, such as altered seasonal distributions and in-
tensities, can lead to chronic water scarcity, prolonged droughts and more frequent and
severe flooding. These changes can affect agriculture, the water supply, and energy
systems. While some regions may experience declining precipitation and extended
dry periods, others may face more frequent heavy rainfall events that can overwhelm
drainage systems and accelerate soil erosion.

2. Ecosystem and land degradation
Gradual processes such as glacial retreat, loss of snowpack, deforestation, soil erosion
and desertification can all diminish the availability of freshwater and reduce agricul-
tural productivity. These changes can disrupt the provision of essential ecosystem
services that support human livelihoods.

3. Ocean warming and acidification
Persistent increases in ocean temperatures and CO2-driven acidification affect marine
ecosystems, fisheries, and coastal livelihoods. These changes can alter the availability
of food resources and threatening biodiversity over the course of several decades.

4. Rising average temperatures
Gradual increases in mean temperatures can reduce the productivity of outdoor labor,
increase the demand for cooling, put a strain on energy systems, shorten the lifespan
of infrastructure, reduce crop yields, and alter the suitability of regions for agriculture.
Sustained warming can also expand the geographic range of disease vectors, increase
heat-related mortality, and make some areas less habitable or economically viable over
time.

5. Sea-level rise
Gradual sea-level rise can result in the permanent flooding of low-lying areas, the ero-
sion of coastlines, and the contamination of freshwater supplies by saltwater. These
changes threaten the long-term viability of coastal infrastructure and human settle-
ments.
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6. Water stress
Reduced water availability, which can be caused by altered precipitation patterns,
increased evaporation, or overuse, can affect agricultural production, industrial pro-
cesses, hydroelectric generation, and urban water security. Such reductions may also
lead to conflicts over scarce water resources.

In Table 1, we present the classification of physical risks adopted by the European Com-
mission under the EU Green Taxonomy. The framework identifies 28 physical risks in total
(15 chronic and 13 acute hazards) grouped into four categories:

• Physical risks related to temperature (7)

• Physical risks related to wind (4)

• Physical risks related to water (10)

• Physical risks related to solid mass and soil (7)

This classification has also been adopted by WRI and CBI (2019). However, alternative tax-
onomies of physical climate risks exist, though they are often partial or less comprehensive.
For example, the U.S. EPA framework distinguishes between acute and chronic hazards but
does not provide a detailed categorization by hazard type. In contrast, the OECD builds on
the 28 climatic impact-driver categories developed in the IPCC’s Sixth Assessment Report
(IPCC, 2022; Ruane et al., 2022) and groups them into acute and chronic risk categories
(Noels et al., 2024).

2.2.2 The hazard/exposure/vulnerability framework

From a financial perspective, the ultimate goal of physical risk modeling is to quantify the
impact of climate change on national economies, corporate performance, and investment
portfolio returns. The framework generally used is the hazard/exposure/vulnerability:

Risk = f (hazard× exposure× vulnerability)

According to the IPCC AR6 Glossary8, the components are defined as follows:

• Hazard is “the potential occurrence of a natural or human-induced physical event or
trend that may cause loss of life, injury, or other health impacts, as well as damage
and loss to property, infrastructure, livelihoods, service provision, ecosystems and
environmental resources.”

• Exposure is “the presence of people; livelihoods; species or ecosystems; environmental
functions, services, and resources; infrastructure; or economic, social, or cultural assets
in places and settings that could be adversely affected.”

• Vulnerability is “the propensity or predisposition to be adversely affected. Vulnerabil-
ity encompasses a variety of concepts and elements, including sensitivity or suscepti-
bility to harm and lack of capacity to cope and adapt.”

• Risk is “the potential for adverse consequences for human or ecological systems, recog-
nising the diversity of values and objectives associated with such systems.”

8Source: https://apps.ipcc.ch/glossary.
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While hazard, exposure, and vulnerability are relatively well-defined, risk is a more complex
concept to measure. In the context of climate change, risk usually refers to quantifiable met-
rics, such as the frequency, severity, or magnitude of potential losses. For example, consider
labor productivity losses due to heat stress. In this case, the hazard is the occurrence of ex-
treme heat events or sustained high temperatures. Exposure corresponds to the percentage
of the labor force working in heat-sensitive sectors, such as construction, agriculture, and
manufacturing, as well as in regions prone to high temperatures. Vulnerability reflects fac-
tors such as the availability of cooling infrastructure and labor protection measures, as well
as the adaptive capacity of workers and employers. The resulting risk can be quantified as
expected losses in labor productivity, expressed as a percentage of GDP, a monetary value in
dollars, or reduced working hours. However, translating physical risk metrics into monetary
losses is not straightforward. Using the hazard/exposure/vulnerability framework, the most
direct approach to calculating labor productivity impacts is first to estimate the number of
lost working hours, then to multiply this number by the average wage to obtain a dollar
value. This method requires a valuation function that converts physical risk metrics into
monetary terms. While this valuation function may appear simple at first, it becomes more
complex when considering indirect and cascading effects. Beyond direct impacts, we must
account for transmission channels throughout the economy. For instance, labor productivity
losses can impact a country’s public debt, resulting in additional losses that intensify the
initial impact. Distinguishing between physical risk metrics and financial losses requires an
additional analytical layer beyond the standard hazard/exposure/vulnerability framework:

Loss = g (Risk)

where Risk is the metric expressed in physical units, g is the valuation function, and Loss
is the financial impact in monetary terms. The function g can be simple, as in the previous
example, but it is generally complex when considering acute events, such as hurricanes or
floods.

Estimating financial losses from climate change requires several key steps. First, a cli-
mate model is needed to project future climate conditions. Model choices range from simple
energy-balance models (EBMs), to integrated assessment models (IAMs) and Earth-system
models of intermediate complexity (EMICs), and up to high-complexity general circulation
models (GCMs), which are the standard tools for modeling climate hazards and form the
basis for most physical risk assessments (Roncalli, 2026, Chapter 12). The second step is
to estimate exposure and vulnerability using separate yet complementary modeling frame-
works. Exposure is typically determined by identifying and mapping assets, populations,
and economic activities in areas susceptible to hazards. This process uses data from land-use
databases, infrastructure inventories, and satellite observations. A vulnerability assessment
focuses on the sensitivity of these elements to climate hazards. This assessment considers
factors such as building standards, adaptive capacity, socioeconomic conditions, and ex-
isting protective infrastructure. Then, exposure and vulnerability estimates are integrated
spatially with hazard projections using geographic information systems and geolocation
techniques. This process links climatic hazards with the physical and socioeconomic char-
acteristics of specific sites. It generally requires large datasets and specialized statistical
methods. Finally, economic and financial models translate physical risk metrics into mone-
tary losses. These models range from simple damage functions, which directly relate physical
impacts to economic costs, to computable general equilibrium models, which simulate the
propagation of climate shocks through the entire economy via supply chains, price adjust-
ments, and behavioral responses in consumption and investment. The appropriate model
depends on the scope of the analysis, the sectors considered, and whether direct, indirect,
or macroeconomic losses are to be estimated.
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2.2.3 Physical risk data and modeling

Two main types of climate data are used for modeling physical risks to describe past and
present conditions. The first category consists of historical observational data, which are
direct measurements of climate variables, such as air temperature, precipitation, wind speed,
and humidity. These data have some limitations such as irregular spatial coverage, inter-
ruption of temporal continuity, and the presence of instrumental errors. The second type of
climate data consists of reanalyses. These datasets estimate historical climate variables by
combining observations with numerical climate models using data assimilation techniques.
Unlike raw observations, reanalyzed data are standardized, spatially complete, and tempo-
rally consistent, but the accuracy of these data depends heavily on the density and quality
of the underlying observations. Examples of observational datasets with global coverage
for temperature include Berkeley Earth, HadCRUT5, and GISTEMP v4. For precipitation,
examples include GPCC Full Data and GPCP. Reanalysis datasets include ERA5, MERRA-
2, and CFSR for the atmospheric domain, and CERA-20C and ECCO v4 for the oceanic
domain. More detailed examples and information on these datasets are reported in Roncalli
(2026, Section 12.2.2, page 1156). While observational datasets rely on a few variables, re-
analysis datasets generally include hundreds of physically consistent variables derived from
numerical models. For example, the ERA5 dataset provides 262 main single-level variables,
covering not only temperature, precipitation, and pressure, but also soil moisture, snow
depth, cloud properties, lake variables, surface albedo, and numerous other atmospheric,
oceanic, and land surface parameters.

Other datasets provide forward-looking information for assessing future climate risks, as
projected changes in the frequency and spatial distribution of tropical cyclones and heat
waves. These datasets are climate-model outputs used in scenario-based physical risk anal-
yses to simulate how the climate system may evolve under different greenhouse gas emission
scenarios. Similar to reanalysis datasets, climate model outputs offer comprehensive spa-
tial coverage and a full range of physically consistent variables extending decades into the
future. However, projection results should be interpreted taking into account differences
in model structure and in emissions scenarios. A large number of variables are generated
within the CMIP6 framework and organised into standardised MIP tables, e.g., Amon with
75 atmospheric montly variables, Omon with 292 ocean montly variables, etc.

In addition to the datasets described above, there are also specific physical-risk data
aligned with the hazard/exposure/vulnerability framework, but since these data are primar-
ily historical, there is generally some overlap with the observational and reanalysis datasets.
These specific datasets combine climate-related hazard data (historical maps, event foot-
prints and hazard characteristics projections), climate-related exposure (gridded popula-
tion, building footprints, infrastructure inventories, land use and land cover maps, economic
and ecological assets, agricultural production) and climate-related vulnerability (building
integrity coefficients, cost-benefit ratio of adaptation options, age structure and poverty lev-
els)9. The ultimate objective of using vulnerability data is to construct damage functions.
A damage function can be viewed as a standardized model of the form:

D (t) = f
(
X1 (t) , . . . , Xm (t)

)
where X1 (t) , . . . , Xm (t) denote relevant characteristics or input variables. Typically, D (t)
represents a damage rate, meaning that D (t) ∈ [0, 1]. There are two main categories of dam-
age functions. The first category comprises tabulated or non-parametric functions derived

9Large examples of data sources to measure climate hazards, exposure and vulnerability of physical assets
are provided in Roncalli (2026, Chapter 12).

17



From Transition to Physical Risk: Rethinking Portfolio Management

Figure 4: Flood damage functions for the European region
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Figure 5: Example of wind damage function
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from observed data. For example, a flood damage function can be expressed as follows:

D (t) = f (depth,duration)

where D (t) represents damage in $/m2, depth is the water depth in centimeters, and
duration is the flood duration in hours. Given gridded values of depth and duration, one can
empirically estimate the average damage ratio. The second category consists of parametric
functions, as the sigmoidal function for wind damage proposed by Emanuel (2011):

D (t) =
ω3

1 + ω3

with:
ω =

max (w − w−, 0)

w1/2 − w−
where w is the wind speed, w− is the threshold below which no damage occurs, and w1/2 is the
wind speed at which the damage function reaches 50%. Figure 4 illustrates non-parametric
flood damage functions by depth for Europe as estimated by Huizinga et al. (2017) while
Figure 5 shows the wind damage function of Emanuel (2011) assuming different values of
w− and w1/2.

2.2.4 From macroeconomic to granular modeling of physical climate risk

Climate change and its associated risks exert a substantial impact on the global economy
and financial stability. Consequently, following the seminal work of Nordhaus and Boyer
(2000), numerous studies focused on financial loss models for physical climate risk. Damage
functions are used in several integrated assessment models, but the damage estimates can
vary significantly depending on the methods and approaches employed. Table 2 show the
percentage of damages projected by several models for temperature increases of 2◦C and
3◦C under current policy scenarios for the years 2050 and 2100 (NGFS, 2024).

Table 2: Damage estimates across damage functions

Study 2◦C 3◦C Study 2◦C 3◦C
Nordhaus and Boyer (2000) 1% 2% Burke et al. (2015) 8% 14%
Tol (2009) 1% 3% Howard and Sterner (2017) 3% 8%
Pindyck (2012) 4% 9% Kompas et al. (2018) 1% 2%
Weitzman (2012) 1% 3% Kalkuhl and Wenz (2020) 2% 5%
Dell et al. (2012) 4% 22% Kahn et al. (2021) 3% 8%
Tol (2014) 1% 2% Waidelich et al. (2024) 4% 8%
Nordhaus (2014) 1% 2% Bilal and Känzig (2024) 19% 44%
Dietz and Stern (2015) 2% 13% Kotz et al. (2024) 14% 33%

Source: NGFS (2024, Table 3, page 14).

As noted by Jean et al. (2025), more recent studies tend to estimate greater losses re-
sulting from climate change. By using global mean temperature and including both chronic
and acute risks, Bilal and Känzig (2024) estimate macroeconomic impacts up to six times
larger than those reported in earlier studies. They find that a 1◦C rise in global temperature
could lead to a loss of up to 12% of global GDP. Rather than focusing solely on average
temperature, Waidelich et al. (2024) incorporate a broader set of variables, including the
number of wet days, extreme daily rainfall, precipitation variability, and total precipita-
tion. When these factors are included, the study estimates that a 3◦C increase in global
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mean temperature could reduce global GDP by as much as 10%. The results also reveal
heterogeneous effects across countries. Losses tend to be larger in poorer nations and in
low-latitude regions. In line with this study, Kotz et al. (2024) not only incorporate average
temperatures but also include precipitation, daily variability, and extreme events in their
damage-function estimation. A key innovation of their approach is the explicit inclusion
of lagged effects to capture persistence in climate impacts. The model yields substantially
larger damage estimates than prior studies, projecting a contraction of the global economy
of about 19% over the next 26 years.

Damage functions are designed to produce aggregated regional or global loss estimates
and therefore serve well for macroeconomic and policy assessment, but they are ill-suited
for financial applications that require asset-level precision. Their limited granularity makes
them not appropriate for company- or asset-level exposure and vulnerability analysis. For
that reason, commercial data vendors have developed higher-resolution metrics to quantify
exposure and vulnerability at finer (site, firm or asset-level) scales. Table 3 lists several
major providers of physical climate-risk data. Most of these data vendors offer asset- and
company-level exposure and vulnerability metrics that cover a broad set of climate haz-
ards (e.g., flood, heat, wildfire, tropical cyclone, drought). These products are typically
scenario-based, produced under alternative greenhouse-gas emission pathways (and associ-
ated climate projections). Typically, vendors also provide multi-decade projections, enabling
users to assess how risk evolves and rises over time. Note that all these physical risk metrics
are derived from scoring systems rather than from direct data measurement. As a result,
they are highly sensitive to modeling assumptions, scenario selection, projected horizons,
and aggregation methods. Furthermore, most vendor models are continually updated and
refined, thus scores and projections can change over time.

In addition to commercial data providers, it is worth mentioning the methodological
framework developed by several EU bodies to integrate climate-related physical risks into
financial-stability monitoring and prudential supervision. Four types of physical-hazard
indicators for financial-institution portfolios are defined, all expressed as percentages of
portfolio value. Two indicators are based on physical-risk level categories — risk scores
(RS) and potential exposure at risk (PEAR) — while the other two are based on estimates
of expected losses — normalized exposure at risk (NEAR) and collateral-adjusted exposure
at risk (CEAR).

Other useful and popular datasets used for measuring physical risk are provided by the
academic research, such as EM-DAT (Emergency Events Database), that focuses on the
assessment of natural disaster impact and ND-GAIN10. Furthermore, academics have devel-
oped sophisticated tools for measuring physical risk. One notable example is CLIMADA,
a free and open-source software framework11 (Aznar-Siguan and Bresch, 2019), used for
climate risk assessment and adaptation planning. Another important academic contribu-
tion is the development of comprehensive methodologies for quantifying potential financial
losses from physical climate risks. The seminal work of Battiston et al. (2017) introduces a
framework for stress-testing financial portfolios against climate risks, providing a conceptual
basis for translating climate shocks into financial losses. Early research focuses on specific
hazards, such as cyclones (Le Guenedal et al., 2022), droughts (Huynh et al., 2020), floods
(Mandel et al., 2021), and wind storms (Koks and Haer, 2020). Other studies examined par-
ticular regions, such as Mexico (Bressan et al., 2024) and Florida (Calabrese et al., 2024).
More recently, Mandel et al. (2025) introduced CLIMACRED, a global model that integrates
multiple hazards and regions, advancing comprehensive climate risk assessment by explicitly
linking compound physical events to financial assets.

10This database is described in details in Section 3.2.1 on page 40.
11Its website is https://climada.ethz.ch.
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Table 3: Major providers of physical climate risk data

Data provider Coverage Hazards and scenarios Metrics

Bloomberg
Riskthinking.AIa

Nearly 50 000 compa-
nies, over 1 million
physical assets world-
wide

Different climate scenar-
ios, projections up to 2050

Physical risk exposure metric at
company and individual assets
levels

Carbon4
Financeb

210 countries, 60+
sectors, coverage of
most asset classes

7 direct hazards, 3 IPCC
scenarios, 2 time horizons

Aggregated risk rating and
hazard-specific ratings

First Streetc Properties and in-
frastructures, mainly
in the USA

Present and future Property-level risk statistics
(peril exposure, climate risk
score, financial impact), simula-
tions of buildings damage and
downtime

Jupiter
Intelligenced

Global coverage Multiple perils and sce-
narios, 5-year increments,
up to 2100

Hazard scores, direct financial
impact metrics, current and fu-
ture climate risk at asset and
portfolio/company level

Moody’se 70 countries, 22 000+
entities, 10 million+
facilities

8 hazards (acute and
chronic), several scenarios

Forward-looking exposure met-
rics

MSCIf 800 000+ asset lo-
cations for 12 000+
companies

28 distinct physical haz-
ards under several climate
scenario pathways

Physical risk metrics at company
level

S&P Global
Sustainable1g

Global coverage
of 200+ countries,
70 000+ companies,
7 million+ asset
locations

10 physical hazards, 4 sce-
narios, several decades up
to 2090

Exposure and sensitivity scores,
financial impact estimates, at
company and asset level

Verisk
Maplecrofth

198 countries 35 hazards and issues (17
climate hazards) across 7
time periods, 3 climate
scenarios

300+ hazard risk indices, socioe-
conomic vulnerability indices,
transition-risk assessment

Sources (websites accessed 17/02/2026):
ahttps://www.riskthinking.ai
bwww.carbon4finance.com/product/physical-risks
chttps://firststreet.org
dwww.jupiterintel.com/climatescore-global
ewww.moodys.com/web/en/us/capabilities/physical-transition-risk/insurance.html
fwww.msci.com/data-and-analytics/climate-solutions/physical-risk-solutions
gwww.spglobal.com/sustainable1/en/solutions/physical-climate-risk-solutions
hwww.maplecroft.com/data/country-risk-data/climate-risk-data
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3 Portfolio management

3.1 Physical vs. transition risk in equity portfolios

In this section, we examine the impact of incorporating physical climate risk into equity
portfolios. To do so, we use S&P physical risk scores. After analyzing and comparing
these scores with conventional transition risk scores, we incorporate physical risk into a
standard mean-variance portfolio optimization framework. The objective of the optimization
is to replicate an equity benchmark while maintaining low tracking error volatility. Then,
we compare portfolios optimized using physical risk metrics with those optimized using
transition risk metrics. This analysis is conducted across two investment universes: the
MSCI World Index and the MSCI Emerging Markets Index.

3.1.1 Physical scores

Exposure scores We recall that the assessment of physical climate risk is based on the
hazard/exposure/vulnerability framework:

Risk = f (hazard× exposure× vulnerability)

The physical risk scores provided by S&P Global Sustainable1 are constructed using this
framework (S&P Global, 2025). The S&P methodology considers ten climate hazards: (1)
coastal flooding, (2) river flooding, (3) pluvial flooding, (4) extreme heat, (5) extreme cold,
(6) tropical cyclones, (7) wildfires, (8) water stress, (9) drought, and (10) landslides. As a
result, the methodology focuses more on acute risks than chronic risks. To measure exposure,
S&P relies on an asset-based classification. Based on these data, S&P Global (2025) maps
asset values to corporate owners12, and derives two types of physical risk metric:

1. Physical risk exposure score

2. Physical risk financial impact

The exposure score is a measure of a company’s exposure to climate hazards at a given
point in time. It does not depend on the specific characteristics of the assets. The score can
be aggregated at the portfolio level to evaluate the contribution of individual assets, and it
is expressed on a scale from 1 (lowest exposure) to 100 (highest exposure). The financial
impact metric estimates the potential financial consequences of changes in climate hazard
exposure relative to a baseline scenario while accounting for asset-specific characteristics.
It is expressed as expected financial losses measured as a percentage of asset value. The
difference between the exposure score and the financial impact metric incorporates a loss
impact (or damage) function. Both metrics are first calculated at the hazard level and
then aggregated to form a composite physical risk score at the company level13. In what
follows, we focus exclusively on physical risk exposure scores to ensure comparability with
the transition risk analysis. In the case of transition risk, metrics typically used by portfolio
managers, such as carbon intensity and greenness, measure exposure rather than realized
or expected costs. In this sense, carbon and green intensity can be interpreted as measures
of exposure to transition risk. For consistency, therefore, we use physical risk exposure
measures rather than financial impact metrics.

12This means that physical scores are first calculated for each hazard at asset level. These are then
aggregated at the corporate level using the decision tree shown in S&P Global (2025, Figure 3, page 16).

13The physical risk exposure score at company level is given by PE = 100 − 100 × exp
(
c
∑10

j=1 PEj

)
,

where PEj is the physical risk exposure score for hazard j and c is a scaling parameter.
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Remark 2. In practice, S&P Global (2025) calculates two physical risk scores:

1. A composite physical risk score PE (ranging from 1 to 100), which captures a com-
pany’s combined exposure to all ten climate hazards. The score is first computed at
the asset or location level and then aggregated at the company level using a weighted
average across multiple locations14.

2. A sensitivity-adjusted composite physical risk score (ranging from 1 to 100), which ex-
tends the composite score by incorporating the company’s sensitivity to different climate
hazards. For water stress and drought hazards, sensitivity is proxied by the company’s
water intensity. For extreme heat and extreme cold hazards, sensitivity is measured us-
ing labor intensity. For the remaining six hazards, company sensitivity is approximated
by tangible asset intensity. The hazard-specific sensitivity-adjusted scores are then ag-
gregated into a single synthetic score SE using an exponentially aggregation function.
The resulting synthetic score SE is used as a proxy for the physical vulnerability risk
of the company.

Both metrics are available under different climate scenarios based on IPCC RCP/SSP
pathways:

• Low climate change scenario (SSP1-2.6)
An aggressive mitigation scenario in which total greenhouse gas emissions decline to
net zero by 2050. This results in a global average temperature increase of 1.3–2.4◦C
by 2100, which is consistent with the Paris Agreement targets.

• Medium climate change scenario (SSP2-4.5)
A strong mitigation scenario in which total greenhouse gas emissions stabilize at cur-
rent levels until 2050, before declining through 2100. This scenario projects that global
average temperatures will rise by 2.1–3.5◦C by 2100.

• Medium-high climate change scenario (SSP3-7.0)
Limited mitigation scenario in which total greenhouse gas emissions double by 2100,
with global average temperatures rising by 2.8–4.6◦C by 2100.

• High climate change scenario (SSP5-8.5)
Low mitigation scenario in which total greenhouse gas emissions triple by 2075, with
global average temperatures rising by 3.3–5.7◦C by 2100.

The metrics are evaluated for each hazard-scenario combination across multiple time hori-
zons from 2020 to 2090. The following analysis focuses exclusively on the medium (SSP2-4.5)
and high (SSP5-8.5) climate change scenarios because the low scenario is no longer considered
realistic given current emissions trajectories. Moreover, the medium-high scenario results
can be approximated as intermediate between the medium and high scenarios. Regarding
time horizons, we concentrate on three reference decades:

• 2030 represents a medium-term horizon, enabling investors to assess the materiality of
physical over investment time frames relevant to tactical asset allocation;

• 2050 corresponds to a long-term horizon (approximately 25 years forward), that aligns
with the typical periods used by institutional investors for strategic asset allocation
and is consistent with net-zero commitment timelines;

• 2090 provides a very long-term perspective, that allows us to examine how physical
risks evolve and their implications for future asset management.

14See Footnote 13 on page 22.
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Figure 6: Histograms of the exposure score PE (MSCI World Index)
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Figure 7: Histograms of the sensitivity score SE (MSCI World Index)
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Figure 6 shows how the composite physical risk exposure score is distributed among
companies included in the MSCI World Index. This score increases systematically as the
reference decade and risk scenario severity progress. For example, under the medium sce-
nario, the average exposure score increases from 56.3 in 2030 to 62.4 in 2050, and then to
69.0 in 2090. Under the high scenario, the corresponding averages are 57.9, 67.2, and 80.4,
respectively. The incremental increases between the medium and high scenarios are 1.6, 4.8,
and 11.4 for the time horizons of 2030, 2050, and 2090, respectively. These results indicate
that physical risk exposure grows over time and accelerates as scenario severity increases.
Despite this upward trend, exposure scores exhibit limited dispersion within each time hori-
zon and risk scenario. This suggests that companies tend to cluster around similar exposure
levels. For instance, the interquartile range Q3 −Q1 is approximately 4 (Table 4).

Table 4: Statistics of the exposure and sensitivity scores (MSCI World Index)

Metric Statistic Medium scenario High scenario
2030 2050 2090 2030 2050 2090

PE

Mean 56.3 62.4 69.0 57.9 67.2 80.4
Q1 54.0 60.0 67.0 60.0 69.0 82.0
Q3 58.0 64.0 71.0 56.0 65.0 79.0

Q3 −Q1 4.0 4.0 4.0 4.0 4.0 3.0

SE

Mean 28.1 32.2 37.0 29.2 35.6 46.7
Q1 19.0 22.0 26.0 38.0 46.0 60.0
Q3 36.0 42.0 48.0 20.0 25.0 35.0

Q3 −Q1 17.0 20.0 22.0 18.0 21.0 25.0

Figure 7 shows the distribution of the sensitivity-adjusted composite physical risk ex-
posure score. As expected, this sensitivity score exhibits the same general patterns as
the unadjusted exposure score, increasing with both time horizon and scenario severity.
However, it displays two important distinguishing features. First, the sensitivity score is
systematically lower than the exposure score. This reflects the fact that the sensitivity
score incorporates asset-specific vulnerability characteristics and can be conceptualized as
the product of the exposure score and a vulnerability factor. For instance, a company with
50% exposure could have 10% sensitivity if its vulnerability is 20%, meaning its assets are
relatively resilient to the hazards15. Second, the sensitivity score demonstrates substantially
greater dispersion than the exposure score. The interquartile range Q3−Q1 of the sensitivity
score is approximately five times larger than that of the exposure score (Table 4), indicating
considerable heterogeneity in how companies are affected by physical climate risks despite
similar exposure levels. This wider dispersion arises from differences in asset characteris-
tics, infrastructure quality, and adaptation measures across companies. Consequently, the
sensitivity score is expected to produce more differentiated assessments of physical risk at
the company level. However, the temporal progression — the rate of increase across time
horizons — is less pronounced for the sensitivity score than for the exposure score.

Sector-level analysis of the two physical risk scores for the 2030 time horizon is presented
in Figures 8 and 9. The exposure score indicates low variation between sectors, with median
scores ranging from 55 to 57 across all 11 sectors. Exposure scores are distributed rela-
tively uniformly. However, there are notable exceptions. The Energy sector exhibits greater
dispersion due to the geographic diversity of its infrastructure and resource extraction ac-
tivities, while the Information Technology sector shows lower dispersion, consistent with its

15Similarly, a highly exposed company may have near-zero sensitivity if its assets are largely not vulnerable
to the hazards.
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Figure 8: Boxplot of the exposure score PE per GICS sector (MSCI World Index, 2030
medium scenario)
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Figure 9: Boxplot of the sensitivity score SE per GICS sector (MSCI World Index, 2030
medium scenario)
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relatively concentrated geographic footprint. In contrast, the sensitivity score demonstrates
substantial inter-sector heterogeneity, with median scores ranging from 13 for Financials
to 41 for Utilities. This pronounced dispersion reflects fundamental differences in asset
characteristics and operational models across sectors.

Table 5: Pearson correlation between physical risk and transition risk scores (MSCI World
Index, 2030 medium and high scenarios)

Scenario Statistic (in %) CI1 CI2 CIup
3 CIdown

3 CI1−3 GI

Medium ρ (PE,T R) −1.20 9.02 −2.80 7.21 7.16 −9.00
p-value 66.25 0.10 30.99 0.87 0.92 0.10

High ρ (PE,T R) −2.00 9.01 −3.40 6.48 6.32 −8.89
p-value 46.82 0.10 21.68 1.85 2.15 0.12

Medium ρ (SE,T R) 27.03 26.13 32.81 0.12 4.93 24.44
p-value 0.00 0.00 0.00 96.41 7.31 0.00

High ρ (SE,T R) 26.41 26.03 32.91 −0.03 4.71 24.77
p-value 0.00 0.00 0.00 99.06 8.72 0.00

Relationship between physical risk exposure and transition risk exposure metrics
This paragraph examines the relationship between transition risk and physical risk exposures
to determine the extent to which these two dimensions of climate risk are interrelated. Let
T R and PR denote transition and physical risk exposure scores. We calculate the Pear-
son correlation coefficient ρ (PR,T R) and test the null hypothesis H0 : ρ (PR,T R) = 0
using the associated p-value. We assess transition risk exposure using two complementary
metrics: carbon intensity (measured across different emission scopes) and green intensity,
proxied by the green revenue share (Roncalli, 2026). Correlation analysis reveals distinct
patterns depending in the relationship between transition risk metrics and physical risk
scores depending on the physical risk measure employed. For the physical risk exposure
score, all Pearson correlation coefficients with carbon intensity measures are close to zero,
indicating weak linear relationships between these variables (Table 5). The p-values indi-
cate that these correlations are statistically significant in most cases, except for Scope 1 and
Scope 3 upstream emissions. The association between the exposure score and green intensity
is negative and small in magnitude, but statistically significant at the 1% confidence level.
This suggests that companies with higher green revenue shares exhibit marginally lower
physical risk exposure (ρ (PE,GI) = −9% under the medium climate change scenario).
In contrast, the sensitivity score exhibits different patterns. It demonstrates positive and
statistically significant associations with all carbon intensity measures except for Scope 3
downstream emissions16 (Table 5). Notably, a positive and statistically significant relation-
ship also emerges with green intensity (ρ (SE,GI) = 24.44% under the medium climate
change scenario), suggesting that companies with higher green revenue shares tend to be
more sensitive to physical climate risks17. These various results are corroborated when us-
ing Spearman correlations (see Table 26 on page 64). Specifically, the Spearman correlation
with the physical risk exposure score is consistently not statistically significant at the 1%
level, whereas the Spearman correlation with the physical risk sensitivity score is consis-
tently significant at the 1% level. Moreover, the results remain qualitatively similar when
using the 2090 time horizon instead of the 2030 time horizon.

16Consistent results are obtained using Spearman rank correlations instead of Pearson correlations.
17This counterintuitive finding may be due to the fact that green economy sectors, such as renewable energy

generation, sustainable agriculture, and water management, tend to have asset-intensive business models.
These sectors have significant fixed infrastructure that is directly exposed to climate hazards. Despite their
favorable transition risk profiles, this increases their sensitivity to physical risk.
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Sector and country analysis Considering the sector composition of the MSCI World
Index, the two largest sectors by number of constituents18 are Financials and Industrials
(Table 6). However, the largest sectors by market weight are Financials and Information
Technology. The weighted average carbon intensity19 is highest in Industrials and Energy,
and lowest in Health Care and Communication Services. As previously observed, the dif-
ferences in weighted average exposure scores across sectors are modest. Materials is slightly
above the cross-sector mean for both the 2030s and 2090s, while Real Estate is slightly below,
but the range is relatively low from 54.9 and 59.5 for the 2030 medium scenario. In contrast,
the sensitivity score reveals clearer sectoral patterns for both timeframes (2030 and 2090).
Financials show the most favourable sensitivity values (14.4 for the 2030 scenario), followed
by Information Technology (17.6), while Materials and Utilities record the least favourable
values (43.4 and 44.2, respectively). Concerning the distribution of green intensity, Real
estate and Utilities have the largest green revenue share, while Financials and Health Care
have the smallest. This relationship is confirmed by correlation analysis. In summary, expo-
sure varies only marginally across sectors, whereas sensitivity shows much greater variation,
which has important implications for sector allocation and risk management. Based on these
results, it is difficult to identify clear correlation patterns between transition and physical
climate risks at the sector level.

Table 6: Weighted mean of climate risk measures per sector (MSCI World Index, medium
scenario)

Sector nj bj CI1−3,j PE2030
j SE2030

j PE2090
j SE2090

j GIj

Communication Services 65 8.7 107 57.9 20.1 69.5 27.5 5.7
Consumer Discretionary 128 9.9 443 56.5 32.9 68.6 43.1 22.7
Consumer Staples 98 5.5 595 57.3 31.6 69.7 41.2 1.0
Energy 50 3.5 3 982 57.5 35.7 69.1 45.5 6.2
Financials 235 16.4 1 908 57.1 14.4 69.6 19.0 0.6
Health Care 121 10.0 99 57.4 22.6 69.8 30.3 0.7
Industrials 255 10.9 4 305 56.7 30.3 69.3 39.9 21.2
Information Technology 137 27.4 317 58.2 17.6 70.1 24.1 28.1
Materials 91 3.1 2 023 59.5 43.4 71.3 53.9 13.8
Real Estate 70 1.9 347 54.9 33.3 67.7 44.3 24.1
Utilities 72 2.7 2 358 57.4 44.2 69.4 55.2 28.1

Examining the regional allocation in Table 7, the largest weight is concentrated in the
United States, while Japan and Canada exhibit the highest weighted average carbon in-
tensities20. Exposure scores are largely homogeneous across regions for both the 2030 and
2090 horizons, although Japan shows a slightly lower weighted average exposure. Sensi-
tivity scores also display limited dispersion, with Canada recording marginally higher (less
favourable) values in both periods. The United States has the highest weighted average green
revenue share, whereas the “Others” category records the lowest. Overall, cross-regional dif-
ferences in exposure and sensitivity are relatively modest. However, aggregation at the

18nj is the number of stocks in sector Sj while bj is the weight of sector Sj in the benchmark (MSCI
World index).

19For each metric x, the weighted average for group Gj is computed as follows:

xj =

∑
i∈Gj wixi∑
i∈Gj wi

where group Gj corresponds to the jth sector (or region) in the sector (or region) analysis.
20For each metric x, we use the same approach as above to compute the weighted average for region or

country Ck.
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macro-regional level may mask important underlying heterogeneity arising from differences
in sector composition, market capitalization concentration, and the distribution of physi-
cal climate hazards. Moreover, the index is heavily weighted toward U.S. companies, with
relatively limited representation from China and other emerging markets. As a result, the
analysis may not fully reflect the global diversity of climate-related exposures and risks.
This concern is confirmed when the same analysis is performed at a country level (see Ta-
ble 29 in the Appendix on page 65). We observe differences of more than ten percentage
points between stocks in countries with low and high exposure to physical risk. The least
exposed stocks are found in New Zealand and Norway, while the most exposed are in Israel
and Spain. regarding the sensitivity score, the least sensitive stocks are in Israel and the
Netherlands, while the most sensitive are in New Zealand and Portugal.

Table 7: Weighted mean of climate risk measures per region (MSCI World Index, medium
scenario)

Region nk bk CI1−3,k PE2030
k SE2030

k PE2090
k SE2090

k GIk

Canada 83 3.3 1 947 55.8 28.0 68.7 36.4 8.8
Europe 402 16.0 1 699 57.2 25.0 70.1 33.3 8.2
Japan 180 5.5 2 635 55.1 26.3 67.5 34.9 11.9
USA 546 72.4 982 57.7 23.2 69.7 30.7 17.2
Others 111 2.8 1 740 58.3 26.6 71.1 34.6 5.5

Regression analysis To examine the relationship between the scores and sectoral and
regional characteristics, we estimate the following regression model:

yi = α+

mj−1∑
j=1

βjDi,j +

mk−1∑
k=1

βkDi,k + εi

where yi is the dependent variable for company i (i.e., CI1−3, PE, SE, GI), αi is the
intercept, βj is the coefficient of sector j, Di,j is the dummy variable for company i and
sector j, βk is the coefficient of region/country k, Di,k is the dummy variable for company
i and region/country k, and εi is the residual. To avoid multicollinearity, we include only
mj + mk − 1 dummy variables for each categorical predictor, with the omitted category
serving as the reference (baseline) group. In our specification, Financials is the reference
category for sector, while the United States is the reference category for region/country. The
intercept α represents the expected value of the dependent variable for firms in the reference
group. Each coefficient βj (or βk) measures the expected difference in the dependent variable
between category j (or k) and the reference category, holding all other factors constant.

Table 8 shows the results of the linear regression that jointly accounts for regional and
sectoral effects. Nearly 50% of the observed variability in the SE score, more precisely
48.53% for SE2030 and 51.50% for SE2090, is explained by the selected covariates. A closer
inspection of Table 9 reveals that this explanatory power is almost entirely driven by sec-
toral effects. Indeed, the regional variables account for only 1.02% of the variability in
SE2030 and 1.37% in SE2090. The estimated coefficients for sector and region dummies are
consistently positive and statistically significant at the 1% level, with a few exceptions. No-
tably, the coefficient for the Europe dummy is close to zero and not statistically significant.
This suggests that, compared to the baseline group (Financials/USA), most sector/region
combinations generally exhibit a greater sensitivity to climate risk, whereas no significant
difference is observed for Europe. By contrast, the proportion of variability in the PE score
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Table 8: Estimates β̂j and β̂k of the regression analysis (MSCI World Index, medium sce-
nario)

Sector CI1−3 PE2030 PE2090 SE2030 SE2090 GI
Intercept (Fin/USA) 2 006∗∗∗ 56.96∗∗∗ 69.13∗∗∗ 12.50∗∗∗ 16.30∗∗∗ −0.85
Communication Services −1 898∗∗∗ −0.52 −0.25 8.66∗∗∗ 12.20∗∗∗ 0.50
Consumer Discretionary −1 431∗∗∗ −0.49 −0.30 18.54∗∗∗ 24.26∗∗∗ 8.15∗∗∗

Consumer Staples −1 508∗∗∗ −0.90∗ −0.52 19.09∗∗∗ 25.16∗∗∗ 2.35
Energy 3 012∗∗∗ 0.07 −1.07∗∗ 22.28∗∗∗ 27.57∗∗∗ 7.65∗∗

Health Care −1 897∗∗∗ 0.25 0.26 14.29∗∗∗ 18.91∗∗∗ 0.80
Industrials 1 225∗∗∗ −0.32 −0.06 17.22∗∗∗ 22.84∗∗∗ 17.74∗∗∗

Information Technology −1 753∗∗∗ −0.29 −0.06 10.35∗∗∗ 14.12∗∗∗ 12.16∗∗∗

Materials −298 2.02∗∗∗ 1.55∗∗∗ 29.26∗∗∗ 35.74∗∗∗ 15.45∗∗∗

Real Estate −1 628∗∗∗ −2.12∗∗∗ −1.56∗∗∗ 20.72∗∗∗ 27.66∗∗∗ 29.29∗∗∗

Utilities 158 −0.78 −0.72 28.51∗∗∗ 35.72∗∗∗ 32.84∗∗∗

Canada 64 −1.13∗∗ 0.04 2.44∗∗ 3.98∗∗∗ 0.07
Europe −110 −0.35 0.52∗∗ 0.32 1.14 2.90∗∗

Japan 472 −2.64∗∗∗ −2.42∗∗∗ 1.69∗∗ 2.64∗∗∗ 2.07
Others −236 0.81∗ 1.83∗∗∗ 3.51∗∗∗ 5.14∗∗∗ 0.81
R̄2

c 12.54% 6.60% 10.91% 48.53% 51.50% 20.04%

explained by the model is relatively low, with an adjusted coefficient of determination R̄2
c

equal to 6.60% for PE2030 and 10.91% for PE2090. Unlike the SE metric, most of the ex-
planatory power in this case derives from regional effects (see Table 9). Sectoral coefficients
are predominantly negative and, in almost all cases, not statistically significant at the 1%
level. The only notable exceptions are the Materials and Real Estate sectors. In particular,
Materials exhibits a small but significant increase in PE relative to the baseline category
(+2.02 and +1.55 for the 2030 and 2090 scenarios, respectively), while Real Estate shows
a similar magnitude of effect in the opposite direction (−2.12 and −1.56 for the 2030 and
2090 scenarios, respectively). With respect to regional variables, the estimated coefficient
for Japan is negative and significant at the 1% level, while both the sign and significance of
the remaining regional coefficients vary across time horizons. Turning to the transition risk
measures, the share of variability explained by the selected covariates is modest (12.54%
for CI1−3 and 20.04% for GI). This share is entirely due to sectoral effects. Moreover, in
almost all cases, sectoral coefficients are statistically significant at the 1% level for both mea-
sures. The main difference between the two metrics is the sign of the estimated coefficients.
Most sectors exhibit lower carbon intensity (with the exception of Energy, Industrials, and
Utilities) and higher green intensity relative to the baseline category. In contrast, there is
no evidence that regional effects differ significantly from zero.

Table 9: Estimates β̂k of the regression analysis using region dummies (MSCI World Index,
medium scenario)

Region CI1−3 PE2030 PE2090 SE2030 SE2090 GI
Intercept (USA) 1 413∗∗∗ 56.69∗∗∗ 68.97∗∗∗ 27.10∗∗∗ 35.38∗∗∗ 9.70∗∗∗

Canada 834∗ −0.77 0.17 4.56∗∗∗ 6.15∗∗∗ 0.29
Europe 143 −0.24 0.61∗∗∗ 0.43 1.16 1.95
Japan 544∗ −2.64∗∗∗ −2.36∗∗∗ 2.13∗∗ 3.29∗∗ 1.93
Others −113 0.74 1.77∗∗∗ 3.66∗∗∗ 5.23∗∗∗ 2.96
R̄2

c 0.19% 4.13% 8.58% 1.02% 1.37% −0.06%
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Overall, these findings suggest that transition risk metrics, i.e., namely CI and GI,
are closely linked to the sector affiliation of companies. This relationship is even stronger
for sensitivity (or vulnerability) to physical climate risks. However, exposure to physical
risks appears to be primarily driven by geographic location rather than industry sector.
Nevertheless, the regional aggregation adopted in this analysis may be too coarse to fully
capture the underlying sources of variation in this metric. As previously noted, the MSCI
World Index is heavily concentrated in the United States and Europe that are likely exposed
to similar climate hazards, while excluding emerging markets that may face substantially
different risk profiles. In addition, the regional classification reflects the location of firms’
headquarters and may not adequately capture the geographic dispersion of subsidiaries and
assets, whose locations are instead taken into account by S&P. For these reasons, we further
explore geographic heterogeneity by estimating country-level models, as shown in Tables 30
and 31 in the Appendix. Incorporating country dummies yields the largest improvement
for the PE score. The model including sector and country effects explains 18.58% of the
variance in PE2030 and 20.97% in PE2090. Most country-level coefficients are negative and
statistically significant at the 1% and 5% levels, while the sectoral results remain consistent
with those of the baseline model (with Materials and Real Estate continuing to be the only
sectors with significant coefficients). The adjusted R̄2

c coefficient and estimates for the other
metrics are largely unaffected by the inclusion of country variables. Finally, none of the
country coefficients for CI1−3 are statistically significant, suggesting an absence of a clear
relationship between geographic location and emissions.

The case of EM equities We replicate the same analysis for the MSCI Emerging Mar-
kets (EM) Index. All results are reported in the Appendix. Below, we summarize the main
findings and key differences compared to the MSCI World Index21. The first notable dif-
ference concerns the range and distribution of physical risk scores. On average, exposure
scores in the MSCI EM Index are higher than those in the MSCI World Index and show
greater dispersion within each time horizon and risk scenario. In particular, the quantiles
Q75% and Q95% are consistently higher across all scenarios, resulting in a more right-skewed
distribution. The interquartile range Q3 −Q1 is approximately 7, compared to about 4 for
the MSCI World Index, except for the high emissions scenario in 2090 (Table 39 on page
70). Across all years and scenarios, the average sensitivity-adjusted score exceeds the corre-
sponding MSCI World values by about 10 points, and its dispersion is also slightly larger22.
Overall, these results suggest that, on average, firms in emerging markets are more exposed
and vulnerable to climate hazards than firms in developed markets. Sector-level evidence
reinforces this conclusion. As shown in Figures 17 and 18 on page 71, exposure scores within
each sector are more dispersed than in the MSCI World Index, with generally higher median
values. The Energy sector exhibits both the greatest dispersion and the highest median ex-
posure score (66 versus 57 for the MSCI World Index). The Materials sector also displays a
relatively high median value, exceeding that of the corresponding sector in the MSCI World
Index. Sensitivity scores show a degree of inter-sector heterogeneity and dispersion similar
to the developed-market sample, but at substantially higher levels. Median values are typi-
cally about 10 points higher. Consumer Discretionary and Information Technology sectors
have comparatively lower sensitivity distributions, while the Health Care sector has higher
values.

The Pearson correlation analysis reveals patterns that are broadly consistent with those

21For the MSCI EM Index, we do not use the GI metric, as the underlying data may be inconsistent
because several emerging-market countries have not yet adopted a standardized green taxonomy.

22Further details are reported in Table 39 and Figures 15 and 16 in the Appendix.
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observed for the MSCI World Index23. Transition risk metrics are positively and signifi-
cantly correlated with the SE score, except when only Scope 3 downstream emissions are
considered. The relationship with the PE score, however, remains weak. Notable differ-
ences emerge in the correlations between PE and CI1, as well as between PE and CIup

3

and CIdown
3 . In the latter case, the correlation coefficients are lower than those observed

for the MSCI World Index and are not statistical significant. By contrast, the correlation
between PE and CI1 is substantially higher than the corresponding value for the MSCI
World Index and is statistically significant at the 1% level. Correlations involving upstream
emissions are not statistically significant for either index. However, the sign differs, it is
negative for the MSCI World Index and positive for the MSCI EM Index. One plausible
explanation is that Scope 3 upstream emissions (purchased goods and services) reported
by firms in developed markets often correspond to Scope 1 emissions of producers located
in emerging markets. For the sensitivity score, higher correlation coefficients are observed
with all measures of carbon intensity, along with lower p-values, particularly for CIdown

3 and
CI1−3. Spearman rank correlations largely confirm these findings24. The same differences
noted for the Pearson correlations persist for the PE score. For the SE score, however, the
correlation with CIdown

3 becomes negative and significant at the 1% level. The correlation
with CI1−3 is also lower than that observed for the MSCI World Index.

The MSCI World and MSCI EM indexes have a similar sectoral composition in terms of
the number of constituents, market capitalization weights, and the distribution of weighted-
average carbon intensity across sectors. However, substantial differences emerge for physical
risk scores (Table 44 on page 73). Within emerging markets, the Real Estate sector has
the highest weighted-average exposure score, whereas it has the lowest value in the MSCI
World Index. It is followed by Materials, while Communication Services has the lowest
exposure score. All sector-level weighted averages for the sensitivity score are higher than
those observed in the MSCI World Index. Communication Services shows the most favorable
values (18.9 and 25.6 for the 2030 and 2090 medium scenarios, respectively), followed by
Financials (19.9 and 27.2, respectively). One notable difference is Information Technology,
whose sensitivity scores in emerging markets are substantially higher than in developed
markets. This suggests that IT firms in developing countries may be less prepared to cope
with the impacts of extreme weather events. Regarding the regional composition of the
MSCI EM Index, China has the largest number of constituents and the second highest
market weight after the Others category (Table 45 on page 73). The Middle East has the
highest weighted-average carbon intensity, the highest exposure score, and a relatively high
sensitivity score. In contrast, Emerging Europe exhibits the lowest exposure and sensitivity.

We also examine the regression results, which reveal both similarities and important
differences between the two markets25. The estimation results are reported in Tables 47–50
in the Appendix. The model that includes sector and region dummies explains a substantial
share of variability in physical risk scores. For the sensitivity score, the explanatory power
improves markedly relative to the MSCI World Index, with an adjusted coefficient R̄2

c equal
to about 57%. As in developed markets, this result is primarily driven by sectoral effects,
with all sector coefficients being statistically significant at the 1% level. For the exposure
score, R̄2

c equals 33.64% for PE2030 and 31.42% for PE2090, which substantially exceeds
the corresponding values for the MSCI World Index (no more than 11%). In this case,
regional effects play a dominant role. Most regional coefficients are positive and statistically
significant at the 1% and 5% levels, except for EM Europe and the Others category. Sectoral

23See Tables 40 and 42 in the Appendix.
24See Tables 41 and 43 in the Appendix.
25For the MSCI EM Index, the financial sector is the reference sector, while China is the reference category

for region and country.
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coefficients remain largely not significant, except for Materials and Utilities, which confirms
a weak relationship between sector affiliation and exposure to physical climate risk. Results
for CI1−3 are consistent with those obtained for the MSCI World Index, indicating a modest
association with sector affiliation rather than geographic location. Notably, the transition
risk coefficients are small and not statistically significant for India and the Middle East
(negative for the latter), while all physical risk coefficients are positive and significant at the
1% level. Introducing country-level dummies substantially improves model performance,
particularly for the exposure score. In this specification, the model explains 52.44% and
49.02% of the variability in PE2030 and PE2090, respectively. Country coefficients are
statistically significant at the 1% and 5% levels in almost all cases. This indicates pronounced
heterogeneity in climate risk exposure across emerging market countries. It also highlights
geographic location as a key determinant of physical risk. By contrast, the absence of
a systematic relationship between corporate emissions and country location is confirmed.
Among countries with a sufficient number of constituents, Taiwan, Saudi Arabia, and India
have small, positive but not statistically significant coefficients for the transition risk metrics,
while their physical risk coefficients are mostly positive and significant at the 1% level. In
contrast, Korea displays statistically significant coefficients across all measures, with negative
coefficients for physical risk and a positive coefficient for transition risk. For Brazil, the
estimated coefficients are negative for all metrics, but are statistically significant at the 1%
level only for physical risk scores.

In summary, the main difference between the MSCI World Index and the MSCI Emerging
Markets Index is physical climate risk rather than transition risk. On average, companies in
emerging markets appear to be more exposed to climate risks and less prepared to address
the effects of climate hazards, making them more vulnerable.

3.1.2 Climate risk integration in equity portfolios

We incorporate physical risk measures into a portfolio optimization framework that builds on
established methodologies for managing transition risk and facilitating portfolio decarboniza-
tion (see, e.g., Le Guenedal and Roncalli (2022), Barahhou et al. (2022) and Bhaugeerutty
(2025)). Let w denote the vector of portfolio weights and Σ the covariance matrix of asset
returns26. The objective is to minimize the tracking error volatility of portfolio w with
respect to the equity benchmark b, subject to a constraint on climate risk reduction:

w? = arg min
1

2
(w − b)>Σ (w − b) (1)

s.t.
{

CR (w) ≤ (1−R)CR (b)
w ∈ Ω

where CR (w) is the climate risk measure, R is the targeted reduction rate, and Ω = Ω1∩Ω2

is a set of constraints. In particular, Ω1 =
{
w : 1>nw = 1,0n ≤ w ≤ 1n

}
ensures that the

resulting portfolio is long-only, while Ω2 represents additional constraints on sector and
regional exposures.

26We compute the covariance matrix used in the optimization models as:

Σ = σ2
mββ

> +D

where σ2
m is the variance of the market portfolio, β is the vector of asset beta coefficients, and D =

diag
(
σ̃2
1 , . . . , σ̃

2
n

)
is the diagonal matrix, whose elements are the idiosyncratic variances. The coefficients

are estimated using the capital asset pricing model, in which the asset return Ri follows the one-factor risk
model:

Ri − r = αi + βi (Rm − r) + εi

where r is the risk free asset, Rm ∼ N
(
µm, σ2

m

)
is the market return and εi ∼ N

(
0, σ̃2

i

)
is the asset-specific

risk.
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Risk analysis In Table 10, we analyze the overlap27 between the climate-managed portfo-
lios constructed under the constraint on the reduction of the carbon intensity and the phys-
ical risk measures. When considering the exposure score, the overlap is low even for small
reduction rates. For example, the overlap is 72.1% between the portfolios with RCI = 20%
and RPE = 5%. In fact, the overlap between portfolios managed using physical exposure
risk and the benchmark (corresponding to RCI = 0%) is already low. However, this is not
the case for portfolios managed using transition risk, where the overlap with the benchmark
(corresponding to RPE = 0%) remains above 85% for reduction rates below 60%. There-
fore, increasing RCI has little impact, whereas increasing RPE has a significant impact.
For example, when RPE = 25%, the overlap drops to around 2.5%. When the sensitivity
score is used instead as a measure of physical risk, the overlap with carbon-based portfolios
is higher, particularly for reduction rates up to 40%. Nevertheless, in both cases we observe
a clear pattern. Increasing the reduction rate applied to physical risk measures reduces
portfolio overlap more than comparable increases in the reduction rate of carbon intensity.
This suggests that physical risk constraints have a stronger effect on portfolio construction
than transition risk constraints.

Table 10: Overlap (in %) between transition and physical risk-managed tracking portfolios
(MSCI World Index, 2030 medium scenario)

PE
R = 0% R = 5% R = 10% R = 15% R = 20% R = 25%

CI1−3

R = 0% 100.0 70.5 43.3 22.4 10.6 2.3
R = 20% 93.3 72.1 44.3 23.0 10.9 2.5
R = 40% 90.2 71.8 44.5 23.2 11.0 2.5
R = 60% 85.3 69.3 43.5 22.9 10.8 2.5
R = 80% 72.0 62.8 42.9 23.5 10.9 2.7

SE
R = 0% R = 10% R = 20% R = 40% R = 60% R = 80%

CI1−3

R = 0% 100.0 91.0 82.4 65.2 41.6 13.3
R = 20% 93.3 90.9 83.1 64.5 41.4 13.4
R = 40% 90.2 89.2 82.4 64.2 41.5 13.7
R = 60% 85.3 85.4 80.1 64.4 42.1 14.3
R = 80% 72.0 74.1 72.2 60.6 41.0 15.1

Figure 10 shows the annualized tracking error of the climate-managed portfolios. Under
carbon intensity constraints, tracking error volatility is moderate, below 60 basis points. In
contrast, imposing constraints on the physical exposure score results in substantially higher
tracking error volatility28. This tracking risk notably increases with scenario severity and in
later decades of the projection horizon, even though the achieved reduction levels remain rel-
atively small. The sensitivity-based portfolio occupies an intermediate position. Its tracking
error is higher than average under carbon intensity constraints but lower than that induced
by exposure score constraints. Moreover, the tracking errors remain within a similar numer-
ical range across all scenarios, indicating relative robustness to scenario variation. However,

27Let w1 and w2 be the weight vectors of two portfolios. The overlap between the two portfolios is defined
as follows:

overlap (w1, w2) =
n∑

i=1

min
(
w1,i, w2,i

)
where overlap (w1, w2) ∈ [0, 1]. It is equal to 0% if the two portfolios have no assets in common, while it is
equal to 100% if the two portfolios are identical.

28Reaching up to 25% in some cases.
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Figure 10: Tracking error volatility of climate-managed portfolios (MSCI World Index)
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targeting a reduction above 40% seems unrealistic from a professional perspective because
it generates tracking error volatility that exceeds the commonly accepted threshold of 200
basis points for institutional investors. Overall, these findings suggest that managing portfo-
lios under physical risk constraints is more costly than managing portfolios under transition
risk constraints. This is reflected by higher active risk and greater implementation costs for
investors seeking to track benchmark performance.

Table 11: Number of invested stocks (MSCI World Index)

R CI PE SE
Medium High Medium High

2030 2090 2030 2090 2030 2090 2030 2090
0% 1 322 1 322 1 322 1 322 1 322 1 322 1 322 1 322 1 322
5% 1 322 1 314 1 322 1 310 1 299 1 322 1 322 1 322 1 322

10% 1 322 1 208 256 800 78 1 322 1 322 1 322 1 322
15% 1 322 163 54 161 18 1 322 1 322 1 322 1 322
20% 1 322 146 13 59 8 1 322 1 322 1 322 1 322
25% 1 322 32 5 21 1 322 1 322 1 322 1 322
40% 1 322 1 059 1 320 1 045 801
60% 1 288 506 238 523 216
80% 1 262 105 130 111 87

The previous findings are confirmed by the analysis of the number of invested stocks
(Table 11) and by the correlation analysis29. In the case of physical exposure risk, the com-
position of the portfolio becomes unrealistic very quickly when RPE ≥ 10%. For example,
the portfolio contains less than 200 stocks when RPE = 15%, and only 18 stocks under the
2090 high scenario. This occurs despite the fact that portfolio optimization is performed

29See Tables 33 and 34 on page 68.
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under a long-only constraint. In practice, portfolio construction typically includes additional
constraints, such as sector limits and weight bounds (Barahhou et al., 2022; Ben Slimane et
al., 2023). Therefore, reducing physical exposure risk is practically infeasible when consider-
ing a realistic portfolio optimization framework. This result is not surprising since physical
risk is largely systemic, and systemic risks are difficult — if not impossible — to diversify.
By contrast, vulnerability risk varies significantly across sectors and across firms, even when
companies face the same hazards and are located in the same geographical areas. Therefore,
investors should primarily focus on managing physical vulnerability risk rather than physical
exposure risk.

Table 12: Overlap (in %) between transition and physical risk-managed tracking portfolios
(MSCI EM Index, 2030 medium scenario)

PE
R = 0% R = 5% R = 10% R = 15% R = 20% R = 25%

CI1−3

R = 0% 100.0 81.5 61.5 40.4 23.5 10.4
R = 20% 92.1 82.1 63.3 40.5 23.6 10.3
R = 40% 93.2 81.5 62.4 40.3 23.5 10.2
R = 60% 83.0 77.7 60.5 39.7 22.9 9.5
R = 80% 66.3 64.7 54.9 38.5 22.2 8.9

SE
R = 0% R = 10% R = 20% R = 40% R = 60% R = 80%

CI1−3

R = 0% 100.0 88.0 77.0 50.8 25.5 8.8
R = 20% 92.1 88.4 77.0 50.5 25.3 8.5
R = 40% 93.2 87.5 76.7 50.4 25.4 8.7
R = 60% 83.0 80.2 71.6 48.5 25.3 9.2
R = 80% 66.3 64.9 60.8 43.8 25.5 10.0

Figure 11: Tracking error volatility of climate-managed portfolios (MSCI EM Index)
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The same qualitative patterns are observed for the MSCI EM Index as for the MSCI
World Index. However, the overlap associated with exposure scores is higher for the MSCI
EM Index than for the MSCI World Index, with a difference of around 10–20 percentage
points across all levels of R. Conversely, the overlap associated with sensitivity scores is
lower. Regarding tracking error volatility, similar patterns emerge for physical exposure
risk across the MSCI EM and MSCI World indices. However, tracking error volatility is
higher when sensitivity scores are considered. These findings suggest that managing physical
exposure risk poses an equal challenge in both developed and emerging markets, whereas
managing vulnerability risk is more difficult in the latter. Overall, these results are consistent
with the academic literature on physical risk and adaptation (Roncalli, 2026).

Sector allocation In Table 13, we report the sector allocation obtained when imposing
a constraint on total carbon intensity. The results suggest that a decarbonized portfolio
corresponds to a strategy that is long on Information Technology, Health Care, and Com-
munication Services, and short on Energy, Financials, and Utilities. These findings are
broadly consistent with previous studies (Le Guenedal and Roncalli, 2022; Barahhou et al.,
2022; Ben Slimane et al., 2023), with the notable exception of the Financials sector. This
difference arises from the difficulty of accurately measuring Scope 3 emissions for financial
institutions. For a long time, Scope 3 downstream emissions were substantially underesti-
mated due to simplistic measurement approaches. More recently, ESG rating agencies have
made significant progress in assessing these emissions for the Financials sector, including
indirect emissions associated with lending, mortgages, and financing activities in carbon-
intensive industries. As a result, earlier studies suggesting that portfolio decarbonization
corresponds to a long position on Financials often relied solely on Scopes 1, 2 and 3 upstream
emissions, or were affected by severe underestimation of Scope 3 downstream emissions.

Table 13: Sector allocation (in %) with constraints on CI1−3 (MSCI World Index)

R 0% 10% 20% 40% 60% 80%
Communication Services 8.67 8.85 8.92 9.24 9.94 11.40
Consumer Discretionary 9.93 10.14 10.25 10.57 10.90 11.16
Consumer Staples 5.46 5.43 5.49 5.70 5.78 4.87
Energy 3.53 3.20 3.03 2.45 1.45 0.23
Financials 16.40 15.51 15.68 15.21 14.87 12.28
Health Care 9.97 9.69 9.96 10.44 11.89 14.27
Industrials 10.94 11.22 10.69 9.76 8.05 7.08
Information Technology 27.39 27.53 27.74 28.42 29.76 32.00
Materials 3.12 3.41 3.33 3.21 2.69 1.96
Real Estate 1.88 2.38 2.39 2.74 3.11 3.85
Utilities 2.70 2.64 2.52 2.26 1.56 0.90

Tables 14 and 15 show the sector allocations obtained by imposing constraints on physical
exposure and sensitivity scores, respectively. The resulting strategy for managing physical
exposure risk involves being long on Energy, Financials, Utilities, and Real Estate, and
short on Communication Services, Consumer Discretionary, and Information Technology.
This pattern is the opposite of that observed under a carbon intensity constraint. In-
creasing the reference time horizon or the severity of the climate scenario further increases
allocations to the Energy sector and reduces allocations to Industrials and Information Tech-
nology. When the constraint targets physical sensitivity risk, the portfolio predominantly
tilts toward Financials and underweights all other sectors. At higher reduction rates, this
tilt toward Financials persists across all reference decades and scenarios. This reflects the
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Table 14: Sector allocation (in %) with constraints onPE (MSCI World Index, 2030 medium
scenario)

R 0% 5% 10% 15% 20% 25%
Communication Services 8.67 8.80 7.36 2.83 0.11 0.00
Consumer Discretionary 9.93 9.96 8.94 7.12 2.54 0.10
Consumer Staples 5.46 4.62 4.91 4.86 5.29 3.46
Energy 3.53 3.77 5.44 8.43 14.46 21.92
Financials 16.40 16.15 16.42 20.23 22.07 28.32
Health Care 9.97 6.34 3.34 3.23 4.81 4.30
Industrials 10.94 11.07 9.71 8.68 8.07 2.65
Information Technology 27.39 26.86 23.80 17.52 10.48 5.30
Materials 3.12 3.00 4.01 4.57 4.81 4.28
Real Estate 1.88 4.36 6.56 8.81 11.20 9.51
Utilities 2.70 5.08 9.51 13.72 16.17 20.15

Table 15: Sector allocation (in %) with constraints on SE (MSCI World Index, 2030 medium
scenario)

R 0% 10% 20% 40% 60% 80%
Communication Services 8.67 9.08 9.25 9.01 6.62 1.69
Consumer Discretionary 9.93 9.16 8.31 6.67 4.10 0.24
Consumer Staples 5.46 4.90 3.94 1.78 0.44 0.00
Energy 3.53 2.76 2.10 0.65 0.03 0.00
Financials 16.40 21.38 27.55 42.46 60.35 83.67
Health Care 9.97 9.78 9.22 7.72 3.49 0.64
Industrials 10.94 10.06 8.46 3.92 1.94 4.09
Information Technology 27.39 27.67 27.72 27.11 22.91 9.67
Materials 3.12 2.05 1.16 0.11 0.04 0.00
Real Estate 1.88 1.66 1.31 0.46 0.05 0.00
Utilities 2.70 1.50 0.97 0.12 0.03 0.00

systematically lower sensitivity scores of the Financial sector30. Consequently, the sector
composition of the optimized portfolio differs substantially from that of the benchmark and
diverges significantly from the index, potentially altering sectoral risk exposures. A con-
sistent pattern emerges across both physical risk measures. The Information Technology
sector experiences a significant decrease in portfolio weight. This behavior is not observed
in portfolios constructed under carbon intensity constraints.

When we compare the MSCI EM Index and the MSCI World Index, we notice both
similarities and significant differences31. Under a carbon intensity reduction constraint, the
two markets have comparable sector allocations. However, portfolio strategies that explicitly
incorporate physical risk lead to significant differences in sector weights. When portfolios
are optimized using the exposure score, the sector allocations change markedly. In this case,
the strategy becomes long on Health Care and Industrials and short on Financials and Real

30The comparatively low vulnerability risk scores of the Financials sector reflect the immaterial nature of
its business model, which is characterized by an absence of direct production facilities, a flexible geographic
footprint, and limited exposure to physical supply chains. Unlike sectors that rely on physical infrastructure
or engage in climate-sensitive operations, financial institutions primarily perform office-based activities and
therefore face minimal direct exposure to climate hazards such as floods, heat stress, and extreme weather
events. However, this characterization may understate the vulnerability of the sector because it does not
take into account the indirect exposure from loan portfolios, underwriting activities, and investments in
climate-exposed assets. Consequently, current physical risk metrics primarily capture direct operational
risks, and not indirect systemic physical risks.

31The results for the MSCI EM Index are given in Tables 55, 56 and 57 on page 78.
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Estate. Energy exposure increases considerably less in emerging markets than in developed
markets. In the MSCI EM Index, Energy exposure rises from 3.92% to 11.53%, compared
to an increase from 3.53% to 21.92% in the MSCI World Index. Information technology
exhibits the same directional trend in both indices but shows a more limited reduction in
emerging markets at higher values of the reduction parameter R. In emerging markets,
more severe risk scenarios and longer time horizons lead to a significant increase in Indus-
trials, accompanied by the near-complete elimination of Information Technology exposure.
Under constraints on the sensitivity score, sector allocations are generally similar across
markets, with the most substantial reductions concentrated in Financials. However, notable
divergences emerge for Communication Services and Information Technology. The weight
of Communication Services nearly doubles at R = 80%, consistent with its relatively lower
vulnerability among EM firms. By contrast, the weights of Information Technology decline
sharply as R increases, reaching zero at the highest reduction rate. This pattern suggests
that IT firms in emerging markets are more physically vulnerable than their counterparts in
developed markets. Several factors may explain these differences, most notably variations in
supply chain organization. For instance, IT firms in developed markets frequently depend
on suppliers and production facilities in developing countries. Consequently, the physical
vulnerability of IT firms in the MSCI World Index may be underestimated if indirect ex-
posure through global supply chains is not taken into account. These contrasting dynamics
persist across climate scenarios and reference decades.

Table 16: Regional allocation (in %) with constraints on CI1−3 (MSCI World Index)

R 0% 10% 20% 40% 60% 80%
Canada 3.31 3.34 3.29 3.14 2.87 3.08
Europe 16.04 17.38 17.11 17.17 16.36 16.40
Japan 5.45 6.20 5.98 6.07 5.58 5.36
USA 72.38 69.59 70.26 70.24 72.28 71.83
Others 2.82 3.48 3.35 3.39 2.91 3.32

Table 17: Regional allocation (in %) with constraints on PE (MSCI World Index, 2030
medium scenario)

R 0% 5% 10% 15% 20% 25%
Canada 3.31 7.33 12.79 16.46 13.39 10.09
Europe 16.04 16.96 19.59 22.48 26.39 29.08
Japan 5.45 7.93 6.46 2.66 0.68 0.00
USA 72.38 64.61 57.00 52.49 49.54 46.42
Others 2.82 3.17 4.15 5.90 10.01 14.40

Regional allocation Tables 16–18 report the regional allocations of the risk-managed
portfolios. When the carbon intensity constraint is imposed, the regional weights generally
align with those of the benchmark index. However, incorporating physical risk measures
results in noticeable shifts in geographic allocation. When the exposure score is constrained,
portfolio weights shift toward Europe and the Others category, while allocation to the United
States declines substantially. For the remaining regions, the response to increasing reduc-
tion rates is not strictly linear. As the reference time horizon increases, and under the high
severity scenario, the U.S. portfolio share decreases more sharply, accompanied by a corre-
sponding increase in European exposure. This pattern indicates a geographic rebalancing
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in favor of European equities. Applying a constraint on the sensitivity score also results
in meaningful deviations from the benchmark regional weights. In this case, allocation to
Europe rises significantly, and the U.S. share declines. This reallocation pattern persists
across alternative scenarios. The reduction in the relative weight of the United States un-
der physical risk constraints is closely linked to the decline in exposure to the information
technology sector, which is a substantial component of the U.S. equity market.

Table 18: Regional allocation (in %) with constraints on SE (MSCI World Index, 2030
medium scenario)

R 0% 10% 20% 40% 60% 80%
Canada 3.31 3.49 3.92 5.04 5.49 6.61
Europe 16.04 17.53 18.71 19.51 21.86 32.96
Japan 5.45 5.71 5.63 4.33 2.40 0.83
USA 72.38 70.03 68.08 66.98 65.77 55.91
Others 2.82 3.24 3.65 4.14 4.48 3.68

When the MSCI EM portfolio is constrained to reduce total carbon intensity, its regional
weights remain closely aligned with those of the benchmark32. This indicates a weak rela-
tionship between carbon intensity and geographic location. The resulting adjustments are
modest, consisting mainly of a slight increase in the weight of China and a minor reduction
in the weight of EM Europe. In contrast, portfolios optimized using the physical exposure
score significantly deviate from the benchmark’s regional allocations (Table 61 on page 80).
Allocations to Africa, India, and the Middle East decline substantially, with the reallocated
weight primarily directed toward EM Europe and the Others category. The weight of China
also increases as physical exposure decreases. These reallocations become more pronounced
under high severity scenarios and over longer time horizons. Constraints based on the sensi-
tivity score produce regional allocation changes that are largely nonlinear (Table 62 on page
80). This suggests that geographic location is not the dominant driver of vulnerability to
physical climate risk. As the reduction parameter R increases, the only consistent mono-
tonic patterns observed are an increase in allocation to Africa and a decrease in allocation to
the Middle East. These dynamics remain consistent across climate scenarios and reference
decades.

3.2 Strategic asset allocation
We examine a strategic asset allocation exercise that aims to address climate-related physi-
cal risks across countries and regions. Our analysis focuses on twenty countries: Australia,
Brazil, Canada, China, France, Germany, India, Italy, Japan, South Korea, Mexico, the
Netherlands, Poland, South Africa, Spain, Sweden, Switzerland, Turkey, the United King-
dom, and the United States. First, we assess the physical climate risk of these countries
using data from the ND-GAIN database. Specifically, we examine differences in the key
dimensions of physical climate risk: exposure, sensitivity, adaptation, vulnerability, and
readiness. The second section illustrates how managing climate-related physical risk affects
strategic asset allocation decisions.

3.2.1 ND-GAIN country index

The ND-GAIN (Notre Dame Global Adaptation Initiative) database is a widely used source
of country-level indicators related to climate change vulnerability and readiness. Developed

32See Table 60 on page 78.
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by the University of Notre Dame, the database provides annual rankings for 185 countries
based on 45 indicators from 1995 to the present (last year available is 2023). The ND-GAIN
country index consists of two components:

1. Vulnerability, which measures the physical vulnerability risk of the country. It is a
composite metric composed of exposure, sensitivity, and adaptive capacity scores, and
is aggregated across six life-supporting sectors: ecosystem services, food, health, hu-
man habitat, infrastructure, and water. The vulnerability score is normalized to range
from 0 to 1, with higher scores indicating greater vulnerability (worse conditions).

2. Readiness, which represents the ability of a country to leverage investments and convert
them into effective adaptation actions. It considers the economic, governance, and
social dimensions. The readiness score is normalized to range from 0 to 1, with higher
scores indicating greater readiness (better conditions).

The synthetic ND-GAIN score is then obtained by combining the two components in the
following way:

ND-GAIN score = 50× (Readiness score−Vulnerability score + 1)

The ND-GAIN score ranges from 0 to 100. It provides an aggregate measure of a coun-
try’s overall climate adaptation potential, but it is not a direct measure of physical climate
risk. In contrast, the vulnerability component reflects physical risk, because it incorporates
indicators of exposure and sensitivity to climate-related hazards.

Figure 12: ND-GAIN country score (2023)

Source: ND-GAIN (2025) & Authors’ calculations (created by Datawrapper).

Figure 12 shows the global distribution of the composite ND-GAIN country scores. The
geographic pattern is clear, the top ten countries are in developed countries, while the
bottom ten countries are concentrated in Africa and emerging markets (namely, Chad, the
Central African Republic, Eritrea, Sudan, Guinea-Bissau, Congo-Kinshasa, Afghanistan,
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Congo-Brazzaville, Bangladesh, and Burundi). This pattern underscores how climate risks
intersect with development levels. Countries that are least responsible for climate change
often face the greatest impacts while possessing the fewest resources to adapt (Roncalli,
2026).

Because the ND-GAIN country index is a composite indicator, it is informative to exam-
ine the relationships among its underlying components33. Table 19 reports the correlation
matrix for the individual scores: exposure, sensitivity, adaptive capacity (or adaptation),
vulnerability, readiness, and the overall ND-GAIN index. As expected, vulnerability and
readiness are strongly negatively correlated (−63.7%), indicating that more vulnerable coun-
tries tend to be less prepared to cope with climate-related events. Focusing on the vulnera-
bility dimension, its three components (exposure, sensitivity, and adaptive capacity) are all
positively correlated. This implies that countries facing lower exposure to climate hazards
also tend to be less sensitive and to possess greater adaptive capacity. The strongest associ-
ation is observed between sensitivity and capacity (approximately 60%), while correlations
involving exposure are more moderate (25.3% with sensitivity and 46.3% with capacity).
These differences are intuitive. Exposure largely reflects region-specific and systemic physical
risk factors, whereas sensitivity and adaptive capacity are more country-specific and reflect
structural and policy-related characteristics. While countries have limited ability to influ-
ence their exposure to climate hazards, they can actively manage sensitivity and adaptive
capacity, for example through targeted investments and adaptation policies. An additional
insight emerges from the dispersion of the different scores. The standard deviations of ex-
posure, sensitivity, capacity, vulnerability, readiness, and ND-GAIN are 8.1%, 8.7%, 16.5%,
9.2%, 15.4%, and 11.15, respectively. Adaptive capacity and readiness are thus the most
heterogeneous dimensions, indicating substantial cross-country variation. This greater dis-
persion helps explain the very high correlation between capacity and vulnerability (91.2%).
Because adaptive capacity varies more widely across countries than exposure or sensitivity,
it had a larger contribution to the overall vulnerability score.

Table 19: Correlation matrix of physical risk scores (2023, ND-GAIN)

Exposure Sensitivity Capacity Vulnerability Readiness ND-GAIN
Exposure 100.0% 25.3% 46.3% 67.9% −26.7% −44.8%
Sensitivity 25.3% 100.0% 59.3% 75.8% −46.5% −62.1%
Capacity 46.3% 59.3% 100.0% 91.2% −78.4% −90.5%
Vulnerability 67.9% 75.8% 91.2% 100.0% −63.7% −85.0%
Readiness −26.7% −46.5% −78.4% −63.7% 100.0% 94.8%
ND-GAIN −44.8% −62.1% −90.5% −85.0% 94.8% 100.0%

Table 20 shows the physical risk scores for the selected countries. In terms of exposure
risk, eight of the ten countries with the lowest exposure are European. Switzerland has
the lowest exposure in the sample. Italy stands out as an outlier within Europe, displaying
relatively high exposure. By contrast, emerging economies are concentrated at the upper
end of the exposure distribution, with Japan and India displaying particularly high levels. A
different pattern emerges for sensitivity. The least sensitive countries are predominantly non-
European and include Canada, Australia, Mexico, the United States and Brazil. Notably,
Japan and the Netherlands are the two countries with the highest sensitivity in the sample.

33The interpretation of the ND-GAIN scores is as follows. Higher values of exposure, sensitivity, capacity,
and vulnerability indicate greater physical climate risk, whereas higher values of readiness and the overall
ND-GAIN index correspond to lower physical risk. Accordingly, the direction of these metrics differs across
dimensions. In particular, a lower score for adaptive capacity reflects stronger adaptation capabilities and
thus lower physical risk.
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In terms of adaptive capacity, the Netherlands emerges as the top performer. Several other
European countries, along with the United States, Japan and Canada, also rank highly in
this respect. In contrast, Poland and Sweden exhibit comparatively lower adaptive capacity
than other European countries, while emerging economies generally display weaker adaptive
capacity. Regarding vulnerability, Switzerland, Canada and the United Kingdom are the
least vulnerable, while emerging economies and Japan are among the most vulnerable. Re-
garding readiness, most European countries are at the higher end of the scale, with notable
exceptions including Italy, Spain and Poland. Emerging markets generally exhibit lower lev-
els of readiness. However, Korea displays high levels of readiness, and Japan also performs
relatively well on this metric despite its elevated exposure. The composite ND-GAIN index
incorporates these patterns. DM economies achieve the highest overall scores, while EM re-
gions rank the lowest. Notably, Korea is an outlier in this regard. Its moderate vulnerability
is offset by its comparatively strong adaptive capacity and readiness. Overall, the results
highlight a clear distinction between developed and emerging economies. Developed-market
countries tend to combine lower vulnerability with stronger adaptive capacity and readi-
ness, resulting in superior ND-GAIN outcomes. In contrast, emerging-market economies
face higher exposure and vulnerability alongside weaker capacity and readiness. These find-
ings suggest that investments and policies aimed at strengthening adaptive capacity and
readiness could significantly reduce climate vulnerability, even in contexts where exposure
remains high, as demonstrated by Korea and Japan.

3.2.2 Impact of physical risk on regional allocation

We consider a strategic asset allocation exercise with the twenty selected countries. We form
4 buckets:

• Europe: France, Germany, Italy, the Netherlands, Poland, Spain, Sweden, Switzerland,
and United Kingdom;

• USA: United States;

• Other developed markets: Australia, Canada and Japan;

• Emerging markets: Brazil, China, India, Korea, Mexico, South Africa, and Turkey.

We consider six different strategic asset allocations, and we report below the corresponding
benchmark portfolio b:

Be
nc
hm
ar
k

Inv
est
or
pr
ofi
le

Po
lic
y

Eu
ro
pe

US
A

Ot
he
r D

M

EM Eu
ro
pe

US
A

Ot
he
r D

M

EM

Equity Bond
#1 European/balanced 60/40 30% 15% 5% 10% 30% 10% 0% 0%
#2 European/aggressive 80/20 40% 20% 10% 10% 15% 5% 0% 0%
#3 American/balanced 60/40 10% 40% 5% 5% 5% 30% 5% 0%
#4 American/aggressive 80/20 5% 60% 5% 10% 3% 15% 2% 0%
#5 Global/balanced 60/40 10% 20% 10% 20% 10% 10% 10% 10%
#6 Global/aggressive 80/20 15% 30% 10% 25% 5% 5% 5% 5%

Within each asset bucket and asset class (equities and bonds), we assume that allocations
are weighted by the market value of assets in each country. As a result, each bucket portfolio
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Table 21: Estimation of the maximum reduction rate R+ of physical risk
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ss

ND
-G
AI
N

European/balanced 27.40% 32.7% 27.20% 21.1% 18.3% 11.6%
European/aggressive 28.00% 36.1% 27.10% 21.2% 17.0% 11.1%
American/balanced 34.20% 31.8% 23.40% 21.2% 16.0% 10.6%
American/aggressive 35.20% 30.5% 26.90% 22.3% 18.0% 11.9%
Global/balanced 34.20% 39.8% 36.50% 27.4% 23.7% 16.5%
Global/aggressive 34.20% 38.6% 36.40% 27.0% 23.8% 16.4%

can be interpreted as a market portfolio. We then consider two approaches for incorporating
physical risk into strategic asset allocation. For that, we adopt a standard mean-variance
optimization framework:

w? = arg min
1

2
w>Σw − γw>π (2)

s.t.
{

PR (w) ≤ (1−R)PR (b)
w ∈ Ω

where Σ is the asset covariance matrix, π is the vector of risk premia, γ is the coeffi-
cient of risk tolerance, and PR (w) is the physical risk measure, R is the targeted re-
duction rate of physical risk, and Ω = Ω1 ∩ Ω2 is a set of constraints. In particular,
Ω1 =

{
w : 1>nw = 1,0n ≤ w ≤ 1n

}
ensures that the resulting portfolio is long-only, while

Ω2 represents additional constraints. In particular, we impose asset-class neutrality between
equities and bonds, requiring the portfolio w to maintain the same equity-bond allocation as
the benchmark portfolio b. In the first approach, we assume that the benchmark portfolio is
optimal34, meaning that π = γ−1Σb. This implies that the optimization objective reduces
to a tracking-error framework:

w? = arg min
1

2
w>Σw − w>Σb (3)

s.t.
{

PR (w) ≤ (1−R)PR (b)
w ∈ Ω

We solve this optimization problem for each of the six benchmark portfolios and six alter-
native physical risk scores. For each case, we determine the maximum feasible reduction
rate R+ such that the constraint set remains non-empty. The resulting estimates of R+ are
reported in Table 21. The results show that the attainable reduction rate depends strongly
on the choice of physical risk metric. In particular, reducing the composite ND-GAIN score
is more challenging than reducing exposure or sensitivity alone. This reflects the fact that
sensitivity (and readiness) exhibit the greatest cross-sectional dispersion across countries.
However, readiness appears to be the second most difficult dimension to improve. One
plausible explanation is that the sample of countries consists primarily of large economies,
which generally have greater fiscal capacity and institutional resources to prepare for and
adapt to physical risks. Finally, an analysis of the resulting portfolio compositions shows
that achieving a reduction rate above approximately 10% is generally unrealistic because it
results in highly concentrated portfolios and binding constraints.

34From the first order condition
1

2
(2Σw?)− γπ = 0n, we deduce that π = γ−1Σw?.
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Following the previous remark, we report the portfolio reallocations resulting from a 10%
reduction in physical risk in Table 22. For benchmark #1 (European/balanced profile), the
aggregated scores (ND-GAIN, readiness, and vulnerability) indicate a significant decrease
in exposure to U.S. equities and bonds. This is accompanied by a reduced allocation to
emerging market equities and an increased allocation to Europe and other developed mar-
kets. The readiness score is the only exception, suggesting a slight increase in U.S. exposure
(+0.7%). When portfolios are constructed using the exposure metric, the reallocation is
concentrated entirely in the European bucket. Conversely, portfolios based on capacity and
sensitivity remain close to the benchmark, requiring only minor adjustments to individual
weights. Notably, the sensitivity-based portfolio shifts some European bond exposure to-
ward the U.S. and moves some European equity holdings toward other developed markets.
This is consistent with the relatively high sensitivity observed in some European countries.
For benchmark #2 (European/aggressive profile), allocations generally tilt further toward
Europe. At the same time, capacity- and sensitivity-based portfolios display patterns sim-
ilar to those observed for the balanced profile. These portfolios are more diversified and
closer to the benchmark composition. For benchmarks #3 and #4 (American/balanced
and American/aggressive profiles), strategies based on the aggregated ND-GAIN score lead
to implausible reallocations. Both profiles show a significant shift away from U.S. assets
and toward European exposures. Portfolios driven by readiness, vulnerability, and exposure
metrics also imply an excessive reduction in U.S. weights. These portfolios often lead to the
near-complete elimination of U.S. bond holdings while reducing U.S. equity exposure more
moderately. In contrast, portfolios based on capacity and sensitivity deliver more balanced
and economically plausible outcomes for U.S. investors. These portfolios result in realloca-
tions that are more gradual and preserve substantial U.S. exposure. Overall, reallocations
appear to be more coherent for benchmark #5 (Global/balanced profile). European equity
allocations increase across all metrics except sensitivity, and European bond allocations rise
even more sharply. U.S. equity weights increase modestly under most metrics, except for
the exposure-based allocation. U.S. bond holdings only decline under the ND-GAIN and
exposure frameworks. Allocations to other developed markets decrease significantly in the
bond bucket when ND-GAIN or exposure scores are applied. Exposure to emerging mar-
kets is consistently reduced, with bond allocations eliminated entirely in all cases except
when using the exposure score. No material differences emerge between the balanced and
aggressive global profiles.

Remark 3. One important implication of our results is that home bias significantly im-
pacts the feasibility of reducing physical risk. When investors are located in regions with
relatively low physical risk, achieving high targeted reduction rates becomes more difficult.
In these cases, the benchmark portfolio approaches the minimum attainable level of physical
risk, leaving little room for improvement through reallocation alone. Consequently, imposing
stringent physical risk reduction targets forces optimization to focus excessively on a small
subset of countries, often resulting in highly concentrated portfolios. For example, this mech-
anism is particularly pronounced for Switzerland-centric benchmarks. Thus, the effectiveness
of physical risk constraints hinges on the risk metric employed, the geographical composition
of the benchmark portfolio, and the investor’s home region.

3.2.3 Financial impact of implementing physical risk mitigation

We now consider the portfolio optimization framework (2) by assuming that the vector of
risk premia is specified in a manner consistent with the Black-Litterman approach:

π = SR
(
b | r

) Σb√
b>Σb

(4)
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where SR
(
b | r

)
is the Sharpe ratio of the benchmark portfolio relative to the risk-free rate

and is set to 0.30, and Σ is the covariance matrix estimated using six years of historical
data.

Impact of physical risk constraints on the mean-variance efficient frontier Figure
13 shows the Markowitz efficient frontier35 without any physical risk constraints (black line).
We compare this baseline efficient frontier with six alternative efficient frontiers computed
under physical risk reduction constraints, corresponding to the six physical risk metrics
considered in the analysis (exposure, sensitivity, adaptive capacity, vulnerability, readiness,
ND-GAIN). For Portfolio #1 (European/balanced), imposing constraints on the sensitivity
or capacity score has little effect on the risk-return trade-off compared to the Markowitz
frontier. Moreover, we only observe modest shifts in the exposure, vulnerability, and readi-
ness scores. Similar results36 are seen for Portfolio #2 (European/aggressive). By contrast,
incorporating the ND-GAIN index produces a significant shift. For any given expected
return, portfolios that include the ND-GAIN index are consistently riskier. This effect is
amplified for the aggressive profile, whose efficient frontier is also noticeably contracted and
less smooth.

Figure 13: Mean-variance efficient frontier (Portfolio #1, R = 10%)
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For portfolios #3 and #4 (American/balanced and American/aggressive), incorporating
physical score constraints results in efficient frontiers that are usually significantly different
to the Markowitz benchmark37. This effect is particularly pronounced for the readiness
score. Furthermore, portfolios constructed using the aggregate ND-GAIN index produce
completely shifted frontiers relative to the baseline. These frontiers are notably contracted
and irregularly shaped, particularly for the balanced profile. These findings suggest that

35We solve the optimization problem (2) by assuming that the risk premia are given by Equation (4).
36See Figure 20 on page 83.
37See Figures 21 and 22 on page 83.
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the physical risk constraints may be excessively stringent, resulting in feasibility issues in
the optimisation procedure. By contrast, for Portfolios #5 and #6, imposing physical risk
constraints has a limited impact on the risk-return trade-off. Indeed, there is no significant
alteration to the shape of the efficient frontier for the Global/balanced and Global/aggressive
profiles38. These results are consistent with the previous analysis based on the portfolio opti-
misation framework (3). In particular, constraints based on physical risk scores significantly
alter the portfolio for American investors and are sometimes not feasible. For European
investors, however, the impact is comparatively modest, especially when the constraints
concern sensitivity and capacity, and the resulting strategies remain feasible. Finally, for
the global investor profile, the constrained strategies appear to be the most practical, as the
efficient frontiers are reasonably close to the baseline.

Cost estimation of physical risk We now consider the following σ-problem:

w? = arg maxw>π (5)

s.t.

 σ (w) ≤ σ (b)
PR (w) ≤ (1−R)PR (b)
w ∈ Ω

We define the cost of the constraint as the difference between the risk premium of the
constrained optimal portfolio w? and that of the benchmark portfolio b:

Cost (R) = π (w?)− π (b) = (w? − b)> π

This cost represents the loss in expected return resulting from the implementation of the
physical risk reduction constraint by investing in a portfolio that has the same volatility
than the benchmark portfolio.

Figure 14 reports the results for Portfolio #1 (European/balanced). The financial cost
remains below 10 bps in absolute value for all strategies until R = 10%, with the sole ex-
ception of the strategy based on the ND-GAIN index. For that strategy, once the threshold
R ≈ 8% is exceeded, the financial cost becomes highly sensitive to R. Small increases in
R produce large changes in cost, resulting in a near-vertical decline toward more negative
costs. For the remaining strategies, the analogous regime of extreme sensitivity occurs at
higher R. For the readiness-based strategy, the critical threshold is approximately R ≈ 12%.
The strategy based on sensitivity exhibits a substantially more linear behavior. The loss in
expected return remains below 10 bps up to R ≈ 22%. Similar patterns are observed for
Portfolio #2 (European/aggressive). For the American/balanced and American/aggressive
profiles39, the financial cost associated with strategies based on the ND-GAIN and readiness
scores declines more sharply than in the European case. For the other strategies the cost
remains below 10 bps up to R = 10%. Beyond this point, expected return losses increase
more rapidly than for European portfolios, particularly for sensitivity and capacity strate-
gies. The global profiles display more balanced behavior40. The rapid decline in financial
cost for ND-GAIN and readiness occurs at higher values of R than in the European or
American cases. Strategies based on vulnerability and exposure maintain costs below 10
bps up to R ≈ 15%, whereas for sensitivity and capacity, the threshold at which substantial
losses occur exceeds R ≈ 20%. In summary, the ND-GAIN and readiness measures are
associated with the largest expected return losses at a comparatively low level of R, across

38See Figures 23 and 24 on page 84.
39See Figures 26 and 27 on page 86.
40See Figures 28 and 29 on page 87.
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Figure 14: Financial cost Cost (R) of physical risk (Portfolio #1)
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investor profiles. This suggests that these approaches are not suitable for practical imple-
mentation. In contrast, strategies aimed at reducing capacity and sensitivity are compatible
with acceptable expected-return losses at moderate value of R.

Shadow pricing of physical risk Building on the previous analysis, we estimate the
shadow price of implementing physical risk constraints in portfolio management. Shadow
pricing is a useful tool in cost-benefit analysis for estimating the willingness to pay/accept
when facing negative externalities (Roncalli, 2026, pages 979–985). For example, the social
cost of carbon is a shadow price used to measure transition risk at the macro-economic level
(Nordhaus, 2014). In what follows, the estimated shadow price is strongly related to the
previous analysis in the sense that the latter provides an estimation of the average total cost,
whereas the analysis below provides an estimation of the marginal cost of physical risk. To
this end, we use duality theory and consider the following utility optimization problem:

w? = arg maxU (w) = w>π − 1

2
φbw

>Σw (6)

s.t.
{

PR (w) ≤ (1−R)PR (b)
w ∈ Ω

where φb = γ−1b is the risk aversion parameter of the quadratic utility function, and γb is
the risk tolerance associated with the benchmark portfolio:

γb =
σ (b)

SR
(
b | r

) =
σ2 (b)

π (b)

Let λ? ≥ 0 be the Lagrange multiplier associated with the physical risk constraint PR (w) ≤
(1−R)PR (b). At optimality, the Lagrange function satisfies:

L (w?;λ?) = U (w?)− λ?
(
PR (w?)− (1−R)PR (b)

)
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Suppose that the physical risk threshold is relaxed by a small amount ε. Then, the Lagrange
function becomes:

Lε (w?;λ?) = L (w?;λ?) + λ?ε =
(
w?>

π + λ?ε
)
− 1

2
φbw

?>
Σw?

The expected return of the portfolio is improved by the amount λ?ε, meaning that λ? is the
shadow price for one unit of physical risk. In what follows, we report the normalized price
Price (R) = 100× λ? expressed in basis points of return per 1% of physical risk score41.

Table 23: Shadow price of physical risk (in basis points per 1% of risk score)
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1% 0.05 0.01 0.02 0.13 0.02 0.11
#1 5% 0.41 0.23 0.21 1.18 0.26 1.01

10% 1.27 0.96 0.62 4.31 2.12 24.35
15% 3.36 2.14 1.50 10.73 23.67 ∞
20% 6.70 4.96 8.88 44.16 ∞ ∞
1% 0.04 0.02 0.02 0.13 0.03 0.11

#2 5% 0.47 0.26 0.23 1.10 0.36 1.67
10% 1.59 1.04 0.66 3.87 5.17 36.19
15% 3.58 2.03 3.70 12.20 48.28 ∞
20% 6.89 4.37 18.97 49.97 ∞ ∞
1% 0.08 0.04 0.05 0.18 0.06 0.19

#3 5% 0.62 0.41 0.45 1.65 3.64 8.41
10% 1.91 1.40 5.01 6.98 26.86 71.42
15% 3.36 3.74 16.53 24.84 108.21 ∞
20% 6.97 8.29 79.05 83.15 ∞ ∞
1% 0.07 0.03 0.04 0.15 0.06 0.17

#4 5% 0.69 0.52 0.38 1.28 1.39 4.65
10% 1.73 1.92 1.88 6.56 26.68 61.80
15% 5.18 4.62 17.55 35.84 66.63 ∞
20% 11.20 15.87 67.06 72.56 ∞ ∞
1% 0.05 0.03 0.02 0.09 0.03 0.08

#5 5% 0.48 0.32 0.20 0.93 0.30 0.94
10% 1.33 0.96 0.48 2.24 1.26 5.07
15% 3.14 1.73 1.13 5.08 5.39 40.74
20% 5.11 3.36 2.09 12.67 38.21 ∞
1% 0.05 0.03 0.02 0.10 0.03 0.08

#6 5% 0.45 0.30 0.19 0.80 0.33 1.03
10% 1.76 0.93 0.62 2.50 1.32 4.76
15% 3.52 2.43 1.35 5.81 6.03 47.80
20% 6.66 4.33 2.15 16.13 43.66 ∞

41In practice, we solve the QP problem w? = arg min
1

2
w>Σw − γbw

>π subject to the constraints

PR (w) ≤ (1−R)PR (b) and w ∈ Ω. Then, we have λ? = γ−1
b λ∗, where λ∗ is the Lagrange multi-

plier associated with the physical risk constraint PR (w) ≤ (1−R)PR (b).

51



From Transition to Physical Risk: Rethinking Portfolio Management

Table 23 reports the shadow prices for all strategies. These values measure the marginal
loss in expected return (in basis points) required to reduce the physical risk score by 1%
(or to increase it in the case of readiness and the ND-GAIN index). Across portfolios
and investor profiles, the shadow price increases with the stringency parameter R. Initial
reductions in physical scores can be achieved at a relatively modest cost, but the marginal
cost rises rapidly as the stringency parameter R becomes more restrictive. The aggregated
ND-GAIN index has the highest shadow prices, followed by readiness and vulnerability. In
particular, there is a significant jump in marginal costs when R increases from 5% to 10%,
indicating a strong trade-off between portfolio performance and physical score improvement.
This effect is especially pronounced for the U.S.-focused profiles (Portfolios #3 and #4). For
example, the shadow price of raising the readiness score increases from 3.64 bps to 26.86 bps
for Portfolio #3 and from 1.39 bps to 26.68 bps for Portfolio #4 as R increases from 5% to
10%. By contrast, the marginal cost of reducing exposure, sensitivity, and capacity scores
remains very low — below two basis points — for all selected portfolios up to R = 10%,
with the exception of Portfolio #3 for a 10% reduction in capacity. Overall, moderate
reductions in physical scores can be achieved at a relatively low cost. However, beyond
certain thresholds, the shadow price increases sharply. This trade-off is particularly acute
for the ND-GAIN index and portfolios with concentrated U.S. exposure.

4 Conclusion

While investors and portfolio managers have become highly familiar with transition risk,
physical risk remains relatively obscure in the asset management industry. Over the past
decade, there has been remarkable enthusiasm for climate finance, particularly following
the publication of seminal research by Andersson et al. (2016) on carbon risk and portfolio
management. Concepts such as carbon intensity, portfolio decarbonization, green bonds,
net-zero investing, greenness scores, and climate-aligned impact investing are now widely
used and understood by institutional investors. However, these concepts and metrics pri-
marily relate to transition risk rather than physical risk. For a long time, the financial
sector largely viewed physical risk as an insurance risk, associated with rare and extreme
natural catastrophes. However, this perspective has become inadequate in the context of
climate change. First, the growing frequency and severity of climate-related hazards have
widened the insurance protection gap, with potentially significant consequences for firms
and households and their capacity to absorb shocks. As a result, physical risk has emerged
as a structural component of credit risk, with important implications for the financial sys-
tem, including indirect spillovers to banks and institutional investors. Second, physical risk
cannot be reduced to acute events such as hurricanes or floods. It also encompasses chronic
risks, including rising temperatures and sea level rise. These developments generate per-
sistent pressure on business models and operations, affecting operational performance and
strategic positioning. In this broader sense, physical risk has become a significant driver of
business risk, with far-reaching implications for asset valuation and portfolio construction.

Physical risk is not transition risk. This distinction is clear from their definitions. Tran-
sition risk refers to the economic and financial costs associated with shifting toward a low-
carbon economy, whereas physical risk relates to direct losses caused by climate change
related hazards. Beyond terminology, the two types of risk differ in asset management
for several fundamental reasons. The first difference lies in their measurement. Transi-
tion risk is primarily assessed using direct, observable data such as carbon intensity, green
revenue share, and fossil fuel exposure42. By contrast, physical risk is generally evaluated

42These direct metrics may be complemented by model-based or forward-looking indicators, such as tem-
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Table 24: Carbon intensity and S&P physical risk scores (2030 medium scenario) of MSCI
World Index and MSCI EM Index (November 2025)

Carbon intensity 2030 Medium scenario
CIup

1−3 CI1−3 PE SE
DM EM DM EM DM EM DM EM

Communication Services 75 86 107 111 57.9 57.3 20.1 18.9
Consumer Discretionary 142 187 443 943 56.5 62.0 32.9 33.1
Consumer Staples 233 384 595 563 57.3 60.7 31.6 42.9
Energy 579 842 3 982 6 751 57.5 62.9 35.7 47.1
Financials 24 32 1 908 2 242 57.1 62.5 14.4 19.9
Health Care 82 161 100 173 57.4 59.0 22.6 41.7
Industrials 191 310 4 305 5 901 56.7 59.6 30.3 39.0
Information Technology 106 249 317 383 58.2 61.4 17.6 43.2
Materials 776 1 559 2 023 2 989 59.5 64.4 43.4 52.9
Real Estate 117 191 347 627 54.9 64.5 33.3 42.3
Utilities 1 408 3 811 2 358 4 455 57.4 62.6 44.2 48.8
Total 180 379 1 240 1 755 57.5 61.4 23.9 35.1
Median 100 187 403 879 56.0 60.0 29.0 38.0
Standard deviation 479 1 584 3 658 5 988 4.4 6.8 12.5 14.4
Coefficient of variation (in %) 478 848 908 681 7.9 11.3 43.2 37.8

Source: S&P Global, MSCI and Authors’ calculations.

through composite risk scores43. This difference is crucial. Direct data measurement relies
on relatively transparent variables, whereas scoring systems depend heavily on modeling
assumptions, scenario choices44, hazard projections, geographic mapping, and aggregation
methods. As a result, physical risk assessments tend to be more sensitive to methodological
choices and embedded assumptions than transition risk metrics. The second distinction con-
cerns the conceptual framework. In financial literature, physical risk is typically structured
around the three-dimensional hazard/exposure/vulnerability framework. Hazard depends
on the climate scenario and the associated evolution of extreme and chronic events. Ex-
posure reflects the geographic and operational footprint of firms and therefore depends on
scenario-dependent climate projections. Vulnerability captures the sensitivity and adaptive
capacity of firms, sectors, or regions, and relies on assumptions about technological adapta-
tion, infrastructure resilience, and institutional preparedness. In other words, physical risk
is inherently scenario-based and forward-looking. Each dimension is subject to modeling
uncertainty, particularly the vulnerability dimension. The third difference is the generally
low correlation between transition and physical risks. Transition risk is concentrated in a few
number of carbon-intensive sectors, such as energy, utilities, and materials (Table 24). By
contrast, physical risk potentially affects all sectors of the economy since every firm operates
within a physical environment that is exposed to climate hazards. In this sense, exposure
to physical risk has a systemic dimension, because the entire economic system is exposed to

perature alignment scores. However, observable emissions and activity-based measures remain the core
inputs in most transition risk analyses.

43It is relatively straightforward to measure the realized losses associated with a specific past hazard, such
as a flood or hurricane. Therefore, historical databases of catastrophe losses are well developed. However,
these data are of limited relevance for assessing future physical risk (e.g., in 2030 or 2050), because climate
change makes hazard frequencies and intensities non-stationary. Moreover, physical risk is multidimensional,
encompassing various hazards (e.g., heat stress, floods, droughts, storms, and sea level rise), which compli-
cates aggregation. For these reasons, forward-looking scoring methodologies are commonly used instead of
purely historical loss data.

44Tables 24 and 25 report the S&P physical scores for 2030 medium, 2050 medium and 2050 high scenarios.

53



From Transition to Physical Risk: Rethinking Portfolio Management

climate-related hazards to varying degrees. Our empirical results confirm this distinction,
as we find zero or low correlation between standard transition risk metrics and measures
of physical risk exposure. The relationship is somewhat more nuanced for vulnerability,
where certain transition-related indicators may be positively correlated with physical risk
sensitivity. However, when these dimensions are incorporated into portfolio optimization,
climate risk-managed portfolios exhibit limited overlap between transition and physical risk
constraints. This confirms that they are largely distinct sources of financial risk.

Table 25: S&P physical risk scores (2050 medium and high scenario) of MSCI World Index
and MSCI EM Index (November 2025)

2050 Medium scenario 2050 High scenario
PE SE PE SE

DM EM DM EM DM EM DM EM
Communication Services 63.3 64.3 23.5 21.9 67.8 68.5 26.1 24.1
Consumer Discretionary 62.3 67.4 37.3 37.4 66.9 71.7 41.4 41.1
Consumer Staples 63.1 66.3 35.9 47.9 68.0 70.9 39.8 52.2
Energy 62.7 68.1 39.8 51.7 67.4 72.3 43.5 55.5
Financials 63.1 67.8 16.4 23.3 67.8 72.1 18.3 26.3
Health Care 63.3 64.9 26.0 47.0 68.0 69.4 28.9 51.1
Industrials 62.7 65.3 34.6 43.9 67.5 70.1 38.4 48.4
Information Technology 64.1 66.5 20.4 47.7 68.9 71.5 23.3 52.5
Materials 65.2 69.8 48.2 57.9 69.8 74.0 52.2 61.8
Real Estate 61.1 69.9 38.1 47.0 65.8 73.8 42.3 51.0
Utilities 62.8 68.7 49.0 54.0 67.5 73.4 53.3 58.0
Total 63.3 66.9 27.3 39.3 68.0 71.5 30.4 43.1
Median 62.0 66.0 34.0 44.0 67.0 71.0 37.0 48.4
Standard deviation 4.0 5.8 13.9 15.2 3.7 5.1 14.9 15.8
Coefficient of variation (in %) 6.5 8.8 40.8 34.6 5.5 7.3 40.2 32.7

Source: S&P Global, MSCI and Authors’ calculations.

One important implication of these differences is that portfolio optimization under phys-
ical risk mitigation cannot be directly compared to optimization under transition risk con-
straints. The economic trade-offs, feasibility, and portfolio reallocation mechanisms differ
substantially. First, consider transition risk. From an optimization perspective, portfolio
decarbonization is relatively straightforward. A decade ago, it was particularly easy when
investors focused exclusively on Scope 1 and 2 emissions. However, the inclusion of Scope 3
emissions has made the process more demanding, as carbon footprints are more broadly dis-
tributed across sectors and value chains. Nevertheless, reducing portfolio carbon intensity
by 30% to 50% typically generates an acceptable level of tracking error for most institu-
tional investors. Such reductions can often be achieved through moderate sector tilts and
stock selection within high-emitting industries without fundamentally altering the portfo-
lio’s risk-return profile. The case of net-zero investing is more complex, since transition risk
is generally proxied by carbon intensity and green intensity. However, the current positive
correlation between carbon intensity and green intensity complicates portfolio construction.
Firms with high green revenues are often still carbon-intensive, reflecting the transitional na-
ture of many sectors. This structural feature limits the scope for simultaneously minimizing
carbon exposure while maximizing green exposure without incurring higher tracking error.
In addition, portfolio self-decarbonization — that is, the endogenous reduction in carbon in-
tensity due to corporate transition efforts — has remained limited, at below 3% per year over
the past two years. Consequently, achieving net-zero alignment requires active reallocation
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and rebalancing rather than relying on organic improvements. Despite these constraints,
constructing net-zero portfolios remains feasible through approaches such as integrated op-
timization or core-satellite allocation strategies (Barahhou et al., 2022; Ben Slimane et al.,
2023). Empirically, the tracking error of such portfolios remains within acceptable bounds,
provided that the initial decarbonization pathway is not excessively aggressive. For example,
following a Climate Transition Benchmark (CTB) trajectory — implying a carbon intensity
reduction of approximately 30% to 40% — appears operationally realistic45. Even at these
levels, the reduction is substantial and economically significant. However, the situation dif-
fers markedly when it comes to mitigating physical risk. Our simulations show that reducing
physical risk exposure by more than 10% results in a disproportionate increase in tracking
error. Similarly, reducing physical risk vulnerability by more than 20% appears unrealistic
within a diversified, benchmark-constrained framework. Unlike transition risk, physical risk
is not concentrated in a few sectors that can easily be underweighted. Because exposure to
climate hazards is widespread geographically and operationally, meaningful reductions re-
quire aggressive reallocations that conflict with standard diversification. In short, transition
risk mitigation can be implemented through relatively targeted sector and factor adjust-
ments. However, physical risk mitigation is structurally more constrained. The systemic
nature of physical risk limits the degrees of freedom available to portfolio managers, making
large reductions significantly more costly in terms of tracking error. This reinforces the
conclusion that transition and physical risks present fundamentally different challenges in
portfolio construction.

Tables 24 and 25 highlight several key findings of our analysis. First, we notice that the
dispersion of the physical risk exposure score is relatively low. The coefficient of variation
is generally below 10%, whereas it exceeds 30% for the physical risk sensitivity score and
surpasses 400% for carbon intensity. This difference in cross-sectional dispersion is econom-
ically significant. Low dispersion implies limited differentiation across firms, reducing the
degrees of freedom available in portfolio optimization. Additionally, we found that the dis-
crepancy between developed market (DM) and emerging market (EM) stocks with respect
to physical risk exposure is modest. This contrasts with many transition risk indicators,
where regional and sectoral differences are more pronounced. The limited dispersion across
firms and regions reinforces the idea that physical risk exposure has a systemic dimension.
Consequently, attempts to substantially reduce exposure tend to necessitate extensive and
costly deviations from the benchmark. In contrast, the dispersion of physical risk sensitiv-
ity, or vulnerability, is significantly greater. This greater heterogeneity creates more room
for optimization. Empirically, vulnerability is easier to reduce than exposure. However,
optimization is far more constrained in this case than in the case of transition risk. For
instance, the coefficient of variation of carbon intensity is at least ten times higher than
that of physical risk sensitivity. Overall, these results suggest a clear hierarchy of mitiga-
tion feasibility. Reducing carbon intensity (transition risk) is comparatively straightforward
due to high cross-sectional dispersion. Reducing physical risk vulnerability is more diffi-
cult, though feasible, for low reduction rates. Reducing physical risk exposure, however,
is particularly complex or impossible due to its low dispersion and systemic nature. The
second key finding is that the choice of climate scenario and time horizon has a stronger
impact on exposure than on vulnerability. Tables 24 and 25 show that median exposure
scores increase with scenario severity and time horizon length while standard deviations de-
crease. In contrast, sensitivity (or vulnerability) increases as scenarios become more severe
and distant, as indicated by rising median scores and standard deviations. These patterns
imply opposite effects on cross-sectional dispersion. Physical risk exposure becomes increas-

45By contrast, the Paris-Aligned Benchmark (PAB) trajectory may be excessively stringent, particularly
in light of the recent global greenhouse gas emissions trend.
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ingly homogeneous across firms under more severe and longer-term scenarios, as reflected
by the declining standard deviation. Conversely, physical risk vulnerability becomes more
dispersed, indicating greater differentiation across firms. In other words, the progression
of climate scenarios reduces heterogeneity in exposure but amplifies heterogeneity in vul-
nerability. The third key finding is that sectors are impacted differently when mitigating
transition versus physical risk. It is commonly accepted that “portfolio decarbonization is a
strategy that is long on Financials and short on Energy, Materials and Utilities” (Barahhou
et al., 2022, page 37). This characterization is generally accurate when carbon footprints
are measured using Scope 1, Scope 2, and Scope 3 upstream emissions. However, recent
revisions to the methodology for calculating Scope 3 downstream emissions suggest that the
carbon footprint of the Financials sector has been underestimated in recent years. Using
more recent data, we notice that the Financial sectors remains a low carbon-intensive sec-
tor when we consider scopes 1, 2 and 3 upstream emissions, but a high carbon-intensive
sector when scope 3 downstream emissions are included, due to indirect financed emissions
arising from loans, mortgages and other credit exposures. Table 24 illustrates how Scope 3
downstream emissions affect the carbon footprint of different sectors. The figures explain
why portfolio decarbonization becomes short on the Financials sector when considering the
complete Scope 3 carbon intensity. Otherwise, the results align with previous publications
(Barahhou et al., 2022; Ben Slimane et al., 2023). For realistic values of the reduction
rate R, the impact of mitigating physical risk exposure is limited. Regarding vulnerability,
curiously, we find that the strategy is long on Financials and short on Energy, Materials,
and Utilities. This result holds for both the MSCI World Index and the MSCI EM Index.
One possible explanation is that ESG data providers are in the early stages of estimating
physical risk. Currently, physical risk is mainly assessed through direct effects, with indirect
effects only partially included. Since vulnerability risk is primarily measured through direct
damage to assets, sectors such as Financials have an advantage because their assets are
intangible. However, we may see a future shift similar to what we have seen with carbon
footprint metrics. Indeed, we can anticipate that the indirect effects of physical risk on the
Financials sector are currently underestimated, because the vulnerability of other economic
actors, such as firms and households, serves as a transmission channel to this sector.

In addition to analyzing the mitigation of physical risk in equity portfolio management,
our study examines another challenge in asset management, which is the construction of
strategic asset allocation. Specifically, we investigate how physical risk affects regional al-
location using the ND-GAIN database to evaluate its various dimensions. In addition to
exposure and sensitivity, the database provides indicators of adaptive capacity and readiness,
as well as two composite scores. The vulnerability score combines exposure, sensitivity, and
adaptive capacity, while the overall ND-GAIN score integrates vulnerability and readiness.
Our analysis considers three types of investors (European, American, and global) and two
risk profiles (balanced and aggressive). We find that changes in regional allocations depend
on the specific dimension of physical risk considered46 and on the benchmark allocation.
Indeed, we find that home bias significantly impacts the feasibility of reducing physical risk.
Where the initial physical risk is already low, improving the benchmark through reallocation
alone is complex. Very stringent targets can therefore cause extreme concentrations (e.g.,
Switzerland or Sweden in the European component using aggregated scores). Introducing
additional diversification constraints that penalize concentration by country could avoid
these outcomes. Overall, however, we observe a shift away from American and emerging
market assets toward European assets. This result varies across risk dimensions. The shift

46We find that the ND-GAIN index and the readiness score are the most difficult to improve. The
maximum achievable increases are 16.5% and 23.8%, respectively. By contrast, the exposure, sensitivity and
capacity sub-scores are easier to improve, although their maximum reduction rates do not exceed 40%.
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holds when using the overall ND-GAIN score47, whereas the sensitivity and adaptive ca-
pacity dimensions are generally associated with higher exposure to American assets. These
results imply that the choice of risk metric is not neutral. As in the case of equity portfolio
management, mitigating physical risk has a substantial impact on portfolio construction.
Again, even if we use a completely different database to measure physical risk, targeting
high reduction rates is infeasible. By high reduction rates, we mean reductions exceeding
10%. Therefore, this second asset management exercise confirms that climate-conscious
institutional investors cannot pursue the same level of ambition for physical risk as they
do for transition risk. Our estimates of the average cost and shadow price of physical risk
indicate a substantial effect on the portfolio’s risk-return profile. Since shadow prices can
exceed 10 basis points for each 1% decrease in the risk score, the trade-off between financial
performance and environmental objectives becomes more pronounced48.

In summary, physical risk differs fundamentally from transition risk and poses a greater
challenge from an asset management perspective. Reducing exposure to physical risk is
particularly difficult due to its systemic nature. In contrast, other dimensions, such as
vulnerability and adaptive capacity, seem comparatively easier to address in portfolio con-
struction. At the same time, the measurement of physical risk remains imperfect. Existing
metrics are still relatively coarse and require further refinement to support robust invest-
ment decisions. However, recent trends in greenhouse gas emissions and the slowdown in
climate policy ambition suggest that asset managers must be prepared to confront increasing
physical risk. Our findings suggest that there is less room for maneuver than in the case
of transition risk. The next five years will therefore be critical for the asset management
industry as it adapts to this evolving risk landscape.

47For example, applying a 10% improvement to the ND-GAIN index produces a 33% decline for the
American/balanced profile when U.S. equity weight is 40%, and a 40.7% decline for the aggressive profile
when U.S. equity weight is 60%. U.S. bond exposure falls to zero.

48For example, increasing the ND-GAIN index rate R from 5% to 10% raises the shadow price from 1.01
bps to 24.35 bps for a European/balanced investor, and from 8.41 bps to 71.42 bps for an American/balanced
investor. Likewise, increasing the readiness score rate R from 10% to 15% increases the shadow price for the
European/balanced profile from 2.12 bps to 23.67 bps, and for the American/balanced profile from 26.86
bps to 108.21 bps.

57



From Transition to Physical Risk: Rethinking Portfolio Management

References

Acharya, V. V., Johnson, T., Sundaresan, S., and Tomunen, T. (2022). Is Physical
Climate Risk Priced? Evidence from Regional Variation in Exposure to Heat Stress.
NBER Working Paper, 30445.

Albanese, M., Caporale, G. M., Colella, I., and Spagnolo, N. (2025). The Effects of
Physical and Transition Climate Risk on Stock Markets: Some Multi-country Evidence.
International Economics, 181, 100571, 17 pages.

Andersson, M., Bolton, P., and Samama, F. (2016). Hedging Climate Risk. Financial
Analysts Journal, 72(3), pp. 13-32.

Aznar-Siguan, G., and Bresch, D. N. (2019). CLIMADA v1: A Global Weather and
Climate Risk Assessment Platform. Geoscientific Model Development, 12(7), pp. 3085-
3097.

Azzone, M., Ghesini, M., Stocco, D., and Viola, L. (2026). Physical Climate Risk
in Asset Management. Corporate Social Responsibility and Environmental Management,
33(1), pp. 1077-1094.

Bäckman, E. (2025). Physical Climate Risk in Investment Portfolios — Exposure and
Financial Impact. Umeå University Master’s Thesis, 75 pages.

Barahhou, I., Ben Slimane, M., Oulid Azouz, N., and Roncalli, T. (2022). Net
Zero Investment Portfolios — Part 1. The Comprehensive Integrated Approach. SSRN,
4283998.

Battiston, S., Mandel, A., Monasterolo, I., Schütze, F., and Visentin, G. (2017).
A Climate Stress-test of the Financial System. Nature Climate Change, 7(4), pp. 283-288.

Ben Slimane, M., Lucius, D., Roncalli, T., and Xu, J. (2023). Net Zero Investment
Portfolios — Part 2. The Core-Satellite Approach. SSRN, 4611418.

Bhaugeerutty, M. (2025). Beyond Decarbonisation: Disentangling Allocation Biases and
Global Reallocation in Net Zero Passive Investing SSRN, 5958135.

Bhaugeerutty, M. (2026). Climate Black-Litterman: Physical Risk Integration in Port-
folio Management. Working Paper.

Bilal, A., and Känzig, D. R. (2024). The Macroeconomic Impact of Climate Change:
Global vs. Local Temperature. NBER, 32450, 74 pages.

Bressan, G., Ðuranović, A., Monasterolo, I., and Battiston, S. (2024). Asset-level
Assessment of Climate Physical Risk Matters for Adaptation Finance. Nature Communi-
cations, 15, 5371, 13 pages.

Burke, M., Hsiang, S. M., and Miguel, E. (2015). Global Non-linear Effect of Tempera-
ture on Economic Production. Nature, 527(7577), pp. 235-239.

Calabrese, R., Dombrowski, T., Mandel, A., Pace, R. K., and Zanin, L. (2024).
Impacts of Extreme Weather Events on Mortgage Risks and their Evolution under Climate
Change: A Case Study on Florida. European Journal of Operational Research, 314(1), pp.
377-392.

58



From Transition to Physical Risk: Rethinking Portfolio Management

Caldecott, B., Dericks, G., Tulloch, D. J., Kruitwagen, L., and Kok, I. (2016).
Stranded Assets and Thermal Coal in Japan: An Analysis of Environment-related Risk
Exposure. University of Oxford Working Paper, May, 107 pages.

Caldecott, B., Howarth, N., and McSharry, P. (2013). Stranded Assets in Agriculture:
Protecting Value from Environment-related Risks. University of Oxford, Smith School of
Enterprise and the Environment, Report, 109 pages.

Carbon Tracker Initiative (2011). Unburnable Carbon — Are the World’s Financial Markets
Carrying A Carbon Bubble?. Report, January, 36 pages.

Cesarone, F., Garcia-Bernabeu, A., Hilario-Caballero, A., Luciani, F., and
Tardella, F. Sustainable Diversified Portfolios. SSRN, 5215032.

Chester, D., Lynch, C., Mercure, J. F., and Jarvis, A. (2024). Stranded Human
and Produced Capital in a Net-zero Transition. Environmental Research: Climate, 3(4),
045012.

Cisagara, B. (2024). Finance and Climate Change: Assessing the Impact of Physical, Tran-
sition, and Regulation Risks on Asset Pricing Valuation. Journal of Asset Management,
25(7), pp. 630-652.

Condon, M. (2023). Climate Services: The Business of Physical Risk. Arizona State Law
Journal, 55(1), pp. 147-209.

Correa, R., He, A., Herpfer, C., and Lel, U. (2023). The Rising Tide Lifts Some Interest
Rates: Climate Change, Natural Disasters, and Loan Pricing. ECGI Working Paper Series
in Finance, 889, 81 pages.

Dao, I., Roncalli, T., and Semet, R. (2024). An Introduction to Carbon Pricing: Carbon
Tax, Cap & Trade, ETS and Internal Carbon Price. SSRN, 4940475, 65 pages.

Daumas, L. (2024). Financial Stability, Stranded Assets and the Low-carbon Transition
— A Critical Review of the Theoretical and Applied Literatures. Journal of Economic
Surveys, 38(3), pp. 601-716.

De Bandt, O., Kuntz, L. C., Pankratz, N., Pegoraro, F., Solheim, H., Sutton, G.,
Takeyama, A. , and Xia, F. D. (2025). The Effects of Climate Change-related Risks on
Banks: A Literature Review. Journal of Economic Surveys, 39(4), pp. 1553-1594.

Dell, M., Jones, B. F., and Olken, B. A. (2012). Temperature Shocks and Economic
Growth: Evidence from the Last Half Century. American Economic Journal: Macroeco-
nomics, 4(3), pp. 66-95.

Desnos, B., Le Guenedal, T., Morais, P., and Roncalli, T. (2023). From Climate
Stress Testing to Climate Value-at-Risk: A Stochastic Approach. SSRN, 4497124, 182
pages.

Dietz, S., Bowen, A., Dixon, C., and Gradwell, P. (2016). Climate Value at Risk of
Global Financial Assets. Nature Climate Change, 6, pp. 676-679.

Dietz, S., and Stern, N. (2015). Endogenous Growth, Convexity of Damage and Climate
Risk: How Nordhaus’ Framework Supports Deep Cuts in Carbon Emissions. Economic
Journal, 125(583), pp. 574-620.

59



From Transition to Physical Risk: Rethinking Portfolio Management

Emanuel, K. (2011). Global Warming Effects on US Hurricane Damage. Weather, Climate,
and Society, 3(4), pp. 261-268.

Energy Transitions Commission (2023). Financing the Transition: How to Make the Money
Flow for a Net-Zero Economy. Report, March, 101 pages.

ESMA (2024). Assessing Portfolio Exposures to Climate Physical Risks. ESMA TRV Risk
Analysis, October, 12 pages.

Fisch-Romito, V., Guivarch, C., Creutzig, F., Minx, J. C., and Callaghan, M. W.
(2021). Systematic Map of the Literature on Carbon Lock-in Induced by Long-lived Cap-
ital. Environmental Research Letters, 16(5), 3004, 20 pages.

Gambhir, A., George, M., McJeon, H., ..., and Monteith, S. (2022). Near-term Tran-
sition and Longer-term Physical Climate Risks of Greenhouse Gas Emissions Pathways.
Nature Climate Change, 12(1), pp. 88-96.

Gasbarro, F., and Pinkse, J. (2016). Corporate Adaptation Behaviour to Deal with Cli-
mate Change: The Influence of Firm-specific Interpretations of Physical Climate Impacts.
Corporate Social Responsibility and Environmental Management, 23(3), pp. 179-192.

Ginglinger, E., and Moreau, Q. (2023). Climate Risk and Capital Structure.Management
Science, 69(12), pp. 7492-7516.

Hain, L. I., Kölbel, J. F., and Leippold, M. (2022). Let’s Get Physical: Comparing
Metrics of Physical Climate Risk. Finance Research Letters, 46, 102406, 8 pages.

Hannah, L., Roehrdanz, P. R., Ikegami, M., ..., and Hijmans, R. J. (2013). Cli-
mate Change, Wine, and Conservation. Proceedings of the National Academy of Sciences,
110(17), pp. 6907-6912.

Howard, P. H., and Sterner, T. (2017). Few and Not so Far Between: A Meta-analysis of
Climate Damage Estimates. Environmental and Resource Economics, 68(1), pp. 197-225.

Huizinga, J., De Moel, H., and Szewczyk, W. (2017). Global Flood Depth-Damage Func-
tions: Methodology and the Database with Guidelines. JRC Technical Reports, 105688,
114 pages.

Huynh, T. D., Nguyen, T. H., and Truong, C. (2020). Climate Risk: The Price of
Drought. Journal of Corporate Finance, 65, 101750, 26 pages.

Intergovernmental Panel on Climate Change (2022). Climate Change 2022: Mitigation of
Climate Change — Contribution of Working Group III to the Sixth Assessment Report of
the IPCC. Report.

Javadi, S., and Masum, A. A. (2021). The Impact of Climate Change on the Cost of Bank
Loans. Journal of Corporate Finance, 69, 102019, 59 pages.

Jean, A., Roncalli, T., and Usardi, A. (2025). Natural Capital and Economic Growth.
SSRN, 5405959.

Jones, G. V., White, M. A., Cooper, O. R., and Storchmann, K. (2005). Climate
Change and Global Wine Quality. Climatic Change, 73(3), pp. 319-343.

Kahn, M. E., Mohaddes, K., Ng, R. N., Pesaran, M. H., Raissi, M., and Yang, J. C.
(2021). Long-Term Macroeconomic Effects of Climate Change: A Cross-Country Analysis.
Energy Economics, 104, 105624.

60



From Transition to Physical Risk: Rethinking Portfolio Management

Kalkuhl, M., and Wenz, L. (2020). The Impact of Climate Conditions on Economic Pro-
duction. Evidence from a Global Panel of Regions. Journal of Environmental Economics
and Management, 103, 102360, 20 pages.

Koks, E. E., and Haer, T. (2020). A High-resolution Wind Damage Model for Europe.
Scientific Reports, 10, 6866, 11 pages.

Kompas, T., Pham, V. H., and Che, T. N. (2018). The Effects of Climate Change on GDP
by Country and the Global Economic Gains from Complying with the Paris Climate
Accord. Earth’s Future, 6(8), pp. 1153-1173.

Kotz, M., Levermann, A., and Wenz, L. (2024). The Economic Commitment of Climate
Change. Nature, 628(8008), pp. 551-557.

Le Guenedal, T., Lombard, F, Roncalli, T., and Sekine, T. (2022). Net Zero Carbon
Metrics. SSRN, 4033686.

Le Guenedal, T., and Roncalli, T. (2022). Portfolio Construction with Climate Risk
Measures. In Jurczenko, E. (Ed.), Climate Investing: New Strategies and Implementation
Challenges, Wiley, December 2022, pp. 49-86.

Le Guenedal, T., Drobinski, P., and Tankov, P. (2022). Cyclone Generation Algo-
rithm Including a Thermodynamic Module for Integrated National Damage Assessment
(CATHERINA 1.0) Compatible with Coupled Model Intercomparison Project (CMIP)
Climate Data. Geoscientific Model Development, 15(21), pp. 8001-8039.

Mandel, A., Tiggeloven, T., Lincke, D., Koks, E., Ward, P., and Hinkel, J. (2021).
Risks on Global Financial Stability Induced by Climate Change: The Case of Flood Risks.
Climatic Change, 166, 4, 24 pages.

Mandel, A., Battiston, S., and Monasterolo, I. (2025). Mapping Global Financial
Risks under Climate Change. Nature Climate Change, 15(3), pp. 329-334.

McKinsey (2022). The Net-zero Transition — What it Would Cost, What it Could Bring.
January 2022, 224 pages.

Milic, L., Rubtsov, A., & Xu, W. (2025). Portfolio Choice in the Presence of Transition
and Physical Risks with Climate Uncertainty. SSRN, 5584151, 40 pages.

NGFS (2022). NGFS Climate Scenarios for Central Banks and Supervisors. Technical Doc-
ument, September, 44 pages.

NGFS (2024). Damage Functions, NGFS Scenarios, and the Economic Commitment of Cli-
mate Change: An Explanatory Note. Technical Document, November, 52 pages.

Nguyen, D. D., Ongena, S., Qi, S., and Sila, V. (2022). Climate Change Risk and the
Cost of Mortgage Credit. Review of Finance, 26(6), pp. 1509-1549.

Noels, J., Bernhofen, M., Jachnik, R., and Touboul, S. (2024). Towards Assessing the
Alignment of Finance with Climate Resilience Goals: Exploring Options, Methodologies,
Data, and Metrics. OECD Environment Working Paper, 251, 52 pages.

Nordhaus, W. (2014). Estimates of the Social Cost of Carbon: Concepts and Results
from the DICE-2013R Model and Alternative Approaches. Journal of the Association of
Environmental and Resource Economists, 1(1/2), pp. 273-312.

61



From Transition to Physical Risk: Rethinking Portfolio Management

Nordhaus, W. D., and Boyer, J. G. (2000). Warming the World: Economic Models of
Global Warming. MIT Press.

Pankratz, N., Bauer, R., and Derwall, J. (2023). Climate Change, Firm Performance,
and Investor Surprises. Management Science, 69(12), pp. 7352-7398.

Pindyck, R. S. (2012). Uncertain Outcomes and Climate Change Policy. Journal of Envi-
ronmental Economics and Management, 63(3), pp. 289-303.

Poupard, A., Fetet, M., and Postic, S. (2022). Global Carbon Accounts in 2022. Climate
Brief, Institute for Climate Economics, September, 11 pages.

Rizzati, M. C. P., Ciola, E., Turco, E., Bazzana, D., and Vergalli, S. (2025). Beyond
Green Preferences: Demand-side and Supply-side Drivers in the Low-Carbon Transition.
Environmental and Resource Economics, 88, pp. 1239-1295.

Roncalli, T. (2025). Portfolio Alignment and Net Zero Investing. In Tankov, P., and Zhang,
R. (Eds), Handbook of Quantitative Sustainable Finance, CRC Financial Mathematics
Series, December 2025.

Roncalli, T. (2026). Handbook of Sustainable Finance. SSRN, 4277875.

Ruane, A. C., Vautard, R., Ranasinghe, R., ..., and Zaaboul, R. (2022). The Climatic
Impact-driver Framework for Assessment of Risk-relevant Climate Information. Earth’s
Future, 10(11), e2022EF002803, 16 pages.

S&P Global (2025). Climate Physical Risk Exposure Scores and Financial Impact Data.
Methodology, May, 36 pages.

Schultz, H. R., and Jones, G. V. (2010). Climate Induced Historic and Future Changes
in Viticulture. Journal of Wine Research, 21(2-3), pp. 137-145.

TCFD (2017). Recommendations of the Task Force on Climate-related Financial Disclosures.
Final Report, June, 74 pages.

Technical Expert Group on Sustainable Finance (2020). TEG Final Report on the EU Tax-
onomy. Report, March.

Tol, R. S. J. (2009). The Economic Effects of Climate Change. Journal of Economic Per-
spectives, 23(2), pp. 29-51.

Tol, R. S. J. (2014). Correction and Update: The Economic Effects of Climate Change.
Journal of Economic Perspectives, 28(2), pp. 221-226.

University of Notre Dame Global Adaptation Initiative (2025). Notre Dame Global Adapta-
tion Initiative (ND-GAIN) — Country Index Technical Report. University of Notre Dame,
50 pages.

van Leeuwen, C., Destrac-Irvine, A., Dubernet, M., ..., and Ollat, N. (2019). An Up-
date on the Impact of Climate Change in Viticulture and Potential Adaptations. Agron-
omy, 9(9), 514, 20 pages.

van Leeuwen, C., Sgubin, G., Bois, B., Ollat, N., Swingedouw, D., Zito, S., and
Gambetta, G. A. (2024). Climate Change Impacts and Adaptations of Wine Production.
Nature Reviews Earth & Environment, 5(4), pp. 258-275.

62



From Transition to Physical Risk: Rethinking Portfolio Management

Waidelich, P., Batibeniz, F., Rising, J., Kikstra, J. S., and Seneviratne, S. I. (2024).
Climate Damage Projections Beyond Annual Temperature. Nature Climate Change, 14(6),
592-599.

Weitzman, M. L. (2012). GHG Targets as Insurance against Catastrophic Climate Dam-
ages. Journal of Public Economic Theory, 14(2), pp. 221-244.

World Bank (2021). State and Trends of Carbon Pricing 2021. Report.

World Bank (2025). State and Trends of Carbon Pricing 2025. Report, 87 pages.

World Resources Institute and Climate Bonds Initiative (2019). Climate Resilience Princi-
ples: A Framework for Assessing Climate Resilience Investments. Report, September, 40
pages.

Zhou, F., Endendijk, T., and Botzen, W. J. W. (2023). A Review of the Financial Sector
Impacts of Risks Associated with Climate Change. Annual Review of Resource Economics,
15(1), pp. 233-256.

63



From Transition to Physical Risk: Rethinking Portfolio Management

A Data
For the company level analysis, the transition and physical risk metrics (carbon intensity,
exposure and sensitivity scores) are sourced from the S&P Global database (S&P Global
Trucost and S&P Global Sustainable1), while green intensity measures are obtained from
Amundi database. Carbon-intensity values are for the year 2023, to maximize the number
of firms with available data, and refer to the tonnes of CO2e equivalent emitted per million
of USD of revenues (tCOtwoEq/$ mn). We also use the composition of the MSCI World
Index as of 17 November 2025, and the composition of the MSCI EM Index as of 8 December
2025. For both indices, we use nearly three years of daily return data (2 January 2023 – 18
November 2025). Missing values in climate-risk metrics are filled using the sector-weighted
average of the respective measure. In the case of the SAA exercise, we use the Datastream
indices (DS Market Index for equities and TOTAL ALL LIVES DS GOVT. INDEX for
bonds). For each index, we consider the market value and the total return index to compute
the market capitalization and the daily returns.

B Additional results

B.1 MSCI World Index

Table 26: Spearman correlation between physical risk and transition risk scores (MSCI
World Index, 2030 medium and high scenarios)

Scenario Statistic (in %) CI1 CI2 CIup
3 CIdown

3 CI1−3 GI

Medium ρ (PE,T R) 1.43 2.84 3.28 5.17 5.99 −7.01
p-value 60.24 30.29 23.35 6.04 2.95 1.08

High ρ (PE,T R) 0.06 3.29 2.55 4.19 5.28 −6.86
p-value 98.35 23.24 35.42 12.79 5.52 1.26

Medium ρ (SE,T R) 69.24 61.73 56.05 7.48 25.55 35.73
p-value 0.00 0.00 0.00 0.65 0.00 0.00

High ρ (SE,T R) 68.74 61.94 55.80 7.17 25.24 35.94
p-value 0.00 0.00 0.00 0.91 0.00 0.00

Table 27: Pearson correlation between physical risk and transition risk scores (MSCI World
Index, 2090 medium and high scenarios)

Scenario Statistic (in %) CI1 CI2 CIup
3 CIdown

3 CI1−3 GI

Medium ρ (PE ,T R) −2.71 8.51 −2.36 5.69 5.48 −7.35
p-value 32.52 0.20 39.12 3.87 4.65 0.75

High ρ (PE ,T R) −4.01 6.49 −2.18 4.07 3.68 −6.63
p-value 14.46 1.82 42.82 13.88 18.07 1.59

Medium ρ (SE,T R) 26.30 24.99 34.14 −0.36 4.38 26.68
p-value 0.00 0.00 0.00 89.58 11.15 0.00

High ρ (SE,T R) 25.13 23.38 35.02 −0.72 3.88 27.42
p-value 0.00 0.00 0.00 79.46 15.86 0.00

64



From Transition to Physical Risk: Rethinking Portfolio Management

Table 28: Spearman correlation between physical risk and transition risk scores (MSCI
World Index, 2090 medium and high scenarios)

Scenario Statistic (in %) CI1 CI2 CIup
3 CIdown

3 CI1−3 GI

Medium ρ (PE ,T R) −0.08 3.51 2.76 5.37 6.70 −5.17
p-value 97.54 20.18 31.62 5.07 1.49 6.03

High ρ (PE ,T R) −1.74 1.28 1.74 4.77 5.98 −4.83
p-value 52.61 64.28 52.64 8.29 2.98 7.93

Medium ρ (SE,T R) 69.16 62.29 55.77 7.23 25.30 37.06
p-value 0.00 0.00 0.00 0.85 0.00 0.00

High ρ (SE,T R) 69.00 62.38 55.77 6.60 24.64 37.37
p-value 0.00 0.00 0.00 1.64 0.00 0.00

Table 29: Weighted mean of climate risk measures per country (MSCI World Index, medium
scenario)

Country nk bk CI1−3,k PE2030
k SE2030

k PE2090
k SE2090

k GIk

Australia 47.0 1.6 2 252 58.9 28.2 71.0 35.0 2.6
Austria 3.0 0.1 2 747 52.9 22.5 67.6 30.4 5.4
Belgium 11.0 0.3 1 195 59.7 24.3 72.5 32.4 2.4
Canada 83.0 3.3 1 947 55.8 28.0 68.7 36.4 8.8
Denmark 15.0 0.4 902 54.5 25.2 67.7 34.4 14.5
Finland 13.0 0.3 1 352 52.9 23.6 66.6 31.7 13.3
France 57.0 2.7 1 469 57.3 27.4 70.5 36.6 13.5
Germany 54.0 2.3 2 850 56.5 22.5 69.6 30.1 15.0
Hong Kong 27.0 0.5 930 55.9 24.2 68.9 32.4 11.8
Ireland 5.0 0.1 1 108 54.1 23.0 67.1 30.6 11.4
Israel 15.0 0.3 911 64.5 20.4 75.1 27.3 1.1
Italy 25.0 0.8 2 197 57.9 23.3 70.5 30.2 8.7
Japan 180.0 5.5 2 635 55.1 26.3 67.5 34.9 11.9
Netherlands 27.0 1.2 653 56.9 20.6 69.7 28.6 0.8
New Zealand 5.0 0.0 345 50.9 36.1 66.2 50.4 22.2
Norway 11.0 0.1 2 135 51.6 24.1 65.6 33.3 15.4
Portugal 5.0 0.1 1 210 59.7 35.3 71.3 44.0 21.8
Singapore 17.0 0.4 1 515 56.0 26.4 72.2 38.7 9.8
Spain 19.0 0.9 1 520 63.8 28.5 74.8 36.9 9.1
Sweden 41.0 0.9 3 124 55.8 24.5 68.9 32.8 8.6
Switzerland 43.0 2.3 1 228 57.0 24.7 69.9 33.1 3.4
United Kingdom 73.0 3.6 1 533 57.2 26.3 70.1 34.6 4.0
United States 546.0 72.4 982 57.7 23.2 69.7 30.7 17.2
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Table 30: Estimates β̂k of the regression analysis using country dummies (MSCI World
Index, medium scenario)

Country CI1−3 PE2030 PE2090 SE2030 SE2090 GI
Intercept (USA) 1 413∗∗∗ 56.69∗∗∗ 68.97∗∗∗ 27.10∗∗∗ 35.38∗∗∗ 9.70∗∗∗

Australia 180 1.65∗∗∗ 1.76∗∗∗ 2.94 2.64 −3.78
Austria 663 −3.69 −1.63 1.90 3.95 6.26
Belgium −224 2.31∗ 2.58∗∗∗ −2.29 −2.20 −0.09
Canada 834∗ −0.77 0.17 4.56∗∗∗ 6.15∗∗∗ 0.29
Denmark −469 −3.42∗∗∗ −2.03∗∗ 0.16 1.22 13.28∗∗

Finland −413 −4.76∗∗∗ −3.35∗∗∗ 1.36 3.46 7.01
France 97 0.03 1.60∗∗∗ 1.63 3.28 9.13∗∗∗

Germany 345 −0.22 0.55 −1.22 −0.90 −0.45
Hong Kong −325 −1.09 0.52 7.64∗∗∗ 10.88∗∗∗ 10.19∗∗

Ireland −371 −2.89 −1.97 −3.70 −4.18 7.78
Israel −657 6.98∗∗∗ 5.43∗∗∗ −4.10 −5.05 −6.90
Italy 429 2.31∗∗∗ 2.43∗∗∗ −1.90 −2.30 −1.03
Japan 544∗ −2.64∗∗∗ −2.36∗∗∗ 2.13∗∗ 3.29∗∗ 1.93
Netherlands −559 −1.13 0.15 −6.18∗∗ −6.87∗∗ −7.51∗

New Zealand −1 040 −7.49∗∗∗ −3.97∗∗∗ 9.30∗ 15.82∗∗ 22.39∗∗

Norway 515 −6.14∗∗∗ −4.42∗∗∗ 0.26 2.25 11.53∗

Portugal −202 2.91 2.23 6.10 6.22 18.03∗

Singapore 168 −1.98∗∗ 2.27∗∗∗ 4.54 9.38∗∗ 13.10∗∗

Spain −186 6.52∗∗∗ 5.61∗∗∗ 3.84 4.09 3.10
Sweden 1 055∗ −1.66∗∗ −0.55 2.43 4.01 2.93
Switzerland −352 −0.70 0.16 0.74 1.41 −3.60
United Kingdom 319 0.37 0.92∗∗ 1.90 2.51 −1.00
R̄2

c −0.64% 15.84% 18.03% 1.59% 2.38% 2.08
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Table 31: Estimates β̂j and β̂k of the regression analysis (MSCI World Index, medium
scenario)

Country CI1−3 PE2030 PE2090 SE2030 SE2090 GI
Intercept (Fin/USA) 2 022∗∗∗ 56.80∗∗∗ 69.03∗∗∗ 12.46∗∗∗ 16.28∗∗∗ −0.63
Communication Services −1 945∗∗∗ −0.40 −0.19 8.59∗∗∗ 12.12∗∗∗ 0.48
Consumer Discretionary −1 498∗∗∗ −0.46 −0.34 18.57∗∗∗ 24.29∗∗∗ 8.00∗∗∗

Consumer Staples −1 510∗∗∗ −0.51 −0.24 19.33∗∗∗ 25.42∗∗∗ 1.96
Energy 3 042∗∗∗ 0.28 −0.88 22.29∗∗∗ 27.56∗∗∗ 6.78∗∗

Health Care −1 904∗∗∗ 0.47 0.44 14.51∗∗∗ 19.18∗∗∗ 0.63
Industrials 1 195∗∗∗ 0.06 0.17 17.09∗∗∗ 22.59∗∗∗ 17.23∗∗∗

Information Technology −1 773∗∗∗ −0.34 −0.06 10.60∗∗∗ 14.45∗∗∗ 12.42∗∗∗

Materials −351 2.39∗∗∗ 1.92∗∗∗ 29.59∗∗∗ 36.21∗∗∗ 15.75∗∗∗

Real Estate −1 669∗∗∗ −1.81∗∗∗ −1.45∗∗∗ 20.48∗∗∗ 27.24∗∗∗ 28.69∗∗∗

Utilities 254 −0.81 −0.79 28.09∗∗∗ 35.14∗∗∗ 31.74∗∗∗

Australia 68 1.35∗∗ 1.54∗∗∗ 2.29 2.13 −3.27
Austria −1 044 −3.62 −1.14 −0.25 2.16 3.75
Belgium −67 2.10 2.41∗∗ −0.72 0.10 4.72
Canada 58 −1.15∗∗ 0.01 2.44∗∗ 3.97∗∗∗ 0.10
Denmark −761 −3.72∗∗∗ −2.31∗∗∗ −1.13 −0.39 13.87∗∗∗

Finland −948 −5.16∗∗∗ −3.61∗∗∗ −0.45 1.49 6.78
France −61 0.02 1.56∗∗∗ 0.61 1.91 8.54∗∗∗

Germany 370 −0.38 0.39 −2.37 −2.35 −0.04
Hong Kong −503 −0.50 1.00 5.85∗∗∗ 8.50∗∗∗ 2.80
Ireland −1 155 −2.92 −2.05 0.24 0.81 10.83
Israel −374 6.93∗∗∗ 5.32∗∗∗ 0.86 1.26 −5.70
Italy −77 2.36∗∗∗ 2.57∗∗∗ 1.95 2.91 2.47
Japan 481 −2.67∗∗∗ −2.43∗∗∗ 1.69∗∗ 2.64∗∗∗ 2.06
Netherlands −615 −1.27 −0.03 −3.51∗∗ −3.44 −3.63
New Zealand −1 608 −7.38∗∗∗ −3.83∗∗∗ 6.38 12.52∗∗∗ 16.45
Norway −102 −6.57∗∗∗ −4.60∗∗∗ −2.13 −0.32 15.62∗∗∗

Portugal −1 218 3.17 2.71 1.18 0.67 13.91
Singapore −132 −1.64 2.52∗∗∗ 5.07∗∗ 9.91∗∗∗ 10.35∗∗

Spain −796 6.62∗∗∗ 5.76∗∗∗ 4.18∗∗ 4.75 1.84
Sweden 386 −1.82∗∗∗ −0.73 3.12∗∗ 4.80∗∗∗ 1.63
Switzerland −371 −1.10 −0.19 0.37 1.12 −1.25
United Kingdom 192 0.28 0.85∗∗ 1.39 2.00 0.39
R̄2

c 11.85% 18.58% 20.97% 48.81% 52.07% 21.18%
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Table 32: Overlap (in %) between transition and physical risk-managed tracking portfolios
(MSCI World Index, 2090 medium scenario)

PE
R = 0% R = 5% R = 10% R = 15% R = 20% R = 25%

CI1−3

R = 0% 100.0 57.8 24.9 8.3 0.8 0.5
R = 20% 93.3 59.7 25.5 8.5 0.9 0.6
R = 40% 90.2 59.7 25.7 8.6 0.9 0.6
R = 60% 85.3 57.6 25.4 8.4 0.9 0.5
R = 80% 72.0 54.4 26.0 8.6 1.0 0.5

SE
R = 0% R = 10% R = 20% R = 40% R = 60% R = 80%

CI1−3

R = 0% 100.0 87.7 82.5 63.8 40.2 13.3
R = 20% 93.3 90.2 81.6 63.3 39.9 13.3
R = 40% 90.2 89.2 80.7 62.9 40.1 13.6
R = 60% 85.3 84.6 79.4 62.8 40.7 14.2
R = 80% 72.0 74.3 71.3 59.1 39.7 14.9

Table 33: Correlation (in %) between transition and physical risk-managed tracking portfo-
lios (MSCI World Index, 2030 medium scenario)

PE
R = 0% R = 5% R = 10% R = 15% R = 20% R = 25%

CI1−3

R = 0% 100.0 99.9 99.4 98.0 93.7 81.2
R = 20% 100.0 99.9 99.5 98.0 93.7 81.2
R = 40% 100.0 99.9 99.5 98.0 93.7 81.3
R = 60% 100.0 99.9 99.4 98.0 93.7 81.2
R = 80% 99.9 99.9 99.4 98.0 93.7 81.2

SE
R = 0% R = 10% R = 20% R = 40% R = 60% R = 80%

CI1−3

R = 0% 100.0 100.0 100.0 99.9 99.5 97.0
R = 20% 100.0 100.0 100.0 99.9 99.5 97.0
R = 40% 100.0 100.0 100.0 99.9 99.5 97.1
R = 60% 100.0 100.0 100.0 99.9 99.5 97.0
R = 80% 99.9 99.9 99.9 99.8 99.5 97.0

Table 34: Correlation (in %) between transition and physical risk-managed tracking portfo-
lios (MSCI World Index, 2090 medium scenario)

PE
R = 0% R = 5% R = 10% R = 15% R = 20% R = 25%

CI1−3

R = 0% 100.0 99.7 98.1 91.0 67.2 36.9
R = 20% 100.0 99.7 98.2 91.1 67.2 36.9
R = 40% 100.0 99.8 98.2 91.1 67.2 36.9
R = 60% 100.0 99.7 98.1 91.0 67.1 36.8
R = 80% 99.9 99.7 98.1 91.0 67.1 36.8

SE
R = 0% R = 10% R = 20% R = 40% R = 60% R = 80%

CI1−3

R = 0% 100.0 100.0 100.0 99.9 99.4 96.9
R = 20% 100.0 100.0 100.0 99.9 99.4 96.9
R = 40% 100.0 100.0 100.0 99.9 99.5 96.9
R = 60% 100.0 100.0 100.0 99.9 99.5 96.9
R = 80% 99.9 99.9 99.9 99.8 99.4 96.9
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Table 35: Sector allocation (in %) with constraints onPE (MSCI World Index, 2090 medium
scenario)

R 0% 5% 10% 15% 20% 25%
Communication Services 8.67 8.17 3.66 0.00 0.00 0.00
Consumer Discretionary 9.93 9.57 8.00 5.48 2.75 0.00
Consumer Staples 5.46 4.38 5.53 6.11 4.54 0.00
Energy 3.53 5.07 9.33 19.02 36.54 72.35
Financials 16.40 15.04 18.24 23.91 27.13 22.87
Health Care 9.97 4.60 3.77 5.57 5.97 0.00
Industrials 10.94 10.50 6.39 1.79 0.00 0.00
Information Technology 27.39 25.99 18.84 9.60 4.64 2.71
Materials 3.12 3.79 4.58 4.41 3.20 0.00
Real Estate 1.88 5.94 8.86 8.84 8.09 0.00
Utilities 2.70 6.95 12.79 15.26 7.14 2.07

Table 36: Sector allocation (in %) with constraints on SE (MSCI World Index, 2090 medium
scenario)

R 0% 10% 20% 40% 60% 80%
Communication Services 8.67 9.10 9.19 8.72 6.46 1.48
Consumer Discretionary 9.93 9.07 8.10 6.52 4.01 0.25
Consumer Staples 5.46 4.66 4.11 1.54 0.40 0.02
Energy 3.53 2.64 2.13 0.52 0.00 0.01
Financials 16.40 22.00 28.55 44.17 61.62 84.74
Health Care 9.97 9.41 9.44 7.15 3.30 0.43
Industrials 10.94 10.07 8.03 3.82 1.70 3.82
Information Technology 27.39 27.62 27.74 26.68 22.50 9.24
Materials 3.12 2.05 0.92 0.21 0.00 0.01
Real Estate 1.88 1.76 1.04 0.49 0.00 0.01
Utilities 2.70 1.62 0.74 0.18 0.00 0.01

Table 37: Regional allocation (in %) with constraints on PE (MSCI World Index, 2090
medium scenario)

R 0% 5% 10% 15% 20% 25%
Canada 3.31 7.73 11.44 10.53 5.81 0.00
Europe 16.04 15.68 18.61 28.86 45.61 74.42
Japan 5.45 11.52 9.48 4.53 2.75 0.00
USA 72.38 62.26 56.74 52.15 45.83 25.58
Others 2.82 2.81 3.73 3.95 0.00 0.00

Table 38: Regional allocation (in %) with constraints on SE (MSCI World Index, 2090
medium scenario)

R 0% 10% 20% 40% 60% 80%
Canada 3.31 3.58 3.84 5.12 5.57 5.93
Europe 16.04 18.30 18.03 19.76 21.92 32.80
Japan 5.45 6.14 5.20 4.43 2.22 0.67
USA 72.38 68.41 69.66 66.54 65.93 56.56
Others 2.82 3.56 3.27 4.15 4.35 4.04
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B.2 MSCI EM Index

Table 39: Statistics of the exposure and sensitivity scores (MSCI EM Index)

Metric Statistic Medium scenario High scenario
2030 2050 2090 2030 2050 2090

PE

Mean 60.8 66.6 72.7 62.4 71.2 82.7
Q1 57.0 63.0 69.0 66.0 74.0 85.0
Q3 65.0 70.0 76.0 58.0 68.0 81.0

Q3 −Q1 8.0 7.0 7.0 8.0 6.0 4.0

SE

Mean 37.3 42.0 47.3 38.5 45.9 57.4
Q1 26.0 30.5 35.0 49.0 57.0 71.0
Q3 47.6 53.0 59.0 27.0 34.0 45.0

Q3 −Q1 21.6 22.5 24.0 22.0 23.0 26.0

Figure 15: Histograms of the exposure score PE (MSCI EM Index)
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Figure 16: Histograms of the sensitivity score SE (MSCI EM Index)

0 10 20 30 40 50 60 70 80
0

0.01

0.02

0.03

0.04

Medium scenario

0 10 20 30 40 50 60 70 80
0

0.01

0.02

0.03

0.04

High scenario

2030
2050
2090
Q5%

Q95%

Figure 17: Boxplot of the exposure score PE per GICS sector (MSCI EM Index, 2030
medium scenario)
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Figure 18: Boxplot of the sensitivity score SE per GICS sector (MSCI EM Index, 2030
medium scenario)
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Table 40: Pearson correlation between physical risk and transition risk scores (MSCI EM
Index, 2030 medium and high scenarios)

Scenario Statistic (in %) CI1 CI2 CIup
3 CIdown

3 CI1−3

Medium ρ (PE,T R) 11.45 10.39 2.51 1.40 4.63
p-value 0.01 0.03 38.49 62.94 10.97

High ρ (PE,T R) 11.65 10.53 2.77 1.13 4.44
p-value 0.01 0.03 33.85 69.59 12.52

Medium ρ (SE,T R) 30.17 31.12 46.19 2.33 11.92
p-value 0.00 0.00 0.00 42.02 0.00

High ρ (SE,T R) 29.76 31.10 46.34 2.26 11.75
p-value 0.00 0.00 0.00 43.56 0.00

Table 41: Spearman correlation between physical risk and transition risk scores (MSCI EM
Index, 2030 medium and high scenarios)

Scenario Statistic (in %) CI1 CI2 CIup
3 CIdown

3 CI1−3

Medium ρ (PE,T R) 10.31 11.71 3.28 4.49 8.00
p-value 0.04 0.00 25.67 12.10 0.56

High ρ (PE,T R) 10.59 11.45 3.59 4.69 8.36
p-value 0.02 0.01 21.43 10.48 0.38

Medium ρ (SE,T R) 66.87 60.14 62.25 −14.76 10.57
p-value 0.00 0.00 0.00 0.00 0.03

High ρ (SE,T R) 66.92 60.19 62.17 −14.80 10.64
p-value 0.00 0.00 0.00 0.00 0.02
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Table 42: Pearson correlation between physical risk and transition risk scores (MSCI EM
Index, 2090 medium and high scenarios)

Scenario Statistic (in %) CI1 CI2 CIup
3 CIdown

3 CI1−3

Medium ρ (PE,T R) 12.29 12.23 3.12 0.93 4.47
p-value 0.00 0.00 28.08 74.88 12.26

High ρ (PE,T R) 12.13 14.01 5.81 −0.30 3.37
p-value 0.00 0.00 4.44 91.76 24.35

Medium ρ (SE,T R) 27.42 30.10 46.55 1.83 10.72
p-value 0.00 0.00 0.00 52.71 0.02

High ρ (SE,T R) 24.87 28.93 47.01 1.44 9.68
p-value 0.00 0.00 0.00 61.97 0.08

Table 43: Spearman correlation between physical risk and transition risk scores (MSCI EM
Index, 2090 medium and high scenarios)

Scenario Statistic (in %) CI1 CI2 CIup
3 CIdown

3 CI1−3

Medium ρ (PE,T R) 14.06 12.89 4.36 5.61 10.13
p-value 0.00 0.00 13.22 5.26 0.05

High ρ (PE,T R) 15.16 11.26 6.35 1.64 6.29
p-value 0.00 0.01 2.81 57.13 2.97

Medium ρ (SE,T R) 66.83 60.35 62.08 −15.26 10.54
p-value 0.00 0.00 0.00 0.00 0.03

High ρ (SE,T R) 66.79 60.30 63.25 −17.32 8.69
p-value 0.00 0.00 0.00 0.00 0.26

Table 44: Weighted mean of climate risk measures per sector (MSCI EM Index, medium
scenario)

Sector nj bj CI1−3,j PE2030
j SE2030

j PE2090
j SE2090

j

Communication Services 58 9.5 111 57.3 18.9 70.7 25.6
Consumer Discretionary 117 12.0 943 62.0 33.1 73.1 42.4
Consumer Staples 84 3.8 563 60.7 42.9 72.4 53.8
Energy 48 3.9 6 751 62.9 47.1 73.7 57.2
Financials 246 22.2 2 242 62.5 19.9 73.5 27.2
Health Care 77 3.2 173 59.0 41.7 70.8 52.7
Industrials 172 7.1 5 901 59.6 39.0 71.7 49.9
Information Technology 169 27.7 383 61.4 43.2 72.7 53.7
Materials 129 6.9 2 989 64.4 52.9 75.5 63.3
Real Estate 34 1.4 627 64.5 42.3 75.5 52.9
Utilities 62 2.3 4 455 62.6 48.8 74.8 59.2

Table 45: Weighted mean of climate risk measures per region (MSCI EM Index, medium
scenario)

Region nk bk CI1−3,k PE2030
k SE2030

k PE2090
k SE2090

k

Africa 30 3.6 1 095 63.5 35.0 74.8 43.4
China 560 28.5 1 162 59.2 28.0 71.6 36.4
EM Europe 42 2.5 1 932 57.9 27.8 69.9 35.1
India 163 15.2 2 169 65.4 37.5 74.3 45.9
Latin America 85 7.4 2 270 58.6 33.6 72.3 44.5
Middle East 73 5.7 2 375 72.6 35.0 81.5 43.0
Others 243 37.1 1 896 60.4 40.4 72.2 50.8
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Table 46: Weighted mean of climate risk measures per country (MSCI EM Index, medium
scenario)

Country nk bk CI1−3,k PE2030
k SE2030

k PE2090
k SE2090

k

Brazil 45.0 4.4 2 954 54.6 28.3 69.7 39.4
Chile 12.0 0.5 1 546 68.2 39.1 77.7 48.1
China 560.0 28.5 1 162 59.2 28.0 71.6 36.4
Colombia 3.0 0.1 1 837 57.2 32.0 74.8 46.4
Czech Republic 3.0 0.1 2 174 54.0 34.2 68.0 43.9
Egypt 3.0 0.1 1 598 78.8 53.2 82.6 58.9
Greece 8.0 0.6 2 676 69.8 25.7 79.2 31.6
Hungary 3.0 0.3 1 932 50.9 25.0 65.7 32.2
India 163.0 15.2 2 169 65.4 37.5 74.3 45.9
Indonesia 18.0 1.2 4 797 58.9 38.8 74.8 53.0
Korea 82.0 12.8 3 153 56.8 34.6 69.9 45.2
Kuwait 7.0 0.7 1 994 70.6 27.6 80.3 36.0
Malaysia 27.0 1.2 2 540 52.4 33.9 71.4 50.2
Mexico 22.0 1.9 1 082 61.9 41.9 74.1 52.7
Peru 3.0 0.3 1 452 75.9 47.8 86.4 57.9
Philippines 11.0 0.4 1 085 61.2 38.7 75.1 53.3
Poland 16.0 1.0 1 363 49.6 25.0 62.7 32.3
Qatar 13.0 0.7 2 445 70.1 34.7 79.9 43.3
Saudi Arabia 36.0 2.9 2 762 74.0 36.2 82.0 43.1
South Africa 27.0 3.5 1 083 63.1 34.5 74.6 43.0
Taiwan 86.0 20.5 944 63.3 44.7 73.6 54.4
Thailand 19.0 1.0 1 367 56.5 35.4 69.6 47.3
Turkey 12.0 0.4 2 237 68.4 37.7 78.4 45.8
United Arab Emirates 17.0 1.4 1 751 72.2 36.5 82.0 46.2

Table 47: Estimates β̂j and β̂k of the regression analysis (MSCI EM Index, medium scenario)

Sector CI1−3 PE2030 PE2090 SE2030 SE2090

Intercept (Fin/China) 2 119∗∗∗ 58.64∗∗∗ 70.66∗∗∗ 17.99∗∗∗ 25.14∗∗∗

Communication Services −2 146∗∗∗ −0.94 −0.21 8.09∗∗∗ 10.10∗∗∗

Consumer Discretionary −1 142∗ −0.22 0.15 18.13∗∗∗ 21.92∗∗∗

Consumer Staples −1 521∗∗ 0.31 0.77 26.06∗∗∗ 30.61∗∗∗

Energy 8 126∗∗∗ 1.53∗ 1.59∗∗ 26.89∗∗∗ 30.68∗∗∗

Health Care −2 093∗∗∗ −0.57 −0.23 23.37∗∗∗ 27.18∗∗∗

Industrials 1 396∗∗ −0.05 0.34 19.95∗∗∗ 23.80∗∗∗

Information Technology −1 945∗∗∗ 0.50 0.72∗ 20.14∗∗∗ 24.19∗∗∗

Materials 487 3.10∗∗∗ 2.97∗∗∗ 33.14∗∗∗ 37.05∗∗∗

Real Estate −1 458 −0.31 0.19 22.14∗∗∗ 26.42∗∗∗

Utilities 2 621∗∗∗ 1.93∗∗ 2.62∗∗∗ 30.50∗∗∗ 34.31∗∗∗

Africa −615 5.52∗∗∗ 4.02∗∗∗ 1.85 0.27
EM Europe −761 0.43 −0.09 −0.51 −2.25
India 212 6.15∗∗∗ 2.90∗∗∗ 5.13∗∗∗ 3.55∗∗∗

Latin America −1 109∗ −0.42 1.06∗∗ −3.15∗∗∗ −2.47∗∗

Middle East −344 13.85∗∗∗ 10.75∗∗∗ 7.85∗∗∗ 6.98∗∗∗

Others 1 118∗∗ −0.47 0.22 0.99 1.82∗∗

R̄2
c 12.47% 33.64% 31.42% 56.82% 57.51%
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Table 48: Estimates β̂k of the regression analysis using region dummies (MSCI EM Index,
medium scenario)

Region CI1−3 PE2030 PE2090 SE2030 SE2090 GI
Intercept (China) 1 907∗∗∗ 59.14∗∗∗ 71.41∗∗∗ 37.11∗∗∗ 47.51∗∗∗

Africa −746 5.79∗∗∗ 4.19∗∗∗ −1.08 −3.45
EM Europe −100 0.23 −0.31 −6.47∗∗∗ −9.25∗∗∗

India 523 6.13∗∗∗ 2.88∗∗∗ 4.69∗∗∗ 2.98∗∗

Latin America −445 −0.18 1.34∗∗∗ −3.06∗ −2.66
Middle East 368 13.73∗∗∗ 10.59∗∗∗ 2.44 0.55
Others 1 119∗∗ −0.66 0.06 −0.86 −0.20
R̄2

c 0.22% 31.58% 27.87% 2.25% 1.43%

Table 49: Estimates β̂k of the regression analysis using country dummies (MSCI EM Index,
medium scenario)

Region CI1−3 PE2030 PE2090 SE2030 SE2090

Intercept (China) 1 907∗∗∗ 59.14∗∗∗ 71.41∗∗∗ 37.11∗∗∗ 47.51∗∗∗

Brazil −103 −4.63∗∗∗ −1.41∗∗ −8.98∗∗∗ −8.27∗∗∗

Chile −690 8.44∗∗∗ 6.00∗∗∗ 4.81 3.65
Colombia −296 −1.14 3.92∗ −6.44 −2.85
Czech Republic 247 −5.81∗∗ −4.08∗ −9.78 −12.51
Egypt −915 20.52∗∗∗ 11.92∗∗∗ 16.56∗∗ 11.49
Greece −102 11.36∗∗∗ 8.21∗∗∗ −7.61 −11.89∗∗

Hungary −288 −6.81∗∗ −4.75∗∗ −5.78 −6.85
India 523 6.13∗∗∗ 2.88∗∗∗ 4.69∗∗∗ 2.98∗∗

Indonesia 4 407∗∗∗ 0.58 3.90∗∗∗ 5.95∗ 9.67∗∗

Korea 2 207∗∗∗ −3.67∗∗∗ −3.11∗∗∗ −4.55∗∗∗ −4.94∗∗∗

Kuwait −276 12.00∗∗∗ 9.87∗∗∗ −0.83 −1.80
Malaysia 148 −6.51∗∗∗ 0.03 −0.85 4.82
Mexico −986 1.90∗ 2.13∗∗∗ 2.57 2.90
Peru −775 17.86∗∗∗ 15.59∗∗∗ 16.22∗∗ 15.49∗

Philippines −735 4.13∗∗∗ 4.86∗∗∗ 3.80 7.12
Poland −732 −8.85∗∗∗ −8.14∗∗∗ −9.99∗∗∗ −12.90∗∗∗

Qatar 925 13.16∗∗∗ 10.36∗∗∗ 3.58 2.03
Saudi Arabia 374 14.15∗∗∗ 10.15∗∗∗ 0.37 −2.86
South Africa −727 4.15∗∗∗ 3.33∗∗∗ −3.04 −5.10
Taiwan 239 3.50∗∗∗ 2.01∗∗∗ 0.94 −0.02
Thailand −254 −2.04∗ −1.47∗ −2.22 −1.30
Turkey 703 8.19∗∗∗ 6.50∗∗∗ −0.36 −2.43
United Arab Emirates 195 13.97∗∗∗ 12.00∗∗∗ 7.30∗∗ 7.61∗

R̄2
c −0.06% 49.83% 45.44% 4.58% 3.75%
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Table 50: Estimates β̂j and β̂k of the regression analysis (MSCI EM Index, medium scenario)

Sector CI1−3 PE2030 PE2090 SE2030 SE2090

Intercept (Fin/China) 2 144∗∗∗ 58.77∗∗∗ 70.63∗∗∗ 17.89∗∗∗ 24.86∗∗∗

Communication Services −2 125∗∗ −0.61 −0.08 8.42∗∗∗ 10.29∗∗∗

Consumer Discretionary −1 178∗ −0.26 0.25 18.36∗∗∗ 22.33∗∗∗

Consumer Staples −1 568∗∗ 0.59 0.93∗∗ 26.05∗∗∗ 30.51∗∗∗

Energy 8 110∗∗∗ 2.17∗∗∗ 1.93∗∗∗ 27.30∗∗∗ 30.91∗∗∗

Health Care −2 107∗∗∗ −0.28 0.16 24.00∗∗∗ 28.05∗∗∗

Industrials 1 304∗∗ 0.03 0.60∗ 20.31∗∗∗ 24.44∗∗∗

Information Technology −1 967∗∗∗ −0.48 0.45 19.94∗∗∗ 24.68∗∗∗

Materials 411 2.79∗∗∗ 2.78∗∗∗ 33.06∗∗∗ 37.10∗∗∗

Real Estate −1 278 −1.42 −0.54 20.62∗∗∗ 24.83∗∗∗

Utilities 2 723∗∗∗ 2.83∗∗∗ 2.94∗∗∗ 31.05∗∗∗ 34.40∗∗∗

Brazil −1 290 −5.28∗∗∗ −1.83∗∗∗ −8.15∗∗∗ −6.67∗∗∗

Chile −1 124 7.99∗∗∗ 5.70∗∗∗ 4.70∗ 4.02
Colombia −1 440 −1.71 3.72∗ 2.43 8.34
Czech Republic −897 −6.38∗∗ −4.28∗∗ −0.91 −1.33
Egypt −203 21.17∗∗∗ 12.57∗∗∗ 20.22∗∗∗ 15.69∗∗∗

Greece −119 11.52∗∗∗ 8.57∗∗∗ 2.09 −0.40
Hungary −2 526 −7.07∗∗∗ −4.66∗∗ −3.66 −3.85
India 210 6.03∗∗∗ 2.86∗∗∗ 5.11∗∗∗ 3.62∗∗∗

Indonesia 2 949∗∗ −0.24 3.38∗∗∗ 4.59∗∗ 8.75∗∗∗

Korea 1 907∗∗∗ −3.42∗∗∗ −2.88∗∗∗ −2.77∗∗ −3.07∗∗

Kuwait −27 12.66∗∗∗ 10.74∗∗∗ 14.25∗∗∗ 15.84∗∗∗

Malaysia 103 −6.76∗∗∗ −0.08 0.74 7.05∗∗∗

Mexico −721 1.80∗ 2.07∗∗∗ −0.25 −0.27
Peru −1 286 16.37∗∗∗ 14.51∗∗∗ 13.40∗∗ 13.41∗∗

Philippines −1 042 4.57∗∗∗ 5.29∗∗∗ 8.47∗∗∗ 12.50∗∗∗

Poland −1 203 −8.95∗∗∗ −8.03∗∗∗ −4.98∗∗ −6.82∗∗∗

Qatar −640 12.93∗∗∗ 10.40∗∗∗ 9.87∗∗∗ 9.84∗∗∗

Saudi Arabia 84 14.03∗∗∗ 10.21∗∗∗ 4.50∗∗∗ 2.30
South Africa −668 3.75∗∗∗ 3.17∗∗∗ −0.01 −1.08
Taiwan 975 3.93∗∗∗ 2.27∗∗∗ 3.35∗∗∗ 2.30∗

Thailand −652 −2.08∗ −1.39∗ −0.94 0.41
Turkey −164 8.17∗∗∗ 6.65∗∗∗ 4.35 3.19
United Arab Emirates −1 297 14.11∗∗∗ 12.26∗∗∗ 11.19∗∗∗ 12.29∗∗∗

R̄2
c 11.91% 52.44% 49.02% 59.56% 60.40%
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Table 51: Overlap (in %) between transition and physical risk-managed tracking portfolios
(MSCI EM Index, 2090 medium scenario)

PE
R = 0% R = 5% R = 10% R = 15% R = 20% R = 25%

CI1−3

R = 0% 100.0 68.3 38.8 18.6 3.2 0.4
R = 20% 92.1 69.7 39.0 18.6 3.1 0.4
R = 40% 93.2 69.1 38.7 18.5 3.1 0.4
R = 60% 83.0 66.8 38.0 17.9 2.7 0.4
R = 80% 66.3 59.4 36.6 17.1 2.2 0.4

SE
R = 0% R = 10% R = 20% R = 40% R = 60% R = 80%

CI1−3

R = 0% 100.0 86.1 74.9 49.5 24.1 8.0
R = 20% 92.1 87.1 74.8 49.4 23.9 7.7
R = 40% 93.2 86.1 74.6 49.2 24.0 7.9
R = 60% 83.0 79.3 70.0 47.3 23.8 8.2
R = 80% 66.3 64.5 59.8 42.5 24.2 9.0

Table 52: Correlation (in %) between transition and physical risk-managed tracking portfo-
lios (MSCI EM Index, 2030 medium scenario)

PE
R = 0% R = 5% R = 10% R = 15% R = 20% R = 25%

CI1−3

R = 0% 100.0 100.0 99.7 99.0 96.3 89.8
R = 20% 100.0 100.0 99.8 99.0 96.4 89.8
R = 40% 100.0 100.0 99.7 99.0 96.3 89.7
R = 60% 100.0 99.9 99.7 99.0 96.3 89.7
R = 80% 99.9 99.8 99.7 98.9 96.2 89.5

SE
R = 0% R = 10% R = 20% R = 40% R = 60% R = 80%

CI1−3

R = 0% 100.0 100.0 99.9 99.6 97.6 90.2
R = 20% 100.0 100.0 99.9 99.6 97.6 90.2
R = 40% 100.0 100.0 99.9 99.6 97.6 90.2
R = 60% 100.0 100.0 99.9 99.6 97.6 90.3
R = 80% 99.9 99.9 99.8 99.5 97.6 90.3

Table 53: Correlation (in %) between transition and physical risk-managed tracking portfo-
lios (MSCI EM Index, 2090 medium scenario)

PE
R = 0% R = 5% R = 10% R = 15% R = 20% R = 25%

CI1−3

R = 0% 100.0 99.9 98.7 93.9 80.7 53.8
R = 20% 100.0 99.9 98.7 93.9 80.8 53.9
R = 40% 100.0 99.9 98.7 93.9 80.7 53.8
R = 60% 100.0 99.8 98.7 93.8 80.7 53.8
R = 80% 99.9 99.8 98.6 93.7 80.6 53.7

SE
R = 0% R = 10% R = 20% R = 40% R = 60% R = 80%

CI1−3

R = 0% 100.0 100.0 99.9 99.5 97.3 88.5
R = 20% 100.0 100.0 99.9 99.5 97.3 88.5
R = 40% 100.0 100.0 99.9 99.5 97.3 88.5
R = 60% 100.0 100.0 99.9 99.5 97.3 88.6
R = 80% 99.9 99.9 99.8 99.4 97.3 88.6
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Table 54: Number of invested stocks (MSCI EM Index)

R CI PE SE
Medium High Medium High

2030 2090 2030 2090 2030 2090 2030 2090
0% 1 196 1 196 1 196 1 196 1 196 1 196 1 196 1 196 1 196
5% 1 196 1 115 1 167 1 194 447 1 196 1 196 1 196 1 196

10% 1 196 1 196 296 1 196 72 1 196 1 196 1 196 1 196
15% 1 196 536 211 296 5 1 196 1 196 1 196 1 196
20% 1 196 156 38 104 1 196 1 196 1 196 1 196
25% 1 195 109 7 55 874 1 196 1 196 1 196
40% 1 191 2 346 1 056 625 924
60% 1 160 144 177 229 118
80% 782 44 32 38 28

Table 55: Sector allocation (in %) with constraints on CI1−3 (MSCI EM Index)

R 0% 10% 20% 40% 60% 80%
Communication Services 9.51 9.18 9.34 10.18 11.93 15.57
Consumer Discretionary 12.04 12.11 12.18 12.47 12.95 12.69
Consumer Staples 3.75 3.72 3.82 4.45 5.63 6.65
Energy 3.92 3.47 3.35 2.89 2.01 1.17
Financials 22.24 20.13 20.37 20.40 16.44 10.03
Health Care 3.25 3.59 3.64 4.10 5.77 9.24
Industrials 7.09 8.02 7.74 6.78 5.81 4.08
Information Technology 27.67 28.44 28.52 28.87 30.64 33.21
Materials 6.86 7.31 7.15 6.32 4.87 3.17
Real Estate 1.36 1.53 1.53 1.64 2.04 2.02
Utilities 2.32 2.50 2.35 1.90 1.91 2.15

Table 56: Sector allocation (in %) with constraints on PE (MSCI EM Index, 2030 medium
scenario)

R 0% 5% 10% 15% 20% 25%
Communication Services 9.51 9.66 10.44 10.91 10.51 8.60
Consumer Discretionary 12.04 11.62 11.28 10.59 8.08 7.99
Consumer Staples 3.75 4.32 4.73 4.96 3.43 0.99
Energy 3.92 3.43 3.60 5.65 8.56 11.53
Financials 22.24 21.72 19.82 19.60 18.62 16.85
Health Care 3.25 3.71 3.76 3.80 5.46 7.48
Industrials 7.09 8.17 10.14 12.58 18.40 25.79
Information Technology 27.67 27.72 25.70 20.97 14.32 6.20
Materials 6.86 5.79 5.70 5.24 5.11 6.26
Real Estate 1.36 1.22 1.45 1.19 0.80 0.28
Utilities 2.32 2.66 3.39 4.51 6.71 8.02
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Table 57: Sector allocation (in %) with constraints on SE (MSCI EM Index, 2030 medium
scenario)

R 0% 10% 20% 40% 60% 80%
Communication Services 9.51 9.62 9.77 10.73 15.06 18.16
Consumer Discretionary 12.04 11.45 10.65 8.53 6.48 2.94
Consumer Staples 3.75 2.44 1.34 0.39 0.60 0.00
Energy 3.92 2.69 1.60 0.09 0.00 0.00
Financials 22.24 29.76 39.12 58.90 70.05 78.88
Health Care 3.25 2.72 2.06 0.56 0.00 0.00
Industrials 7.09 6.81 5.37 1.67 0.57 0.01
Information Technology 27.67 27.43 25.84 18.80 7.23 0.01
Materials 6.86 4.57 2.62 0.12 0.00 0.00
Real Estate 1.36 1.05 0.68 0.04 0.00 0.00
Utilities 2.32 1.46 0.97 0.16 0.00 0.00

Table 58: Sector allocation (in %) with constraints on PE (MSCI EM Index, 2090 medium
scenario)

R 0% 5% 10% 15% 20% 25%
Communication Services 9.51 9.58 9.96 10.43 6.94 5.41
Consumer Discretionary 12.04 11.65 9.69 6.68 8.26 15.56
Consumer Staples 3.75 3.73 3.08 2.85 2.93 0.00
Energy 3.92 4.02 7.10 9.83 9.78 2.31
Financials 22.24 21.60 21.94 21.18 21.95 2.38
Health Care 3.25 4.30 4.51 6.94 8.67 0.00
Industrials 7.09 9.27 14.31 23.69 33.51 74.34
Information Technology 27.67 26.68 20.14 10.87 0.34 0.00
Materials 6.86 5.41 5.64 6.47 7.62 0.00
Real Estate 1.36 1.58 1.50 0.22 0.00 0.00
Utilities 2.32 2.17 2.12 0.85 0.00 0.00

Table 59: Sector allocation (in %) with constraints on SE (MSCI EM Index, 2090 medium
scenario)

R 0% 10% 20% 40% 60% 80%
Communication Services 9.51 9.52 9.71 11.14 14.93 15.41
Consumer Discretionary 12.04 11.34 10.45 8.25 6.76 3.37
Consumer Staples 3.75 2.27 1.22 0.57 0.72 0.00
Energy 3.92 2.56 1.54 0.10 0.00 0.00
Financials 22.24 30.84 40.89 59.91 70.65 81.22
Health Care 3.25 2.64 1.89 0.42 0.01 0.00
Industrials 7.09 6.62 4.93 1.35 0.19 0.00
Information Technology 27.67 27.27 25.40 17.81 6.72 0.00
Materials 6.86 4.49 2.52 0.20 0.01 0.00
Real Estate 1.36 1.04 0.62 0.09 0.00 0.00
Utilities 2.32 1.40 0.83 0.14 0.01 0.00
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Table 60: Regional allocation (in %) with constraints on CI1−3 (MSCI EM Index)

R 0% 10% 20% 40% 60% 80%
Africa 3.63 3.37 3.42 3.66 3.74 3.62
China 28.52 34.51 33.81 31.39 32.82 34.78
EM Europe 2.47 2.32 2.34 2.36 2.07 1.91
India 15.24 13.21 13.54 14.63 15.01 14.47
Latin America 7.37 6.81 6.92 7.24 6.74 5.69
Middle East 5.72 4.58 4.73 5.04 3.85 3.40
Others 37.05 35.20 35.24 35.68 35.77 36.14

Table 61: Regional allocation (in %) with constraints onPE (MSCI EM Index, 2030 medium
scenario)

R 0% 5% 10% 15% 20% 25%
Africa 3.63 3.11 1.83 0.75 0.00 0.00
China 28.52 33.95 36.59 34.64 34.93 36.83
EM Europe 2.47 3.13 5.28 8.46 11.59 12.17
India 15.24 10.02 2.82 1.49 0.66 0.27
Latin America 7.37 8.30 8.15 6.45 8.73 12.85
Middle East 5.72 0.97 0.20 0.02 0.00 0.00
Others 37.05 40.52 45.13 48.20 44.09 37.89

Table 62: Regional allocation (in %) with constraints on SE (MSCI EM Index, 2030 medium
scenario)

R 0% 10% 20% 40% 60% 80%
Africa 3.63 3.67 3.83 4.45 6.57 8.24
China 28.52 33.45 36.24 42.70 43.06 29.23
EM Europe 2.47 2.72 3.20 4.57 4.99 2.09
India 15.24 12.15 10.89 8.54 6.34 12.74
Latin America 7.37 7.04 6.40 5.57 7.22 14.46
Middle East 5.72 5.09 4.77 3.60 3.59 1.91
Others 37.05 35.88 34.68 30.57 28.22 31.34

Table 63: Regional allocation (in %) with constraints onPE (MSCI EM Index, 2090 medium
scenario)

R 0% 5% 10% 15% 20% 25%
Africa 3.63 2.13 1.13 0.01 0.00 0.00
China 28.52 39.64 39.23 38.36 39.71 47.71
EM Europe 2.47 5.28 13.11 19.83 22.94 7.79
India 15.24 7.79 2.66 0.09 0.00 0.00
Latin America 7.37 7.05 5.32 6.75 4.20 0.00
Middle East 5.72 0.11 0.00 0.01 0.00 0.00
Others 37.05 37.99 38.55 34.95 33.15 44.50
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Table 64: Regional allocation (in %) with constraints on SE (MSCI EM Index, 2090 medium
scenario)

R 0% 10% 20% 40% 60% 80%
Africa 3.63 3.72 3.94 4.55 6.78 9.42
China 28.52 34.32 36.86 43.28 41.22 26.51
EM Europe 2.47 2.88 3.55 5.47 6.35 2.72
India 15.24 12.18 11.07 7.72 6.59 14.98
Latin America 7.37 6.69 5.88 4.87 6.30 15.02
Middle East 5.72 5.18 5.01 4.17 4.18 1.43
Others 37.05 35.04 33.68 29.95 28.59 29.92
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B.3 Strategic asset allocation

Figure 19: ND-GAIN vulnerability score (2023)

Source: ND-GAIN (2025) & Authors’ calculations (created by Datawrapper).
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Figure 20: Mean-variance efficient frontier (Portfolio #2, R = 10%)
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Figure 21: Mean-variance efficient frontier (Portfolio #3, R = 10%)
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Figure 22: Mean-variance efficient frontier (Portfolio #4, R = 10%)
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Figure 23: Mean-variance efficient frontier (Portfolio #5, R = 10%)
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Figure 24: Mean-variance efficient frontier (Portfolio #6, R = 10%)
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Figure 25: Financial cost Cost (R) of physical risk (Portfolio #2)
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Figure 26: Financial cost Cost (R) of physical risk (Portfolio #3)
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Figure 27: Financial cost Cost (R) of physical risk (Portfolio #4)
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Figure 28: Financial cost Cost (R) of physical risk (Portfolio #5)
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Figure 29: Financial cost Cost (R) of physical risk (Portfolio #6)
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