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1 Introduction

1.1 Introduction and Background

Climate change is profoundly reshaping businesses. As companies face both transforma-
tive opportunities and destructive risks, business operations must undergo signi�cant
adjustments. The real estate sector holds a crucial position in this transition. Account-
ing for approximately 38% of global Greenhouse Gas (GHG) emissions (European
Commission, 2019), the industry is one of the largest contributors to climate change.
Consequently, it has become a primary target for regulatory interventions aimed at
achieving the Paris Agreement's climate goals (IPCC, 2022; European Commission,
2012), as well as a focal point for Non Governmental Organisations ( NGO) advocating
for more decisive climate action. In addition to regulatory pressure to transition towards
a decarbonized industry, rising global temperatures have led to an increase in both the
frequency and intensity of natural hazards (IPCC, 2021). According to the European
Environmental Agency ( EEA), economic damages from coastal �ooding alone could
exceed EUR 1 trillion per year if no preventive measures are taken (Agency, 2024), with
a signi�cant portion of these damages affecting real estate and infrastructure. Recent
major natural disasters, such as the �oods in the Ahrtal in Germany (2021), the Valencia
region in Spain (2024), or the severe wild�res in Los Angeles (2024), highlight the
vulnerability of the built environment to climate-related damages.

The rati�cation of the Paris Agreement, with its goal of limiting global warming to well
below 2°C (preferably 1.5°C), has heightened awareness of climate risks among both
regulators and businesses. This has led to a series of initiatives aimed at mitigating
these risks, including regulatory directives such as the EU Corporate Sustainability
Reporting Directive ( CSRD) or voluntary Net Zero commitments. However, many of
these actions have been criticized for their inef�ciency or lack of transparency (Vigneau
& Adams, 2023). Due to the relative novelty of sustainability management, critical
aspects such as data quality, reporting standards, and regulatory frameworks are still
evolving, often lacking the robustness required to meet both investor expectations and
the ambitious targets of the Paris Agreement. Companies that fail to take meaningful
action risk accusations of greenwashing, which can have severe reputational and �nan-
cial consequences - even if such missteps are unintentional (Berrone et al., 2017).
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1 Introduction

Transparency could therefore be seen as one of the key factors in improving sustain-
ability management. Lowenstein (1996) argues that transparency enhances market
ef�ciency by confronting managers with dif�cult realities. While the argument in
this case refers to �nancial disclosure, the management principle “you manage what
you measure” 1, in relation to his comments, can also be applied to sustainability
management. Managing sustainability efforts requires measuring both their cascading
effects and their progress. Kotsantonis and Serafeim (2019), however, point out that
current ESG data lacks consistency. They argue that reported ESG metrics, particularly
aggregated scores, are often inconsistent. The metrics do not necessarily measure the
same thing and thus provide limited value to both investors and regulators. Assuming
that sustainability in the real estate industry is no exception to these opacities and
inconsistencies, the question arises as to where the industry's current practices need to
be adjusted.

This dissertation aims to enhance transparency in sustainability management with a par-
ticular focus on climate risk within the real estate industry from multiple perspectives,
thereby contributing to existing literature. It is structured as follows:

• The �rst article analyzes the discrepancies and particularities of third-party
physical risk assessment tools, aiming to improve the transparency and robustness
of reported results.

• The second article examines the impact of on-site solar energy potential on the
�nancial performance of Real Estate Investment Trust ( REIT)s, providing insights
into the impact of energy independence and transition risk reduction of �nancial
outcomes.

• The third article investigates the relationship between carbon intensity and of�ce
building valuations, comparing its in�uence with other market-driven factors to
clarify the signi�cance of sustainability in real estate valuation.

• The fourth article presents a model for estimating the CO 2 emissions of residen-
tial buildings, enhancing transparency regarding the emission intensity of the
building stock.

The dissertation concludes by summarizing the key �ndings and discussing their
implications for both research and industry practice.

1This quote is often attributed to the economist Peter Drucker. However, according to an article published
by the Drucker Institute (2013), Drucker never said it in this simple form.

2
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1 Introduction

1.2 Research Questions

To identify transparency gaps in the real estate industry, four different areas of sus-
tainability management are analyzed. While the search to answer individual research
question, the aim is to increase overall robustness of the sustainability management in
real estate industry. This section brie�y lists the research questions of each of the four
individual studies included in the dissertation as well as the methodologies utulized to
answer the questions.

Assessing Climate Risk Quanti�cation Tools - Mere ful�lment of duty or actually
bene�cial?

• Do physical risk assessments from different third-party providers yield varying
results for the same portfolio?

• What underlying factors contribute to these variations?

• Are the reported results a reliable basis for �nancial decision-making?

A sequential mixed-methods analysis was conducted, beginning with semi-structured
interviews with physical risk quanti�cation tool providers. This was followed by a
quantitative analysis, which examined the quanti�cation results of a pan-European real
estate portfolio provided by the assessed companies using comparative measures and
OLS linear regression.

Rooftop Solar Potential and Financial Performance of REITs

• Does the on-site solar potential of underlying commercial buildings impact the
�nancial performance of REITs?

• If so, does it in�uence �rm value, operating performance, or stock performance?

• Do these effects vary in intensity, based on the emission intensity of local grids?

A unique dataset consisting of US listed REIT �rm data from SP Capital IQ Pro, daily
stock market returns from Re�nitiv Datastream, and Google's Solar API is constructed.
An OLS regression with sector �xed effects and a Fama-McBeth regression are used to
assess the impact of on-site solar potential and carbon offsets on stock performance,
operating performance, and �rm valuation.

3



1 Introduction

The Valuation Problem: Is Carbon Intensity Eroding Value? An Analysis of German
Of�ce Asset Data

• Does carbon intensity signi�cantly impact the valuation of of�ce buildings in
Germany?

• Does non-compliance with the Paris Agreement targets affect property vacancy
rates?

• Is there a mismatch between property valuation and market sentiment?

A two-step quantitative analysis is carried out. An OLS regression is used to analyze the
in�uence of carbon intensity and stranding on the GVA of German of�ces. Furthermore,
a logistic regression is used to investigate the effect of stranding on of�ce vacancy rates.

Picture This: A Deep Learning Model for Operational Real Estate Emissions

• Can operational carbon emissions of residential properties be estimated using
building imagery and deep learning methods?

• Which Residual Networks ( ResNets) model sizes, architectures, and hyperparam-
eters yield the most accurate carbon emission estimates?

• Does incorporating additional information (e.g., energy source) enhance the
model's accuracy?

A unique dataset consisting of Google Street View images and UK EPCs derived from
the Energy Performance of Buildings Register database of the Department for Levelling
Up, Housing & Communities England & Wales is created. The dataset is used to train
a ResNet34 model and validated using a separate validation dataset.
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2 Assessing Climate Risk Quanti�cation
Tools - Mere ful�lment of duty or actually
bene�cial?

2.1 Abstract

Purpose: The study aims to assess the effectiveness of prevailing methods for quantifying
physical climate risks. Its goal is to evaluate their utility in guiding �nancial decision-making
within the real estate industry. While climate risk has become a pivotal consideration in transac-
tion and regulatory compliance, the existing tools for risk quanti�cation frequently encounter
criticism for their perceived lack of transparency and comparability.

Design / Methodology / Approach: We utilise a sequential exploratory mixed methods anal-
ysis to integrate qualitative aspects of underlying tool characteristics with quantitative result
divergence. In our qualitative analysis, we conduct interviews with companies providing risk
quanti�cation tools. We task these providers with quantifying the physical risk of a �ctive
pan-European real estate portfolio. Our approach involves an in-depth comparative analysis,
hypothesis tests, and regression to discern patterns in the variability of the results.

Findings: We observe signi�cant variations in the quanti�cation of physical risk for the pan-
European portfolio, indicating a need for increased standardisation. The results highlight that
variability is in�uenced by both the location of assets and the hazard. Identi�ed reasons for
discrepancies include differences in regional databases and models, variations in downscal-
ing and corresponding scope, disparities in the de�nition of scores, and systematic uncertainties.

Originality / Value: To our knowledge, this study presents the initial robust empirical evidence
of variability in quanti�cation outputs for physical risk within the real estate industry, coupled
with an exploration of their underlying reasons.

Practical Implications: The study serves market participants in comprehending both the
quanti�cation process and the implications associated with using tools for �nancial decision-
making.

Keywords: Physical Climate Risk; Quanti�cation Tools; Financial Decision Making.
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2 Assessing Climate Risk Quanti�cation Tools

2.2 Introduction

Due to climate change, the real estate sector faces increasing exposure to physical climate risks
rooted in the escalating frequency and severity of extreme weather events, such as hurricanes
and �oods (IPCC, 2021). These shifting weather patterns and temperature extremes signi�cantly
in�uence habitability (Holmes, Phillips, & Wilson, 2016), energy consumption (Wang & Chen,
2014), and maintenance costs(Lacasse, Gaur, & Moore, 2020) of assets. Furthermore, regulatory
pressures and reporting mandates tied to emission intensity (United Nations Environment
Programme, 2022) and climate vulnerability add to the industry's challenges. Non-compliance
with evolving standards poses a potential threat to asset valuation. Extensive research has
scrutinised the impact of physical risk on real estate valuation (Harrison, T. Smersh, & Schwartz,
2001; Mueller, Loomis, & González-Cabán, 2009) and the value implications stemming from
sustainable buildings that mitigate transition risk (Fuerst & McAllister, 2011; Cajias, Fuerst, &
Bienert, 2019). These factors are increasingly pivotal in investment decision-making (Newell &
Marzuki, 2022), potentially diminishing the appeal and competitiveness of assets not aligned
with investors' evolving expectations (PwC & Urban Land Institute, 2023).

Given real estate's high susceptibility to climate change, precise and dependable risk as-
sessments are vital for well-informed decisions and effective risk management strategies
(Holtermans, Niu, & Zheng, 2023). Additionally, sustainability reporting standards such as
Task Force on Climate-related Financial Disclosures (TCFD), International Financial Reporting
Standards (IFRS) Sustainability Disclosure Taxonomy, and European Sustainability Reporting
Standards necessitate reporting on exposure to physical risk. They are however accompanied
by inherent quanti�cation uncertainties (Fiedler et al., 2021). Transition risk quanti�cation
differs from physical risk quanti�cation: The former often relies on standardised certi�cates
or scienti�cally accepted analyses like the Carbon Risk Real Estate Monitor ( CRREM), while
the latter poses challenges(Hirsch, Spanner, & Bienert, 2019). While hazard exposure data, e.g.
provided by the Coupled Model Intercomparison Project ( CMIP) 6 models, is often publicly
available, aggregating this data is complex. Despite a growing array of physical climate risk
quanti�cation tools, their suitability and effectiveness in the real estate industry are debatable.
A comprehensive evaluation and assessment of these tools is necessary to ensure their reliability
and provide a better understanding of their potential application during investment decisions
in the real estate sector (Carlin & Stopp, 2022; Hendricks, 1996).

This paper seeks to evaluate both commercial and non-commercial providers of physical risk
quanti�cation tools in the real estate sector. It speci�cally focuses on assessing these tools across
various criteria, including database quality, methodology, transparency, currency, coverage,
geographic suitability, and other pertinent factors to identify differences between the tools.
Additionally, a quantitative analysis will employ the considered tools to assess the physical
risk of a predetermined pan-European real estate portfolio. By combining tool outcomes and
qualitative data from interviews, the study aims to discern key factors contributing to result
discrepancies and the overall uniformity of the outcomes. Multiple hypotheses, such as spatial
in�uence or commercial background on quanti�cation divergence are tested.
Ultimately, this study endeavors to contribute to the �eld of physical climate risk assessment in
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real estate. It aims to facilitate informed �nancial decision-making by establishing industry-
speci�c assessment criteria and depicting strengths and weaknesses in different approaches.
The subsequent sections of this paper are structured as follows: The Literature Overviewprovides
an exhaustive though non-holistic review of relevant scholarly works that are pertinent to the
subject of this study. In the subsequent section dedicated to the Methodology, we elucidate
our comprehensive approach, encompassing both qualitative and quantitative methodologies,
and offer insights into the nature of our dataset. Moving forward, the Resultssection presents
the outcomes derived from both qualitative and quantitative analyses. The Interpretation &
Discussionsection critically examines these results, delving into their implications and opening
avenues for potential further research.
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2.3 Literature Overview

Various authors have signi�cantly contributed to the contemporaneous understanding of physi-
cal climate risk assessment. Smith (2020) as well as Impax Asset Management (2021) advocate
for combining physical and transition risks in climate risk disclosure while stressing their
importance for investors. By incorporating risk pricing, engaging with companies and pol-
icymakers, and staying informed about climate science and risk assessment developments,
investors can better navigate the challenges posed by climate risks (Impax Asset Management,
2021). This aligns with Carlin and Stopp (2022), focusing on climate risk analysis tools in
�nancial institutions, showcasing trends, and presenting case studies.

Shifting the focus to the impacts on the �nancial sector, Zhou, Endendijk, and Botzen (2023)
examine the impacts of natural disasters and climate change risks on various components,
including banking, insurance, stock, and bond markets. The analysis indicates that these
risks typically undermine multiple �nancial indicators. Building on Hendricks (1996), who
assesses Value at Risk (VaR) models for �nancial portfolios, Holtermans et al. (2023) compares
various VaR approaches with historical data from foreign exchange portfolios. Furthermore,
limitations in capturing extreme outcomes in portfolio risk assessment are addressed. There-
fore, Holtermans et al. (2023) speci�cally delve into the quanti�cation of hurricane impacts
on commercial real estate values. Clayton, Devaney, Sayce, and van de Wetering (2021)) also
empirically explore the impact of climate events on commercial real estate, offering valuable
insights into investor behaviour and stakeholder responses.

The importance of collaborative initiatives between �nancial decision-makers and climate re-
searchers is emphasised by de Bruin et al. (2020). Meanwhile Giglio, Maggiori, Rao, Stroebel,
and Weber (2021) explore the interplay between climate change, real estate markets, and
discount rates to provide insights into valuing investments in climate change mitigation. Ad-
ditionally, de van Sande (2023), Bernstein, Gustafson, and Lewis (2019), besides Zhou et al.
(2023) contribute insights into sea-level rise, real estate valuation, and the consequences of
climate change on various �nancial components. de van Sande (2023) uses a hedonic model for
detailed explorations of how speci�c physical climate risk factors in�uence the market valuation
of real estate in the Netherlands. Bernstein et al. (2019) investigate Sea Level Rise (SLR) and
coastal real estate prices and uncovers variations in SLR exposure discounts, contributing to
the understanding of the intersection between �nancial markets and climate change. Hirsch
and Hahn (2018) identify discounts on rents and sales prices for properties in �ood zones in
Germany. Fuerst and Warren-Myers (2021) also examine �ood zone and sea-level rise risks on
property prices, spotting discounts for �ood-prone properties. Miller, Gabe, and Sklarz (2019)
have previously identi�ed the in�uence of various factors on �uctuating property prices during
their study on U.S. housing markets' responses to sea level rise, storm surges, and �ooding.
Rözer and Surminski (2020) analyse �ood exposure distribution for new homes in England
and Wales, identifying hot spots and trends under climate change. Bin, Poulter, Dumas, and
Whitehead (2011) use spatial hedonic models to assess sea-level rise effects on coastal properties,
revealing signi�cant losses in coastal counties contingent on different rise scenarios. Berman et
al. (2020) explore climate-driven adaptations in coastal communities globally, emphasising the

4



2 Assessing Climate Risk Quanti�cation Tools

role of strong local institutions.

Transitioning to novel approaches, Bua, Kapp, Ramella, and Rognone (2022) employ physical
and transition risk indicators derived from text analysis, revealing the emergence of climate risk
premia in euro area equity markets since 2015. Examining the broader context, the Prudential
Regulation Authority (2015) assesses climate risks and opportunities for the U.K. insurance
sector, emphasising the need for continued research, dialogue, and supervision to enhance
resilience and readiness. Batterton and Hale (2017) explore the inadequacy of existing method-
ologies for analysing climate-related �nancial risks, utilising diverse methods such as network
modeling and stock-�ow consistent modelling, aiming to provide essential insights for informed
decision-making. Global perspectives are provided by Woetzel et al. (2020). They assess the
global impact of climate change while probing six indicators, and projecting changes by 2030
and 2050 under a high-emissions scenario. Emphasising the importance of adaptation and
decolonisation, the study underscores the crucial role of recognising physical climate risk in
effective decision-making.

In order to do so, methods measuring these physical climate risks are on demand: Hirsch,
Braun, and Bienert (2015) develop a tool for physical risk quanti�cation in Germany including a
calculation of annual expected loss for speci�c buildings. Arribas et al. (2022) however note the
limitations of current climate risk assessments, advocating for expanded scope, improved data
availability, and enhanced transparency. This aligns with Lewis, Koch, and Birt (2017), who
focus on measuring physical climate risk in Asian equity portfolios. Additionally, Sokolov et al.
(2018) introduce the MIT Earth System Model (MESM)for simulating and studying climate risks.
Dorsch, Kind, Loew, and Schauser (2022) provide guidance on conducting a robust climate risk
and vulnerability assessment for EU Taxonomy reporting, emphasising standardised terminol-
ogy, documentation, and collaborative decision-making. Connell et al. (2020), however, seek to
address methodological challenges in assessing physical climate-related risks and opportunities
for banks. They accentuate the importance of robust tools and data to aid banks in assessing
these risks and opportunities. Hain, Kölbel, and Leippold (2022) compare �rm-level physical
risk tools and �nd signi�cant divergence in scores throughout different industries. Ginglinger
and Moreau (2023) investigate climate risk ratings as well as �rms' leverage and unravel a
narrative of change post-2015, with high climate risk �rms experiencing a reduction in leverage.

Linking these publications provides a comprehensive understanding of climate risk assessment,
covering disclosure, analysis tools, real estate impacts, risk measurement models, and regional-
and sector-speci�c assessments.

2.4 Methodology

Our methodology combines qualitative and quantitative elements, contributing to a robust and
thorough investigation of the intricacies surrounding climate risk quanti�cation. Given the
limited accessibility of information regarding the quanti�cation process by commercial risk
assessment providers, we adopt a sequential exploratory mixed methods analysis approach.
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This aims at merging underlying tool information with quantitative result divergence (Creswell,
Clark, Gutmann, & Hanson, 2003). Consequently, our quantitative �ndings are more com-
prehensible compared to traditional literature reviews. Mixed Methods Research (MMR) is
increasingly popular for integrating qualitative and quantitative approaches in addressing
research inquiries (Johnson & Onwuegbuzie, 2004). Integrating the qualitative approach enables
us to directly test multiple hypotheses connecting to distinct categories of tool providers. This,
in return, yields deeper insights into the market. Simultaneously, the qualitative analysis
facilitates an objective evaluation of the providers based on their quanti�ed outputs.

Qualitative Approach

In our initial research phase, we address the challenge of limited accessibility to information
on risk quanti�cation processes by commercial providers. To overcome this gap, we employ
semi-structured interviews with survey characteristics, a qualitative data collection method, to
engage with these companies. This approach provides a systematic structure for interviews,
facilitating structured data collection. Additionally, it allows for interactive engagement with
participants for clari�cation or in-depth exploration of responses (Galletta, 2013). Our interview
guide is meticulously crafted based on the framework proposed by Kallio, Pietilä, Johnson,
and Kangasniemi (2016). Recognising the need for a thorough understanding of the topic, we
conduct an extensive literature review. It covers climate modeling, comparisons of quanti�cation
methods, and general risk quanti�cation within the real estate industry. We identify six main
categories for our assessment: Database Quality, Quanti�cation Methodology, Actuality, Scope,
Geographical Suitability, and Output & Information. Additionally, we consider aspects related
to User Experience, Support, and miscellaneous factors. For the identi�cation we incorporated
different sources, such as guides on how to choose physical risk tools (Urban Land Institute,
2022), scienti�c papers on quanti�cation methodology (Hirsch et al., 2015) and general tool
comparisons (Hain et al., 2022; Carlin, Li, & Lorkowski, 2023; Carlin, Falk, et al., 2023). We
use the identi�ed categories as a framework for evaluating our tools, allowing �exibility for
different approaches among providers within each area. Alongside these overarching categories,
we establish multiple related subcategories. This approach allows us to identify similarities and
divergence of the characteristics among the different tools. An overview of the framework can
be found in Figure 2.1.

To facilitate direct comparisons between interview partners, we additionally incorporate Likert
Scale questions(Batterton & Hale, 2017). Based on the framework we developed an inter-
view guide, which compromises 43 questions (see Appendix). The developed outline enables
a survey-like collection of information while also providing the �exibility to delve deeper
into speci�c characteristics. The interview guideline is tested with two providers to ensure
comprehensiveness. Each interview session is allotted one hour. The interviews are transcribed
and analysed with deductive categorisation development in MAXQDA (Kuckartz, 2013). This
structured approach ensures a comprehensive exploration of critical aspects in the realm of
climate risk quanti�cation within the real estate industry.
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Figure 2.1: Analysis Framework
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Interview Partner and Dataset

We engage with 43 quanti�cation tool providers for in-depth interviews, focusing exclusively
on those capable of evaluating real estate assets. To ensure a comprehensive market represen-
tation, we employ multiple avenues, including online searches using targeted keywords such
as “Physical Risk Quanti�cation”, “Climate Risk Quanti�cation”, “Physical Risk Assessment”,
“Physical Risk Quanti�cation Tools” and “Climate Risk Quanti�cation Tools”, analysis of past
publications, and direct inquiries about competitors. Subsequently, we �lter the search results
based on their actuality, relevance, and suitability within the real estate industry. We delve into
a thorough analysis of past publications and studies related to the market, leveraging insights
from sources such as the work by Carlin, Li, and Lorkowski (2023). Finally, to ensure inclusivity,
we directly query interviewees about their main competitors within the market landscape, and
if not considered already, include them in our requests. In addition, we queried several asset
managers and �nancial institutions about the tools they use to determine their exposure to
physical climate risk. We initially reach out through contact forms or email addresses available
on the website and follow up via LinkedIn if needed. Out of 24 responses, half result in in-
depth interviews. Six declines cite intellectual property (IP) protection. Through this multi-step
process, we are able to gather interviewees from a variety of corporate backgrounds, including
many of the major competitors in the market (some with large corporate backgrounds), as well
as smaller start-up companies. We categorise the tools we analyse into three groups: tools
from independent companies & start-ups, tools from large corporations with consultancy back-
grounds, and tools from companies with an insurance background. Alongside the interviews,
we request the providers to quantify the physical risk of a pan-European real estate portfolio
(Figure 2.2).
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Figure 2.2: Pan-European Portfolio: Asset Locations

Source xxx Source: Own illustration, Base Map: OpenStreetMap.

Due to the paucity of relevant information in existing open sources, this study creates a �ctitious
pan-European portfolio. This approach aids in addressing data limitations by generating cus-
tomised data. The portfolio is constructed by selecting the three largest cities by population and
then generating random addresses for the asset locations(Randommer, 2024). To consolidate
smaller countries, cohorts are created, resulting in 15 assets per group. This systematic process
yields 360 randomly designated city addresses. Each property in the portfolio is endowed with
hedonic attributes - including a randomised number of �oors, and building year - harmonised
with the designated asset class (of�ce or residential). Corresponding rents are approximated
based on location and asset class. The �nal portfolio includes coordinates, addresses, asset
classes, building attributes, and rental values.

Quanti�cation outputs include hazard scores and monetary risk assessments in 30% of results.
Due to variations in hazards considered, our analysis focuses on River Flood, Drought, Storm
Surge, Extreme Heat, Coastal Flood, and Wild�re . Equally, the outputs diverged in terms of the
number of climate scenarios provided and the years under observation. The minimal consensus
equals the Shared Socioeconomic Pathways (SSP)2-4.5, which represents the midpoint of
potential future greenhouse gas emissions at approximately 4.5 watts per square meter in the
year 2100. This scenario assumes the implementation of climate protection measures(Zhang et
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al., 2024). Following a rigorous data-clearing process, the panel data set spanned the years 2020
to 2045, with climate risk assessments available for 320 assets over �ve-year intervals, gradually
expanding to a ten-year span between 2050 and 2080. This comprehensive panel data set forms
the basis for a nuanced examination of the climate risk assessments.

Quantitative Approach

Results show signi�cant variation, as some providers submit outcomes in PDF or a curated
selection, only assessing a limited subset of assets, for potential paying customers. A thorough
sorting process was necessary to ensure uniform comparability across diverse output responses.
In evaluating existing climate risk models for comparative analysis rather than proprietary
model development, the six hazards — River Flood, Drought, Storm Surge, Extreme Heat, Coastal
Flood, and Wild�re — are examined. Comparative measures for each hazard, such as 25%
Quantile, Median, 75% Quantile, Interquartile Range ( IQR), Mean Absolute Deviation ( MAD ),
Minimum ( Min ), and Maximum ( Max), are considered to investigate differences in outputs
from various tools (Wooldridge, 2010).

To assess the extent of variations among hazards, tool provider groups, countries, and over time,
we concentrate on the MAD as a robust measure of statistical dispersion. MAD demonstrates
greater resilience to outliers when compared to the standard deviation. Unlike the standard
deviation, the MAD does not square the deviations, which prevents larger deviations from
being disproportionately weighted. This characteristic renders the MAD more robust, as it
deems a small number of outliers irrelevant. While its ef�ciency is not particularly notable
with normal distributions, it excels with distributions lacking a mean or variance. The MAD
represents the 50% symmetric interval of the data around the median, essentially serving as
the symmetrised version of the IQR. While this characteristic makes the IQR better suited
for asymmetric distributions it has a breakdown point of 25%, whereas the MAD features a
breakdown point twice as much. This positions the MAD as a superior ancillary scale estimator
compared to the IQR (Hampel, 1974; Rousseeuw & Croux, 1993; Yang, Rahardja, & Fränti, 2019).
Hence, we have opted for MAD as our main deviation measure. Moreover, the calculation of
the MAD is straightforward, easy to interpret, and widely recognised. This makes it feasible
for implementation in any company. Nevertheless, the challenge lies in the availability of un-
derlying data, as numerous companies may exclusively collaborate with a single tool provider.
Consequently, their access to a comprehensive dataset is restricted. Therefore, this estimate is
utilised here to identify areas of highest variability in scores and, thus, the greatest unreliability
in expected total losses. Our aim is not to provide practical tools for �rms to independently
calculate their uncertainty.

The employed measures collectively offer a detailed view of climate risk model outputs for
these six hazards, considering both central tendency and dispersion (Rousseeuw & Croux,
1993). The computation of an overall variability score, derived from equally weighted MAD s
across hazards, enables a ranking of countries. This reveals insights into which countries
provide the most consensus in their risk predictions. Iterating this process for each decade of
expected hazard scores demonstrates the level of consistency over time. Conducting Anovaand
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Kruskal-Wallis tests, which assess whether the medians of different groups are equivalent, veri�es
signi�cant variations in MAD scores across hazards(Stahle, Wold, et al., 1989; Ostertagova,
Ostertag, & Ková�c, 2014). Pairwise comparisons of marginal linear predictions for various
hazards further detail differences in predicted means for MAD among hazards (Askelson et
al., 2022). Systematic categorisations of hazards based on their predictive consensus (smallest
MAD ) allow for a comprehensive assessment. As a result, distinguishable predictability levels
can be identi�ed among nations.

To identify key hazards that contribute to the Expected Total Loss, a regression analysis was
conducted using Stata (Version 16.0). The choice Ordinary Least Squares (OLS) linear regression
method in our analysis is rooted in its ability to accurately represent the distribution of data
points through the �tting of a line. This line minimizes the summed squared deviations of each
data point from itself, effectively capturing the linear trend within the data. Therefore, it is
assumed that a linear trend models the partial relationships between each slope (coef�cient
b) and the outcome variable, all else being equal. Several assumptions must be met to apply
OLS effectively. The linearity assumption claims that a model cannot be correctly speci�ed
if there is an independent variable without a linear relationship with the dependent variable.
This is assessed through scatterplots of studentised residuals against unstandardised predicted
values and partial regression plots. Binary variables are excluded from consideration due to
their limited usefulness. The independence assumption, is also ful�lled. The Durbin-Watson
(DW) test suggests that there is no substantial autocorrelation within the residuals of the
panel data (Komlos & Süßmuth, 2010). Assessing normality, we examine the distribution of
error terms graphically using quantile-comparison plots, kernel-density estimates, and the
Kolmogorov–Smirnov test 1. Constant error variance, crucial for the ef�ciency of OLS estimators,
is attempted by logging the dependent variable besides using robust standard errors. Its success
is veri�ed through Breusch-Pagan tests. Additionally, we ensure the absence of multicollinearity
by checking the Variance In�ation Factor ( VIF) of each predictor in the model. None of the
predictors exhibit substantial multicollinearity, as all VIF values are below �ve. Given the
equidistance (1) between integer variables, linear regression is applicable (Wooldridge, 2010).
These rigorous checks and adherence toOLS assumptions provide a robust foundation for
our regression analysis, ensuring the reliability and validity of our results (Burton, 2021; Fox,
2015). Additionally, a Generalised Linear Model (GLM) with a log-link function and Gaussian
distribution is employed. However, based on AIC and BIC evaluations, this alternative model
does not demonstrate superior performance (Wooldridge, 2010).

1Group differences are analysed through independent Student t-tests or Chi-square tests, depending
on the nature and distribution of the variables. Spearman-correlation and Mann–Whitney U-tests are
applied for non-parametric variables (Tokgoz et al., 2013).
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2.5 Results

2.5.1 Qualitative Analysis

The qualitative analysis presents a miscellaneous picture among different tool providers. While
some approaches are consistently adopted by nearly all providers, others exhibit signi�cant
divergence. The following sections will summarise the results derived from the interviews,
focusing on the differences between the providers. Questions from the interview guideline not
included in this section did not yield evidence of differences in the corresponding characteristics
between the providers. Hence, they can be considered uniform or similar. Attributes highlighted
in the analysis are characteristics that were mentioned as potential areas of difference during
the interviews. The analysis is structured according to the established framework.

Database & Actuality

Most quanti�cation processes rely on the CMIP (Coupled Model Intercomparison Project) 6
model collection initiated by the WCRP (World Climate Research Programme). It constitutes
the fundamental basis for both the database and the core climate models utilised. The CMIP
assesses the model performance of multiple climate models against historical events and makes
multi-model output publicly available in a standardised format (Lee et al., 2021). However, due
to the limited resolution of these models, most evaluated companies integrate multiple data
sources. Particularly for hazards requiring detailed regional resolution, they rely on regional
databases and models (e.g., CORDEX data). Although interviewees mentioned similar global
data sources, an apparent divergence arises from the implementation of different regional
datasets. These potentially yield varying results. Climate models are generally validated with
historical data to evaluate their performance. The CMIP models in particular are uniformly
validated, among others with the ESMVal Tool (Eyring et al., 2020). The standardised process
allows for a robust comparison of the accuracy performance of different models. When asked
about the utilisation of historical data on extreme weather events, most participants highlighted
its use for backtesting and validating their merged models. However, for the validation of their
models, they did not have a uniform approach. This might introduce accuracy bias depending
on the dataset and method used to validate their model. One provider indicated that the
introduction of regional hazard-speci�c models poses challenges, particularly due to the limited
availability of relatively small observation datasets for model validation. Three providers
omitted explicit validation of their hazard predictions against historical data, which introduces
the possibility of errors within the consolidated databases. The providers justi�ed their lack
of additional validation by citing the testing conducted on CMIP models and the minimal
adjustments made to the combined model. It is, however, important that we cannot identify this
issue for providers creating more complex model alterations. Additionally, one of the assessed
providers combined outputs from multiple risk quanti�cation companies without adjusting any
underlying base datasets. Looking at companies providing �nancial quanti�cation of the results,
the differences in databases become even more transparent. According to the interviewees,
robust vulnerability data is scarce. Hence only a few companies with in-house access to this
data can provide a monetary quanti�cation of physical risk. Especially providers offering a
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global scope for their tools struggle to employ vulnerability data. Such tools are perceived
to be required for a more precise prediction of regional vulnerability nuances. We observed
no notable disparity in the update cycles of the tools. All of the providers stated that they
update either underlying data, methodology, or functionality at least semi-annually. However,
major updates are less frequent and irregular. They are mainly dependent on the release of new
state-of-the-art climate projection models or scienti�c studies. As most providers are reliant on
the models assessed by theCMIP which is also updated irregularly, we do not perceive this as
a main driver of divergence.

Scope & Geographical Suitability

Our main characteristics of concern regarding scope and geographical suitability were coverage
of hazards, coverage of countries and regions, input resolution, output resolution and incorpo-
ration of interaction between hazards. While initially, all providers claimed to offer tools with
global coverage, most of them con�ne their tools' usage to North America, Europe, and the
Asia-Paci�c region. The quantitative analysis encompasses hazards that each assessed company
covers, except for one open-source tool. It focuses solely on water-related physical risks. For
hazards such as landslides, coastal erosion, or snow-related events, only a few companies
provide speci�c assessments. Interviewees who do not address these hazards mentioned their
lack of con�dence in predicting their probability due to modelling complexities and limited
data availability. Providers who are already considering the previously mentioned hazards
stated that, while quanti�cation might be accompanied by higher uncertainty and less robust
models, they aim to provide a holistic analysis for the market.

Table I: Tool providers' assessment of the quanti�cation variability
Hazard Lowest Speci�ed Score Highest Speci�ed Score Mean
Flooding 2 5 3,89
Wild�re 2 5 3,88
Snowfall and Winter Storms 2 4 3,29
Storm Surge 2 5 3,22
Extreme Weather Events 2 5 3,00
Drought 2 4 2,78
Landslides 1 5 2,71
Heat Stress/ Extreme Heat 1 5 2,67
Sea Level Rise 1 5 2,50
Coastal Erosion 1 4 2,40

Note: Expectations range from 1 (=very good to predict) to 5 (=very hard to predict).

Source: All data is based on anonymised tool provider interviews.

Overall, there is a noticeable difference in con�dence levels regarding hazard prediction ( Table
I). Interviewees anticipate increased variability in River Floodoutcomes. This divergence can
be attributed to the intricate granularity required and the integration of elevation data. They
emphasise that regarding River Flood, the existence of multiple databases leads to an increased
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potential for discrepancies upon merging. They highlight challenges in predicting Wild�res,
noting human-related origins and associated assumptions. Contrary to expectations on the
part of the interviewees, the opposite holds true for low-resolution hazards. Outliers in the
three lowest-ranked hazards arise from companies not including them in their quanti�cation
process. When comparing the resolution of both input and output data, the distinctions in
tools and their respective databases become more pronounced. With CMIP 6 models (the 6th
model collection by the Coupled Model Intercomparison Project) as common foundations,
these models however exhibit a range of resolutions, from as exact as 10km for high-resolution
models to the standard 100km resolution (Haarsma et al., 2016). The output resolutions vary
between 30m and 3km, depending on the tool as well as the speci�c hazard. The difference in
resolutions highlights the common practice of providers downscaling global models to generate
more detailed outputs. Generally there are two main methods of downscaling: dynamical and
statistical downscaling (Hewitson & Crane, 1996). However, signi�cant disparities arise in the
methods used for this downscaling — whether through regional low-scale datasets or statistical
downscaling — and the extent to which input data is downscaled. Depending on the method
the results can vary signi�cantly, which introduces an additional source for output discrepancy
(Spak, Holloway, Lynn, & Goldberg, 2007). The interaction between various hazards often
receives little attention, sometimes only being implicitly included within the CMIP models.
Providers who acknowledge this interaction in their quanti�cation process state that they are in
the early stages of incorporating it into their models. Due to the insuf�cient consideration of
compound events, interaction approaches can be disregarded as potential causes for diverging
results. However, this limitation leaves signi�cant room for both further tool development and
potential divergence of results in the future. It has been shown that many major catastrophes
could be attributed to compound events, underlining their importance in climate risk modelling
(Zscheischler et al., 2018).

Output & Other Factors

We �nd that outputs and stated use cases for the tools differ among providers. All tools,
except one, provide risk scores for each hazard, yet the mapping of scores is inconsistent.
Most scores consider the probability and severity of events, with varying weightings, units
of measurement, and ranges. Many recognise weaknesses and limitations in scoring systems,
in�uenced by industry demand for simplicity and the absence of standardisation in the process.
While reporting frameworks like TCFD, European Sustainability Reporting Standards (ESRS), or
norms like International Standards Organisation (ISO) 14091:2021provide guidance on disclosing
physical risk, interviewees pointed out that these frameworks are still evolving and often lack
the level of detail required for a standardised scoring system. Additionally, they partly differ
from each other (Smith, 2020). A tool provider, as highlighted in an interview, expressed
dif�culty in transitioning away from hazard scores. This challenge is attributed to their
customers' limited understanding of climate modelling and the inherent uncertainties in the
real estate sector. Despite recognising these scores as potentially misleading and offering a
false sense of precision and safety, the provider faces challenges in steering clients toward
more informed decision-making. Hence many of the companies offer clear numbers for both
probability of occurrence and intensity for every hazard. Besides scores, providers offer
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monetary quanti�cation, such as Value at Riskor expected Total Loss. An interviewee who does
not offer �nancial quanti�cation mentioned that the inherent uncertainty in climate modelling,
coupled with scarce data availability, makes it challenging to provide a robust value at risk or
expected total loss. This dif�culty hinders the foundation of �nancial decisions on such metrics.
Although most interviewees emphasised the importance of quantifying the �nancial impact
of physical risk, they concurred that obtaining high-quality vulnerability data is challenging
because it is not publicly available. When asked about the required user experience and
expertise for using the tools, most interviewees stated that they are typically designed for users
who do not have a deep understanding of climate modelling. The majority of interviewees also
mentioned that the outputs can be customised based on the customer's demand, enabling a
more complex and in-depth analysis of the results. However, due to limited access to the tools,
we could not con�rm this customisability. Based on the interviews, we have identi�ed four
primary sources contributing to divergent results: inherent uncertainty in climate modelling,
variations in scope and corresponding diverging downscaling approaches, discrepancies in
regional datasets and climate models, and the absence of a standardised scoring system for the
outputs. Other factors such as the form of outputs provided or the �lters available were mostly
similar across the evaluated tools.

2.5.2 Quantitative Analysis

The recent implementation of the CSRDhas intensi�ed the demand for comprehensive data on
physical climate risks. In response, companies are recognising the necessity of quantifying their
physical climate risk for effective management. However, the quanti�cation process is intricate,
and due to the absence of in-house models and data, many companies perceive these tools as
complex “black boxes”. While these tools offer more accurate information, companies often
prefer simpli�ed climate risk scores. Particularly in management meetings where decisions are
made by non-climate-risk experts, a score ranging from one to �ve is deemed more intuitive. As
a result, our quantitative analysis investigates these scores to determine their overall consensus
or variations. If variations are identi�ed, the reasons are traced back to insights garnered from
the qualitative analysis. Thereby, it is crucial not only to explore their magnitudes but also
to delve into variations across different regions, hazards, time, and tool providers. The MAD
emerges as a pivotal metric for quantifying this variability, offering insights into how individual
country risk scores deviate from the median. This, in turn, provides valuable information about
the consistency or volatility of risks within a given hazard.

Variability of Risk Prediction Results Across Countries

For River Flood (undefended), the group around Estonia, Portugal, and Ireland exhibit the highest
variability, with a mean MAD of around two. In contrast, Poland, Belgium, Netherlands,
Luxembourg ( BENELUX), and Spain show the least variability, with values approaching zero.
In the context of Coastal Floods, Ireland, Portugal, and Denmark display some variability,
ranging from 0.71 to 0.08, whereas all other countries do not show any signi�cant variations.
Notably, BENELUX, Portugal, and Italy lead in Wild�re variability, reaching a maximum of
0.75. Conversely, Denmark, the group around Estonia, Finland, France, and Ireland exhibit
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zero variability. When it comes to extreme heat, Albania and others, Austria, and BENELUX
display the highest variability at 1.5, followed by a value of 1 for other top-ranked countries.
Greece, Bulgaria / Romania, and Italy exhibit the least variability, i.e. close to zero. Storm Surge
variability is led by the group around Albania, Italy, and Spain, with variability falling within
a similar range as the previously mentioned hazards. Finland and the group around Estonia
exhibit the least variability, while the UK shows none at all. Finally, Drought variability, also
within a similar range, is highest in the group of Albania, Austria, BENELUX, Ireland, and
France. The UK and Germany show moderate variability, and Finland, Greece, and Bulgaria /
Romania exhibit the least variability (see Table II; for subsequent years, refer to Tables VIII-XII,
Appendix).

Variability of Risk Prediction Results Across Countries and Time

Between 2030 and 2080, distinct patterns in hazard rankings emerge among countries. River
Flood (Undefended)sees persistent variability in some nations, including Ireland and the group
around Estonia. Coastal Flooddisplay consistent variability for Ireland, Portugal, the UK, and
Denmark, while the other countries remain completely consensual. Wild�re rankings show
notable �uctuations in BENELUX, Portugal, and Greece, contrasting with the stability observed
in Finland, France, and Ireland. Extreme Heatexhibit variability in Austria and Sweden, with
Greece and Finland showing greater stability. Storm Surgeconsistently reveals variability for
Albania and others, Italy, and Spain, while the group around Estonia as well as the UK remain
less variable. Drought consistently varies for Sweden and Austria in contrast to the stability seen
in Spain and the group around Serbia. Certain countries, such as Portugal, Switzerland, and
Ireland, secure top positions over the next 60 years: Others, such as Finland, on the contrary,
consistently rank lower. Notable variations are observed in countries such as Spain and Norway,
re�ecting substantial variability in their hazard rankings over time. Over the next 60 years,
certain countries, including Portugal, Switzerland, and Ireland, consistently secure top rankings.
This re�ects enduring uncertainty in their predictions. In contrast, Finland consistently ranks
lower, indicating a relatively stable hazard prediction. Noteworthy variations in hazard rankings
are observed in countries such as Spain and Norway, re�ecting substantial variability over time.
These variations might depend on diverse geographic, climatic, and infrastructural factors,
which may all affect a country's susceptibility to different hazards.

Variability of Hazards

From 2020 to 2080, the hazardRiver Flood (Undefended)consistently secures the top rank, with
values ranging between 17 and 18, showcasing the highest variability and indicating �uctu-
ations in its overall MAD (seeTable III). In contrast, Storm Surge, initially ranked second in
2020, gradually decreases from 15.14 to 12.17. This can be interpreted as a growing consensus
in terms of MAD over time. Conversely, Coastal Floodmaintains a notably stable presence,
consistently holding the last rank with relatively minor �uctuations below 2.4. Drought, almost
always ranked second, exhibits values ranging from 9.05 to 16.45. This consistently high ranking
emphasises the notable and varying levels of susceptibility to drought. Such �ndings underscore
distinct patterns in predicting this environmental threat. Similarly, Extreme Heat, starting at rank
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four in 2020, consistently maintains a mid-range position with values varying between 8.88
and 14.99. This indicates a sustained level of susceptibility to extreme heat events with some
�uctuations over the years. A comparable trend is observed for Wild�re , which consistently
maintains a relatively stable �fth position in the ranking with values ranging from 3.7 to 4.5.
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Table II: Hazard-speci�c Ranking by Country (2030)
River Flood Coastal Flood Wild�re Extreme Heat Storm Surge Drought

Rank Value Country Value Country Value Country Value Country Value Country Value Country

1 2.1667 EST, LVA,
LTU

0.7111 IRL 0.75 BEL,
NLD,
LUX

1.5 ALB,
MKD,
KOS

1.5 ALB,
MKD,
KOS

1.5 ALB,
MKD,
KOS

2 2.0222 PRT 0.3556 PRT 0.6667 PRT 1 AUT 1.2917 ITA 1 AUT

3 1.7111 IRL 0.0889 DNK 0.6012 ITA 1 BEL,
NLD,
LUX

1.1722 ESP 1 BEL,
NLD,
LUX

4 1.6889 CHE 0 ALB,
MKD,
KOS

0.4944 GRC 1 IRL 1.1611 AUT 1 IRL

5 1.5778 AUT 0 AUT 0.4833 ESP 1 FRA 1.1389 FRA 1 FRA

6 1.4222 FRA 0 BEL,
NLD,
LUX

0.2222 BIH, SRB,
MNE

0.9333 ESP 1.1111 CHE 0.9333 ESP

7 1.2889 DNK 0 BIH, SRB,
MNE

0.1778 BGR,
ROU

0.8889 PRT 1.0111 POL 0.8889 PRT

8 1.2 DEU 0 BGR,
ROU

0.1111 AUT 0.8889 CHE 0.9722 BIH, SRB,
MNE

0.8889 CHE

9 0.9048 ITA 0 HRV,
SVN,
HUN

0.0944 CHE 0.8889 BIH, SRB,
MNE

0.9167 IRL 0.8889 BIH, SRB,
MNE

10 0.6667 BGR,
ROU

0 CZE,
SVK

0.0893 GBR 0.8889 POL 0.8944 SWE 0.8889 POL

11 0.6222 HRV,
SVN,
HUN

0 EST, LVA,
LTU

0.0833 CZE,
SVK

0.881 GBR 0.8889 DNK 0.881 GBR

12 0.5333 ALB,
MKD,
KOS

0 FIN 0.0833 SWE 0.8444 DNK 0.8889 PRT 0.8444 DNK

13 0.5111 FIN 0 FRA 0.0667 HRV,
SVN,
HUN

0.6667 SWE 0.7778 DEU 0.6667 SWE

14 0.4444 BIH, SRB,
MNE

0 DEU 0.05 DEU 0.5556 HRV,
SVN,
HUN

0.5111 GRC 0.5556 HRV,
SVN,
HUN

15 0.3556 SWE 0 GRC 0.0417 ALB,
MKD,
KOS

0.5556 DEU 0.2222 HRV,
SVN,
HUN

0.5556 DEU

16 0.0889 CZE,
SVK

0 ITA 0.0167 POL 0.5111 CZE,
SVK

0.2222 BGR,
ROU

0.5111 CZE,
SVK

17 0.0714 GBR 0 POL 0 DNK 0.5 EST, LVA,
LTU

0.1667 CZE,
SVK

0.5 EST, LVA,
LTU

18 0.0444 GRC 0 ESP 0 EST, LVA,
LTU

0.2667 FIN 0.1556 BEL,
NLD,
LUX

0.2857 NOR

19 0.0222 POL 0 SWE 0 FIN 0.1556 GRC 0.1167 FIN 0.2667 FIN

20 0 BEL,
NLD,
LUX

0 CHE 0 FRA 0.0667 BGR,
ROU

0.025 EST, LVA,
LTU

0.1556 GRC

21 0 ESP 0 GBR 0 IRL 6.34 �
10� 16

ITA 0 GBR 0.0667 BGR,
ROU

Note: The values equal MADs. River Flood in this table corresponds to undefended river �ood.

Note: Countries appreviated according to ISO 3166.

Source: All data is based on anonymous tool provider outputs.
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Table III: Ranking by Hazard over Time (2020-2080, over all Countries)
2020 2030 2040 2050 2060 2070 2080

Rank Value Country Value Country Value Country Value Country Value Country Value Country Value Country

1 18.01 River
Flood

17.34 River
Flood

17.41 River
Flood

17.73 River
Flood

17.71 River
Flood

17.87 River
Flood

17.99 River
Flood

2 15.10 Storm
Surge

15.28 Drought 15.41 Drought 15.17 Drought 14.45 Drought 16.31 Drought 16.42 Drought

3 9.05 Drought 15.14 Storm
Surge

15.41 Extreme
Heat

14.89 Extreme
Heat

13.88 Extreme
Heat

16.03 Extreme
Heat

15.13 Extreme
Heat

4 8.88 Extreme
Heat

14.99 Extreme
Heat

13.49 Storm
Surge

13.26 Storm
Surge

12.91 Storm
Surge

12.52 Storm
Surge

12.17 Storm
Surge

5 4.49 Coastal
Flood

4.03 Wild�re 4.50 Wild�re 4.45 Wild�re 4.50 Wild�re 4.60 Wild�re 4.93 Wild�re

6 3.69 Wild�re 1.15 Coastal
Flood

1.18 Coastal
Flood

1.52 Coastal
Flood

1.80 Coastal
Flood

1.85 Coastal
Flood

2.36 Coastal
Flood

Note: The values equal MADs. River Flood in this table corresponds to undefended river �ood.

Source: All data is based on anonymous tool provider outputs.

To demonstrate the existence of signi�cant variations in MAD scores across distinct hazards,
Anovaand Contrast testsare executed. The former revealed substantial disparities among the
hazards, implying an association with �uctuations in MAD scores. However, Bartlett's test
for equal variances yields a potential violation of the assumption of equal variances between
groups (p-value = 0.000). This could potentially impact the reliability of the Anova results
(Stahle et al., 1989). Consequently, theKruskal-Wallis test, a non-parametric alternative to Anova2,
is conducted. By assessing whether the medians of different groups are equivalent, this test
veri�es the prior �ndings. In summary, both tests indicate substantial differences among the
hazards concerning the dependent variable (MAD) (Ostertagova et al., 2014).

A pairwise comparison of marginal linear predictions for various hazards provides insight
into how speci�c hazards diverge in terms of their predicted means for the MAD ( Askelson
et al., 2022). The results, detailed inTable VI (Appendix), con�rm earlier observations 3: For
example, on average, the predicted mean for the MAD is lower for Wild�re compared to River
Flood (Undefended). In numerical terms this equals a negative contrast of approximately -0.64.
The MAD for Drought are, on average, 0.41 units higher than those for Coastal Flood, with a
con�dence interval of 0.31 to 0.51. In contrast, the MAD for Wild�re are, on average, 0.4347
units lower than those for Storm Surgewith a con�dence interval of -0.54 to -0.33.

In the interviews, the tool providers were systematically asked to rate the dif�culty of predicting
speci�c hazards on a scale from 1 (very easy) to 5 (very hard). The mean of these ratings is
computed to create a consolidated measure re�ecting the perceived dif�culty for each hazard
(seeTable IV, columns 3 and 4).

2It does not assume normality or equal variances.
3However, for Extreme Heatin comparison to Drought and Storm Surgevs. Extreme Heat, the observed

results deviate from the previously established ranking. Nevertheless, the coef�cients are relatively
small, suggesting that the deviations are not substantial.
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Table IV: Comparison of Hazard Prediction Dif�culty and Tool Provider Rankings

Variability Prediction Dif�culty

Hazard MAD Rank Tool Provider Ranking Value

River Flood (Undefended) 17.34 1 1 3.89
Drought 15.28 2 4 2.78
Storm Surge 15.14 3 3 3.22
Extreme Heat 14.99 4 5 2.67
Coastal Flood 5.13 5 6 2.5
Wild�re 4.03 6 2 3.88

Note: The tool provider ranking corresponds to the mean of their expectations.

Note: Expectations range from 1 (=very good to predict) to 5 (=very hard to predict).

Source: All data is based on anonymous tool provider outputs.

A lower average ranking implies that, consensually among providers, this hazard is less chal-
lenging to predict. Simultaneously, MAD values reveal the extent of variability or disagreement
in these rankings. Taking the example of River Flood (undefended), the highest MAD alongside
the highest average ranking indicates a widely acknowledged challenge in predicting the
hazard. The intermediate position regarding the dif�culty in predicting Storm Surgeis also
veri�ed by the variation within the output. Conversely, for Drought, where expectations suggest
better predictability, the outcomes exhibit a higher variation. This challenges the anticipated
similarity. Predictions for Extreme Heatand Coastal Floodalign more closely with tool providers'
expectations. In summary, this comprehensive analysis provides a nuanced understanding of
the extent to which tool providers are aware of the challenges associated with each hazard
prediction.

Regression Analysis

The outcomes presented in Table Vincorporate the results of the regression analysis.4 Therefore,
any additional investigation or emphasis on these �ndings is not considered at this point,
wherein hedonic house characteristics and hazard scores are regressed against the anticipated
total loss (see Equation 2.1). This aims to discern the primary hazards which in�uence the
dependent variable.

4If the quantitative and �nancial implications of a one-unit increase in the River Flood Scoreshould be
interpreted, it is posited that a one-point increase corresponds to a 1.9-fold increase in the Total Loss, as
calculated by the exponentiation of the coef�cient ( e0.64 = 1.9). Despite this insightful interpretation,
the potential impact of endogeneity on these results must be recognised.
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Table V: Primary Hazards in�uencing the Total Building Loss
Log(Total Building Loss)

(1) (2) (3)

River Flood Score 0.6478*** (0.015) 0.6445*** (0.011) 0.6497*** (0.015)
Surface Flood Score 0.5215*** (0.023) 0.5600*** (0.018) 0.5306*** (0.020)
Coastal Flood Score 0.2188*** (0.018) 0.319*** (0.050) 0.2947*** (0.019)
Wild�re Score 0.0498** (0.022) 0.249*** (0.020) 0.2441*** (0.021)
Storm Score 0.0784*** (0.019) 0.075*** (0.017) 0.0876*** (0.017)
Landslide Score 0.2803*** (0.031) 0.239*** (0.0120) 0.2341*** (0.020)
Extreme Heat Score 0.1624*** (0.015) 0.120*** (0.013) 0.0611*** (0.017)
Drought Score 0.0459*** (0.015) 0.011 (0.014) 0.0097 (0.015)
Price/Sqm 0.0001*** (3.0e-06) 0.0001*** (3.9e-06)
D_Building Use -0.289*** (0.022) 0.1575*** (0.023)
D_year_2100 0.1766*** (0.060)
D_year_2090 0.1395** (0.061)
D_year_2080 0.1163** (0.059)
D_year_2070 0.0893 (0.057)
D_year_2060 0.0647 (0.055)
D_year_2050 0.0155 (0.056)
D_year_2045 -0.0008 (0.056)
D_year_2040 -0.0333 (0.056)
D_year_2035 -0.0656 (0.056)
D_year_2030 -0.0900 (0.056)
D_year_2025 -0.0718 (0.055)
>=1950 D_Building Year <1970 -0.1028** (0.0452)
>= 1970 D_Building Year <1990 -0.0459 (0.0394)
>= 1990 D_Building Year <2010 -0.1197*** (0.0366)
Building Year >= 2010 -0.0038 (0.0361)
Constant 7.152*** 0.088 6.223*** (0.080) 6.3544*** (0.0828)

Adj. R2 0.5380 0.6757 0.7619

Note: Standard errors in brackets. *Statistically signi�cant at 10%, **Statistically signi�cant at 5%,

Note: ***Statistically signi�cant at 1%. All displayed regression have suf�cient explanatory power accor-

Note: ding to the F-statistic.

Source: All data is based on anonymous tool provider outputs.

The OLS-regression output reveals insights into the factors in�uencing the expected Total
Building Loss. Notable distinctions can be found between the regression models. Following the
increase in R2 from 0.5380 to 0.7619, the augmentation underscores the enhanced explanatory
power achieved by incorporating additional hedonic characteristics in the third regression.
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Log(Total Building Loss) = b0 + b1River Flood + b2Surface Flood+ b3Coastal Flood + b4Wild�re

+ b5Storm Surge+ b6Landslide + b7Extreme Heat + b8Drought

+ b10Price/Sqm + b12D_Building Use +
2100

å
i= 2025

(
27

å
y= 17

byD_Yeari )

(2.1)

+
2010

å
i= 1950

(
16

å
y= 13

by(D_Building Year > i)) + e

These variables are initially included as they serve as input variables in the model-masks upon
which the ultimate expected loss is based. Omitting them could potentially result in Omitted
Variable Bias (OVB).

Regarding the interpretation of coef�cients in Regression 1, the positive coef�cients for hazard
scores, including River Flood Score, Surface Flood Score, Coastal Flood Score, Wild�re Score, Storm
Score, Landslide Score, Extreme Heat Score, and Drought Score, signify an association between
higher hazard scores and an increase in the expectedTotal Building Loss. Notably, the River Flood
Scoreemerges with the highest coef�cient. This is interpreted as its substantial in�uence on the
expected loss. Thesecond regressionintroduces essential variables, such asPrice per square meter,
and Building Usemaking the Drought scoreinsigni�cant. The inclusion of Price/Sqmand Floor
Areadoes not signi�cantly increase the VIF scores, indicating the absence of substantial multi-
collinearity resulting from their joint presence. This lack of multicollinearity can be attributed
to the relatively low correlation between these independent variables. Given that both variables
exhibit a similar degree of correlation with the dependent variable, they were initially retained
in the model. The exclusion of time-invariant variables ( Floor Areaand Building Height) does not
substantially alter the remaining coef�cients or the explanatory power of the model, leading
to the optimal model presented in Regression 2. The remaining hedonic characteristics are
statistically signi�cant 5 but their in�uence is pretty low. Regression 3additionally incorporates
indicators for speci�c years (Dyear) and Building Yearcategories(> = 1950DBuildingYear < 1970,
etc.). These augmentations aim to capture temporal trends besides variations related to the
building year. Including them enriches the model's ability to explain the variance in log-
transformed Total Building Loss. The hazard scores still contribute to the expected Total Building
Lossexcept for Drought. The coef�cients for temporal indicators (Dyear) show the impact of
each respective year on the expected loss. The positive coef�cients for later years indicate an
escalating expected loss over time. Moreover, the coef�cients for Building Year categoriesshed
light on the in�uence of different building eras on the expected loss. For instance, a negative
coef�cient for > = 2010 implies a decrease in expected loss for buildings constructed after 2010.

In conclusion, the third regression(Equation 1), enriched by explanatory variables, not only ele-
vates the model's explanatory power but also provides nuanced insights into the factors shaping
the expected Total Building Loss. The positive statistically signi�cant coef�cients for hazard scores,

5Additionally, Building Height, which is also a time-invariant variable, is excluded from the model
owing to its statistical insigni�cance and negligible contribution to the explanatory power.
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particularly the River Flood Score, underscore their pronounced impact. This contributes valuable
knowledge to the discourse on climate risk assessment in the built environment.

Summary

The quantitative analysis is undertaken to address notable differences in risk scores. This ana-
lytical approach has proven invaluable in pinpointing countries and hazards that demonstrate
signi�cant variability in their physical climate risk scores. Such insights can aid real estate
companies in interpreting the reliability of their obtained scores. The primary �ndings are as
follows: �rstly, risk scores tend to converge as we project further into the future. Secondly,
certain countries, including ALB, MKD, KOS, IRL, and PRT, exhibit higher instability in their
predictions compared to others. Thirdly, River Floodtops the list in terms of the highest variation
in physical climate risk scores, closely followed by Drought. On the contrary, Wild�re and Coastal
Flooddisplay considerably less variability. Lastly, an intriguing revelation is the partial misalign-
ment between self-estimated accuracy by the tool providers and the actual output: There is
consensus onRiver Floodsbeing the most challenging to predict, discrepancies arise for Wild�re
and Drought. Tool providers rank their variability differently. The relatively small variation
observed in Wild�re scores may be attributed to our decision to focus on urban properties for
comparability and economic representativeness. Although we control for countries and years in
our regression analysis, it is neither feasible nor meaningful 6 to control for the type of tool or
tool provider in this regression. These conclusions are thus drawn from the interviews in the
following chapter, making this combination of qualitative and quantitative analysis unique.

2.6 Interpretation & Discussion

We acknowledge that our study predominantly centres on the minimal consensus, speci�cally
in the assessment of scoring outputs. Nevertheless, given the popularity and widespread use of
these scores in the industry, we presume that we are analysing the key metric most crucial for
market participants. While the variations in the risk scores are most apparent in the quantitative
analysis, the underlying reasons for these variations are explained through information derived
from the extensive interviews. Notably, when comparing variations in results across different
geographic regions, signi�cant disparities emerge. These depend on the speci�c hazard under
consideration. Two primary reasons for these divergences are suspected based on information
provided by the tool providers. Firstly, as regional datasets vary among providers, the selection
of these datasets can have a remarkable impact. Secondly, we posit that geographical nuances
in observed locations contribute to result variability. However, we do not discern a consistent
pattern of divergence concerning broader geographic distinctions, such as East vs. West.

Additionally, our hypothesis that modeling uncertainties might lead to larger variability in
future predictions contradicts our �ndings. Any changes in scores over time are observable
across all providers' outputs. While we suspect that predictions of overtime severity and

6Attempting to predict the Total Lossestimated by one tool provider using the very different scores of
another would lack logical coherence.
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frequency might be uniformly derived from the CMIP base models, we cannot conclusively
evaluate this. The discernible differences in variability between hazards are evident in the
analysis and align with explanations provided during prior interviews. Interviewees noted that
certain hazards are more challenging to predict than others, with River Floodsbeing considered
the most dif�cult due to the combination of limited elevation data and extensive climate models.
Conversely, hazards like Coastal Floodswere perceived as easier to predict, a perception sup-
ported by our results. When segregating results from commercial and open-source providers,
we observe that the consistency of results for Coastal Floodsfrom commercial providers indicates
lower divergence. This is likely owing to the broader scope of the open-source tools assessed.
Although the outcomes for Wild�re may appear incongruent with our previous interpretation,
we propose two reasons for the low variability in results from the providers. Firstly, while many
interviewees identi�ed wild�res as challenging to predict, they require dry vegetation for an
outbreak. To ensure the economic representation of our results, we restricted address generation
to larger cities, which are typically not at high risk of wild�res. Even for cities exposed to
wild�res, we did not identify signi�cant differences in results. Interviewees mentioned that
wild�re data is scarce, and the limited number of source models could contribute to their
uniformity.

The disparity between interviewees' perceptions of Extreme Heatand the actual results may be
attributed to differences in the de�nition of scores. Some providers de�ned Extreme Heatas
exceeding temperature beyond a certain threshold (thresholds were not uniform as well) and
some beyond the average temperature. As we did not receive fundamental data from every
provider, however, we could not test this hypothesis.

When testing for the origin category of the tool (Independent, Consulting, Insurance, or Open
Source), there was no clear pattern veri�able either. However, variations exist in the use of
regional data to achieve smaller scopes. While some providers forego regional data altogether,
others differ in their approaches, with some employing statistical downscaling. Furthermore,
insurance companies bene�t from a wealth of historical loss data. As a result, they are able to
train their models with this valuable information. In contrast, smaller providers may lack these
resources. During the interviews, two participants suggested that tools from the wider realm of
insurance (incl. brokers) systematically overestimate risk to justify higher risk premiums. When
looking at the MAD of two groups of tools with insurance backgrounds, it is evident that our
results cannot empirically undermine this claim ( Figure 2.3).

In summary, variability among tool providers, as measured by MAD s, stems from various
sources: Primarily, while most tool providers utilise CMIP 6 models as a foundation, disparities
arise probably due to differences in input (range of 10km to 100km) and output (range of
3km to 30km) data resolutions. Moreover, diverse downscaling methods are employed by
tool providers to enhance output granularity. Whether employing dynamical or statistical
downscaling, signi�cant differences arise in the techniques utilised and the degree of data
reduction. Third, insurance companies often leverage costly historical data to train their models,
a practice less common among other tool providers. Fourth, tool providers with access to longer
historical data for certain hazards, like �oods, have a distinct advantage. Their extended data
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Figure 2.3: MADs of two Groups of Tools with Insurance Background

Source: All data is based on anonymised tool provider outputs.

access, stemming from their longer existence or greater �nancial resources, potentially enables
the development of more re�ned models. Fifth, the de�nition and scoring of hazards can vary
between providers. Consequently, comparability is often low, with a “�ve” on one tool not
necessarily equating to the same severity on another. These differences in hazard de�nition and
scoring further contribute to disparities in results between tool providers. However, some con-
sultancies often provide overlay tools that more or less repackage data for improved customer
comprehension. Despite surface differences, these tools may share common methodologies
and data sources, leading to similar results. Given that these output scores inform critical
�nancial decisions, such as investments, insurance premiums, or bank loans, the choice of
provider becomes essential. Different providers offer divergent risk assessments, making the
selection of a provider a signi�cant factor in decision-making processes. Furthermore, global
data coverage varies signi�cantly between providers, impacting the prediction reliability in risk
quanti�cation for different regions. Especially when comparing results of different providers,
market participants have to be cautious.
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While our �ndings offer a comprehensive understanding of current tools for quantifying
physical risk, some areas warrant further research. The validation process, especially after
merging models of different scales, lacks standardisation. Models evaluated by the CMIP
undergo a uniform performance assessment and can thus be benchmarked. While this process
is constrained by the availability of high-quality observation data, it mitigates bias introduced by
multiple validation datasets and methodologies. Implementing a similar process for commercial
providers could mitigate these biases and enhance the overall accuracy of the tools. Further
establishing a uniform score by utilising fundamental data as a foundation could help mitigate
uncertainties arising from diverse scoring systems. Based on our interviews, it is evident that
the risk scores utilisation is primarily in�uenced by market participant demand. However,
establishing a homogeneous creation and de�nition of the risk categories could further reduce
misconceptions in quanti�cation. When considering reporting standards, it is advisable to
provide a clear de�nition of a scoring system. This, in turn, would enable the assessment of the
effectiveness of a standardised system. A cohesive prediction can be attained by consolidating
various forecasts, as demonstrated by (Consensus Economics, 2024)7. However, it is crucial
to note that maintaining market competition remains essential for ongoing development
and improvement. Furthermore, our analysis is con�ned to Europe; extending a similar
investigation to other continents could yield valuable insights into how spatial differences
impact the variability of quanti�cation results. As we observed disparities in quantifying
speci�c hazards between countries, a similar effect may also exist on an intercontinental scale.

2.7 Conclusion

We conducted a sequential exploratory mixed methods analysis, incorporating semi-structured
interviews and various statistical instruments, to assess physical climate risk scores for a pre-
de�ned pan-European real estate portfolio. Our �ndings reveal substantial disparities in the
outcomes produced by physical risk quanti�cation tools within the real estate industry. The
extent of variability in results depends signi�cantly on both the hazard and the geographical
location of the asset rather than on time. Despite the precision of available tools, these score dis-
parities introduce the potential for a four-point spread within the one-to-�ve range, depending
on the tool provider and the speci�c hazard or location. Especially, the quanti�cation of River
Floodrisk exhibits pronounced divergence. Despite having the highest variability in results,
we demonstrate that River Floodrisk also yields the most signi�cant impact on �nancial risk,
according to the coef�cient of its hazard score.

This revelation necessitates heightened awareness in interpreting scores, particularly as sim-
pli�ed climate risk scores are often relied upon in management meetings where non-climate
modelling experts make strategic decisions based on intuitive one-to-�ve scores. While industry
standards (e.g., ISO 14091:2021) exist for assessment of physical climate risk, our �ndings

7Based on the information gathered from the interviews, the absence of �nancial resources, impact
data, and a comprehensive understanding of the methodology we did not delve into developing a
standardisation yet. Regrettably, exploring these dimensions would extend beyond the current scope
of this analysis.
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suggest a lack of standardised scoring systems used in the industry. Therefore our analysis
indicates that further standardisation is required to strengthen the role of the tools in �nancial
decision-making. Particularly, the scoring systems introduce uncertainty through the oversim-
pli�cation of climate modelling. While this simpli�cation is acknowledged by most providers
we interviewed, the industry's demand for straightforward outputs hinders a shift towards
more in-depth analyses, thereby limiting the bene�ts for the real estate sector. Blind reliance
on non-standardised scoring systems though could lead to misinformed �nancial decisions,
particularly given the substantial potential total losses involved.

Based on our results, comparing outputs from different providers can become problematic,
rendering reporting based on non-standardised scoring systems of limited informational value.
Standardising the weighting, scope, and bandwidth (e.g. 1-5, or 0-100) of each score to some
extent for every hazard could alleviate unnecessary uncertainties. The market competition
however remains crucial in driving ongoing development and ensuring the continuous improve-
ment of these standardised scoring systems.

It is crucial to recognise that climate modelling inherently entails uncertainties to an extent that
may be unfamiliar to market participants. However, identifying assets exposed to high levels of
physical risk and the use of physical risk quanti�cation tools remain essential to limit the risk
in real estate portfolios. The tools available on the market can support this objective by �agging
high-risk assets for further, more detailed risk assessment. Nonetheless, market participants
should comprehend the limitations and assumptions intrinsic to their chosen quanti�cation
provider.
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2.8 Appendix

Table VI: Pairwise comparisons of marginal linear predictions

Hazards Contrast Std. Err. [95% Conf. Interval]

Drought vs Coastal Flood 0.4135 0.0515 0.3124 0.5145
Extreme Heat vs Coastal Flood 0.4194 0.0521 0.3171 0.5216
River Flood (Undefended) vs Coastal Flood 0.5945 0.0521 0.4922 0.6967
Storm Surge vs Coastal Flood 0.3941 0.0521 0.2919 0.4964
Wild�re vs Coastal Flood -0.0406 0.0521 -0.1428 0.0617
Extreme Heat vs Drought 0.0059 0.0515 -0.0952 0.1070
River Flood (Undefended) vs Drought 0.1810 0.0515 0.0800 0.2821
Storm Surge vs Drought -0.0193 0.0515 -0.1204 0.0817
Wild�re vs Drought -0.4540 0.0515 -0.5551 -0.3530
River Flood (Undefended) vs Extreme Heat 0.1751 0.0521 0.0729 0.2774
Storm Surge vs Extreme Heat -0.0252 0.0521 -0.1275 0.0770
Wild�re vs Extreme Heat -0.4599 0.0521 -0.5622 -0.3577
Storm Surge vs River Flood (Undefended) -0.2004 0.0521 -0.3026 -0.0981
Wild�re vs River Flood (Undefended) -0.6351 0.0521 -0.7373 -0.5328
Wild�re vs Storm Surge -0.4347 0.0521 -0.5369 -0.3324

Note: The contrasts, std. err., and con�dence intervals are not adjusted for other variables / covariates.

Note: The comparisons assume balanced group sizes, as they are reasonable based on the developed
portfolio.

Source: All data is based on anonymous tool provider outputs.
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Table VII: Ranking by Country over time (2020-2080, over all Hazards)
2020 2030 2040 2050 2060 2070 2080

Rank Value Country Value Country Value Country Value Country Value Country Value Country Value Country

1 0.7278 ALB,
MKD,
KOS

0.9519 PRT 1.0333 PRT 1.0333 AUT 0.8991 AUT 1.0213 PRT 1.2857 NOR

2 0.7259 PRT 0.8898 IRL 1.0296 AUT 1.0333 PRT 0.8583 PRT 0.8944 AUT 1.2361 PRT

3 0.7130 IRL 0.8458 ALB,
MKD,
KOS

0.9185 IRL 0.9250 CHE 0.8139 CHE 0.8074 IRL 0.8889 IRL

4 0.6537 AUT 0.8083 AUT 0.8510 CHE 0.8204 SWE 0.7556 ALB,
MKD,
KOS

0.7556 ALB,
MKD,
KOS

0.8111 SWE

5 0.6259 CHE 0.7787 CHE 0.8083 SWE 0.7639 ITA 0.7556 IRL 0.7520 ITA 0.8019 AUT

6 0.5583 ESP 0.7602 FRA 0.7272 ITA 0.7556 ALB,
MKD,
KOS

0.6984 ITA 0.7444 CHE 0.7630 CHE

7 0.5454 SWE 0.6593 DNK 0.6375 ALB,
MKD,
KOS

0.7407 IRL 0.6370 DEU 0.7278 SWE 0.6407 DNK

8 0.5213 ALB,
MKD,
KOS

0.5870 ESP 0.6157 POL 0.7380 DNK 0.5714 NOR 0.6741 DEU 0.6333ALB,
MKD,
KOS

9 0.4991 DEU 0.5694 BIH, SRB,
MNE

0.6000 DNK 0.6333 FRA 0.5593 FRA 0.6296 POL 0.5852 DEU

10 0.4917 FRA 0.5320 EST, LVA,
LTU

0.5278 EST, LVA,
LTU

0.5630 DEU 0.5454 DNK 0.6010 FRA 0.5764 ITA

11 0.4889 POL 0.5231 DEU 0.4917 BEL,
NLD,
LUX

0.3870 POL 0.5222 SWE 0.4950 GBR 0.5676 FRA

12 0.4759 BIH, SRB,
MNE

0.4843 BEL,
NLD,
LUX

0.4898 FRA 0.3681 EST, LVA,
LTU

0.4667 POL 0.4472 BEL,
NLD,
LUX

0.5347 EST, LVA,
LTU

13 0.4537 BEL,
NLD,
LUX

0.4713 POL 0.4861 DEU 0.3284 GBR 0.4472 BEL,
NLD,
LUX

0.4231 GRC 0.5315 ESP

14 0.4395 ITA 0.4663 ITA 0.3806 ESP 0.2880 CZE,
SVK

0.3760 GBR 0.4037 DNK 0.4694 BEL,
NLD,
LUX

15 0.3676 DNK 0.4444 SWE 0.3444 HRV,
SVN,
HUN

0.2861 ESP 0.3667 EST, LVA,
LTU

0.3667 EST, LVA,
LTU

0.4157 GRC

16 0.3454 HRV,
SVN,
HUN

0.3370 HRV,
SVN,
HUN

0.3222 GRC 0.2861 GRC 0.3370 BGR,
ROU

0.3454 HRV,
SVN,
HUN

0.3998 GBR

17 0.3130 CZE,
SVK

0.3204 GBR 0.2371 GBR 0.2861 NOR 0.3343 CZE,
SVK

0.3417 ESP 0.3741 BGR,
ROU

18 0.3065 GBR 0.2857 NOR 0.2002 BIH, SRB,
MNE

0.2857 BEL,
NLD,
LUX

0.32896 HRV,
SVN,
HUN

0.3370 BGR,
ROU

0.3407 POL

19 0.2556 EST, LVA,
LTU

0.2269 CZE,
SVK

0.2083 BGR,
ROU

0.2815 HRV,
SVN,
HUN

0.3120 GRC 0.3222 CZE,
SVK

0.3074 HRV
/SVN
/HUN

20 0.1769 BGR,
ROU

0.2269 GRC 0.1991 CZE,
SVK

0.2639 FIN 0.2861 ESP 0.2857 NOR 0.1713 BIH, SRB,
MNE

21 0.1667 NOR 0.2 BGR,
ROU

0.1776 FIN 0.2861 BIH, SRB,
MNE

0.2824 BIH, SRB,
MNE

0.2194 FIN 0.1296 CZE,
SVK

22 0.1565 FIN 0.1935 FIN 2.54 �
10� 16

NOR 0.1611 BGR,
ROU

0.1972 FIN 0.1713 BIH, SRB,
MNE

0.1083 FIN

Note: The values equal MADs.

Note: Countries abbreviated according to ISO 3166.

Source: All data is based on anonymous tool provider outputs.
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Table VIII: Hazard-speci�c Ranking by Country (2020)
River Flood Coastal Flood Wild�re Extreme Heat Storm Surge Drought

Rank Value Country Value Country Value Country Value Country Value Country Value Country

1 1.5167 AUT 2 ALB,
MKD,
KOS

0.75 BEL,
NLD,
LUX

0.9444 POL 1.4524 ITA 0.9444 POL

2 1.5111 PRT 0.75 BEL,
NLD,
LUX

0.7167 PRT 0.8214 GBR 1.2389 ESP 0.8214 GBR

3 1.5111 SWE 0.6667 GRC 0.4667 ESP 0.6778 DEU 1.1722 AUT 0.6778 DEU

4 1.5056 IRL 0.55 IRL 0.4444 GRC 0.6667 IRL 1.1389 FRA 0.6667 IRL

5 1.3444 GRC 0.35 PRT 0.3393 ITA 0.6611 CHE 1.1111 CHE 0.6611 CHE

6 1.3056 CHE 0.0833 SWE 0.3333 BIH, SRB,
MNE

0.625 ALB,
MKD,
KOS

1.0278 POL 0.625 ALB,
MKD,
KOS

7 1.2833 FRA 0.0833 ESP 0.25 BGR,
ROU

0.6 AUT 1 BIH, SRB,
MNE

0.6 AUT

8 1.0778 BIH, SRB,
MNE

0.0056 DNK 0.0893 GBR 0.5333 BEL,
NLD,
LUX

0.9583 ALB,
MKD,
KOS

0.5333 BEL,
NLD,
LUX

9 1.0167 ESP 0 AUT 0.0889 HRV,
SVN,
HUN

0.4444 DNK 0.8889 IRL 0.4444 DNK

10 0.8833 HRV,
SVN,
HUN

0 BIH, SRB,
MNE

0.0833 FRA 0.4444 PRT 0.8889 DNK 0.4444 PRT

11 0.8167 CZE,
SVK

0 BGR,
ROU

0.0667 DEU 0.4333 CZE,
SVK

0.8889 PRT 0.4333 CZE,
SVK

12 0.7944 DEU 0 HVR,
SVN,
HUN

0.0333 AUT 0.4167 HRV,
SVN,
HUN

0.8889 SWE 0.4167 HRV,
SVN,
HUN

13 0.7917 EST, LVA,
LTU

0 CZE,
SVK

0.0167 CHE 0.3944 SWE 0.7778 DEU 0.3944 SWE

14 0.7857 ITA 0 EST, LVA,
LTU

0.0083 ALB,
MKD,
KOS

0.3333 EST, LVA,
LTU

0.5944 GRC 0.3333 EST, LVA,
LTU

15 0.7167 FIN 0 FIN 0 CZE,
SVK

0.2722 ESP 0.2667 HRV,
SVN,
HUN

0.2722 ESP

16 0.45 BGR,
ROU

0 FRA 0 POL 0.2222 BIH, SRB,
MNE

0.1944 BGR,
ROU

0.2222 BIH, SRB,
MNE

17 0.4222 DNK 0 DEU 0 EST, LVA,
LTU

0.2222 FRA 0.1944 CZE,
SVK

0.2222 FRA

18 0.15 ALB,
MKD,
KOS

0 ITA 0 FIN 0.0833 BGR,
ROU

0.1889 FIN 0.1667 NOR

19 0.1071 GBR 0 POL 0 DNK 0.0389 GRC 0.1556 BEL,
NLD,
LUX

0.0833 BGR,
ROU

20 0.0167 POL 0 CHE 0 POL 0.0298 ITA 0.075 EST, LVA,
LTU

0.0389 GRC

21 0 BEL,
NLD,
LUX

0 GBR 0 IRL 0.0167 FIN 0 GBR 0.029 ITA

Note: The values equal MADs. River Flood in this table corresponds to undefended river �ood.

Note: Countries abbreviated according to ISO 3166.

Source: All data is based on anonymous tool provider outputs.
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Table IX: Hazard-speci�c Ranking by Country (2040)
River Flood Coastal Flood Wild�re Extreme Heat Storm Surge Drought

Rank Value Country Value Country Value Country Value Country Value Country Value Country

1 2.1667 EST, LVA,
LTU

0.7111 IRL 0.7778 GRC 1.7556 SWE 1.3631 ITA 1.7556 SWE

2 2.0222 PRT 0.3556 PRT 0.75 BEL,
NLD,
LUX

1.6667 AUT 1.1667 ALB,
MKD,
KOS

1.6667 AUT

3 1.7111 IRL 0.0889 DNK 0.6833 PRT 1.3778 POL 1.1611 AUT 1.3778 POL

4 1.6889 CHE 0.0238 GBR 0.6667 ITA 1.1556 IRL 1.1389 FRA 1.1556 IRL

5 1.5778 AUT 0 ALB,
MKD,
KOS

0.4111 ESP 1.1111 CHE 1.1167 ESP 1.1111 CHE

6 1.3556 FRA 0 AUT 0.3611 BIH, SRB,
MNE

1.1111 PRT 1.0833 CHE 1.1111 PRT

7 1.2889 DNK 0 BEL,
NLD,
LUX

0.1389 BGR,
ROU

1.0222 BEL,
NLD,
LUX

0.9167 PRT 1.0222 BEL,
NLD,
LUX

8 1.2 DEU 0 BIH, SRB,
MNE

0.125 ALB,
MKD,
KOS

1 ALB,
MKD,
KOS

0.9167 POL 1 ALB,
MKD,
KOS

9 0.9048 ITA 0 BGR,
ROU

0.1111 CHE 0.7143 ITA 0.9 SWE 0.7143 ITA

10 0.6667 BGR,
ROU

0 HRV,
SVN,
HUN

0.1056 AUT 0.6667 DNK 0.8889 DNK 0.6667 DNK

11 0.6444 FIN 0 CZE,
SVK

0.0893 GBR 0.619 GBR 0.7778 DEU 0.619 GBR

12 0.6222 HRV,
SVN,
HUN

0 EST, LVA,
LTU

0.0833 CZE,
SVK

0.5778 HRV,
SVN,
HUN

0.7778 IRL 0.5778 HRV,
SVN,
HUN

13 0.5333 ALB,
MKD,
KOS

0 FIN 0.0833 SWE 0.5111 CZE,
SVK

0.4 GRC 0.5111 CZE,
SVK

14 0.4444 BIH, SRB,
MNE

0 FRA 0.0667 HRV,
SVN,
HUN

0.5 EST, LVA,
LTU

0.2222 BIH, SRB,
MNE

0.5 EST, LVA,
LTU

15 0.3556 SWE 0 DEU 0.05 DEU 0.4444 DEU 0.2222 HRV,
SVN,
HUN

0.4444 DEU

16 0.0889 CZE,
SVK

0 GRC 0.0167 DNK 0.3778 ESP 0.2222 BGR,
ROU

0.3778 ESP

17 0.0714 GBR 0 ITA 0 EST, LVA,
LTU

0.3556 GRC 0.1556 BEL,
NLD,
LUX

0.3556 GRC

18 0.0444 GRC 0 POL 0 FIN 0.2222 FRA 0.061 FIN 0.222 FRA

19 0.0222 POL 0 ESP 0 FRA 0.1556 BIH, SRB,
MNE

0 CZE,
SVK

0.1111 BIH, SRB,
MNE

20 0 BEL,
NLD,
LUX

0 SWE 0 IRL 0 BGR,
ROU

0.1111 EST, LVA,
LTU

0.1111 GBR

21 0 ESP 0 CHE 0 POL 2.54 �
10� 16

FIN 0 GBR 2.50 �
10� 16

NOR

Note: The values equal MADs. River Flood in this table corresponds to undefended river �ood.

Note: Countries abbreviated according to ISO 3166.

Source: All data is based on anonymous tool provider outputs.
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Table X: Hazard-speci�c Ranking by Country (2050)
River Flood Coastal Flood Wild�re Extreme Heat Storm Surge Drought

Rank Value Country Value Country Value Country Value Country Value Country Value Country

1 2.167 EST, LVA,
LTU

0.711 IRL 0.778 GRC 1.778 SWE 1.333 ALB,
MKD,
KOS

1.778 SWE

2 2.022 PRT 0.356 DNK 0.75 BEL,
NLD,
LUX

1.667 AUT 1.256 ITA 1.667 AUT

3 1.711 IRL 0.356 PRT 0.708 ITA 1.333 CHE 1.161 AUT 1.333 CHE

4 1.689 CHE 0.095 GBR 0.683 PRT 1.333 ALB,
MKD,
KOS

1.111 FRA 1.333 ALB,
MKD,
KOS

5 1.578 AUT 0 ALB,
MKD,
KOS

0.411 ESP 1.111 PRT 1.083 ESP 1.111 PRT

6 1.356 FRA 0 AUT 0.361 BIH, SRB,
MNE

0.933 DNK 1.083 CHE 0.933 DNK

7 1.289 DNK 0 BEL,
NLD,
LUX

0.128 AUT 0.857 ITA 0.928 SWE 0.857 ITA

8 1.2 DEU 0 BIH, SRB,
MNE

0.111 CHE 0.778 CZE,
SVK

0.917 DNK 0.778 CZE,
SVK

9 0.905 ITA 0 BGR,
ROU

0.089 GBR 0.762 GBR 0.917 PRT 0.762 GBR

10 0.733 HRV,
SVN,
HUN

0 HRV,
SVN,
HUN

0.083 BGR,
ROU

0.667 DEU 0.917 POL 0.667 DEU

11 0.689 BGR,
ROU

0 CZE,
SVK

0.083 CZE,
SVK

0.667 POL 0.778 DEU 0.667 POL

12 0.644 FIN 0 EST, LVA,
LTU

0.083 SWE 0.667 FRA 0.778 IRL 0.667 FRA

13 0.533 ALB,
MKD,
KOS

0 FIN 0.067 DEU 0.622 IRL 0.317 GRC 0.622 IRL

14 0.444 BIH, SRB,
MNE

0 FRA 0.067 HRV,
SVN,
HUN

0.467 FIN 0.222 HRV,
SVN,
HUN

0.467 FIN

15 0.356 SWE 0 DEU 0.05 POL 0.4 BEL,
NLD,
LUX

0.194 BGR,
ROU

0.4 BEL,
NLD,
LUX

16 0.262 GBR 0 GRC 0 ALB,
MKD,
KOS

0.3333 HRV,
SVN,
HUN

0.1556 BEL,
NLD,
LUX

0.3333 HRV,
SVN,
HUN

17 0.0889 CZE,
SVK

0 ITA 0 DNK 0.2889 GRC 0.0667 BIH, SRB,
MNE

0.2889 GRC

18 0.0444 GRC 0.05 PLO 0 EST, LVA,
LTU

0.1111 BIH, SRB,
MNE

0.0417 EST, LVA,
LTU

0.2857 NOR

19 0.0222 PLO 0 ESP 0 FIN 0.1111 ESP 0.0056 FIN 0.1111BIH, SRB,
MNE

20 0 BEL,
NLD,
LUX

0 SWE 0 FRA 2.54 �
10� 16

EST, LVA,
LTU

0 CZE,
SVK

0.0667 ESP

21 0 ESP 0 CHE 0 IRL 0 BGR,
ROU

0 GBR 2.22 �
10� 16

EST, LVA,
LTU

Note: The values equal MADs. River Flood in this table corresponds to undefended river �ood.

Countries abbreviated according to ISO 3166.

Source: All data is based on anonymous tool provider outputs.
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Table XI: Hazard-speci�c Ranking by Country (2060)
River Flood Coastal Flood Wild�re Extreme Heat Storm Surge Drought

Rank Value Country Value Country Value Country Value Country Value Country Value Country

1 2.1667 EST, LVA,
LTU

0.7111 IRL 0.7778 GRC 1.3333 AUT 1.3333 ALB,
MKD,
KOS

1.3333 AUT

2 2.0000 PRT 0.3810 GBR 0.7500 BEL,
NLD,
LUX

1.3333 ALB,
MKD,
KOS

1.1905 ITA 1.3333 ALB,
MKD,
KOS

3 1.7111 IRL 0.3556 DNK 0.6833 PRT 1.0000 CHE 1.1111 FRA 1.0000 CHE

4 1.6889 CHE 0.3556 PRT 0.6667 ITA 0.9111 CZE,
SVK

1.0833 ESP 0.9111 CZE,
SVK

5 1.5778 AUT 0 ALB,
MKD,
KOS

0.4111 ESP 0.8889 BEL,
NLD,
LUX

1.0833 CHE 0.8889 BEL,
NLD,
LUX

6 1.3556 FRA 0 AUT 0.3333 BIH, SRB,
MNE

0.8889 DEU 1.0222 AUT 0.8889 DEU

7 1.2889 DNK 0 BEL,
NLD,
LUX

0.2222 HRV,
SVN,
HUN

0.8889 SWE 0.9167 DNK 0.8889 SWE

8 1.2000 DEU 0 BIH, SRB,
MNE

0.1278 AUT 0.8889 POL 0.9167 SWE 0.8889 POL

9 0.9048 ITA 0 BGR,
ROU

0.1111 CHE 0.7619 GBR 0.9167 POL 0.7619 GBR

10 0.7333 HRV,
SVN,
HUN

0 HRV,
SVN,
HUN

0.0944 CZE,
SVK

0.7143 ITA 0.7778 DEU 0.7143 ITA

11 0.6889 BGR,
ROU

0 CZE,
SVK

0.0893 GBR 0.6667 IRL 0.7778 IRL 0.6667 IRL

12 0.6444 FIN 0 EST, LVA,
LTU

0.0833 POL 0.6667 PRT 0.7778 PRT 0.6667 PRT

13 0.5333 ALB,
MKD,
KOS

0 FIN 0.0833 SWE 0.5556 BGR,
ROU

0.3389 GRC 0.5714 NOR

14 0.4444 BIH, SRB,
MNE

0 FRA 0.0667 DEU 0.4444 BIH, SRB,
MNE

0.2222 HRV,
SVN,
HUN

0.5556 BGR,
ROU

15 0.3556 SWE 0 DEU 0.05 ALB,
MKD,
KOS

0.4444 FRA 0.2222 BGR,
ROU

0.4444 BIH, SRB,
MNE

16 0.2619 GBR 0 GRC 0 DNK 0.4 HRV,
SVN,
HUN

0.1556 BEL,
NLD,
LUX

0.4444 FRA

17 0.0889 CZE,
SVK

0 ITA 0 EST, LVA,
LTU

0.3556 GRC 0.0333 EST, LVA,
LTU

0.4 HRV,
SVN,
HUN

18 0.0444 GRC 0 PLO 0 ALB,
MKD,
KOS

0.3556 DNK 0.0278 BIH, SRB,
MNE

0.3556 GRC

19 0.0222 PLO 0 ESP 0 BGR,
ROU

0.2667 FIN 0.0056 FIN 0.3556 DNK

20 0 BEL,
NLD,
LUX

0 SWE 0 FRA 0.1111 ESP 0 GBR 0.2667 FIN

21 0 ESP 0 CHE 0 IRL 2.22 �
10� 16

EST, LVA,
LTU

0 GBR 0.1111 ESP

Note: The values equal MADs. River Flood in this table corresponds to undefended river �ood.

Countries abbreviated according to ISO 3166.

Source: All data is based on anonymous tool provider outputs.
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Table XII: Hazard-speci�c Ranking by Country (2070)
River Flood Coastal Flood Wild�re Extreme Heat Storm Surge Drought

Rank Value Country Value Country Value Country Value Country Value Country Value Country

1 2.1667 EST, LVA,
LTU

0.7333 IRL 0.7778 GRC 1.3333 AUT 1.5111 ALB,
MKD,
KOS

1.5111 AUT

2 2.0000 PRT 0.3810 GBR 0.7500 PRT 1.6667 PRT 1.1250 ITA 1.3778 POL

3 1.8667 IRL 0.3778 PRT 0.7500 BEL,
NLD,
LUX

1.1111 AUT 1.1111 FRA 1.3556 AUT

4 1.6889 CHE 0.3556 DNK 0.6250 ITA 1.0000 ALB,
MKD,
KOS

1.0833 ESP 1.3333 ALB,
MKD,
KOS

5 1.5778 AUT 0 ALB,
MKD,
KOS

0.3333 BIH, SRB,
MNE

0.9556 BEL,
NLD,
LUX

1.0333 AUT 1.1190 GBR

6 1.3556 FRA 0 AUT 0.3000 ESP 0.9333 CHE 0.9167 POL 1.1111 PRT

7 1.2889 DNK 0 BEL,
NLD,
LUX

0.25 FRA 0.8889 IRL 0.9056 SWE 1 DEU

8 1.2000 DEU 0 BIH, SRB,
MNE

0.2222 HRV,
SVN,
HUN

0.8333 GBR 0.8889 CHE 0.9286 ITA

9 0.9048 ITA 0 BGR,
ROU

0.1111 CHE 0.7333 DEU 0.7778 DNK 0.8889 BEL,
NLD,
LUX

10 0.7333 HRV,
SVN,
HUN

0 HRV,
SVN,
HUN

0.1111 CZE,
SVK

0.7111 DNK 0.7778 DEU 0.8889 CHE

11 0.6889 BGR,
ROU

0 CZE,
SVK

0.0893 GBR 0.6667 GRC 0.7778 IRL 0.8667 CZE,
SVK

12 0.6444 FIN 0 EST, LVA,
LTU

0.0833 POL 0.6667 BGR,
ROU

0.7778 PRT 0.7333 IRL

13 0.5333 ALB,
MKD,
KOS

0 FIN 0.0833 SWE 0.6667 ESP 0.3389 GRC 0.6889 GRC

14 0.4444 BIH, SRB,
MNE

0 FRA 0.0667 DEU 0.5111 PRT 0.2278 HRV,
SVN,
HUN

0.5556 BGR,
ROU

15 0.3556 SWE 0 DEU 0.0444 AUT 0.5000 EST, LVA,
LTU

0.2222 BGR,
ROU

0.4444 HRV,
SVN,
HUN

16 0.2619 GBR 0 GRC 0 ALB,
MKD,
KOS

0.4000 HRV,
SVN,
HUN

0.1556 BEL,
NLD,
LUX

0.4444 FRA

17 0.0889 CZE,
SVK

0 ITA 0 BGR,
ROU

0.3556 GRC 0.0333 EST, LVA,
LTU

0.4000 FIN

18 0.0444 GRC 0 PLO 0 DNK 0.1111 BIH, SRB,
MNE

0.0278 BIH, SRB,
MNE

0.3556 ESP

19 0.0222 PLO 0 ESP 0 EST, LVA,
LTU

0.1111 ESP 0.0056 FIN 0.3556 NOR

20 0 BEL,
NLD,
LUX

0 SWE 0 FIN 2.54 �
10� 16

EST, LVA,
LTU

0 CZE,
SVK

0.1111 BIH, SRB,
MNE

21 0 ESP 0 CHE 0 IRL 0 FIN 0 GBR 2.22 �
10� 16

EST, LVA,
LTU

Note: The values equal MADs. River Flood in this table corresponds to undefended river �ood.

Countries abbreviated according to ISO 3166.

Source: All data is based on anonymous tool provider outputs.
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Interview Guideline

Interview Guideline
This interview outline is designed to gather anonymous qualitative (quantitative) data from
tool providers on their climate risk quanti�cation methods. The information gathered will be
used to evaluate the different tools with respect to various criteria, including database quality,
quanti�cation methodology, transparency, actuality, scope, geographical suitability, and other
factors which focus on the real estate industry.
The interview will focus on the following questions:

Introduction and Overview

1. Can you brie�y describe your climate risk quanti�cation tool and its main features?

2. Which of the following models describes your pricing model best? 2

� Subscription-based model.

� Licensing fees (one-time fee or an upfront cost to obtain the right).

� Pay-per-use model.

� Customized pricing.

� Consulting or professional services (combination of tool usage fees and consulting
fees).

� Open-source or free tools.

� Other.............................................................

Database Quality

3. What data sources do you use to calculate physical climate risk?

4. Why do you choose these data sources?

5. Who provides the data?

6. Do you conduct any data validation or veri�cation to assess the consistency and correct-
ness of the data?

Quanti�cation Methodology

7. Could you provide a detailed explanation of the methodology used in your tool to de�ne
risk categories? Please outline the speci�c steps, parameters, and data sources involved
in the risk classi�cation process.

8. Can you describe the weighting procedure used in your tool and how you determine the
relative importance of different climate risks?

9. How do you de�ne your speci�c risk categories? At what point do you classify a project
as (high-)risk, or do you have multiple levels of risk classi�cation?

10. Are there any criteria that are particularly important to your tool, and how do you ensure
that these criteria are re�ected in your risk assessment?
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On a scale of 1 to 5, please rate the following statements regarding the criteria relevant to the
tool and their re�ection in the risk assessment:

1 - Strongly Disagree: The tool does not consider important criteria in the risk assessment.

2 - Disagree: The tool minimally incorporates important criteria in the risk assessment.

3 - Neutral: The tool moderately re�ects important criteria in the risk assessment.

4 - Agree: The tool signi�cantly incorporates important criteria in the risk assessment.

5 - Strongly Agree: The tool extensively and effectively re�ects important criteria in the
risk assessment.

Please rate each statement (further explanations can be found in the glossary) accordingly based
on your perception and understanding of the tool's performance in incorporating the important
criteria in the risk assessment. Use the scale provided to indicate your rating for each statement.

� Hazard characterisation appropriately considers relevant hazards and their characteristics
in the risk assessment.

� Exposure assessment adequately captures and quanti�es the exposure of assets to identi-
�ed hazards in the risk assessment.

� The tool is effective in adapting to different scenarios in order to assess the resilience of
assets.

� The data basis is consistent and of the same level for every region in the risk assessment.

� Probability assessment accurately quanti�es the likelihood or frequency of occurrence of
identi�ed hazards in the risk assessment.

� For multi-risk tools, all assessed climate risks are evaluated with the same level of
accuracy and consistency in the risk assessment process.

� Vulnerability analysis thoroughly assesses the vulnerability of assets.

� Spatial analysis effectively incorporates geographical information and spatial relationships
in the risk assessment.

� Temporal analysis appropriately considers the temporal aspects, such as trends and
changes over time, in the risk assessment.

� Data integration ensures the comprehensive integration of relevant data sources and
information in the risk assessment.

� Peer-reviewed methodologies are rigorously applied and adopted in the risk assessment
process.

� The tool provides the user with a clear understanding of the probability of asset endan-
germent.
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Actuality

11. How do you ensure that the tool remains relevant and up-to-date in a rapidly evolving
�eld?

12. How often is your tool (Data and Model) updated, and how do you ensure that it remains
up-to-date with the latest climate data?

� Quarterly.

� Monthly.

� Semi-annually.

� Annually.

� Less frequent than annually.

� Never.

13. Does your climate risk quanti�cation tool incorporate historical data in its analysis? How
does the tool utilise historical climate data to assess risks and what role does it play in
determining future projections and scenarios?

14. Do you provide scenarios in line with current (climate) policies and are they adjusted to
changing regulations?

15. Are there regular updates or noti�cations provided to users with regard to changes or
improvements in the tool's data or methodologies?

Scope

16. What is the geographical scope of your tool, and which countries are included in your
coverage?

17. Which physical climate risks does your tool assess, and how do you ensure that these
risks are relevant to the real estate industry?

� Flooding.

� Storm Surge / Hurricane or Cyclone Risk

� Drought.

� Wild�res.

� Sea Level Rise.

� Landslides.

� Extreme Weather Events.

� Coastal Erosion.

� Snowfall and Winter Storms.

� Heat Stress / Extreme Heat.

18. Does your tool cover multiple physical climate risks, and, if so, do you �nd that there is
higher variance in the results compared to tools which focus on a speci�c hazard?
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Geographical Suitability

19. What is the spatial resolution of your climate risk quanti�cation tool? How accurately
does the tool capture and analyse geographical data?

20. Does your tool take into account the speci�c geographical characteristics as well as
vulnerabilities of different regions or areas? If so, could you please explain how it
incorporates these factors into the assessment process?

21. Does your tool provide a detailed analysis of the climate risks speci�c to each location or
property?

22. How does your tool consider the interaction between climate risks and the unique features
of different geographic areas, such as proximity to coastlines, elevation, or urban density?

23. How does your tool handle geographical scale, such as assessing risks at the national,
regional, or local level?

Output and Information

24. How does your tool present the results?

� Reports (detailed analysis and �ndings).

� Maps.

� Interactive dashboards.

� Scenario simulations.

� Risk matrices.

� Graphs and charts.

� Data exports (e.g., CSV, Xlsx).

25. Can the results be easily exported and saved in various formats for further analysis?

26. Can you describe the level of detail and information contained in the output generated
by your tool?

� Risk scores.

� Probabilities of speci�c hazards occurring within a given time frame.

� Hazard mapping (risk hotspots).

� Sensitivity analysis (assess the impact of changing input parameters or scenarios).

� Exposure levels.

� Monetary risks / damages.

� Vulnerability assessments for different assets or regions.

� Trend analysis (analysis of historical data to provide insights into trends).

27. What level of detail can users expect in terms of spatial resolution in the risk assessment
outputs?
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28. Does the tool provide additional contextual information or insights alongside the results?

29. Are there any measures in place to ensure that the tool's results and outputs are easily
interpretable and understandable for non-experts (such as info-buttons, guidebooks,
benchmarks etc.)?

30. Which �lters serve users to customise or �lter the output based on speci�c criteria or
preferences?

� Geographic �lters.

� Filters by asset class.

� Hazard �lters.

� Time �lters.

� Risk level �lters (setting different thresholds).

� Scenario �lters.

� Parameter �lters (exposure, vulnerability, likelihood, or economic impact).

31. If your tool covers multiple physical climate risks, do you �nd that there is higher variance
in the results of speci�c hazards? Please rate the variability according to the scales 1-5.

1 Low variability.

2 Some variability.

3 Moderate variability.

4 Noticeable variability.

5 High variability.

� Flooding.

� Storm Surge / Hurricane or Cyclone Risk.

� Drought.

� Wild�res.

� Sea Level Rise.

� Landslides.

� Extreme Weather Events.

� Coastal Erosion.

� Snowfall and Winter Storms.

� Heat Stress / Extreme Heat.
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User Experience and Support

32. What level of user expertise is required to use your tool effectively, and do you provide
any training or support resources to help users navigate the platform?

33. Do you provide documentation or user guides which explain the technical aspects and
algorithms employed by the tool?

34. Do you provide information about the following to the users?

� Key steps and processes involved in the assessment.

� Information about the methodology.

� Information about the validation and calibration processes.

� Underlying assumptions of the methodology.

� Limitations of the methodology.

� Model updates and improvements.

35. Can users customise or adjust the parameters and assumptions used in the tool to align
with their speci�c requirements and preferences?

Other Factors

36. How many companies are currently using your tool, and can you provide any examples
of its use in the real estate industry?

37. Can you describe any speci�c features or functionalities of your tool which make it
particularly suited for the real estate industry?

38. Can you provide any case studies or examples of how your tool has been used in a
real-world setting, and what insights or bene�ts it provided?

39. Who do you consider your main competitors in the market?

40. What is the size of your team working on / for the tool?

41. Can you describe any unique or innovative features of your tool that differentiate it from
other physical climate risk assessment tools on the market?

42. How does your tool compare to other climate risk quanti�cation tools in terms of (scale
1-5):

1 Poor performance or low satisfaction.

2 Below-average performance or satisfaction.

3 Average performance or satisfaction.

4 Above-average performance or satisfaction.

5 Excellent performance or high satisfaction.

� Effectiveness: How well does the tool perform in providing accurate and reliable
results?
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� User-Friendliness: How easy is it to use and navigate the tool's interface?

� Data Quality: How reliable and comprehensive are the data sources used by the
tool?

� Customizability: To what extent can users tailor the tool to their speci�c needs and
requirements?

� Transparency: How transparent is the tool in terms of its methodology, assumptions,
and limitations?

� Accessibility: How easily accessible is the tool in terms of availability, cost, and
technical requirements?

� Support and Documentation: What level of support and documentation is provided
to users?

� Integration: How well does the tool integrate with other existing systems or work-
�ows?

� Scalability: How well does the tool handle large data sets and perform ef�ciently?

� Innovation: Does the tool offer unique and innovative features that differentiate it
from others in the market?

43. How do you see your tool evolving in the future, and are there any upcoming features or
updates you would like to highlight? What are the next steps for your tool?
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3 Rooftop Solar Potential and Financial
Performance of REITs

3.1 Abstract

Research indicates that the adoption of green certi�cation measures is increasingly in�uencing
the �nancial results of REITs. While the signaling effect of sustainability practices is well docu-
mented, there remains a notable gap in conclusive empirical evidence exploring how speci�c
decarbonization levers may generate shared value for both �rms and investors. Using a novel
dataset of U.S.REITs, we examine the impact of rooftop solar potential on �nancial performance
at the �rm level. While we �nd only weak evidence of an impact on market betas, abnormal
returns, and operating performance, there is a signi�cant valuation effect on �rm values that
extends beyond REITs' underlying properties. Our results suggest that the market is placing a
higher value on the future earnings of REITs with higher solar potential, re�ecting the expected
�nancial bene�ts of clean energy investments and the potential to mitigate carbon-transition
risks. We also provide evidence that �rm values are affected by upstream emissions through
local grid dependency outside REITs' direct control.

Keywords: REITs; Financial Performance; Firm Values; Rooftop Solar; Renewable Energy; Transition
Risk.

46



3 Rooftop Solar Potential and Financial Performance of REITs

3.2 Introduction and Related Literature

Although global �nancial markets have seen signi�cant growth in sustainable investment over
the past decade, during periods of economic stress and challenging market environments,
management may perceive investments in sustainability as a distraction and prioritize thus
core business operations(Chacon et al., 2024). However, effectively managing climate risks
could be a key factor in enhancing resilience against wider systematic risks (Albuquerque et
al., 2019). Existing research provides ample evidence that asset prices are already strongly
in�uenced not only by a company's environmental disclosure, but also by its actual carbon
emissions as well as the uncertainty associated with transition risks (Bolton & Kacperczyk,
2021; Choi et al., 2020; Matsumura et al., 2014; Ilhan et al., 2021; Seltzer et al., 2022; Bolton &
Kacperczyk, 2023). Although the magnitude and timing of transition risks, such as declining
market attractiveness, reputational damage, regulatory pressure, and carbon pricing schemes
are uncertain, carbon-intensive business models are particularly exposed to these risks (Ilhan et
al., 2021). The �nancial implications at the �rm level increasingly capture the true sensitivity of
investors and lenders to corporate environmental performance, rather than simply re�ecting
other omitted corporate risks (Chava, 2014; Krueger et al., 2020).

Similar �ndings regarding capital market preferences and pricing mechanisms in relation to
transition risks can be found in the literature focused on REITs. The profound impact of
transition risks on both global and regional REIT markets underscores the critical importance
of aligning investment decisions (Salisu et al., 2024). Given the limited availability of com-
prehensive whole-building energy data and corresponding emissions data, existing studies
focus on two primary metrics to elucidate the �nancial impact of green practices at the �rm
level: (1) either examining the proportion of environmentally certi�ed properties within REIT
portfolios or (2) assessing GRESB scores and disclosure. Eichholtz et al. (2012) and Fuerst
(2015) show that both the share of LEED- and Energy Star-certi�ed properties and the GRESB
score have a positive impact on REITs' operating performance and systematic risk, suggesting
reduced exposure to energy price �uctuations and regulatory risks. There is also evidence that
greener REITs are associated with superior stock performance, as highlighted by Eichholtz
et al. (2012) and Sah et al. (2013). Moreover,REITs that engage in environmental-sustainable
practices bene�t from lower debt �nancing costs. This is evident at both the property and the
�rm level (Eichholtz, Holtermans, & Kok, 2019; Feng & Wu, 2023). While �nding evidence
supporting a reduced cost of capital for greener REITs, Devine et al. (2024) also show that green
bond issuance improves corporate environmental performance as well. By isolating the income
and capital channels that drive the positive impact of green property investment at the �rm
level, Devine and Yönder (2023) examine the underlying pricing mechanisms of green building
investments of REITs identi�ed in previous studies. Beyond the bene�ts of better operating
performance, lower borrowing costs, and reduced systematic risk at the property level, their
research highlights that the relative premium in equity markets exceeds the premium observed
in property markets. They �nd that the mere participation of REITs in such certi�cation schemes
has an impact on investor and lender pricing, con�rming the signaling effects of certi�cations
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found by Bond and Devine (2016).1

While the bene�ts to REITs of holding a higher fraction of properties with green building
certi�cations or ratings are well documented in the literature, it is critical to recognize that these
frameworks alone, in their current form, are not suf�cient to optimize both environmental and
�nancial performance (Clayton et al., 2021; Newsham et al., 2009). Using GRESB performance
scores for REITs, Chacon et al. (2024) provide evidence that capital of REITs might be overallo-
cated to Environmental Social Governance (ESG) investments, resulting in lower �rm values
and cash �ow. Although all three dimensions of ESGare taken into account, the study indicates
that a careful balance should be struck between the short-term costs and long-term bene�ts
of environmental-sustainable investments. This underscores that adherence to the box-ticking
approach prevalent in certi�cation and rating systems may not always be in the best interests of
investors, lenders, and tenants in terms of capital allocation and thus also of ef�cient transition
risk management.

Focusing on actual carbon and energy intensity is essential to effectively managing transition
risks in property portfolios, as suggested by �ndings of Akhtyrska and Fuerst (2024). In this
context, operational energy plays a key role not only from an environmental perspective, but
also from an economic one. This importance, particularly for electricity, is expected to grow in
the coming years. First, the phase-out of on-site fossil fuel combustion is driving a shift toward
electri�cation of heating systems. Second, electric cooling loads, already a signi�cant compo-
nent of today's commercial building energy use, are expected to increase, particularly during
periods of extreme heat. Third, geopolitical tensions combined with uncertainty about carbon
pricing are expected to put additional in�ationary pressure on electricity prices (Fuss et al.,
2009). Despite being historically the largest portion of a commercial property's Operational Ex-
penditures (OpEx), energy costs are proving to be a highly manageable factor (Wiley et al., 2010).

Krueger et al. (2020) note, that institutional and long-term investors in particular are prioritizing
resilience against transition risk over divesting from assets with heightened risk exposure.
REITs that focus on long-term value creation are likely to bene�t from a performance premium
compared to their peers (Feng et al., 2022). In addition to adopting energy ef�ciency measures,
investments in on-site renewable energy can signi�cantly reduce the transition risk of real
estate portfolios, particularly as carbon pricing schemes become more widespread. This is
becauseREITs are becoming less dependent on the decarbonization of the local grid and on-site
renewable energy enables a more ef�cient switch to electri�ed heating and cooling systems.
According to Lee and Liang (2024), carbon-transition risks, such as emissions trading schemes,
are not only raising investor awareness of risk management and the �nancial viability of listed
real estate investments, but are also driving �rms to realign their priorities and strategies. They
�nd evidence that �rms in regions affected by these policies are better positioned to meet
evolving environmental standards in real estate markets through the integration of innovation

1There is also an extensive body of literature highlighting the bene�ts of environmentally sustainable
investments at property level. See An and Pivo (2020); Chegut et al. (2014); Devine et al. (2022);
Eichholtz et al. (2010, 2013); Fuerst and McAllister (2011); Holtermans and Kok (2019); Reichardt et al.
(2012); ? (?); Wiley et al. (2010).
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and technology.

In many cases,REIT portfolios encompass extensive rooftop space, ideally suited for the installa-
tion of solar systems.2 By utilizing this infrastructure, REITs can decrease their carbon footprint
and attain �nancial bene�ts, particularly in states where the local grid is heavily reliant on
fossil fuels and electricity rates are elevated. The electricity generated through rooftop solar
systems can either be sold back to the grid, provided directly to tenants via Power Purchase
Agreementss (PPAs), or utilized in a hybrid approach. 3 Although the solar potential among
REITs varies with their sector focus and the corresponding roof space availability, the bene�ts
of such renewable energy investments are not con�ned to large-scale warehouses or retail
properties. They also extend to property types with more limited rooftop space, including of�ce
buildings (Jurasz & Campana, 2019).

REITs may experience �nancial bene�ts from investing in rooftop solar through both income
and capital channels. One of these bene�ts is the reduction in energy costs by switching from
grid electricity to solar power, thereby reducing operating expenses. For most REITs, investing
in solar energy is already cheaper than relying on electricity from the grid. 4 In addition, Jurasz
and Campana (2019) �nd that solar systems can effectively reduce peak loads in commercial
properties, resulting in decreased energy costs. Solar systems are most bene�cial in triple-net
leases, where tenants directly bene�t from energy cost savings, allowing landlords to charge
higher effective gross rents (Reichardt, 2014). Beyond the direct impact on properties' cash �ow,
solar systems could also create indirect positive cash �ow effects. Devine and Kok (2015) docu-
ment that environmentally ef�cient buildings bene�t from higher occupancy rates, improved
tenant retention, and shorter re-letting periods. This not only leads to more stable cash �ows,
but also reduces operating costs through lower brokerage commissions and tenant incentives,
which in turn could lead to lower overall management costs for REITs. Existing research on the
positive impact of rooftop solar on property values centers primarily on the residential sector
(Aydin et al., 2018; Dastrup et al., 2012; Hoen et al., 2013; Qiu et al., 2017). However, Leskinen
et al. (2020) note that investments in solar systems, can also favorably in�uence commercial
property yields. They suggest that the rapid growth of electricity prices outpacing rental growth,
coupled with reduced obsolescence of on-site energy investments, is lowering the risk premium
for property investments.

While there is some limited empirical evidence supporting the potential bene�ts of solar for
commercial real estate at the property level, to our knowledge, no attention has been paid to

2See an article from Nareit on April 22, 2022, at the following website: https://www.reit.com/news/
blog/market-commentary/reit-solar-opportunities-35-billion-square-feet-roof-space.

3Throughout this paper, we refer to solar systems as a generic term for ease of discussion, although
technically there is a difference between solar thermal (conversion of solar radiation to heat) and
PV! (PV!) systems (conversion of solar radiation to electricity).

4See a report from Morgan Stanley on May 6, 2022 highlighting that for the 50 largest U.S.
REITs, investing in solar energy systems is cheaper than purchasing electricity from the grid:
https://static1.squarespace.com/static/5d1fb5921d73890001c2b867/t/6299001e3362940fc5b412ac/
165419421 3957 /MSNA20220325110760+%288%29.pdf.
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the relationship between rooftop solar and the �nancial performance of REITs. Furthermore,
existing REIT literature focuses primarily on third-party green certi�cation measures, which
�rms often use to promote their environmental commitment and which allow investors to meet
their clients' sustainability criteria. Beyond the clientele effect, there remains limited under-
standing of how actual transition risks are priced into valuations and how REITs' exposure to
upstream emissions impacts �nancial performance. This paper aims to �ll this gap by using
a unique dataset to examine the impact of REITs' solar potential and carbon offset factors on
stock performance, operating performance, and �rm values.

To pursue our analysis, we collect �nancial data and company characteristics from listed U.S.
equity REITs and match these datasets with recently available data on the rooftop area suitable
for solar installations on each property owned by a REIT. Additionally, we consider the carbon
intensity of the local electric grids to which each REIT property is connected. This approach
serves as a proxy for both the potential to mitigate transition risks by switching from grid
electricity to renewable energy, as well as the exposure to upstream emissions. We aggregate
the property-level data sets for each REIT in our panel to quantify the company-level �nancial
impact. To ensure the reliability of our research methodology and thus our empirical results,
we perform a series of robustness checks.

REITs provide an appropriate framework for the identi�cation of potential contemporaneous
effects on �nancial results, since pro�tability ratios and stock returns can be calculated on a
periodic basis. In addition, REITs' underlying properties are actively traded in a secondary
market, allowing for a direct comparison of asset and shareholder value, which can provide
valuable insight into future market expectations. While REIT management is paying less public
attention to solar potential, it is reasonable to assume that savvy investors are recognizing the
�nancial bene�ts of clean energy investments. 5

Our �ndings suggest no signi�cant relationship between REITs' solar potential and stock
performance, and only limited evidence of a relationship with operating performance. Given
the barriers REITs face in adopting rooftop solar to date, we attribute the lack of widespread
industry adoption as the primary driver of these results. However, our analysis provides robust
statistical and economic evidence that both solar and carbon offset potential signi�cantly impact
�rm values. This implies that the market already incorporates the �nancial bene�ts and reduced
risks into the pricing of REITs' future cash �ows. Furthermore, we �nd that �rm values are
affected not only by direct carbon emissions, but also by upstream emissions that depend on the
local grid. Overall, our results have important implications for REIT management, stakeholders,
and policymakers. Our �ndings contribute to the existing literature by providing a new per-
spective that re�nes the understanding of environmentally-sustainable property investment,
�rms' exposure to transition risks and how property portfolios can be actively leveraged to
mitigate these risks while generating �nancial bene�ts.

5See a Morgan Stanley report from May 6, 2022, which shows their methodol-
ogy for incorporating REITs' rooftop solar potential into their stock price forecasts:
https://static1.squarespace.com/static/5d1fb5921d73890001c2b867/t/6299001e3362940fc5b412ac/
1654194213957/MSNA20220325110760+%288%29.pdf.
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The remainder of the paper is structured as follows. The next section presents our data sources,
variables, and summary statistics, followed by a description of our research methodologies. We
then discuss our results and robustness checks. The �nal section of the paper provides our
conclusions.

3.3 Data and Summary Statistics

We collect data on �rm characteristics of all available U.S. listed equity REITs from 2012 to 2023
at an annual frequency, sourced from S&P Capital IQ Pro (formerly SNL Financial). Daily stock
market returns are obtained from Re�nitiv Datastream (formerly Reuters). Research factors and
risk-free rate data are downloaded from Kenneth R. French's Data Library. 6 Our time series
data covers a full market cycle and captures potential shifts in REITs' adoption of solar systems.
To account for potential selection bias, we consider all REITs regardless of property type and
geographic focus.

In our analysis of the impact of REITs' solar potential on �nancial performance, we calculate
annualized alphas and betas based on daily stock returns, using a standard 4-factor model
according to Fama and French (1993) and Carhart (1997), Return on Asset (ROA), Return on
Equity (ROE), Market to Book (M/B) ratio, and Price to Net Asset Value (P/NAV) ratio. 7

Consistent with previous studies, we include the following explanatory variables: real estate
investment growth, measured as the growth rate of REITs' real estate investments based on the
previous reporting period; total assets, de�ned as total assets owned by the REIT and reported
on the balance sheet; Debt to Equity (D/E ) ratio, de�ned as debt as a percentage of total
equity; �rm age, calculated as one plus years since Initial Price Offer ( IPO) or establishment
of REIT status; and percentage held by institutional owners, which might add explanatory
power with regard to adoption of sustainability practices, as suggested by Dyck et al. (2019)
and Krueger et al. (2020). In line with Devine and Yönder (2023), we calculate the proportion
of properties that are less than 10 years old. This allows us to control for the quality of
property portfolios and the potential suitability of the buildings for the installation of solar
systems. Real Gross Domestic Product (GDP) growth by Metropolitan Statistical Area ( MSA),
considered a typical leading indicator of real estate returns, is included as an external variable
to account for potential omitted economic drivers. Following Capozza and Seguin (1999), we
use the Her�ndhal-Hirschman Index ( HHI ) to measure both the geographic and property type
diversi�cation of the REITs in our sample, where si denotes a REIT's market concentration,
either in terms of its portfolio share by MSA or real estate property type. Index values range
from zero to one, with values close to zero suggesting high diversi�cation. The HHI may
capture both the heterogeneity of solar potential across property types and local environmental

6See Kenneth R. French's website: https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data-
library.html.

7A more detailed description of our dependent variables and the estimation strategy we employ can be
found in the next section of this paper.
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awareness, such as mandatory solar requirements for properties.

HHI =
N

å
i= 1

s2
i (3.1)

To determine the rooftop solar potential of REITs, we �rst derive latitude and longitude data
from the property addresses of all REIT-owned properties by applying Geographic Information
System (GIS) methods. We then use Google's Solar Application Programming Interface ( API)
to match the latitude, longitude and building size data with the roof area data. The Solar
API applies machine learning to assess the available roof area for solar arrays on properties
based on satellite images, shading analysis, roof elevations, building outlines, and built-up roof
areas. In particular, it identi�es potential obstacles on the roof, such as ventilation systems, that
could prevent the installation of solar panels. 8 By focusing on the speci�c characteristics of
individual properties, our dataset provides a more accurate determination of solar potential
than generalized assumptions based on building footprint or total roof area of buildings. We
de�ne a REIT's solar potential as the average maximum solar array area (in square feet) that
can be installed on the roofs of each property n owned by a REIT i in year t. By weighting each
property's maximum solar array area relative to the REIT's total area, we account for differences
in portfolio size and property type focus.

To further address the impact of solar installations on operational carbon emissions and to proxy
the potential to mitigate transition risks by switching from grid electricity to solar, we include
a REIT-speci�c carbon offset factor. This factor measures the equivalent carbon emissions
in kilograms of CO 2 per Mega Watt Hours ( MWh ) of grid electricity that a solar system
would displace, re�ecting each REIT's unique carbon displacement potential. To determine
the REIT-speci�c factors, each property in our sample is matched to the carbon intensity of
its respective e-grid. Since grid electricity consumption—and therefore carbon emissions—is
directly proportional to property size, the carbon offset factor for each REIT is again calculated
by weighting the property-speci�c offset factor by its square footage relative to the REIT's total
�oor area. We consider this variable to have additional explanatory power with respect to solar
potential, as the results of Bolton and Kacperczyk (2023) show that the �nancial performance of
�rms is also affected by indirect upstream emissions. For REITs, this suggests that not only
the environmental performance of properties, but also the energy mix of the electrical grid is a
critical factor in�uencing transition risk exposure. 9

Solar Potentiali ,t =
N

å
n= 1

Floor Areani,t � Max Array Arean
i,t

Floor Areai ,t
(3.2)

8See the detailed documentation of the Solar API on the Google Maps Platform:
https://developers.google.com/maps/documentation/solar.

9Due to multicollinearity between carbon offset factors and local utility rates, we do not include the latter
in our dataset.
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Carbon O f f seti ,t =
N

å
n= 1

Floor Areani,t � Max Carbon O f f setni,t
Floor Areai ,t

(3.3)

REITs with incomplete data on the latitude and longitude of their properties or other missing
control variables are excluded from our analysis. Moreover, we only consider �rms for which
we can obtain at least 90% of the solar potential data across the entire portfolio via Google's
Solar API. Our �nal sample consists of 103 REITs with a balanced distribution of property
types and geographic focus. To reduce the in�uence of outliers, we apply winsorization to the
variables at the 5th and 95th percentiles. The summary statistics are presented in Table I.

Table I: Descriptive Statistics

Statistic Mean Median St. Dev. Min Max

Alpha (%) 0.37 0.90 6.78 � 13.29 13.93
Beta 0.77 0.74 0.28 0.00 2.66
ROA (%) 1.95 1.97 1.34 � 0.90 4.93
ROE (%) 4.75 3.98 8.75 � 13.00 24.64
M/B ratio 2.29 1.89 1.49 0.78 6.83
P/NAV ratio 0.91 0.93 0.11 0.67 1.17
Solar potential (sq ft) 37,889.33 29,235.59 29,819.40 3,911.27 130,619.10
Carbon offset (kgCO2/MWh) 556.00 545.24 64.85 391.20 660.76
Total assets ($B) 5.11 3.22 5.18 0.08 19.60
Real estate inv. growth (%) 7.55 3.88 17.37 � 10.67 71.21
D/E ratio 1.38 1.04 0.97 0.38 4.06
Institutional ownership (%) 14.60 14.93 3.20 3.57 19.14
Share buildings < 10 years (%) 11.49 8.49 8.16 1.38 32.68
Firm age 18.58 19.00 9.52 2.00 44.00
HHI property type 0.80 0.90 0.21 0.28 1.00
HHI region 0.19 0.08 0.21 0.02 0.73
GDP growth (%) 2.43 2.11 0.77 0.43 4.14

The table presents the descriptive statistics for the variables used in this analysis covering the sample
period from 2012 to 2023. Firm characteristics are sourced from S&P Capital IQ Pro. Annualized alphas
and betas are calculated using a standard Fama-French-Carhart 4-factor model. The key independent
variables, solar potential and carbon offset, are obtained from the Google Solar API. To mitigate the
in�uence of outliers, the variables are winsorized at the 5 th and 95th percentiles.

The average estimated market beta is 0.76, while the average annualized alpha is 0.4%.REITs
have an average ROA of 1.95% and a ROE of 4.75%. The meanM/B ratio is 2.29 and the
mean P/NAV ratio is 0.91. REITs hold on average $5.11 billion in real estate assets, with an
average D/E ratio of 1.38. REITs' real estate investments are growing at an average annual
rate of 7.55%. The mean �rm age is 18.58 years, with 11.00% of properties less than 10 years
old. With an average HHI of 0.19 across regions compared to 0.80 for property types,REITs
exhibit greater geographic diversi�cation than sector diversi�cation. Institutional owners hold
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on average 14.60% ofREIT shares. In terms of solar potential, the average solar panel array
area per property is 37,889.33 square feet, with a standard deviation of 29,235.59 square feet. By
using solar power instead of grid electricity, REITs could offset an average of 556.00 kilograms
of carbon per MWh of solar energy generated, with a standard deviation of 64.85 kilograms
of carbon per MWh . This suggests that while there is some variation in the solar potential of
REITs, their ability to displace carbon is relatively consistent across our sample.

3.4 Research Methodologies

We �rst estimate the impact of solar potential and carbon offset factors on REIT stock perfor-
mance by calculating alphas (abnormal return) and market betas (systematic risk) for each
REIT in our sample using a standard 4-factor model according to Fama and French (1993) and
Carhart (1997).10

�
Ri ,t � R f ,t

�
= ai + bi

�
Rm � R f

�

t
+ g i1SMBt + g i2HML t + g i3MOM t + #it (3.4)

Ri ,t is the daily stock return of REIT i on day t. SMB (small minus big), HML (high minus
low) and MOM (momentum) are the Fama-French-Carhart factors. While some studies include
the S&P 500 index as a proxy for market return Rm, we follow the large body of existing REIT
literature by using the NAREIT index in our analysis. 11 Abnormal returns may re�ect a positive
market perception of REITs' solar potential and the associated �nancial bene�ts beyond the
stock price. As suggested by Eichholtz et al. (2012), betas may provide valuable insights into
REITs' exposure to systematic risk factors, such as �uctuating energy prices or environmental
policies, which could potentially be mitigated by solar.

Next, we examine the impact of our key independent variables on REITs' operating performance.
We calculate ROA and ROE by dividing net income by lagged total assets and total equity,
respectively. Although Funds From Operations ( FFO) is often considered a more accurate
measure of cash �ow from core business operations as non-cash expenses are added, we use
net income for consistency with previous studies. The results of Vincent (1999) show that both
net income and FFO provide valuable information content, with some evidence suggesting that
net income may be relatively more informative. We include both ROA and ROE as measures
of operating performance because of their different characteristics. While ROA may not be
distorted by potential leverage, as noted by Core et al. (2006), ROE is widely considered to be a
superior measure of operating performance from a shareholder perspective, providing a clearer
assessment of how ef�ciently invested capital is being used (Brown & Caylor, 2009). Particularly
for REITs that are already leveraging their solar potential, the aforementioned cash �ow effects
as well as reduced operating and management expenses may be re�ected in both ROA and ROE.

10For additional robustness, we also run the estimation using a Fama and French (2015) �ve-factor model.
The results show consistent values for alphas and betas.

11We derive annual alphas by assuming that a year has 252 trading days.
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Finally, we estimate the impact of Solar Potentialand Carbon Offseton corporate valuation.
For this purpose, we calculate the M/B ratio which is de�ned as a REIT's equity market
capitalization as a multiple of its book value. Market capitalization incorporates the fair price
of a stock, determined in standard valuation models as the present value of �rm's future
dividends or earnings. Thus, according to Fama and French (1995), the price of a stock and
therefore our dependent variables may be affected by both growth rates of future cash �ows and
changes in investors' required rate of return. Boudry et al. (2010) note that REITs face a double
cost of equity capital, which may affect REIT values not only through public markets, but
also through private markets given the active secondary market trading of REITs' underlying
properties. Since the book value as a past oriented accounting measure is potentially distorted
by depreciation and may not fully re�ect private market in�uences, we also use P/NAV as an
independent variable, which is calculated by dividing a REIT's share price by its net asset value
relative to shares outstanding.

In our model selection, we face methodological challenges similar to those highlighted by
Bauer et al. (2010). Our main predictor variables—Solar Potentialand Carbon Offset—vary across
REITs, but are relatively constant over time. This data structure poses a challenge when using a
�rm �xed effects model, as it becomes dif�cult to disentangle the �rm effects captured by our
explanatory variables from those captured by the �rm �xed effects, leading to multicollinearity
issues. We therefore use anOLS model with sector �xed effects and heteroscedasticity-robust
standard errors that are adjusted for dependencies within the �rm clusters. This approach
is preferable to a Generalized Least Squares (GLS) model because, although it also accounts
for auto- and cross-sectional correlation, it tends to produce overly con�dent standard errors,
especially for large N and small T samples (Beck & Katz, 1995). Our regression model can be
written as

Yi ,t = b0 + b1X i ,t + gZi ,t + ds,t + ei ,t (3.5)

where Yit represents our outcome variables alpha, beta, ROA, ROE, M/B ratio, or P/NAV
ratio for REIT i in year t. We use the logarithmic form of our dependent variable where the
data distribution allows. X it is a vector of our logarithmized independent variables of interest
Solar Potentiali ,t and Carbon O f f seti ,t . Zit is a vector of controls and ds,t represents the sector
�xed effects. We include total assets and REIT age in their logarithm. Since year-end �nancial
performance is more likely to be affected by characteristics at the beginning of the reporting
period than by contemporaneous effects, we use the lagged versions of real estate investment
growth, D/E ratio and ROA as covariates.

To account for cross-sectional residual dependence and a potential unobserved time effect,
we also estimate yearly regressions as suggested by Fama and MacBeth (1973). In these
situations, the Fama-McBeth (FM) approach provides unbiased standard errors and correctly
sized con�dence intervals (Petersen, 2008). Comparing theFM standard errors with the
standard errors clustered at the �rm level allows us to assess the relative magnitude of the
�rm and time effects in our models and thus a potential bias in our results. In the �rst step,
we run T cross-sectional regressions for each year in the same setup as our panel models,
where b0i and b1i are entity-speci�c intercepts and coef�cients as presented in Eq. (6). From
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these regressions, we then derive the time series average and the variance of the aggregated
coef�cients to compute p-values using Fama-MacBeth standard errors.

Yi ,t = b0,i + b1,i X i ,t + gZi ,t + ei ,t (3.6)

3.5 Empirical Results

3.5.1 Stock Performance

Table II shows the regression results for REITs' stock performance and systematic risk as
measured by their alphas and betas. Columns (1) and (3) report the coef�cient estimates from
the Fama-MacBeth regressions, while Columns (2) and (4) provide the coef�cient estimates
from the �xed effects models. Although we �nd a positive coef�cient of 0.133 for Solar Potential
on alphas in the Fama-MacBeth model, suggesting that REITs with more available solar array
area may generate excess returns, we do not observe statistical signi�cance in the estimated
coef�cients for either model. Our results therefore imply that Solar Potentialhas no explanatory
power for the excess returns of REITs. Moreover, the models estimate a negative coef�cient
for Carbon Offset(Columns 1 and 2). While a negative coef�cient may suggest that REITs with
higher exposure to properties operating in areas with carbon-intensive grids have lower excess
returns, we again �nd no signi�cant results. However, if we consider REITs' solar potential as
a driver of stock performance, the lack of statistical signi�cance for alphas may indicate that
potentially higher cash �ows or growth rates are already priced into stock prices and therefore
no excess returns are observed (Eichholtz et al., 2012).

According to Columns (3) and (4), we �nd no signi�cant in�uence of our primary independent
variable, Solar Potential, on market betas in either model. This implies that the systematic risk
is not affected by a REIT's available solar array area. Bolton and Kacperczyk (2021) point out
that the adoption of renewable energy technologies is limited to certain sectors and therefore
may not be re�ected in the systematic risk. We further suggest that our �ndings may be due
to a lack of progress in solar installations. While the �nancial viability of these strategies is
contingent on a multitude of variables, including the speci�cs of the individual properties,
the ownership structure (owner-operator or third-party ownership), local utility rates, and net
metering regulations, the potential economic bene�ts remain unrealized in many cases. Fleten
et al. (2007) and Leskinen et al. (2020) note that the adoption of solar systems lags behind the
pace suggested by their �nancial bene�ts. They point out that investors are delaying their
investments longer than pro�tability analyses recommend, highlighting a discrepancy between
expected and actual investment behavior. We attribute this lack of adoption to the following
key barriers: First, due to their income tax exemption, REITs have historically faced challenges
in using renewable energy tax credits to offset taxable income or monetizing the tax credits
through sale. Although recent regulations address this issue, REITs' rooftop solar systems
have primarily been operated by third-party owners or through taxable REIT subsidiaries.
Particularly in the case of third-party operated models, where REITs receive only a roof rent
rather than the full PPA revenues, this model may be unattractive to REITs given the restrictions
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imposed by the roof rights granted to the operator. 12 Second, this special tax status restricts
REITs from directly taking advantage of accelerated depreciation for their renewable energy
investments. Although accelerated depreciation can increase distributions to investors and
thus improve overall returns, this bene�t is limited to certain investors, many of which do not
pay taxes on dividend income. Third, REITs with large solar potential face the challenge of
generating more energy than their properties consume. However, in certain U.S. grid regions,
legal and technical barriers prevent the sale of excess power back to the grid. Although com-
munity solar is available in some form in most states, rooftop community solar implemented
through net metering or tax credits is included in the legislation of only a few states. In addition
to the bene�ts for REITs, the expansion of rooftop community solar could allow households,
companies, and other groups to bene�t from greener, more stable, and affordable electricity
rates without having to install their own solar systems. 13

In a similar manner to Solar Potential, we do not �nd a signi�cant relationship between Carbon
Offsetand market betas in the �xed effects model as shown in Column (4). REITs with high
offset factors are more dependent on grids that have a carbon-intensive energy mix, primarily
due to electricity generation from fossil fuels such as coal, oil or gas. The grid dependency
and associated upstream emissions exposeREITs to greater carbon risk, as evidenced by the
�ndings of Bolton and Kacperczyk (2023). However, due to relatively stable natural gas prices
and historically low carbon prices, any signi�cant impact on REITs' sensitivity to systematic
risk has likely been mitigated to date. In addition, the lack of statistical signi�cance is not
entirely unexpected, as estimating the impact on alphas and betas derived from daily stock
returns using explanatory variables based on annual data can be challenging. Furthermore,
alphas and betas are themselves estimates that serve as independent variables. This adds to
the complexity of deriving signi�cant estimates for the coef�cients, which is evident when
compared to the overall statistical signi�cance of our explanatory variables and covariates in
other models reported in Tables III and IV.

12The Department of the Treasury and the IRS! (IRS!) have approved �nal regulations under the In�ation
Reduction Act of 2022 for the transfer of tax credits, effective by July 1, 2024. See the published
document: https://www.govinfo.gov/content/pkg/FR-2024-04-30/pdf/2024-08926.pdf.

13For additional information on community solar and data on state-speci�c policies, please see the
NREL! (NREL!) website: https://www.nrel.gov/state-local-tribal/community-solar.html.
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Table II: Regression Results for Stock Performance

Variables Alpha Beta (log)

(1) (2) (3) (4)

Solar potential (log) 0.133 � 0.043 0.028 � 0.001
(0.378) (0.074) (0.020) (0.017)

Carbon offset (log) � 3.177 � 0.641 0.135 0.334
(2.024) (2.256) (0.161) (0.339)

Total assets (log) � 0.758�� � 0.572��� 0.046 0.049���

(0.348) (0.076) (0.029) (0.005)

Firm age (log) 0.560 0.321� � 0.042 0.008
(0.432) (0.180) (0.036) (0.022)

Real estate inv. growth t � 1 0.049�� 0.023��� � 0.002��� � 0.001
(0.022) (0.008) (0.001) (0.001)

D/E ratio t � 1 0.437�� 0.093 0.012 0.012
(0.219) (0.164) (0.013) (0.015)

ROA t � 1 0.331 0.165�� � 0.007 � 0.004
(0.283) (0.080) (0.016) (0.009)

Share buildings < 10 years � 0.013 � 0.027� � 0.001 � 0.003
(0.026) (0.015) (0.002) (0.002)

GDP growth (MSA) 0.474 0.189 � 0.020 � 0.027
(0.441) (0.212) (0.042) (0.035)

Institutional ownership 0.048 0.049 0.018��� 0.020���

(0.085) (0.056) (0.006) (0.007)

HHI region � 3.000 � 0.899��� 0.220�� 0.214
(2.044) (0.281) (0.089) (0.202)

HHI property type 1.617 1.957 ��� 0.261��� 0.112
(1.289) (0.161) (0.081) (0.112)

Constant 25.157� 5.204 � 2.419�� � 3.627
(13.125) (13.381) (1.044) (2.218)

Coef�cient estimates FM OLS FM OLS
Standard errors FM CL - F FM CL - F
Sector FE N Y N Y
Year FE N Y N Y
Observations 1,010 1,010 1,010 1,010
R-squared 0.321 0.238 0.254 0.228

The table reports the results of OLS and Fama-MacBeth regressions for the stock
performance of U.S. equity REITs as a function of their solar potential and carbon
offset and a vector of control variables. Annualized alphas and betas are derived
from a standard Fama-French-Carhart 4-factor model. OLS regressions include both
sector and year �xed effects. Heteroskedasticity-robust standard errors clustered at
the �rm level and Fama-MacBeth standard errors are shown in parentheses. *, **,
and *** indicate statistical signi�cance at the 10%, 5%, and 1% levels, respectively.
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3.5.2 Operating Performance

In the second stage, we examine the impact of Solar Potentialand the associated proxy for
transition risk Carbon Offseton the operational performance of REITs. Table III presents the
regression results with the outcome variables ROA and ROE. As reported in Columns (1) and
(3), we �nd a positive and signi�cant relationship between REITs' Solar Potentialand both ROA
(1% signi�cance level) and ROE (10% signi�cance level) in the Fama-MacBeth models, indicating
that a greater solar potential leads to better operating performance. The estimated impact on
�rms' operating performance is economically signi�cant. Considering a 50% increase in Solar
Potentialas depicted in the Fama-MacBeth model in Column (1), we observe a corresponding
rise in ROA by 5.92 basis points. Similarly, this increase is even more pronounced for ROE in
Column (3), resulting in a rise of 24.9 basis points.

Although the estimated coef�cients in the �xed effects models are directionally consistent with
those in the Fama-MacBeth models, we �nd no signi�cant relationship between Solar Potential
and either ROA or ROE. The results of the Fama-MacBeth model in Column (3) also indicate a
signi�cant relationship (at the 1% signi�cance level) between a REIT's potential to offset carbon
emissions of grid electricity and operating performance. However, this relationship is again
not supported by the other models in Columns (1), (2), and (4). Despite some evidence in
line with existing literature that sustainable investments positively in�uence REITs' operating
performance, the overall statistical evidence in our models remains weak.

We attribute this weak evidence to two factors. First, a REIT's return should only be affected
if solar panels are installed and generate additional revenue through direct and indirect cash
�ow channels; therefore, the potential for installation alone should not drive returns. The
aforementioned special tax status of REITs and the lack of the ability to feed excess power
into the grid are signi�cant barriers to the widespread adoption of solar energy in the REIT
sector. Nevertheless, we assume that our results are a re�ection of a number of REITs already
capitalizing on their potential. As highlighted by Lee and Liang (2024), the implementation
of environmental regulations, such as emissions trading schemes not only raises expectations
within the property sector, but also forces companies to deepen their commitment to sus-
tainability strategies, which may include exploiting their solar potential. Moreover, as noted
by Chmutina et al. (2014), the adoption of solar systems is closely linked to environmental
compliance and increasingly re�ects the environmental concerns of market participants. Both of
these factors may lead to solar installations gaining traction. We therefore expect an increasingly
signi�cant and more evident impact on operating performance in the coming years.

Second, notwithstanding the well-documented cash �ow effects of sustainable investments at
the property level, we do not anticipate a contemporaneous impact on operating performance at
the �rm level following the adoption of rooftop solar, particularly for REITs with larger property
portfolios. As highlighted by Beracha et al. (2019), improving relative operating performance
remains challenging for capital-intensive �rms such as REITs. In our context, this could be
particularly true for REITs implementing owner-operated strategies, as the upfront capital
investment for solar systems could offset the operational bene�ts in the short term. In most
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cases, the installation of solar panels is part of a holistic approach to a REIT's sustainability
strategy and is usually accompanied by other investments in greater technological automation of
building operations, such as smart meters and energy ef�ciency measures. As these investments
or the cost of these investments are typically borne solely by the landlord, any positive impact
on earnings is further diluted in the short term.

3.5.3 Firm Value

Finally, we regress our �rm value variables on Solar Potentialand Carbon Offset. The results are
reported in Table IV. Controlling for size, leverage, investment strategy, operating performance
and diversi�cation, we �nd strong evidence for a positive relationship between the Solar Potential
of a REIT and both M/B and P/NAV ratios in our cross-sectional and �xed effects regressions.
The coef�cients for all of the models are statistically signi�cant at the 5% level, the 1% level, and
the 10% level, respectively. We now also observe a considerably higher R-squared across models.
Increasing a REIT's average available solar area by 50% results in a 0.49% higherP/NAV ratio
in the Fama-MacBeth model and a 0.73% higher P/NAV ratio in the �xed effects model, as
presented in Columns (3) and (4). Given coef�cients of 0.037 for the Fama-MacBeth model and
0.079 for the �xed effects model in Columns (1) and (2), the same increase in solar potential
would result in an even more pronounced improvement in the M/B ratio of 1.51% and 3.26%,
respectively. Taking into account the relatively high standard deviation of Solar Potentialwithin
our sample, the results can be considered economically signi�cant.
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Table III: Regression Results for Operating Performance

Variables ROA ROE

(1) (2) (3) (4)

Solar potential (log) 0.146��� 0.001 0.615� 0.166
(0.044) (0.074) (0.353) (0.346)

Carbon offset (log) � 0.424 0.571 � 9.164��� � 4.565
(0.269) (0.803) (2.182) (5.175)

Total assets (log) 0.350��� 0.410��� 0.810��� 0.940�

(0.018) (0.050) (0.284) (0.496)

Firm age (log) � 0.054� � 0.084 1.454��� 1.382���

(0.031) (0.056) (0.407) (0.170)

Real estate inv. growth t � 1 0.001 � 0.005��� 0.007 � 0.022���

(0.005) (0.001) (0.031) (0.007)

D/E ratio t � 1 0.345��� 0.234��� 1.556��� 1.510���

(0.025) (0.087) (0.412) (0.316)

Share buildings < 10 years 0.008�� 0.011�� 0.080��� 0.080�

(0.004) (0.006) (0.030) (0.044)

Institutional ownership 0.002 0.004 0.240 0.314���

(0.011) (0.008) (0.169) (0.039)

GDP growth (MSA) 0.104��� 0.098 1.597��� 0.953
(0.037) (0.138) (0.432) (0.605)

HHI region � 0.898��� 0.046 � 2.897� � 1.628�

(0.146) (0.541) (1.499) (0.893)

HHI property type � 0.205 � 0.429 � 2.339 � 2.726
(0.141) (0.736) (2.407) (3.087)

Constant � 2.040 � 8.181 33.810� 4.498
(1.648) (5.196) (17.585) (37.277)

Coef�cient estimates FM OLS FM OLS
Standard errors FM CL - F FM CL - F
Sector FE N Y N Y
Year FE N Y N Y
Observations 1,010 1,010 1,010 1,010
R-squared 0.189 0.322 0.151 0.161

The table reports the results of OLS and Fama-MacBeth regressions for the operating
performance of U.S. equity REITs as a function of their solar potential and carbon
offset and a vector of control variables. OLS regressions include both sector and year
�xed effects. Heteroskedasticity-robust standard errors clustered at the �rm level
and Fama-MacBeth standard errors are shown in parentheses. *, **, and *** indicate
statistical signi�cance at the 10%, 5%, and 1% levels, respectively.
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Unlike most listed companies in other sectors, REITs are subject to a double cost of equity
capital due to the active trading of their underlying assets in the secondary market (Boudry
et al., 2010). As a result, theSolar Potentialand associated asset-level bene�ts may also be
incorporated into appraisals, potentially reducing the transition risk premium of property
yields as suggested by Leskinen et al. (2020). The relationship between property and �rm
values, as re�ected in M/B and P/NAV , provides an understanding of the extent to which
markets consider transition risk mitigation potential at both levels. The identi�ed positive
impact on both measures suggests that there are channels through which higher levels of Solar
Potentialaffect valuation at the �rm level beyond the book and market values of the underlying
properties. Investors may therefore assume that solar systems enable management to increase a
REIT's earnings over its existing property portfolio. As expected, we observe a larger impact on
the M/B ratio, primarily due to the fact that depreciated book values, unlike NAV! s (NAV! s),
are less able to capture the potential bene�ts of sustainable features in property valuations.

Since corporate valuation is inherently forward-looking, the excess �rm values can be seen
as a re�ection of investors' assumptions on REITs' future earnings. One possible reason for
our �ndings is that investors might reasonably expect the bene�ts of on-site renewable energy
generation to have an increasingly positive impact on property investments through income
channels as the aforementioned barriers to REITs' installation of solar systems diminish. In
addition to providing higher and more stable cash �ows, REITs' Solar Potentialis expected
to in�uence growth rates of future earnings. This is particularly true for REITs with greater
exposure to grids with higher electricity rates, where tenants bene�t relatively more from
energy cost savings related to the procurement of on-site renewable energy. Therefore, higher
effective rental growth rates can be realized. This potential becomes even more important in
states where the accelerating rise in electricity prices outpaces rental growth.

Higher �rm values may also result from lower discount rates associated with a REIT's future
earnings, which re�ect lower transition risks due to higher on-site renewable energy poten-
tial. As transition risks are increasingly priced into commercial real estate markets, investors
may face lower required returns for REITs with higher Solar Potential. Differences in return
requirements are already evident among investors with a strong focus on environmentally
sustainable properties, creating a clientele effect that is driving a valuation premium for greener
assets(Fuerst et al., 2017). In addition, debt markets are placing greater emphasis on carbon
performance and seeking to reduce their own �nanced emissions by incentivizing greener
properties (An & Pivo, 2020; Devine et al., 2024; Eichholtz, Holtermans, Kok, & Yönder, 2019;
Leutner et al., 2024). As a result, investors expect lower re�nancing risk for REITs with greater
potential access green �nancing channels. While investors and lenders are expanding their
criteria for evaluating the environmental performance of REITs to include indicators such as
on-site renewable energy sources, we do not expectSolar Potentialto have a signi�cant signaling
effect on �rm values as it is less prominently communicated externally by most REITs, unlike
green building certi�cations or benchmarking scores.

We also �nd a signi�cant negative relationship between Carbon Offsetand our dependent vari-
ables in both the Fama-MacBeth and �xed effects models. Assuming a 10% increase in Carbon
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Offset, which implies a higher exposure to carbon-intensive grids, the M/B ratio experiences
a notable reduction as can be seen in Columns (1) and (2). In the �xed effects model, with a
coef�cient of -0.734, the average decrease is 6.76%. The results of the Fama-MacBeth model
show an even stronger negative impact. Although less pronounced, the effect on P/NAV lies
also in the same direction. Presented in Column (3), a 10% increase in the carbon intensity of
the grid leads to a slight reduction in P/NAV of 0.97%. The difference in the size of the change
in our two dependent variables could be due to the fact that a rise in electricity rates from grids
with a higher share of fossil fuels has already been factored into NAV! s.

Our models therefore suggest that REIT values are negatively affected by higher exposure to
carbon-intensive grids. This is consistent with the �ndings of Bolton and Kacperczyk (2021),
emphasizing that companies more dependent on fossil fuel-intensive energy sources are more
vulnerable to technological transition risks posed by the emergence of cheaper renewable energy.
Moreover, our results are in line with previous research showing that upstream emissions for
which companies have no direct responsibility pose a signi�cant transition risk for REITs. In
the context of our primary explanatory variable, Solar Potential, our results underscore the
sizable bene�ts to REITs of adopting solar systems. Importantly, the signi�cant results for our
two explanatory variables, Solar Potentialand Carbon Offset, both in models with and without
sector �xed effects, imply that transition risks and the ability to mitigate them through solar
installations affect �rm values across the REIT industry rather than individual sectors.

3.6 Robustness Checks

To validate our empirical results and therefore our research conclusions, we run a number of
robustness checks. First, we perform a subsample analysis to assess the consistency of our
�ndings across different �rm sizes. As the solar potential of REITs should be unaffected by
their �nancial performance, we do not expect reverse causality issues, widely discussed in the
sustainability literature. However, it is conceivable that the market values the solar potential
differently depending on the size of the company. It tends to be the larger REITs that publicly
commit to net-zero goals and disclose more detailed information about their environmental
performance, making them particularly attractive to green investors and funds. In addition,
larger REITs may be able to take advantage of economies of scale in the implementation of solar
strategies and bene�t from more resources, especially in light of the challenges discussed above.
To facilitate this analysis, we construct two portfolios by sorting REITs based on whether their
total assets are above or below the median observed in our sample.

Second, we assess the reliability of our cross-sectional regressions by calculating coef�cients
using standard errors clustered by time. This method, as shown by Petersen (2008), yields
standard errors that are similar to Fama-MacBeth standard errors when properly speci�ed, as
both approaches account for cross-sectionally correlated residuals and the presence of time
effects. It allows to detect a potential bias in our cross-sectional regressions due to potential
�rm effects signi�cantly outweighing time effects.
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Third, we examine the robustness of our results for �rm values in the �xed effects models to
potential unobserved confounders that may lead to omitted variable bias, an issue that has been
extensively discussed in the existing literature on environmental-sustainable investments and
�rm performance. We therefore conduct a sensitivity analysis following Cinelli and Hazlett
(2020), which measures how in�uential a potential confounder needs to be in order to signi�-
cantly reduce the impact of our independent variables and thus cause a change in our research
results.
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Table IV: Regression Results for Firm Values

Variables M/B ratio (log) P/NAV ratio (log)

(1) (2) (3) (4)

Solar potential (log) 0.037�� 0.079��� 0.012� 0.018���

(0.017) (0.025) (0.006) (0.004)

Carbon offset (log) � 1.037��� � 0.734��� � 0.102��� � 0.062
(0.077) (0.159) (0.034) (0.048)

Total assets (log) 0.007 0.027� � 0.012�� � 0.008���

(0.009) (0.015) (0.005) (0.002)

Firm age (log) 0.165��� 0.128��� 0.032��� 0.020���

(0.013) (0.027) (0.007) (0.004)

Real estate inv. growth t � 1 0.005��� 0.002� 0.001��� 0.001���

(0.001) (0.001) (0.0004) (0.00005)

D/E ratio t � 1 0.242��� 0.222��� � 0.010� � 0.017���

(0.011) (0.028) (0.005) (0.001)

ROA t � 1 0.128��� 0.096��� 0.012��� 0.007���

(0.016) (0.015) (0.003) (0.0002)

Share buildings < 10 years 0.002�� 0.003 � 0.0003 � 0.0002
(0.001) (0.003) (0.001) (0.0002)

Institutional ownership � 0.003 � 0.008�� 0.004��� 0.003���

(0.006) (0.004) (0.001) (0.001)

GDP growth (MSA) 0.028 0.007 0.0003 � 0.004
(0.018) (0.047) (0.005) (0.011)

HHI region � 0.120 � 0.118 � 0.094��� � 0.059�

(0.076) (0.123) (0.036) (0.036)

HHI property type 0.073 � 0.108 0.018 0.012
(0.057) (0.127) (0.024) (0.027)

Constant 5.671��� 3.748��� 5.071��� 4.884���

(0.474) (1.221) (0.229) (0.260)

Coef�cient estimates FM OLS FM OLS
Standard errors FM CL - F FM CL - F
Sector FE N Y N Y
Year FE N Y N Y
Observations 1,010 1,010 1,010 1,010
R-squared 0.435 0.503 0.376 0.354

The table reports the results of OLS and Fama-MacBeth regressions for the �rm
value variables of U.S. equity REITs as a function of their solar potential and carbon
offset and a vector of control variables. OLS regressions include both sector and year
�xed effects. Heteroskedasticity-robust standard errors clustered at the �rm level
and Fama-MacBeth standard errors are shown in parentheses. *, **, and *** indicate
statistical signi�cance at the 10%, 5%, and 1% levels, respectively.
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Table V shows the results of our subsample analysis. While we lose some statistical signi�cance
for both Solar Potentialand Carbon Offsetin the models shown in Columns (2) and (7) compared
to our initial coef�cient estimates, the results do not support the hypothesis that Solar Potential
may command a larger �rm value premium for larger REITs. Instead, since both smaller and
larger REITs are affected by the observed changes and the signi�cance of the control variables
in the models decreases for both subsamples, we attribute these results to the reduced sample
size within our portfolios. In the other models, however, we �nd signi�cant coef�cient estimates
for both Solar Potentialand Carbon Offsetthat are consistent with the size and direction of our
initial estimates shown in Table IV. Importantly, our overall results remain consistent even
when the sample size is reduced by half, indicating that the observed estimates are not driven
by heterogeneity and speci�c portions in the data. This suggests that the market prices in
the ability to mitigate transition risks and thus �nancially bene�t from future rooftop solar
deployment, irrespective of �rm size.

The results of the OLS models with time-clustered standard errors are reported in Table VI,
showing that both the size and direction of the coef�cient estimates and standard errors are
consistent with the results of the Fama-MacBeth regressions. As highlighted by Petersen (2008),
the estimates obtained from OLS and Fama-MacBeth regressions may be very similar even
when the bias due to a �rm effect is large. However, the author also notes that in the presence of
a bias, the Fama-MacBeth model in particular would signi�cantly underestimate true standard
errors, to an even greater extent than the OLS model, which is not the case in our results.
Comparing both the Fama-MacBeth and time-clustered standard errors with the �rm-clustered
standard errors of the �xed effects models in Tables II, III and IV, the latter tend to be higher,
although the difference is not large. While the variation in standard errors between the results
suggests a somewhat stronger in�uence of the �rm effect, which is to be expected given the
structure of our dataset, we consider the estimates of the Fama-MacBeth models to be robust
given the size of the effect.
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3 Rooftop Solar Potential and Financial Performance of REITs

Tables VII and VIII present the sensitivity statistics for our independent variables P/NAV
and Price to Book (P/B ). We estimate the strength of potential confounders using statistically
signi�cant covariates with high explanatory power for �rm values identi�ed in our �xed effects
regressions. The robustness boundsR2

Y� Z jX,D and R2
D � Z jX indicate the maximum residual

variation in the outcome and treatment variables that could be explained by a omitted variable
in an extreme scenario. The strength of a potential omitted variable is assessed by the explana-
tory power of the controls, �rm age, ROA, and real estate investment growth. Comparing
the robustness bounds to the robustness values (RVq= 1) of our key independent variables, we
�nd the robustness values exceeding the robustness bounds in all setups. It can be seen that
only the robustness bound of ROA indicates that a possible confounder in an extreme scenario
could have a signi�cant impact on the coef�cient estimate of Solar Potential. However, overall
results suggest that potential omitted variables may not be strong enough to fully explain
the effects of Solar Potentialand Carbon Offset. Figure 3.1 shows sensitivity plots of the point
estimates of our key independent variables with a potential confounder as strong as ROA. For
this analysis, we speci�cally chose ROA because, as noted above, this covariate has the highest
confounding power in extreme scenarios. Similar to the sensitivity statistics, the sensitivity
plots show high robustness in both the strength and direction of the point estimates of Solar
Potentialand Carbon Offsetto a potential omitted variable that is k times stronger than ROA.
Even in an extreme scenario where a potential confounder is three times stronger than ROA,
only the point estimate of Solar Potentialwith the outcome variable P/B ratio would experience
a change in coef�cient direction. In addition, the vertical axis of the sensitivity plots indicates
that the potential confounders and control variables in our models have signi�cantly higher
explanatory power for the residual variation of �rm values than for the residual variation of our
explanatory variables. The results therefore suggest that Solar Potentialand Carbon Offsetare
robust to potential omitted variables and, importantly, they are not merely proxies for omitted
�nancial �rm characteristics.

69



3 Rooftop Solar Potential and Financial Performance of REITs

Table VII: Sensitivity Statistics for P/NAV Ratio

Outcome: P/NAV ratio
Treatment: Est. S.E. t-value R2

Y� D jX RVq= 1 RVq= 1,a= 0.05

Solar potential (log) 0.012 0.005 2.238 0.5% 6.8% 0.9%
df = 997 Bound 1x Firm age (log): R2

Y� Z jX,D = 1.3%,R2
D � Z jX = 0.4%

Carbon offset (log) -0.124 0.045 -2.767 0.8% 8.4% 2.5%
df = 997 Bound 1x Firm age (log): R2

Y� Z jX,D = 1.3%,R2
D � Z jX = 0%

Solar potential (log) 0.012 0.005 2.238 0.5% 6.8% 0.9%
df = 997 Bound 1x ROAt � 1: R2

Y� Z jX,D = 1.8%,R2
D � Z jX = 0.9%

Carbon offset (log) -0.124 0.045 -2.767 0.8% 8.4% 2.5%
df = 997 Bound 1x ROAt � 1: R2

Y� Z jX,D = 1.8%,R2
D � Z jX = 0.2%

Solar potential (log) 0.012 0.005 2.238 0.5% 6.8% 0.9%
df = 997 Bound 1x RE inv. growtht � 1: R2

Y� Z jX,D = 2.2%,R2
D � Z jX = 0.7%

Carbon offset (log) -0.124 0.045 -2.767 0.8% 8.4% 2.5%
df = 997 Bound 1x RE inv. growtht � 1: R2

Y� Z jX,D = 2.1%,R2
D � Z jX = 0%

The table shows the robustness report with the sensitivity statistics for the outcome variable P/NAV ratio.
It includes the partial R2 of the treatment with the outcome and the robustness value RVq= 1. The bounds
indicate the strength of an unobserved confounder that has the same effect on the treatment variables
(solar potential or carbon offset) as the observed covariates. An RV above either bound indicates that a
potential confounder is not strong enough to remove the explanatory power of the treatment variables.
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3 Rooftop Solar Potential and Financial Performance of REITs

Table VIII: Sensitivity Statistics for P/B Ratio

Outcome: P/B ratio
Treatment: Est. S.E. t-value R2

Y� D jX RVq= 1 RVq= 1,a= 0.05

Solar potential (log) 0.046 0.019 2.456 0.6% 7.5% 1.5%
df = 997 Bound 1x Firm age (log): R2

Y� Z jX,D = 5.6%,R2
D � Z jX = 0.4%

Carbon offset (log) -1.154 0.159 -7.246 5% 20.5% 15.4%
df = 997 Bound 1x Firm age (log): R2

Y� Z jX,D = 5.6%,R2
D � Z jX = 0%

Solar potential (log) 0.046 0.019 2.456 0.6% 7.5% 1.5%
df = 997 Bound 1x ROAt � 1: R2

Y� Z jX,D = 13.8%,R2
D � Z jX = 0.9%

Carbon offset (log) -1.154 0.159 -7.246 5% 20.5% 15.4%
df = 997 Bound 1x ROAt � 1: R2

Y� Z jX,D = 13.6%,R2
D � Z jX = 0.2%

Solar potential (log) 0.046 0.019 2.456 0.6% 7.5% 1.5%
df = 997 Bound 1x RE inv. growtht � 1: R2

Y� Z jX,D = 2.8%,R2
D � Z jX = 0.7%

Carbon offset (log) -1.154 0.159 -7.246 5% 20.5% 15.4%
df = 997 Bound 1x RE inv. growtht � 1: R2

Y� Z jX,D = 2.8%,R2
D � Z jX = 0%

The table shows the robustness report with the sensitivity statistics for the outcome variable P/B ratio. It
includes the partial R2 of the treatment with the outcome and the robustness value RVq= 1. The bounds
indicate the strength of an unobserved confounder that has the same effect on the treatment variables
(solar potential or carbon offset) as the observed covariates. An RV above either bound indicates that a
potential confounder is not strong enough to remove the explanatory power of the treatment variables.
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3.7 Concluding Remarks

Building on the existing literature showing the profound impact of carbon emissions and
mitigation strategies on asset prices, our analysis aims to deepen the understanding of the
drivers of carbon-transition risks and their impact on the �nancial performance of REITs. Our
approach not only adds to the existing REIT literature, but also extends the scope of environ-
mental performance metrics used to date beyond traditional benchmarking and green building
certi�cation schemes. To do this, we leverage a unique dataset that combines REITs' available
rooftop space for solar installations with a REIT-speci�c carbon offset factor. This factor captures
a company's exposure to carbon-intensive electricity grids, indicating the potential for solar
power to reduce carbon emissions by displacing grid electricity. We provide a �rst look at
the extent to which the rooftop solar potential of REITs can be considered as a driver of stock
performance, operating performance, and �rm values.

Our analysis of �rms' stock performance suggests that the market does not currently fully
re�ect REITs' solar adoption potential, as evidenced by the lack of signi�cant impact on alphas
and market betas. We attribute the primary reason for our results to the fact that REITs have
not yet adopted rooftop solar on a large scale. This reluctance is largely due to the presence
of regulatory hurdles that have impeded progress in this area. Limited adoption also likely
contributes to the weak evidence in our models regarding the impact on REITs' operating
performance. In addition, the initial capital investment typically required for owner-operated
solar strategies and related building technology upgrades may outweigh the immediate increase
in revenue, further dampening the short-term cash �ow effects.

We �nd strong evidence that the solar potential of REITs has a signi�cant impact on �rm
values. The results show a discernible valuation effect that extends beyond the market and
book values of the underlying property portfolios. Importantly, this effect is not a simple proxy
for omitted �nancial characteristics of �rms. It implies that while solar potential does not
have a direct signaling effect compared to certi�cation measures, savvy investors still place a
higher value on REITs' future earnings due to the �nancial bene�ts associated with rooftop
solar. At the same time, higher valuations may result from the market's lower required rate
of return in anticipation of a reduction in transition risk such as carbon costs. In addition,
the signi�cant relationship between carbon offset factors and corporate valuation supports the
existing literature that REITs face transition risks, not only from their direct emissions, but also
from upstream emissions beyond �rms' direct control.

While rooftop solar may be only one potential facet of a REIT's strategy to mitigate transition
risks, our �ndings underscore existing evidence that the market is pricing in management's abil-
ity to engage in environmental practices and thereby realize �nancial bene�ts. In other words,
REITs that fail to integrate these considerations into their business model will face negative
�nancial implications at both asset and �rm level. Policymakers could take advantage of these
market dynamics to harness the enormous solar potential of the REIT industry and facilitate
the decarbonization of the property sector by further reducing barriers and incentivizing the
installation of solar systems. Moreover, with the emergence of community rooftop solar projects,
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there could be mutual bene�ts for REITs as well as other companies and residents who bene�t
from greener and more affordable energy allowing REITs to also meet the social component of
their ESG goals.

Overall, our results suggest a signi�cant and robust relationship between REITs' solar potential
and �rm values, although there are some limitations to our data. As more REITs implement
solar strategies, data on realized potential could provide deeper insights into the income and
capital channels through which �rms may derive �nancial bene�ts. As the adoption of solar
continues to grow, we anticipate that future research will reveal greater impacts on both stock
and operating performance of REITs. In addition, further analysis could shed more light on
the extent to which REIT sectors with more limited rooftop solar potential could also leverage
alternative renewable energy strategies to mitigate transition risks at the �rm level, such as the
use of solar facades or investing in off-site renewable energy projects.
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(a) Point estimate of solar potential with
the outcome variable P/NAV ratio

(b) Point estimate of carbon offset with the
outcome variable P/NAV ratio

(c) Point estimate of solar potential with
the outcome variable P/B ratio

(d) Point estimate of carbon offset with the
outcome variable P/B ratio

Figure 3.1: Sensitivity contour plots in the partial R2 scale of unobserved confounders. The �gure plots
the sensitivity of the point estimates to potential confounders k times stronger than ROA. The
horizontal axis shows how strongly the confounder is associated with the treatment variables
(solar potential or carbon offset). The vertical axis shows how strongly the confounder is
associated with the outcome variables (P/NAV ratio or P/B ratio).
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4 The Valuation Problem: Is Carbon
Intensity Eroding Value? An Analysis of
German Of�ce Asset Data

4.1 Abstract

This paper quanti�es the �nancial implications of carbon emissions on real estate investments
by analyzing the relationship between asset-level carbon intensities and the valuer-based Gross
Asset Value (GAV) in the German of�ce market. Using the CRREM (Carbon Risk Real Es-
tate Monitor) Tool, annual carbon emissions of assets are calculated, and transition risks are
assessed on the grounds of science-based decarbonization pathways. A hedonic regression
model is applied to evaluate the impact of carbon intensity on asset values. Contrary to existing
literature, our �ndings suggest that GAV is not signi�cantly affected by the carbon intensity of
buildings. To investigate the dataset further, a logit model is used to examine how stranding
risks in�uence value-driving characteristics such as vacancy rates. We �nd that stranded assets
have a signi�cant impact on vacancy rates, highlighting that market demand might not be fully
re�ected in valuations. This paper provides evidence that traditional valuation approaches
may inadequately account for the effects of carbon intensity and transition risks, potentially
misrepresenting market dynamics.

Keywords: Transition Risk, Carbon Intensity, Hedonic Pricing
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4.2 Introduction and Related Literature

Sustainability has become an integral part of the real estate industry. With climate change
progressing and the global average temperature already exceeding rises of 1.1°C and more
(United Nations Environment Programme, 2023), target of limiting global warming to 1.5°C,
established the Paris Agreement, is becoming increasingly endangered and more likely to be
missed (Lee & Romero, 2023). The real estate industry is a signi�cant contributor to these
developments, with the built environment being accountable for close to 40% of total emissions
in the European Union (EU), for example, (European Commission, 2019) and has thus moved
into the focus of many regulators globally to decrease the carbon intensity of its operations.
With 50% to 80% of a buildings carbon emissions (depending on the energy ef�ciency) being
emitted during its operational use phase (Röck et al., 2020), it is evident that the decarbonization
of the use phase is material to comply with the decarbonization targets. Besides regulatory
efforts in increasing transparency of the sustainability performance of assets and companies
(e.g. the EUs CSRD or the stayed SEC's climate rules), recently several regulators have in-
troduced Minimum Energy Performance Standards (MEPS) or mandatory renewable energy
production (e.g. the EU's Recast of the Energy Performance of Buildings Directive, or New
York's Local Law 97) meant to target buildings directly emitting large amounts of CO 2e and
thereby ensuring compliance with the Paris Climate Agreement. If the MEPS are undercut or
a building exceeds a certain emission allowance, in some cases owners are prohibited from
renting out or selling the units or have to make high compensation payments (Local Law 97,
2019). In addition to MEPS, carbon pricing schemes such as the forthcoming EU Emission
Trading Scheme II (EU ETS II), the cap-and-trade system in California, or the downstream
carbon pricing system in Germany put a price on carbon emissions, directly penalizing owners
of buildings with high operational carbon emissions and thus changing the economic perfor-
mance of these assets. Another approach to limiting carbon emissions in the building sector
comes from Denmark where (from 2023 onward) the operational emissions of 1 out of 10 new
buildings must fall below 12 kgCO 2e/m²/yr for buildings above 1.000 m² (Balouktsi et al., 2024).

In addition to policies introduced by regulators, several voluntary initiatives have formed to
support transformation towards a less emission-intense industry (e.g. the Net Zero Asset
Owner Alliance or the Task Force on Climate Disclosure). Important stakeholders of the built
environment such as banks have committed themselves to decarbonizing their operations and,
with scope 3 emissions1 included, in turn increased the pressure on the real estate sector (United
Nations Environment Programme Finance Initiative, 2024). Thus, especially for the existing
building stock, the need for reduction of operational emissions remains unchanged and requires
signi�cant investments in energetic retro�ts of buildings (Zuhaib et al., 2023). The risk of weak-
ened economical performance due to the adjusted demands caused by the transition towards a
carbon neutral economy is generally referred to as transition risk 2. These �nancial risks should
also be considered by valuers in local markets due to their potentially high impact on property

1Scope 3 emissions, are indirect emissions, not directly controlled by the company, but indirectly affected
through the companys value chain. See here for more information: https://www.ghgprotocol.org.

2De�nition on the basis of TCFD (2017): Recommendations of the Task Force on Climate-related Financial
Disclosures.
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value, depending on the local design of regulatory measures. While international valuation
standards such as the International Valuation Standards (IVS), the RICS Red Book, or the
European Valuation Standards (EVS) recommend the inclusion of sustainability performance in
the valuation wherever possible, the question remains whether this can already be observed in
current valuation practices, given the problem of data availability. Input parameters in common
valuation techniques, such as the Discounted-Cash�ow (DCF) method, are typically based on
historical transaction and supply data. The dynamically changing regulatory environment
may not be fully re�ected in comparables yet, therefore. For example, RICS gives valuers the
option to consider the impact of sustainability characteristics and, explicitly, the transition and
stranding risks of properties (e.g. by calculating the CRREM pathway) in the form of adjusted
CAPEX and OPEX (Royal Institution of Chartered Surveyors, 2024). However, it remains unclear
to what extent this explicit and quanti�able representation of transition risk is already being
implemented in valuations to date.

Real estate valuation is generally evidence based. Thus, to include sustainability characteristics
into the valuation process, they have to be empirically proven. There is ample research on the ef-
fect of transition risk on the performance of �nancial assets (Bolton & Kacperczyk, 2023; Seltzer
et al., 2022; Bolton & Kacperczyk, 2021). For the property sector in particular, recent research has
shown that sustainability, and in particular emissions sustainability, has a statistically signi�cant
effect on the prices of building. Wiley, Bene�eld, and Johnson (2010) �nd a signi�cantly higher
occupancy and higher rents for commercial building with sustainability certi�cation, which is
(in turn) re�ected in the properties selling at a premium. Eichholtz, Kok, and Quigley (2010)
�nd an increment to the selling price for commercial buildings with a green star label compared
to a non-labeled of up to 16% in the US. Fuerst and McAllister (2011) con�rm these results,
but �nd a premium of 18 to 25% in sales price of of�ce buildings, yet no effect on occupancy
rate. Eichholtz, Kok, and Quigley (2013) �nd slightly lower premiums, while controlling for
differences in quality and other hedonic characteristics. Cajias and Piazolo (2013) analyze a
sample of residential properties with a particular focus on the Energy Performance Certifcates
(EPCs) and hence the energy ef�ciency of the buildings. They �nd that properties with higher
energy ef�ciency yield higher rents, higher returns, and higher valuations with the effects
being asymmetric among the different EPC classes. Chegut, Eichholtz, and Kok (2014) �nd
a 14.7% price premium for commercial properties in London, when certi�ed with BREEAM
labels. Aroul and Rodriguez (2017) show that, when analyzing prices for residential building in
Texas, they do not only �nd a green premium for houses with green features, but also note that
this green premium is increasing over time. Fuerst, McAllister, Nanda, and Wyatt (2015) point
out that impact of the found green premium for a data set of residential properties in the UK
varies signi�cantly by the region. Dell'Anna and Bottero (2021) con�rm the existence of green
premiums for the sub market Singapore in a more recent study. Overall it can be summarized
that green premiums in prices where found for both of�ce and residential buildings. In addition
to the effects on equity, sustainability also seems to have an effect on the cost of debt in general
and in the real estate industry. Studies examining the effect of Environmental Social Governance
(ESG) on cost of debt capital have shown that ESG ratings can lower the �rm's cost of capital
(Eliwa et al., 2021; Raimo et al., 2021). Leutner, Gloria, and Bienert (2024) �nd evidence of a
similar interest rate effects when analyzing loans for green buildings in Europe, showing that
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buildings complying with the EU taxonomy receive a signi�cant interest rate discount.

While there is ample evidence for green premiums or in some cases brown discounts (Dalton &
Fuerst, 2018), the characteristics utilized to identify these price effects provide room for discus-
sion. With many authors motivating the premiums or discounts with increasing awareness of
the real estate industry's impact on global warming, holistic sustainability certi�cations such
as LEED or BREEAM might not be suitable to isolate the effect of transition risks caused by
a transition towards a decarbonized economy on the real estate values as they do not only
focus on the environmental performance, but also on social and governance factors.3 Ishaak
and Remøy (2024) argue, that non energy related sustainability characteristics sometimes even
have negative impacts on real estate prices. Although EPCs are energy-related and could thus
present a suitable proxy for the impact of transition risk on real estate pricing, they are often
criticized for their non-standardized calculation (Coyne & Denny, 2021) and discrepancy to the
real consumption of properties (Sunikka-Blank & Galvin, 2012).

The Carbon Risk Real Estate Monitor (CRREM) provided the real estate industry with a stan-
dardized method to determine whether the a buildings operational emissions are in line with
the demands of the Paris Climate Agreement (Hirsch et al., 2019). Thanks to the possibility of
benchmarking both current and future emission performance, CRREM has become an industry
standard for the evaluation exposure to transition risk 4 and should thus be a more suitable
measure for the impact of transition risk exposure and its effect on real estate values.

With the introduction of carbon prices, a tangible �nancial impact can be determined for assets,
which could in turn be a signi�cant in�uencing factor on real estate values (Spanner & Wein,
2020). Despite the research showing that sustainability has a signi�cant in�uence on the price
of properties, the incorporation of these effects into valuation practices has proven dif�cult
(Warren-Myers, 2012). Lorenz and Lützkendorf (2008) describe several technical obstacles for
the integration of sustainability issues into property valuation. While some of these dif�culties,
such as the integration of sustainability-related elements into eduction on training programs for
property professionals or the raise of awareness among valuers, have partly been overcome,
others, such as a lack of reliable uniform historical data including sustainability characteristics
to provide robust empirical evidence, still pose a challenge for valuers (Michl et al., 2016). EPCs,
for example, are not accessible in many countries, thus an isolation of their in�uence on value
is not possible for every market (United Nations Environment Programme, 2021). This begs the
question: Is there a discrepancy between the impact of carbon intensity on real estate valuations
and on real estate prices?

This study extends existing research by quantifying the �nancial implications of CO 2 emissions
on real estate valuations, speci�cally analyzing their impact on valuer based GAVs in the
German of�ce market in comparison to the existing literature. By investigating both valuation

3A detailed description of the characteristics incorporated into the systems can be found at:
https://breeam.com/ or https://www.usgbc.org/leed.

4See for example: CRREM North America Project, 2024 and European Commission, 2021.
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metrics (GAV) and market-driven factors (vacancy rates), this research provides a comprehen-
sive understanding of how transition risks manifest in real estate valuations and compares to the
market performance. To the best of our knowledge, this study is the �rst to examine the impact
of CO2 intensity on GAV and vacancy rates, using of�ce building consumption data instead of
estimated EPCs. Utilizing the CRREM Tool, the annual CO 2 emissions on the asset-level are
derived, providing a transition risks assessment which uses robust decarbonization pathways.
A hedonic regression then assesses the signi�cance of the in�uence on GAVs and a logit model
analyzes the effects on the vacancy rate.

In the following sections, we present our data sources, summary statistics, and methodology.
We then reveal our results and robustness checks, followed by a discussion. Finally, we provide
a summary of our �ndings.

4.3 Data & Descriptive Statistics

The utilized dataset was provided by a European REIT, anonymized for reasons of data privacy
compliance, and includes the asset-level energy consumption data and the respective hedonic
characteristics of the assets. The cross-sectional data provided is comprised of an of�ce portfolio
in Germany, with 91 assets and a total book value of over 3.7 B.   . The baseline year for the
dataset is 2023. The assets are located in cities with a population of over 100,000. Hedonic
characteristics include size, vacancy rates, energy consumption data, and location of the assets.
The consumption data of the assets is analyzed using the CRREM tool developed by Hirsch et
al. and providing stranding year and cummulative CO 2 emissions.

CRREM serves as a risk assessment tool for transitonal climate risk, providing science-based de-
carbonization pathways in line with the Paris Climate Agreement for the operational emissions
of real estate assets, both country and property speci�c. An example of a CRREM analysis can
be found in Figure 4.1 in which the operational performance (black line), the decarbonization
pathway (green line), the point of stranding / stranding year (intersection between black and
green line), and the excess emissions (blue area) can be seen. The stranding year in this case is
the year in which the operational carbon emissions of the building exceed the emission budget
attributed by the decarbonization pathway to the asset and thus the point in time where the
operational emissions exceed the allowance of the Paris Climate Agreement. Data points re-
quired for an analysis include identi�cation number, GAV, property-type, country, gross internal
�oor area, and the total energy consumed in a given year. The tool subsequently converts the
input �gures with its different units (kg, kWh, etc.) into a baseline CO 2 performance metric
measured in kgCO2/m²/yr, which is then benchmarked against the country- and property-type
speci�c CRREM decarbonization pathway (baseline year 2020 was used for the assessment)
(Spanner & Wein, 2020). The asset baseline performance is in�uenced by additional factors,
notably the impact of (country speci�c) grid-decarbonization and the change in heating and
cooling degree days (HDD/CDD) (Spinoni et al., 2018). CRREM calculates the corrected asset
baseline performance which considers these two effects and, hence, is not linear over time. To
establish comparability between assets, the location-based approach was used to convert the
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Figure 4.1: CRREM Asset Level Stranding Diagram of an Of�ce in Germany

Source: CRREM V. 2.04, asset data drawn from own utilized dataset

total energy consumed into CO 2 emissions (WBSCD, 2004). Consequently, the same emission
factors respective to each type of energy (grid, gas, district heating, etc.) and country are being
applied. The CRREM (1.5°C compliant) of�ce decarbonization pathway for Germany starts at
53.9 kgCO2/m² in 2020, reaching 21.2 kgCO2/m² by 2030 and 0,6 kgCO2/m² by the year 2050.
These numbers represent the emission intensities required for an asset to be in line with the
1.5°C Paris target. After real data on GAV and asset-level consumption was provided and the
raw data was cross-checked, the CRREM tool was used to derive actual CO2 emissions and the
year of stranding.

The analyzed portfolio showed an average CO 2-intensity of around 119 kgCO 2/m² in 2020,
with the average stranding point in the year 2026 5. The portfolio had a total size of 1 million m²
and over 3 million kgCO 2 (future) cumulative emissions from 2020 until 2050. Overall, the year
of stranding within the portfolio ranges from assets already stranded in the baseline year of
2020 to being aligned with the 1.5°C Paris goal until 2050.
Table I displays the descriptive statistics of the portfolio data. The average total �oor area of an
asset in the portfolio was approx. 13,000 m², with the largest asset having a total �oor area of
104,642 m² and the smallest asset 768 m². The average year of stranding was 2026, with 62% of

5A detailed description of the CRREM methodology and consultation logs can be found at
https://www.crrem.eu/category/publications/reports-publications/.
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Table I: Descriptive statistics

Variable Mean St. Dev. Min Max

GAV (   ) 40,567,174 43,197,116 1,340,000 260,000,000
Total �oor area (m²) 13,003 13,445 768 104,642
GAV per square meter (  /m²) 3,177 1,286 1,116 6,493
Stranding year (year) 2,026 8.68 2,020 2,051
Cummulative emissions (kg CO 2) 34,463 58,595 87 410,683
Vacancy Rate (%) 7 11 2 19

Binary Variable N Total Share

Stranded in 2020 56 61.53 %
Vacant space available 47 51.62 %
Property in CBD 29 31.87 %

The table presents the descriptive statistics for the variables used in this analysis covering the sample
period in 2023.

assets in the portfolio already stranded at the baseline year of 2020. The average vacancy rate of
the properties was 7% with around 51% of assets in the portfolio having vacant space. Roughly
32% of the properties are located within the central business district (CBD) of the cities. The
rest of the portfolio is comprised of assets in more peripheral locations.

The average CO2 intensity of the portfolio is 119 kg CO 2/m 2, which is signi�cantly higher
than the German of�ce CO 2 intensity of approx. 54 kgCO 2/m 2. The GAVs are estimated by
an external valuer using a DCF model. According to the information in the annual report, the
valuation is based on the requirements of the RICS Red Book and is prepared for a holding
period of ten years. In addition, the capitalization and discount rates are intended to re�ect the
individual property risk and the general market situation in the form of comparables.

4.4 Methodology

We utilize a hedonic pricing model to determine the in�uence of CO 2 emissions, in particular
those emissions exceeding the allowance according to the Paris Climate Agreement, on the
GAV of the of�ce properties. The hedonic regression allows the isolation of the in�uence of
the target variable on the dependent variables, while controlling for other building attributes
also in�uencing the GAV (Rosen, 1974). The basic methodological framework has been well-
established in the previous literature (Eichholtz et al., 2010; Fuerst & McAllister, 2011; Bond &
Devine, 2016; Holtermans & Kok, 2019; Leutner et al., 2024). The regression model used can be
written as

Yi = b0 + b1X i + gZi + ei (4.1)

where Yi is our dependent variable price per square meter (derived from the GAV and the
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�oor area) of the property, X i is a vector of our independent target variables log GHG Int i
and Strandedi , and Zi is a vector of our independent control variables log Vacancy Ratei ,
log Total Floor Area i , log Remaining Lease Termi , Total Floor Area i , and binary variables for
the location of the building by city rank. 6 Spatial models could not be applied to our data, as
the dataset was cleared of granular location information by the provider for privacy reasons.
The models were tested for multicollinearity, and the residuals were tested for normality and
heteroscedasticity.

In addition to the GAV used in the ordinary least squares (OLS) method, which is calculated
by valuers and constitutes a theoretical and unrealized measure, the binary vacancy variable
provides a data basis that allows for measurement of realized market demands. To compare
the results concerning valuers (GAV) and market (vacancy), a logistic regression is, hence, also
employed, where y = 1 if a vacancy is present. The equation is derived using so-called odds
ratios by applying the logarithm of the odds as follows:

logit (p ) = ln
�

p
1 � p

�
= b0 + b1X1 + b2X2 + � � � + bpXp (4.2)

Here, p = P
�
Y = 1 j X1, X2, . . . ,Xp

�
represents the probability that the event y = 1 occurs—i.e.,

that a property in the dataset has a vacancy. b0 denotes the intercept, while b1 through bp

are the regression coef�cients for the independent variables X1 through Xp. If necessary, the
independent variables were logarithmized. The key independent variable is the binary variable
Stranded (2020), which indicates whether a property was already non-compliant with the Paris
Agreement goals as of 2020 and is thus exposed to a high level of transition risk. To assess
the model's quality, McFadden's Pseudo-R² is used. In addition, multicollinearity is examined
using Variance In�ation Factor (VIF) analysis, and the Likelihood Ratio test is conducted to
compare the speci�ed model with a null model. Moreover, the ROC-curve and the AUC-value
are estimated as further quality measures for classi�cation models.

4.5 Results

The results of the OLS regressions (Model 1and Model 2) can be found in Table II. The adjusted
R-squared indicates that both regression models have an adequate �t for each corresponding
dependent variable. Generally, the �rst model appears to have a slightly higher explanatory
power (as indicated by the adjusted R-squared values) compared to the second model. In
addition, the F-statistic (p-Values: Model 12.493e-08, Model 2: 3.007e-08) indicates that a signi�cant
proportion of the dependent variables of both models are explained by the selected independent
variables.
Analyzing the results of Model 1with the target variable Stranded (2020), we �nd an overall
adjusted R-squared of 0.4029. The model signi�cantly predicts better than random probability
and has AUC-Value of 7.51 (Figure 4.2a). While the intercept and the hedonic characteristics,

6The city ranking is derived from the system introduced by bulwiengesa AG. For more information on
the city ranks, refer to this link.
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Table II: Regression results for Model 1and Model 2

Variables Model 1 Model 2

Intercept 6.3159*** (0.4761) 6.3094*** (0.4880)
Stranded (2020) 0.0489 (0.0678) —
(log) Cumulative Emissions — 0.0082 (0.0248)
City Rank_B -0.5200*** (0.1449) -0.5052** (0.1527)
City Rank_C -0.5421. (0.3176) -0.5291. (0.3179)
City Rank_D -0.2691 (0.2030) -0.2690 (0.2037)
CBD 0.5098*** (0.0777) 0.5095*** (0.0780)
(log) Vacancy Rate -0.2740*** (0.0717) -0.2718*** (0.0719)
(log) m2 0.0625 (0.0407) 0.0631 (0.0408)
(log) Remaining Lease Term 0.0359 (0.0579) 0.0384 (0.0579)

Adjusted R-squared 0.4029 0.3999
F-statistic 8.506 8.412

The table reports the OLS regression results for two models. Model 1includes the variable stranded, while
Model 1includes (log) Cumulative Emissions. Standard errors are in brackets. Dependent variable for both
models is the price per square meter. Binary variables are CBD and Stranded (2020). Referral category for
city rank is City Rank A. Signi�cance levels: *** p < 0.001, ** p < 0.01, * p < 0.05,. p < 0.1.

such as the fact that the properties are located in a B-rank city, in the CBD, or the vacancy rate of
the properties, have a signi�cant impact on the price of the assets, as expected. The fact that the
properties are stranded according to the CRREM pathway does not seem to have a signi�cant
impact on the valuation. Contrary to the existing literature on the impact of sustainability on
prices, �nding price premiums of up to 20% for green of�ce buildings (Fuerst & McAllister,
2011; Dalton & Fuerst, 2018; Holtermans & Kok, 2019). To test whether the lack of signi�cant
impact on the valuation is caused by the choice of the sustainability metric, namely the CRREM
analysis, we perform an additional model with greenhouse gas (GHG) intensity as the target
independent variable. Looking at the results of Model 2, however, we do not �nd a statistically
signi�cant in�uence of the GHG intensity on the valuation of properties in the portfolio either.
Similar to Model 1city rank, location in CBD and vacancy rate have a statistically signi�cant
effect on the price per square meter in Model 2. The model has an adjusted R-squared of 39.99.
The F-statistic for both models is statistically signi�cant with both p-values below 3e -8. The lack
of impact of the emission intensity of the buildings could be due to the valuers' inability to
include the metrics in their valuation. While most valuation standards, including the RICS Red
Book used by the analyzed company, require the inclusion of sustainability metrics whenever
possible, a lack of empirical evidence in submarkets or of experience or training in the valuation
of sustainability metrics may hinder their inclusion in the valuation process. This would align
with �ndings of Michl et al. (2016), suggesting that, although valuation standards have included
the general incorporation of sustainability, in practice hurdles such as the lack of available
sales data hinder their in�uence in valuation. Kucharska-Stasiak and Olbińska (2018), on the
other hand, argue that, in the context of Poland, the lack of impact of sustainable buildings
may be due to a discrepancy between the theoretical expectation of a green premium and the
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absence of empirical data supporting markets participants' higher willingness to pay for such
features. To test whether there is discrepancy in market demand and theoretical perception of
the importance of sustainability, or whether there might be other factors limiting the in�uence
of carbon intensity and stranding on the valuation, we employ a logistic regression with vacancy
as the dependent variable. Vacancy is considered a key component of price determination (Frew
& Jud, 1988). Thus a signi�cant in�uence of carbon intensity or stranding on vacancy could be
an important factor for the �nancial performance and price of a property.

Table III: Logistic regression results for Model 3

Variables Estimate (Std. Error)

Intercept -3.3780 (2.7400)
(log) m2 0.5871. (0.3106)
CBD 1.1100 (0.6823)
City Rank_B -1.4630 (1.1170)
City Rank_C 14.6500 (2400.0000)
City Rank_D 15.2900 (1311.0000)
City Rank_non -1.4320 (1.2300)
Stranded (2020) 1.2640* (0.5134)
GAV per m 2 -0.0007** (0.0003)
(log) Remaining Lease Term -0.4916 (0.4212)

The table reports the results of Model 3, a logistic regression model estimating the likelihood
of vacancy. Dependent variable: Vacancy presence (binary). Independent variables include
property characteristics and location rankings. Standard errors are in brackets. Signi�cance
levels: *** p < 0.001, ** p < 0.01, * p < 0.05,. p < 0.1.

Looking at the results of the logit model ( Model 3), which examines Vacant Floor Areaas binary
dependent variable and Stranded (2020)as the binary target variable, we analyze whether
the available hedonic characteristics in�uence the likelihood of vacancy. The model has a
McFadden pseudo-R-squared of 0.171. Although this is lower than the earlier OLS models,
pseudo R-squared typically produces smaller values compared to its OLS equivalent (Smith &
McKenna, 2013). We �nd, that while price per m²signi�cantly decreases the likelihood of vacancy
within a property ( b = 0.0007, p = 0.0097), the magnitude of this effect seems to be marginal.
In contrast, the Stranded (2020)variable has a statistically signi�cant positive coef�cient ( b =
1.264, p = 0.0138). Indicating that buildings which exceed their CRREM emission allowances in
the baseline year are 3.54 times more likely to have vacant space, holding all other variables
constant (Figure 4.2b), and are, therefore, in line with previous literature (Holtermans & Kok,
2019). The results show that tenants seem to prefer of�ces that are not stranded, thus achieving
higher occupancy. This would contradict Kucharska-Stasiak and Olbińska (2018) hypothesis
that the market does not yet re�ect the theoretical green premium. Considering the results of
the OLS regression, we conclude that the lack of impact of stranding and emission intensity on
of�ce values is not due to market sentiment, but could be caused by valuation not effectively
incorporating sustainability metrics.
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(a) ROC-Curve and AUC-Value (b) Effect of “2020 Stranded” on “Vacant”

Figure 4.2: Logit Model Estimations

4.6 Discussion

The analysis indicates that CO2 emission intensity does not exhibit a statistically signi�cant
impact on the GAV of of�ce buildings within our German sample. Prior studies predominantly
focus on energy ef�ciency (Fuerst et al., 2015) or sustainability certi�cations (Eichholtz et al.,
2010) to assess green premiums or brown discounts. We do not attribute the lack of statistical
in�uence in our model to the choice of our target variable. Historically, regulations have
prioritized the energy intensity of properties; however, due to the introduction of CO 2 pricing,
the market appears to be shifting away from solely relying on emission intensity as a singular
indicator. The German downstream CO 2 pricing scheme, which is designed to raise the cost per
tonne of CO2 incrementally, directly regulates operational emissions of properties. Additionally,
the Corporate Sustainability Reporting Directive (CSRD) mandates that large companies dis-
close their emissions, including scope 3 emissions, which may elevate the importance of carbon
intensity in of�ce spaces moving forward. Consequently, these factors should play a signi�cant
role in building valuations to avoid the risk of overvaluation for properties with high carbon
intensity. Although our dataset did not encompass information on sustainability certi�cations,
it did include the energy intensity of properties. When substituting energy intensity as the
independent variable, the model similarly failed to demonstrate a statistically signi�cant in-
�uence on GAV (see Appendix, Table IV). This outcome is consistent with expectations, as a
building's emission intensity is directly tied to its energy consumption, which is in�uenced
by emission factors. As previously mentioned, the observed discrepancy between market
dynamics and valuation practices may stem from uncertainties in valuation methodologies.
According to Michl et al. (2016), the lack of accessible and reliable data often prevents valuers
from adequately incorporating sustainability considerations into their assessments. However,
evidence from our sample suggests that sustainability signi�cantly in�uences value-driving
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characteristics. The soft speci�cations of existing standards might be lowering the quality and
reliability of valuations by leaving room for not taking sustainability into account. Ultimately,
valuation practices remain highly dependent on the availability of robust, high-quality data,
underscoring the need for improved data collection and transparency in the real estate market.

Future research should further examine the discrepancy between valuations and market prices,
with particular emphasis on the in�uence of sustainability. This analysis should be conducted
over extended time periods and with larger datasets to improve the robustness of �ndings.
Additionally, it would be valuable to investigate whether the implementation of more detailed
and stringent standards could help reduce this discrepancy.

4.7 Conclusion

Our �ndings suggest that, while sustainability characteristics such as emission intensity may
not be directly re�ected in GAV as determined by valuers, they signi�cantly in�uence value-
determining characteristics such as vacancy rates. This indicates a potential knowledge gap
in how valuers incorporate sustainability factors, which warrants further exploration and
potentially revised valuation methodologies.
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4.8 Appendix

Table IV: Regression results for Model 4

Variables Estimate (Std. Error)

Intercept 6.6009*** (0.5279)
(log) kWh -0.0242 (0.0223)
City Rank_B -0.5529*** (0.1474)
City Rank_C -0.5000 (0.3158)
City Rank_D -0.2671 (0.2022)
CBD (1.5 km) 0.5138*** (0.0774)
(log) Vacancy Rate -0.2559*** (0.0722)
(log) m2 0.0566 (0.0410)
(log) Remaining Lease Term 0.0335 (0.0577)

Adjusted R-squared 0.4076
F-statistic 8.655

The table reports OLS regression results. The dependent variable is log price per square meter.
Variables are presented with their coef�cients and standard errors in parentheses. City rank
categories are compared to the reference groupCity Rank A. Binary variables are CBD (1.5 km).
Signi�cance levels: *** p < 0.001, ** p < 0.01, * p < 0.05, p < 0.1.

91



4 The Valuation Problem: Is Carbon Intensity Eroding Value?

4.9 References

Aroul, R. R., & Rodriguez, M. (2017). The increasing value of green for residential real
estate. Journal of Sustainable Real Estate, 9(1), 112–130.

Balouktsi, M., Francart, N., & Kanafani, K. (2024). Harmonised carbon limit values
for buildings in nordic countries: Analysis of the different regulatory needs.Nordic
Innovation.

Bolton, P., & Kacperczyk, M. (2021). Do investors care about carbon risk? Journal of
�nancial economics, 142(2), 517–549.

Bolton, P., & Kacperczyk, M. (2023). Global pricing of carbon-transition risk. The Journal
of Finance, 78(6), 3677–3754.

Bond, S. A., & Devine, A. (2016). Certi�cation matters: is green talk cheap talk? The
Journal of Real Estate Finance and Economics, 52, 117–140.

Cajias, M., & Piazolo, D. (2013). Green performs better: energy ef�ciency and �nancial
return on buildings. Journal of Corporate Real Estate, 15(1), 53–72.

Chegut, A., Eichholtz, P., & Kok, N. (2014). Supply, demand and the value of green
buildings. Urban studies, 51(1), 22–43.

Coyne, B., & Denny, E. (2021). Mind the energy performance gap: testing the accuracy
of building energy performance certi�cates in ireland. Energy ef�ciency, 14(6), 57.

Dalton, B., & Fuerst, F. (2018). The `green value'proposition in real estate: a meta-
analysis. In Routledge handbook of sustainable real estate(pp. 177–200). Routledge.

Dell'Anna, F., & Bottero, M. (2021). Green premium in buildings: Evidence from the
real estate market of singapore. Journal of Cleaner Production, 286, 125327.

Eichholtz, P., Kok, N., & Quigley, J. M. (2010). Doing well by doing good? green of�ce
buildings. American Economic Review, 100(5), 2492–2509.

Eichholtz, P., Kok, N., & Quigley, J. M. (2013). The economics of green building. Review
of Economics and Statistics, 95(1), 50–63.

Eliwa, Y., Aboud, A., & Saleh, A. (2021). Esg practices and the cost of debt: Evidence
from eu countries. Critical Perspectives on Accounting, 79, 102097.

European Commission. (2019). Commission recommendation (eu) 2019/786 of 8 may 2019
on building renovation(Vol. L 127). Retrieved from http://data.europa.eu/eli/
reco/2019/786/oj ((noti�ed under document C(2019) 3352) (Text with EEA
relevance.))

Frew, J., & Jud, D. (1988). The vacancy rate and rent levels in the commercial of�ce
market. Journal of Real Estate Research, 3(1), 1–8.

Fuerst, F., & McAllister, P. (2011). Eco-labeling in commercial of�ce markets: Do leed
and energy star of�ces obtain multiple premiums? Ecological economics, 70(6),
1220–1230.

Fuerst, F., McAllister, P., Nanda, A., & Wyatt, P. (2015). Does energy ef�ciency matter

92

http://data.europa.eu/eli/reco/2019/786/oj
http://data.europa.eu/eli/reco/2019/786/oj


4 The Valuation Problem: Is Carbon Intensity Eroding Value?

to home-buyers? an investigation of epc ratings and transaction prices in england.
Energy Economics, 48, 145–156.

Hirsch, J., Spanner, M., & Bienert, S. (2019). The carbon risk real estate moni-
tor—developing a framework for science-based decarbonizing and reducing
stranding risks within the commercial real estate sector. Journal of Sustainable Real
Estate, 11(1), 174–190.

Holtermans, R., & Kok, N. (2019). On the value of environmental certi�cation in the
commercial real estate market. Real Estate Economics, 47(3), 685–722.

Ishaak, F., & Remøy, H. (2024). The positive and negative effects of sustainability on
real estate transaction prices. Journal of Sustainable Real Estate, 16(1), 2408801.
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5 Picture This: A Deep Learning Model for
Operational Real Estate Emissions

5.1 Abstract

We present a deep learning model estimating Carbon Dioxide Equivalent ( CO2e) emissions in
the real estate sector. The model, which utilizes Convolutional Neural Networks ( CNN s) and
image classi�cation techniques, is designed to estimate CO2e emissions based on publicly avail-
able images of buildings and their corresponding emissions. Our �ndings show that the model
has the ability to provide reasonably accurate estimations of CO2e emissions using images
as the sole input. Notably, incorporating primary energy sources as additional input further
improves the accuracy up to 75%. The creation of such a model is particularly important in the
�ght against climate change, as it allows for transparency and fast identi�cation of buildings,
contributing signi�cantly to CO2e emissions in the building sector. Currently, information on
emission intensity in the real estate sector is scarce, with only a few countries collecting and
providing the required data. Our model can help reduce this gap and provide valuable insights
into the carbon footprint of the real estate sector.

Keywords: Deep Learning; Decarbonization; CO2 Footprint, Image Classi�cation.
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5.2 Introduction

The release of carbon dioxide (CO2) from the building stock constitutes a signi�cant portion of
worldwide GHG emissions (UNEP, 2022). In the European Union, buildings are accountable for
approximately 40% of �nal energy consumption (European Commission, 2019b). The reduction
of greenhouse gas emissions in real estate holds signi�cant potential for mitigating global
warming and achieving the imperative objective of keeping the global temperature increase
below 2 °C (IPCC, 2022). Notably, approximately 85% of the building stock in the European
Union predates 2001 (European Commission, 2020), a period characterized by less strict energy
performance requirements or more relaxed standards than those in place currently (European
Commission, 2019a). Based on the report presented by the European Commission(European
Commission, 2020), it becomes clear that the stipulated climate targets aiming at reducing
energy consumption by a minimum of 60% shall remain unful�lled despite the proposed
weighted renovation quotas of 1% and 0.2% for deep renovations. There is an apparent dis-
crepancy between actions required and actions taken. This discrepancy, also referred to as
decarbonization gap, has increased in the EU in recent years with the only exception being 2021
due to the COVID-19 pandemic (BPIE, 2022).

While reducing the CO2e emissions of the real estate sector is one of the pillars to limit global
warming to below 2 °C (IPCC, 2022; European Commission, 2012), complete nation-wide
emission data on the asset level is scarce. To tackle this problem, the EU introduced the Energy
Performance of Building Directive ( EPBD) recast in 2010, making it mandatory to provide
potential buyers and tenants of a property with an Energy Performance Certi�cate ( EPC)
(European Parliament, 2010). After its introduction, EPCs turned into one of the most important
sources of information on energy performance of buildings (Arcipowska et al., 2014). However,
there is criticism on how EPCs are calculated (Coyne & Denny, 2021; Majcen et al., 2013;
Pasichnyi et al., 2019) and also thatEPCs are not publicly available in many countries (UNEP,
2021; Arcipowska et al., 2014). The European Union's response to the aforementioned critique
is encapsulated within the revised EPBD. Nevertheless, the timely development of relevant
databases, serving as a dependable foundation for forthcoming sustainable real estate policies
or renovation strategies, remains an open question. Further creation of EPCs is, at the moment,
only mandatory in the EU when selling an object or letting it out to a new tenant. Even with
the creation of publicly available EPC databases, the energy performance of owner-occupied
real estate and long-term rented objects will remain intransparent at the current state.

To reduce this information barrier, a new approach requiring little resource to estimate GHG
emissions of buildings has to be developed. As the determination of energy performance is
based on many visual features such as the roof, windows, building age, walls, building size, and
materials used (BRE, 2022), a deep learning model could possibly provide an approximation of
the energy performance and CO2e emissions. In other �elds, deep learning has proven to be a
possibility to produce cost effective and ef�cient tools, using only little data as input (Jenkins
& Burton, 2008; Liermann et al., 2019). Nonetheless, despite its already existing utilization
within the real estate sector, there is still a considerable scope for continued exploration and
investigation into the potential applications of this subject matter (Koch et al., 2019).
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In this paper, we provide a to our knowledge novel approach to estimating CO2e emissions
of residential buildings using a pre-trained CNN model. We train our model using EPC data
from the United Kingdom and corresponding Google Street View ( GSV) images. The remainder
of the paper is structured as follows: In Section 5.3, we provide an overview over relevant
literature for our study. In Section 5.4, we describe the methodology used to built our model
and the database; in Section 5.5, we describe the results of our model, and, in Section 5.6,
discuss limitations and further research potential.

5.3 Literature Background and Context

With burgeoning computing capacity, Arti�cial Intelligence ( AI ) and especially Machine Learn-
ing (ML ) systems, due to their potential to automate time consuming processes, have become
increasingly popular for practical appliances such as computer vision, speech recognition,
natural language processing, robot control, and others (Jordan & Mitchell, 2015). With rising
interest, real estate is adapting the new methodologies in various ways.

Deep Learning, a subset of Machine Learning, particularly CNN s, has demonstrated signi�cant
utility in the realm of image analysis models and computer vision for real estate applications.
Its profound ef�cacy lies in its ability to accurately forecast a diverse range of variables. Koch
et al. (2019) provide a literature overview of the image analysis done in real estate research
with CNN s. The authors classify the models into distinct categories, based on the input data
employed, which comprise models predicated on aerial and satellite images, exterior front-view
images, �oor plans, and interior images. Due to the high accessibility of data, many papers
utilize satellite images as their training and validation input. Earlier papers in this �eld on real
estate related image analysis predominantly work on land-use segmentation or classi�cation
(Yang & Newsam, 2010; Fröhlich et al., 2013; Marmanis et al., 2015) and building footprint
detection (Raikar & Hanji, 2016; Cohen et al., 2016; Ok, 2013). Accelerating progress in image
classi�cation through improvement of deep learning algorithms, especially the introduction
of CNN s, and increasing strength of graphic processor units (Gu et al., 2018) has opened the
possibility to take on more complex tasks and better results.

Jean et al. (2016), for example, predict the economic well-being of �ve different African countries
using a CNN , achieving an accuracy of up to 75% explaining the variability of both asset
wealth and consumption expenditure. The researchers construct their model by leveraging
publicly accessible data, thereby endowing the model with the potential for scalability to
different geographical regions. Through the utilization of satellite image data, the presented
model allows for the extraction of valuable information, thus contributing to the amelioration
of a data transparency gap. We share a similar motivation of extracting information from
publicly available data with a CNN , to build a model that could reduce a data gap. Koch
et al. (2021) present aCNN to predict where university graduates live in a city at a micro
level, using different density classes. The presented model is able to derive the information
using only satellite images after training. They �nd that their model has trouble differentiating
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neighbouring classes and thus allow a standard deviation of 1, to determine their overall model
�t. The accuracy of the model increases by 37.8% when compared to true class prediciton
accuracy.

Exterior front-view images provide an alternative basis for image analysis in real estate, present-
ing features not included in satellite images. With the increase in their availability through web
based services such asGSV or Apple's Look Around, new areas of application have opened up
(Koch et al., 2019). Paired with the increase in the ef�ciency of CNN s, several use-cases with
high accuracy have been presented. Schmitz and Mayer (2016) use aCNN for the semantic
interpretation of facade images. They achieve an accuracy of 85% differentiating facades, doors,
windows and other building features. Furthermore, they conclude that even with relatively
small training data sets CNN s can be trained suf�ciently, if the available data is augmented
and an already existing pre-trained model is �ne-tuned. Obeso et al. (2017) train their model to
distinguish street-view images of buildings in Mexico into four different architectural classes
(pre-hispanic, colonial, modern and other). The model is not only capable of identifying build-
ings correctly, but also of deriving distinct building features from street-view images linked
to a particular architectural style. They suggest that CNN s are able to identify architectural
characteristics of a building and assign it to the �tting class with relatively high accuracy
(88.01%). Further applications utilizing exterior street-view images to classify buildings include
the prediction of building age (Zeppelzauer et al., 2018) and building condition (Koch et al.,
2018). Considering that both the age and condition of a building contain valuable insights
into the emissions of CO2e from that building, it is reasonable to contemplate the possibility
of developing a comprehensive model that can extract pertinent building characteristics for
emission prediction through the analysis of street-view images using a CNN.

Despotovic et al. (2019) build on the previous models and simultaneously predict the construc-
tion age and the heating demand, assuming that both can be predicted solely based on visual
exterior features of a building. The presented model is able to predict both variables with
similar precision resulting in an accuracy of 62% differentiating between �ve demand classes,
proving that exterior images provide enough information to approximately determine their
energy demand.

Utilizing CNN s in real estate image classi�cation tasks, has been successful in the past, with all
the presented models achieving accuracies signi�cantly above the random probability threshold.
Even complex matters, such as architectural style or heating demand, usually determined by
professionals, can be approximated using CNN s, as the model are able to extract enough of the
required information from the input images. The outcome of this literature review indicates
that image analysis utilizing CNN s holds promise for mitigating the information gap associated
with the estimation of CO 2e emissions attributed to the building stock.
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5.4 Methodology

Over the past few years, the use of CNN s as a visual-based algorithm has become widely
accepted as the standard in the scienti�c community (Shi et al., 2018; Zhou et al., 2018; Wu
et al., 2019).CNN s are multilayer neural networks, taking their name from the convolutional
layers which are part of their architecture (Albawi et al., 2017). The models are able to learn and
recognize visual patterns from the input database, making them very effective for image classi�-
cation tasks (Sarker, 2021). Various models have emerged since the advent of theAlexNet model
in 2012, originating from different annotated datasets, which vary in architecture, primarily in
the number of layers in a network (depth), the number of kernels per layer (width), and the
dataset used(Krizhevsky et al., 2017; Wu et al., 2019). Investigations have shown that the depth
of the model is particularly important for the success of neural networks, especially looking
at accuracy or identifying complex features. However, training networks with a substantial
depth is challenging, requiring high computational power and offering limited help after a
certain stage (Srivastava et al., 2015). In order to achieve optimization, a variety of architectures
have been developed that utilize identity shortcut connections between layers. This allows for
improved information �ow between different parts of the network, resulting in more ef�cient
and accurate computations. This has led to the general concept of Residual Neural Networks
(short: “ ResNets”) (Targ et al., 2016; He et al., 2016), of which the approach implemented by He
et al. (2016) constitutes the fundamental architecture of our model. In our baseline model, we
employ a 34-layer ResNetmodel, which processes the image input from Google Street View.

The foundation for the training and validation data consists of two components, EPCs and GSV.
While European energy certi�cates are subject to the EPBD, there are still differences between
the individual member states (Semple & Jenkins, 2020). Thus, in order to obtain reliable informa-
tion regarding the CO2e emissions of buildings, an extensive and quality-controlled database is
necessary. After conducting a thorough comparison of European energy performance certi�cate
databases, it was determined that the Energy Performance of Buildings Register database of
the Department for Levelling Up, Housing & Communities England & Wales is particularly
suitable as a data source for the required emissions data. Particularly, UK EPCs incorporate
three important factors: (1) the database is freely available and, therefore, particularly suitable
for research purposes, (2) theCO2e emission data does not require any conversion since the
data is already displayed in the EPCs, and (3) EPCs are only issued by accredited assessors,
which should ensure uniform quality. Additionally, there is already extensive literature on the
used UK EPCs which can help to consider any potential information asymmetries and speci�c
points in our research as well as identify weaknesses of the EPCs (e.g. as shown by Fuerst et al.
(2015); Crawley et al. (2019); Taylor et al. (2019)).

Operational emissions (in CO2e) of buildings are calculated based on two components. Firstly,
the existing energy source, and secondly, the energy intensity of the building. The calculation is
then derived by multiplying the conversion coef�cient of speci�c energy sources with the energy
intensity of the building. Consequently, in practice, it is possible for older, less modernized
buildings, for example, to emit low CO2e values due to their utilization of renewable energies,
resulting in a low emission factor despite their high energy intensity. Thus, the trained model
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faces a high degree of complexity as the overall energy consumption of the house alone is
insuf�cient to deduce the emissions. Instead, a detailed examination of externally visible
characteristics, typical for each energy source, must take place. In this context, indicators such
as existing chimneys or renewable energy systems can provide insight into the energy source.
If none of these characteristics are externally visible, the model may estimate the energy source
based on the observable condition or year of construction. The current Energy Ef�ciency Report
(Of�ce for National Statistics, 2022) suggests that the energy source correlates with the respective
construction years, revealing trends speci�c to each period. Consequently, a subsequent heat-
ing system modernization may go unidenti�ed by the model, potentially leading to inaccuracies.

The calculation and procedures for issuing EPCs for residential buildings in the United King-
dom are generally based on the Standard Assessment Procedure (SAP), which can be applied
in a reduced form as Reduced Data SAP (RdSAP) for older buildings constructed before 2008
(BRE, 2022). The latest version of theSAP, the SAP 10.2, has been introduced in England in
June 2022 and in Wales in November 2022. TheSAP calculates (only) the operational CO2e
emissions based on the emission factors speci�ed in Table 12 of the SAP annex, which are given
in emissions of kg CO2e per Kilo Watt Hours ( kWh). These emission factors are based on the
energy source present in the building. In addition to the conventional Energy Ef�ciency Rating
of A to G, this construction of the so-called Environmental Impact Rating represents a measure
of notional CO2e emissions. As is the case with the Energy Ef�ciency Rating: the higher the
rating, the lower the expected emissions, with A equating to the lowest emissions and G to the
highest emissions (BRE, 2022). For the presentation in our training and validation split, the
relative indication of CO 2e emissions per m2 per year is used.

In December 2022, the England EPC-database held a total of 24,015,615 records. However,
considering the ongoing process of EPC updates and their limited validity period, a portion
of the available data is outdated. Therefore, it is unsuitable for the purpose of our dataset. If
for example an adress has two EPCs in the database, we eliminate the EPCs not depicted in
the GSV image. This is accomplished by cross-referencing the date when the GSV image was
captured with the date of issuance for the EPC. If the EPC is issued after the image was taken,
we eliminate the data point. Further we �lter addresses, which have no GSV image availability
and are therefore unsuitable for our purpose. In order to maintain balance within our database,
we restrict the number of data points for each class to match the lowest available data count
among all classes. For aCNN model, a balanced and sizeable quantity of images in each
class constitutes an indispensable prerequisite for achieving model precision (Luo et al., 2018).
Predominantly, buildings of interest in the database are within the range of 0-140 CO2e per m2

per year. EPCs that exceed or fall below this range exist but are lacking in terms of the required
frequency and timeliness. The classi�cation of our CO2e emissions categories is based on the
established Environmental Impact Rating, which designates seven classes(BRE, 2022). As de-
picted in Table I, each classi�cation corresponds to a unique range of 20 kg CO2e per m2 per year.

After all expired, duplicate, and outdated EPCs, as well asEPCs for buildings outside the time
periods available on Google Street View, were excluded from the database, a random sample of
3,000 images was drawn for each classi�cation. Especially the availability of high emission class
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Table I: CO2e Emission Classi�cations

Classi�cation 1 2 3 4 5 6 7

CO2e/m 2/year 0-20 > 20-40 > 40-60 > 60-80 > 80-100 > 100-120 > 120-140

data after the �ltering process limits us to this number. This results in a dataset of 21,000 EPCs
distributed throughout England. The descriptive statistics for the entire dataset are shown in
Table II.

Table II: Descriptive Statistics of the EPC Sample

CO2e/m 2/year Energy Ef�ciency Score Total Floor Area in m 2

Mean 69.51 53.43 84.74
Std 38.43 21.39 46.38
Min 0.40 1.00 5.00
Q25% 36.00 39.00 59.00
Q50% 67.00 54.00 78.00
Q75% 103.00 70.00 100.00
Max 139.00 112.00 1,115.00

N = 21,000.

The descriptive statistics demonstrate a balanced sample across the classi�cations. The En-
ergy Ef�ciency Score, which indicates the calculated energy ef�ciency class, differs from our
classi�cation, as it focuses on energy intensity rather than CO2e emissions (BRE, 2022). The
analysis of energy sources' descriptive statistics (refer to Table V in the Appendix) demonstrates
a notable prevalence of gas utilization in low-emission categories, where more than 90% of
cases are attributed to gas heating in the initial three classes. In the higher classes, this obser-
vation shifts towards electricity as the primary energy source. As previously explained, CO2e
consumption of buildings is fundamentally calculated based on the primary energy source and
energy intensity. In this context, a positive correlation coef�cient between energy intensity and
emission values can be assumed. Therefore, for the validity of the sample, it appears crucial to
have suf�cient variability between energy sources and energy intensity. Regarding the seven
CO2e classi�cations, a differentiated picture emerges (see Figure 5.13 in the Appendix). For
energy-ef�cient buildings, there appears to be a strong correlation between energy consumption
and CO2e emissions. However, this strong correlation gradually weakens, until in category
120-140 CO2e/m²/p.a., there is only a correlation coef�cient of approximately 0.3.

The Google Street View images were retrieved using the address information provided in the
EPC database. The dataset comprises numerous images in which buildings are obscured by
obstacles such as cars, vegetation, or other buildings, or are not visible at all. To train the
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model effectively and reduce the error rate, these images must be removed from the dataset.
Examples of high and low information content images are provided in Figure 5.1. Images with
high information content are characterized by their substantial explanatory value for the model,
as they provide a comprehensive view of the building, thus serving as a solid foundation
for feature extraction. Conversely, images where buildings are obscured by other objects or
captured from unfavorable angles offer limited explanatory value for the model.

Figure 5.1: High (Top) and Low (Bottom) Information Content Images

Following the manual �ltration of images with low information content, a total of 17,922 images
remained, resulting in the removal of approximately 14.66% of all images from the dataset.
Across all classi�cations, the dataset remains balanced, as illustrated in Figure 5.2. Achieving
balance between classes is of paramount importance for machine learning models, as imbal-
anced training data has the potential to signi�cantly impair the performance of convolutional
neural networks (Johnson & Khoshgoftaar, 2019).

As previously mentioned, we use the pretrained ResNet34model developed by He et al. (2016)
as our baseline model. ResNet34is an image classi�cation model with 34 weighted layers. The
utilized model undergoes pretraining on the ImageNet dataset, where it initially learns from
a large dataset for a different task. The resulting parameters from this pretraining are then
�ne-tuned and adjusted for our speci�c use case. Pretraining can signi�cantly increase accuracy
and is found to be particullary important for use cases with relatively small datasets (H. Li et
al., 2019). To validate our results and identify the appropriate architecture and depth for our
use case, we test the performance of several other models based on theResNetarchitecture.

We have selected the following comparative models: a deeper and more complex ResNet101(He
et al., 2016), aNoisyStudent Ef�cientNetof size B3, which is a less deep and complex CNN that
achieves higher ef�ciency (Tan & Le, 2019), aResNext101 modelthat incorporates a cardinality
building block into the ResNetarchitecture, reducing the number of hyperparameters required
(Xie, Girshick, Dollár, Tu, & He, 2017), and �nally, a modi�ed SE ResNet101that assigns weights
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Figure 5.2: Count of Images in Each Classi�cation

to different channels based on their importance for prediction (Hu, Shen, Albanie, Sun, & Wu,
2019). The chosen models either exhibit greater complexity compared to our baseline model
(ResNet101, ResNext101, SE ResNet101) or are less complex (NoisyStudent Ef�cientNet). We employ
this comparison to assess the suitability of our architecture for our speci�c use case. Deeper
models can potentially offer improved performance depending on the task, but also carry the
risk of over�tting the data (Ying, 2019). For our training the images are input as 3-channel RGB
with a (resized) size of 224 x 224 pixels. The 80%/20% training and validation split is performed
using a deterministic learner and a strati�ed k-fold split to ensure comparability of the splits
across all model comparisons. In our baseline model, we use simple image augmentation
techniques such as random �ipping, rotation, zoom warp, and lighting transform. Additionally,
we normalize the images. Hyperparameter tuning of the model is performed using the Adam
optimization algorithm (Kingma & Ba, 2017) which optimizes the parameters during training.
One of the most important hyperparameters is the learning rate, which determines the step
size at which the model adjusts its internal parameters during the training process and varies
based on the speci�c use case(Smith, 2017). We control the learning rate using the Smith (2017)
two-stage transfer learning protocol in which the �rst half of the epochs updates the head of the
pre-trained model with a learning rate of 1e-02and then �ne-tunes the entire model with the
knowledge gained in the second half. In stage 2, we gradually increase the learning rate, then
gradually decrease it, starting from 1e-5and ending at 1e-4. This allows the neural network to
learn more detailed information from new data and, thereby, improve performance (Ng et al.,
2015). To evaluate the results, we employ the conventional accuracy equation shown in Equation
5.1, where the accuracy is de�ned as the ratio of the number of correctly classi�ed buildings
to the total number of buildings in the sample, multiplied by 100 and the F1-Score (Equation
5.2), the harmonic mean of precision and recall. The F1-Score is a popular metric when looking
at models with unevenly distributed classi�cation classes, as it accounts for the different class
sizes. While our classi�cation classes are evenly balanced we still provide F1-Scores for a better
comparability with other models. Furthermore, Training and Validation Loss are compared

103



5 Picture This: A Deep Learning Model for Operational Real Estate Emissions

between the models.

Accuracy =
Number of correctly classi�ed buildings
Total number of buildings in the sample

� 100 (5.1)

F1-Score= 2 �
Precision � Recall
Precision + Recall

(5.2)

Augmentation and Energy Source: A possible measure to tackle over�tting of CNN models is
(further) augmenting the input data or increasing the input sample size (Perez & Wang, 2017).
We randomly choose three of the following methods for the augmentation for every photo
of the input sample: image rotation (45°, 90°, 135°), image transposition (left to right, top to
bottom), image resizing (divide or multiply height or width by factor 2), and image cropping
(reduce size by factor 2). With the overarching objective of enhancing the transparency of the
market, we also opted to add additional input to our training data.

As the calculated CO2e emissions are signi�cantly in�uenced by the primary energy source used
(additional elaboration pertaining to the CO2e calculation is provided in Section 3), we decided
to incorporate an additional RGB-layer into the image matching process, allowing for the inclu-
sion of both the CO2e emissions and the primary energy source of the building. The necessary
information regarding the primary energy source is readily obtainable from the correspond-
ing EPCs. The same methodology utilized in the base model was applied to the new model,
which includes heavy image augmentation and the incorporation of primary energy source data.

Grad-CAM Approach: In addition to the numerical metrics, we employ the Gradient-weighted
Class Activation Mapping ( Grad-CAM ) method developed by Selvaraju et al. (2017) to achieve
a visual validation of the model's performance. This technique employs a heatmap overlaid
on the image to highlight regions of particular importance to the model's predictions. The
Grad-CAM method leverages the model's gradients, which represent the direction for adjusting
the CNN weights during iterative training to minimize error. By utilizing these gradients,
relevant activation regions within the image are identi�ed, providing insights into the weighting
of activations corresponding to speci�c CO2e classes. This approach signi�cantly improves
interpretability and instills con�dence. However, it is important to note that the evaluation of
the model still relies on established performance metrics such as accuracy, F1-Score, training,
and validation loss, which serve as the primary indicators of its overall performance.

5.5 Results

In the following, we �rst present the results of our baseline model. We then compare the results
of the baseline model with alternative CNN models. Finally, we evaluate a modi�ed version of
the base model.
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Baseline Model: We �nd that our baseline model achieves an accuracy of 43.38%, already
outperforming random probability of 14.29% (Figure 5.3). In Figure 5.4 it is apparent that
around epoch 34 the models starts over�tting the training data, causing the validation loss to
increase, while the training loss continues to decline.

Figure 5.3: Baseline Accuracy Figure 5.4: Baseline Train/Val. Loss

After this epoch, the algorithm detects characteristics in the training set that are helpful in
predicting the training data but, when used in the validation phase, are not improving accuracy
due to the inability to generalize the characteristics to the overall population (Mutasa et al., 2020).

Model Comparison: To test the assumption that deeper models might over�t and to benchmark
our baseline model, we utilize four additional state-of-the-art models. As expected, the results
suggest that the more complex models have a lower training loss whereas the validation loss
increased, in some cases signi�cantly. Our training set does not seem to be suited to train the
deeper and more complex models encouraging over�tting (Table III). While the computing
time using the deeper models signi�cantly increases, none of the tested models outperform our
baseline model in terms of accuracy. We suspect that due to the relatively small sample size of
the data set, the deeper models are not able to generalize the features learned in the training
data (Zhang et al., 2021). The only model outperforming the baseline model in computing
time is the less complex Ef�cientNet model. However, it is also achieving a signi�cantly lower
accuracy.

Augmentation and Energy Source: The results of the image augmentation indicate an increase
in accuracy of approximately four percentage points, with the new model achieving an accuracy
of approximately 47.59%. Although the new model exhibits superior performance in compar-
ison to the baseline model, the modest increase in accuracy is somewhat unexpected. Upon
scrutinizing the dataset, it was observed that a mere 33.4% of the buildings featured a primary
energy source other than gas. If we now assume that the energy source can also be partly
determined by features of the house, such as appearance, roof, or chimneys it might become
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Table III: Benchmarking the Baseline Model

Model Train Loss Validation Loss Accuracy Time

ResNet34 (baseline) 0.8379 1.5500 0.4382 00:44
ResNet101 0.7255 1.6568 0.4201 01:50
NoisyStudent (Ef�cientNet-B3) 0.7720 1.8317 0.3429 00:26
ResNeXt101 0.5172 1.8328 0.4329 05:06
SE ResNet101 0.1930 2.3859 0.4245 05:50

clear why the addition of the primary energy source only had little effect on the prediction
results, while being a signi�cant factor in in�uencing the CO2e emission intensity. This fact
contradicts our initial assumption that the model might only estimate energy intensity without
drawing conclusions about the energy source or conversion coef�cient. In this case, one would
expect a higher increase in accuracy since, in practice, one of the two variables used to calculate
CO2e values is effectively included in the dataset, thereby greatly reducing the complexity of
the model. It is important to note that the results do not provide a direct conclusion regarding
whether the baseline version of the model derives the energy source directly (through building
characteristics) or indirectly (via, for example, typical trends based on construction year). To
test if the addition of the primary energy source altered the model comparison, we run a 50
layer (SE ResNet) to once again benchmark the results of theResNet34model. Similar to the
previous outcome, the SE ResNet50model is achieving a lower accuracy at 46.89%, requiring a
computing time roughly six times higher than the ResNetmodel.

Figure 5.5: Accuracy of ResNet34 Model with Supplemented Primary Energy Sources
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Grad-CAM Approach: Although it is apparent that our model signi�cantly outperforms
random probability, it remains unclear which speci�c visual features the model employs to
approximate CO2e emissions. To further validate our model, we use the Grad-CAM approach
(Selvaraju et al., 2017). As shown in Figure 5.6, the model seems to identify the relevant
buildings in every emission class. With the main focus on the property, important features in
determining the CO2e emission intensity such as the windows, the walls, and the roof among
other components might be used for the estimation. Other parts of the image not related to
the emission intensity like the sky, the street, or the neighboring buildings are identi�ed as
negligible by the model. Solely the front yard of some images seem to be helping the model
with the prediction, which is not surprising as the look and size of the yards might help identify
the building age of a property and, therefore, its energy ef�ciency (Aksoezen et al., 2015). In
the overall context, however, the front yard does not appear to have any prevailing signi�cance.

0-20 kg/m 2 CO2e 40-60 kg/m 2 CO2e 80-100 kg/m2 CO2e

Figure 5.6: Random Heat Maps Produced by Grad-CAM for Different Emission Classes

Accuracy: Given that our model is demonstrating superior performance compared to random
probability and is visually validated through the Grad-CAM approach, it raises the question as
to which factors are hindering its ability to accurately predict the emission class. Analyzing the
confusion matrix in Figure 5.7 we conclude that the model is able to predict every class above
random probability, with the lowest CO2e emission class being predicted exceptionally well
with a F1-Score of 80% (as seen in Table IV). With an accuracy rate of close to 50%, the model
demonstrates reasonable precision across most of the other emission classes, 20-40 kgCO2e/m 2

with 37% and 80-100 kg CO2e/m 2 with 27% being the least accurate. Furthermore, the actual
classes often seem to be confused with neighboring classes. The class with the lowest level
of predictive accuracy, 80-100CO2e/m 2, is frequently misidenti�ed with its two neighboring
classes, namely 60-80 CO2e/m 2 and 80-100 kg CO2e/m 2.
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Figure 5.7: Confusion Matrix

A similar trend can be observed across all other emission classes, except for the lowest emission
class, which was identi�ed with high accuracy from the outset. The model appears to encounter
challenges in correctly classifying images falling within the mid-range of the emission spectrum
into the appropriate category. Given the �xed boundaries of the predetermined emission classes,
it is possible for a house with an emission of, for instance, 41 kg CO2e / m 2, to be erroneously
classi�ed as belonging to the lower class, owing to the emission value being in close proximity
to the upper boundary of the lower class. We test this assumption by plotting a histogram of
the deviation of the model over all classes (Figure 5.8). The histogram reveals that the majority
of incorrect predictions are off by a single emission class, with only a minimal number of
predictions diverging by more than one class. When accounting for this standard deviation
of one emission class, the model demonstrates an accuracy of approximately 75.34%. This
noteworthy improvement in accuracy highlights the model's superior performance compared
to random probability and underscores its exceptional ability to achieve accurate predictions
when inaccuracies stemming from the �xed emission class boundaries are disregarded.
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Table IV: Classi�cation Report
Class Precision Recall F1-Score Support
CO2_00_20 0.81 0.79 0.80 518
CO2_100_120 0.40 0.39 0.40 499
CO2_120_140 0.46 0.49 0.47 489
CO2_20_40 0.44 0.32 0.37 518
CO2_40_60 0.44 0.61 0.51 525
CO2_60_80 0.42 0.49 0.45 523
CO2_80_100 0.33 0.23 0.27 513
Accuracy 0.48 3585
Macro Average 0.47 0.47 0.47 3585
Weighted Average 0.47 0.48 0.47 3585

Figure 5.8: Deviation Histogram
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5.6 Discussion and Limitations

To the best of our knowledge, the discussed application of image classi�cation regarding CO2e
emission in real estate represents a novel approach that yields promising results and may play
a pivotal role in fostering global transparency in the ecology of real estate. While the simplicity
and swiftness of the evaluated model are counterbalanced by certain limitations, the former
predominantly prevails. Subsequently, we discuss the advantages and restrictions to our model,
based on a practical application in a suburban street in Manchester, UK. Utilizing the EPC data
of the houses and the corresponding Google Street View images, it becomes apparent that,
as shown in Figure 5.9, there is signi�cant heterogeneity among the emissions of individual
residential buildings in the street.

Green = Low CO2e Emissions, Orange = Average CO2e Emissions, Red = High CO2e Emissions
Satellite Image acquired from Google Maps

Figure 5.9: Illustration of Sample EPCs in Manchester, UK

If the primary objective is to achieve a maximum reduction in emissions, it appears that the
buildings located in the middle and lower section of the street would bene�t most from retro�ts,
as they are currently emitting high levels of CO2e. Based on front view images, the presented
CNN model could potentially identify and designate these areas in a city or on a street without
the need for EPC data.

As shown in Figure 5.10, a large portion of the buildings are correctly classi�ed by the model. In
this example, the emission-intensive street section in the middle-lower area of the image is also
correctly predicted. Although this example cannot be equated with an extensive test dataset, the
results visualize the potential of the model. When suf�cient computing power is available, the
model can also be applied at the city or national level. At the same time, the weaknesses and
limitations of the model are also apparent, requiring further research. Analyzing the buildings
that were not correctly classi�ed reveals the following implications:
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Satellite Image acquired from Google Maps

Figure 5.10: Predictions Based on theResNet34model [ s = 1]

The image quality can signi�cantly affect the ability to identify the correct class. Upon examin-
ing the faulty classi�cations, images taken from unfavorable angles or obstructed by obstacles
such as cars or greenery in the �eld of view appear to be a weakness (e.g., as shown in the
incorrectly classi�ed object in Figure 5.11). This result is consistent with Koch et al. (2019), who
are suggesting that pre-processing may be necessary to reduce noise for further use. Automated
procedures (e.g., through prior object detection based on annotated images) for quality assur-
ance of input data might thus further increase accuracy. Furthermore, certain aspects remain
unclear, such as the extent to which the in�uence of land characteristics not directly tied to
the main structure, such as the front yard, impacts the accuracy of the assessments. Further
research, potentially in conjunction with object detection techniques, could offer solutions to
this matter (Zhao et al., 2022).

Figure 5.11: Wrong Angle Image Figure 5.12: Empty Plot of Land
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Google Street View data is not always up-to-date, limiting the possibilities for obtaining infor-
mation on the current building stock at the macro level or for speci�cally identifying regular
changes in the building stock, such as renovation rates. In the example from Figure 5.10, the
images were taken in August 2021 and not updated until the time of publication. The periods of
capture might also differ even within one city. Therefore, a comparison of the periods between
the training and validation datasets is essential. Figure 5.12 provides an example of an image of
a plot of land that was taken in 2008 but is now developed and responsible for emissions as a
building.

In addition to technical limitations due to data quality, the data foundation is subject to limi-
tations arising from the interplay between the CO2e values indicated in the energy certi�cate,
the energy source, and the energy intensity. As previously explained, the CO2e emission
values correlate strongly and positively with energy intensity, particularly in the more emission-
ef�cient classes. However, this correlation weakens in the less energy-ef�cient classes, while the
F1-Scores remain relatively constant. Despite the overall high accuracy, it remains uncertain
to what extent the model may be biased, potentially generalizing the energy source based
on external construction quality, rather than identifying it based on speci�c details such as
the presence of a chimney. Further research could explore the combination of two dedicated
models. One model could be trained to identify energy intensity—as demonstrated, for example,
by Despotovic et al. (2019)—while another model could identify the energy source based on
various external details, using techniques such as object detection, to provide additional insights.

One additional factor that potentially limits the data foundation of the model is the quality and
meaningfulness of the obtained Energy Performance Certi�cates. In scienti�c discourse, the
meaningfulness of EPCs has been subject to intense discussion. At its core, the debate centers
around the difference between consumption and demand certi�cates (also referred to as the
“Performance Gap”) (among others, Cozza et al. (2020); Herrando et al. (2016); Coyne and
Denny (2021)), the quality of data acquisition methods (among others, Pasichnyi et al. (2019);
Y. Li et al. (2019); Hårsman et al. (2016); Hardy and Glew (2019)), the overall meaningfulness
with regard to retro�tting (among others, Gouveia and Palma (2019); Christensen et al. (2014);
Cozza et al. (2020)), and potential price premiums (among others, Olaussen et al. (2017); Fuerst
and McAllister (2011)).

In the context of our research, the Performance Gap and potential quality constraints in the data
acquisition methodology are particularly relevant. Concerning the Performance Gap, it can be
observed that actual consumption values are not incorporated into the model, leading to a diver-
gence between the estimated and actualCO2e emissions. However, incorporating consumption
values would not be advantageous for the model, as individual consumption information is not
contained in the front-view images, in contrast to the building's physical properties. As Cozza et
al. (2021) pointed out, in addition to imprecise input data and assumptions, individual occupant
behavior and varying climate data are factors contributing to the Performance Gap. These indi-
vidual characteristics of an inhabited property that are dif�cult to capture through a front-view
image play a crucial role in the calculation of EPCs. However, they are not methodologically
relevant to the CNN model. On the other hand, quality constraints in the input data and

112



5 Picture This: A Deep Learning Model for Operational Real Estate Emissions

assumptions, similar to inaccurate or incorrectly oriented Google Street View images, can have
a direct impact on the accuracy. In this context, quality assurance of the EPCs, as suggested by
Hardy and Glew (2019) through machine learning, can further improve the quality of the model.

In conclusion, the input data, as previously elaborated, is one of the most important factors
for a successful CNN model. Although EPCs are not perfect, they currently offer the only
comprehensive means of analyzing the building's energy-related properties and thus serve as a
good foundation for feature extraction in ResNetmodels.

5.7 Concluding Remarks

We presented a novel approach for estimating CO2e emissions for residential buildings. In our
baseline model we achieve an accuracy of 43.38%, using aResNet34architecture. After including
image augmentation and primary energy sources to the training data, the accuracy of the
model increased to 47.59% (Figure 5.5. Disregarding the rigid borders of the emission classes
and allowing a standard deviation of 1 for the prediction results, our accuracy signi�cantly
increased to 75.34%.

Evaluating the achieved results, the model can help to increase transparency regarding CO2e
emissions in the real estate market and, thereby, to contribute to the containment of global
warming. Potential applications include the support of ESGdue dilligences, policy making,
and identifying need for retro�t. However, there remains a scope of potential for improvement
in the model. Especially looking at the database, an increase in quality and sample size of the
input data could be bene�cial for predicition accuracy. Moreover, the model could be extended
by adding additional input information not restricted to visuals, as already demonstrated with
the addition of primary energy sources. With increasing progress of computing power, more
sophisticated models and images collected by autonomous vehicles, even a model tracking
daily progress could be conceivable (Gebru et al., 2017). Owing to the model's capability to
enhance emission transparency, it could be correlated with other research domains in the real
estate industry, such as price/rent prediction, which often overlooks emission data due to its
unavailability. Overall, the presented model delivered promising results and might increase
transparency of operational emissions in the residential housing market.
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5.8 Appendix

Table V: Main Energy Sources per Classi�cation
CO2e/m 2/year Electric Gas Other
0-20 0.02 0.97 0.02
>20-40 0.02 0.96 0.02
>40-60 0.02 0.97 0.01
>60-80 0.12 0.87 0.01
>80-100 0.42 0.55 0.03
>100-120 0.75 0.15 0.10
>120-140 0.85 0.08 0.07

Note: The shares are shown aggregated at the level of the primary energy source. Electric includes e.g.
heat pumps and storage heaters, gas includes e.g. gas-�red central heating or gas �oor heating, Other

includes e.g. coal and oil heating. N = 21,000.
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0-20 kg/m 2 CO2e
r = 0.89

20-40 kg/m 2 CO2e
r = 0.91

40-60 kg/m 2 CO2e
r = 0.86

60-80 kg/m 2 CO2e
r = 0.85

80-100 kg/m 2 CO2e
r = 0.72

100-120 kg/m2 CO2e
r = 0.43

120-140 kg/m2 CO2e
r = 0.30

Figure 5.13: Scatter Plots for Energy Consumption and CO2e Emissions
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6 Conclusion

The management of climate risks and sustainability efforts has become increasingly critical
against the backdrop of rising global temperatures. The real estate industry holds a unique
position in this context: it is both a signi�cant contributor to climate change and one of the
sectors most vulnerable to its consequences. As a result, real estate �rms must focus on both
mitigating climate risks and enhancing the ef�ciency of sustainability measures. Transparency,
both in corporate sustainability initiatives and regulatory frameworks, plays a key role in ensur-
ing the effectiveness and acceptance of these efforts. This dissertation aimed to improve the
transparency of sustainability management in the real estate industry by identifying weaknesses
of current practices, revealing chains of effects and developing novel solutions for existing data
gaps.

Existing reporting practices for assessing physical climate risks were analyzed, with particular
attention to their consistency. The �ndings indicate that the current reliance on third-party
quanti�cation providers allows for signi�cant deviations, raising concerns about the reliability
of �nancial decision-making. The quanti�cation results, for �ood risk in particular, highly
deviate for the same assets, while also having a signi�cant effect on aggregated monetary risk
quanti�cation. This research sought to enhance both the transparency of these quanti�cation
methods as well as the robustness of their outcomes.
The relationship between the on-site solar potential of REITs and their �nancial performance
was examined as a proxy for assessing the role of decarbonization and energy independence
in the US REIT market. Despite �nding no signi�cant effect on stock performance was found,
�rm values appeared to be signi�cantly affected by the solar potential of the underlying assets.
In addition, we found that REITs with high exposure to carbon-intensive grids were valued at a
discount. This study aimed to increase transparency by analyzing the impact of on-site solar
potential, thereby providing a robust rationale for emphasizing transitory risk in investment
decision making.
We examined the impact of carbon intensity and stranding on the valuation of of�ce build-
ings. Although valuation standards are increasingly incorporating the assessment of ESG
characteristics where possible, we did not �nd a signi�cant impact of carbon intensity or asset
stranding (as de�ned by the CRREM tool) on assessed property values. However, we did
�nd that stranded buildings were signi�cantly more likely to be vacant. By highlighting this
potential gap between theoretical valuation model results and market realities, we sought to
increase the transparency of current valuation practices.
Finally, a novel approach has been developed to estimate CO2e emissions for residential build-
ings. Emissions data serve as a basis for both regulatory and sustainability efforts. In the
absence of property-level emission intensity data in most countries, this model aims to support
evidence-based policy-making as well as to improve the accuracy and effectiveness of subsidies
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6 Conclusion

and regulations aimed at decarbonizing the building sector.

The research projects conducted have highlighted opacities in sustainability reporting, sustain-
ability related REIT and of�ce valuations, and the added value of using innovative models
to increase the robustness of sustainability-related data. Decarbonizing the real estate indus-
try remains a dif�cult task. Especially given that much of the data required to base robust
policies and strategic planing on is either non-existent or incomplete. This has led to regula-
tory and industry policies that sometimes lack both effectiveness and rationale. The saying
“you manage what you measure” may be an oversimpli�cation, but it contains a fundamental
truth. Achieving the ambitious goals that have been set, particularly in the area of decarboniza-
tion, will not be possible without the ability to track progress at both the asset and industry level.

This dissertation aimed to identify and reduce transparency problems in sustainability manage-
ment within the real estate industry. However, it only provides a brief overview of key topics
that enhance the understanding of how the industry's economics are in�uenced by sustainability
and the necessary measures to achieve existing decarbonization targets. The presented studies
are often geographically limited by the data used in the analysis. As sustainability regulation
and perception is heterogeneous, especially the results regarding chains of effect might only
display regionally limited evidence. With sustainability management still evolving and new
policies and measures continuously developing, the results should be reviewed in the future to
test for changes attributed to changing sentiment or progress.

This dissertation identi�ed gaps in the understanding of how sustainability measures impact
�nancial performance and highlighted the need to re�ne current practices. Given the ongoing
uncertainties in regulatory and political support for sustainability management, the importance
of robust, transparent metrics is ever evolving. Existing practices must be critically evaluated to
uncover underlying causal relationships and improve the effectiveness of strategic sustainability
decision making. Real estate decarbonization is often capital intensive and may con�ict with
short-term �nancial returns. Ensuring the credibility and transparency of sustainability efforts
is thus essential to both achieve ef�cient results and increase the acceptance of sustainability
in the industry. New regulations such as the Corporate Sustainability Reporting Directive
(CSRD) already aim to improve the accountability and transparency of the industry's sustain-
ability management, yet their effectiveness will depend on whether the required indicators are
comprehensible, robust, and standardized to a high level of detail. Future research will show
whether the indicators required for disclosure under the new regulation are robust enough to
increase the transparency of sustainability management in the industry and, in doing so, raise
its effectiveness. In addition, the reported data points could provide a basis for a more detailed
disclosure of the impact of sustainability on prevailing business models.

Ultimately, this dissertation has shed light on key weaknesses in current sustainability man-
agement practices and provided insights into improving transparency in impact measurement.
Combined with the clari�cation of impact chains, this research lays the foundation for more
informed, data-driven decisions in the real estate sector.
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