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ARTICLE INFO ABSTRACT
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Climate resilience highlights the urgent need to enhance resilience. Although risk assessment frameworks inform
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resilient design decisions for many hazards, heat stress at the building scale are often addressed
using simplified code-based approaches. Emerging heat fragility models provide a basis for risk
quantification; however, a unified heat risk framework that estimates multi-domain consequences
(social, economic, environmental) accounting for multi-factor uncertainties (climate, building,
occupant) is still lacking. To address this gap, this paper proposes a probabilistic method
grounded in performance-based engineering principles. The approach integrates hazard analysis,
building performance evaluation, fragility modeling and loss estimation, and employs a Monte
Carlo framework to propagate uncertainty across all stages. Its step-by-step implementation is
demonstrated on a multi-story building under varying design conditions and climate scenarios,
proving the framework's ability to quantify probable maximum losses and incorporate them into
risk matrices. The case study results show energy demand and carbon costs increasing by around
13% under high-warming scenarios, with heat-related mortality nearly tripling in naturally
ventilated conditions, enabling building-level comparison across performance thresholds and
hazard severities. Probabilistic loss functions translate these impacts into expected annual losses,
further highlighting the importance of passive survivability, as cost and carbon metrics are
projected to increase by 50% while mortality risk rises sharply for the analyzed building. These
annualized losses can inform building-level design decisions and multi-hazard resilience plan-
ning, as the proposed approach aligns with probabilistic models and risk metrics used in catas-
trophe modeling to compare natural and climate hazards.

1. Introduction

The building sector plays a central role in climate change mitigation and adaptation, functioning both as a major contributor to
energy use and emissions and as the primary protection layer against extreme heat. Buildings account for 30% of global energy
consumption and 26% of energy-related emissions (8% direct, 18% indirect from electricity and heat production) [1]. Beyond
emissions, building design directly shapes the urban thermal environment: HVAC systems release substantial waste heat into the
outdoors, building mass alters thermal inertia and diurnal temperature cycles, and facade radiative properties govern surface
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temperatures and radiative heat exchange [2]. At the same time, buildings determine most of the heat exposure people experience.
Characteristics such as access to air conditioning, insulation levels, airtightness, shading and ventilation capacity are strongly linked to
heat-related morbidity and mortality [3]. As economic barriers and power outages can limit the use of air conditioning during extreme
events, building design must prioritize passive survivability, thus the ability to maintain safe indoor conditions without mechanical
cooling. This moves the design focus beyond efficiency toward ensuring thermal safety during extreme heat events, a pressing need as
heatwaves escalate in frequency and severity and urban heat islands raise ambient temperatures in already vulnerable areas. These
trends are driving higher cooling demand and electricity use, creating a feedback loop of rising emissions. Although countries are
committing to decarbonizing the electrical grid, the International Energy Agency projects a 25-30% increase in electricity demand by
2030 [4], with peak summer loads posing rising risks to grid reliability. Meanwhile, climate change is expected to increase heat-related
mortality: under current policies consistent with ~3 °C of warming, Europe could face roughly 54,974 additional temperature-related
deaths annually by 2100, with ageing populations particularly at risk [5].

Understanding how buildings perform under a warming climate is therefore critical. This requires performance metrics that go
beyond traditional energy efficiency to include indoor thermal safety, passive survivability and the building's interaction with the
surrounding urban environment. Consequently, mitigation and adaptation strategies must evaluate multiple performance dimensions
(thermal resilience, energy demand, waste-heat emissions) alongside downstream consequences such as financial losses, carbon
emissions and health impacts. Multi-domain performance-based assessments indicate that even new energy code-compliant buildings
can exhibit significant vulnerabilities to extreme heat, and highlight both synergies and trade-offs among performance objectives e.g.
Refs[2,6] For example, highly insulated buildings can reduce energy demand but may retain excess heat overnight if ventilation is
inadequate. Similarly, holistic solutions, such as green buildings e.g. Refs [7,8] can provide multiple co-benefits, including reducing
overall losses, mitigating global warming, lowering local temperatures and enhancing urban heat adaptation. These studies highlight
the need for assessment approaches that consider heat stress and evaluate holistic performance, rather than relying solely on
single-metric optimization.

In addition to adopting multi-performance approaches, there is a growing demand for more reliable building performance as-
sessments. This has driven the increasing adoption of uncertainty quantification and probabilistic modeling to enhance prediction
reliability and support more informed building design. Uncertainty in building energy simulations arises from diverse sources and is
commonly classified into aleatory uncertainty, reflecting inherent natural variability, and epistemic uncertainty, which stems from
limited data or incomplete knowledge. In the context of heat stress, uncertainty arises from hazard modelling (e.g., future climate),
building attributes (e.g., thermal properties, occupancy), and the reliability of the model (e.g., assumptions, completeness). Climate
projections themselves are inherently uncertain and quickly become outdated, emphasizing the need to use multiple climate models
for reliable forecasting [9]. Among all sources, occupant behavior, such as the use of appliances and windows, has the greatest impact
on energy demand and introduces the most significant uncertainty in building energy models [10]. Climate change can indirectly
influence these behaviors, highlighting the need to assess their role in energy adaptation and consider behavior-based interventions as
a key climate strategy. Local effects also shape probabilistic assessments, including variations in energy service demand (e.g., heating,
cooling) and differences among building groups by sector (e.g., residential, commercial) or location (e.g., city, region) [11].

These uncertainties can be incorporated into probabilistic analyses to evaluate the range of possible building performance out-
comes. Approaches, as those proposed by Sun et al. [12] and Scarpa et al. [13], demonstrate how such methods can improve pre-
dictions of energy-use intensity and total utility costs by employing Monte Carlo simulation and sensitivity analysis, which account for
random errors and variability across key physical, financial and time-dependent parameters. These approaches have been successfully
applied to quantify and compare the performance of energy efficient retrofit strategies (e.g., Refs. [14,15]). Beyond energy efficiency,
probabilistic analysis has been applied to assess thermal comfort in buildings, capturing uncertainties associated with occupant
behavior, presence and activity patterns (e.g., Refs. [16,17]). Recent studies have also proposed uncertainty-based frameworks in the
context of climate change and building energy simulations at scale (e.g., Refs. [13,18,19]). These approaches have demonstrated
improvements in the accuracy of average demand load profiles compared to deterministic archetype-based simulations, particularly
with respect to estimating energy needs and peak loads. Although probabilistic assessments in the field are gaining interest, existing
models are primarily used to define ranges of energy-related outcomes and are not integrated into full risk frameworks that quantify
broader consequences. In particular, environmental and social impacts remain underexplored [20], despite becoming increasingly
critical in the context of heat stress.

In decision-making frameworks, risk is commonly defined as a combination of hazard, vulnerability and exposure. For heat stress,
the hazard reflects the probability of a specific extreme event. Vulnerability describes a building or system's susceptibility to fail or
perform inadequately under heat stress, shaped by its physical characteristics and design quality. Exposure represents the value of
elements at risk, such as occupants or critical systems. The growing need for a multi-dimensional framework that integrates such
components to assess urban heat risks is well recognized [21]. Recent research has increasingly focused on the assessment of urban
heat vulnerability, reflecting the growing urgency of mitigating overheating and its adverse impacts on human health. In particular,
studies have investigated the role of building-specific factors, such as indoor overheating, access to air conditioning and building age,
in shaping heat vulnerability, developing new vulnerability indices (e.g., Refs. [20,22]) and more representative physiological metrics
to capture cumulative and consecutive exposure to hazardous thermal conditions [23]. In parallel, probabilistic models have been
proposed to generate more robust outputs for planning and operational decision-making. These models quantify heat impacts in terms
of e.g. the probability of average annual heat-related mortality, probabilistic overheating curves describing residential discomfort and
probabilistic energy demand estimation (e.g., Refs. [24-27]). However, they typically focus on large-scale probabilistic modelling
using historical data/statistics and often do not account for building-level uncertainties (such as envelope properties or cooling set-
points) that influence the risk reduction of individual asset strategies. Other studies have instead adopted engineering-based
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approaches, developing fragility functions that quantify the probability of exceeding thermal or energy-related thresholds as heat
intensity increases (e.g., Refs. [28,29]). However, methods for incorporating fragility functions into probabilistic heat risk modelling
within a catastrophe-modelling framework remain limited, leaving unresolved how such functions can be used to quantify risk metrics
(expected annual loss).

Addressing this gap would enable the integration of heat vulnerability with physical vulnerability within a unified framework for
building-level risk assessment. For example, recent studies have explored such combinations using heat and seismic fragility models or
total economic losses e.g., Refs[30,31] providing guidance for integrated seismic and energy-efficient building interventions. In this
case, to support a truly multi-risk analysis, a framework analogous to that used in seismic risk assessment should be developed,
following the principles of Performance-Based Earthquake Engineering (PBEE) [32-34]. PBEE is a performance-based decision-sup-
port framework designed to link hazard, building performance and decision-making. Performance simulation and probabilistic
modeling are components within the PBEE framework, which enhances decision-making by offering robust quantification of probable
impacts (e.g., for earthquakes: repair costs, casualties, carbon emissions associated with reconstruction) while systematically ac-
counting for all sources of uncertainty. Compared to typical risk frameworks designed for portfolio or regional level assessments using
top-down statistical or historical loss data, PBEE provides detailed insights at the individual building level, enabling evaluation of
design choices and asset-specific interventions. It identifies which hazard intensities, building characteristics and system failures lead
to the exceedance of performance thresholds (resulting in expected loss) and supports diagnosis and targeted mitigation. This
framework has already been extended to other hazards, such as flood and wind e.g. Refs.[35,36]. Applying the same approach to heat
stress similarly enables uncertainty-informed consequence assessment. In line with approaches commonly used in catastrophe
modeling, these consequences can be expressed either as Expected Annual Losses (EAL), derived from hazard curves across multiple
return periods, or as probable maximum losses associated with specific hazard scenarios. This flexibility provides a structured basis for
multi-hazard decision-making and resilience planning, where EAL commonly serve as the risk metric for comparing the impacts of
natural and climate hazards.

To address this need, this study (i) develops a PBEE-based mathematical framework for heat risk modeling, using a Monte Carlo
approach to propagate uncertainties and derive probabilistic estimates of key decision variables such as monetary loss, carbon
emissions and loss of life; (ii) defines new performance-based design and/or risk matrices for heat hazard, to guide building design and
retrofit decisions according to targeted levels of expected multi-domain consequences; and (iii) integrates heat fragility into a
quantitative risk assessment approach, to estimate annualized losses (EAL) for use in multi-hazard risk models. To demonstrate its
applicability, the framework is validated using a multi-story building under different design conditions (air conditioning, natural
ventilation) and climate scenarios. This application illustrates how the step-by-step methodology enables heat risk quantification and
how this information can support scenario comparison.
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information: Hazard Building Fragility Loss s etCL'S'C:F
‘ : ; . : . i about Location
Location and analysis analysis analysis analysis  and Design (LD)
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Fig. 1. Probabilistic framework for heat loss estimation.
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2. Probabilistic framework for heat loss estimation
2.1. Framework formalization

As previously mentioned, the framework follows the structure of the PBEE methodology [32-34]. Accordingly, a probabilistic
framework is established by integrating all key analysis components - hazard, building response, fragility, loss - each influenced by
specific sources of uncertainty (Fig. 1). Hazard analysis involves defining the Intensity Measure (IM), i.e. modelling the weather and
accounting for the uncertainty of its variables at a specific location (Section 2.1.1). Building analysis identifies the Engineering De-
mand Parameters (EDPs), and refers to the building's response to weather hazards, accounting for uncertainties related to material and
geometric properties, construction details and occupant behavior (Section 2.1.2). Fragility analysis results in the definition of a
Response Measure (RM), which characterizes the building's capacity while accounting for uncertainties in its definition and in the
performance threshold levels (Section 2.1.3). In this framework, fragility curves are not based on physical building damage but on the
building's response to heat, considering impacts on functionality and occupant well-being [28,29]. Loss analysis involves quantifying
consequences (such as fatalities or loss of productivity) - referred to as Decision Variables (DVs) - that describe the building's
vulnerability, accounting for variations in human response and economic factors such as market prices (Section 2.1.4). Defining the
four components (IM, EDP, RM, DV) enables detailed component-based loss modelling of buildings, where vulnerabilities of elements,
such as the envelope (fagade), HVAC systems or sub-assemblies (thermal zones or rooms), are combined to quantify expected heat
impacts.

Given the various sources of uncertainty, the analysis components (hazard, building, fragility, loss) cannot be defined by deter-
ministic values, but rather by probability functions. As discussed below (Section 2.1.4), these functions can be combined using the total
probability theorem, resulting in the probability of exceedance for various values of a DV over the building's lifecycle [32-34]. The
process assumes Markovian independence, such that the conditional probabilities at each stage depend only on the outcome of the
preceding stage. This structure allows domain experts to focus on their respective specialties while contributing to the overall
assessment; for example, a climatologist can develop climate-informed hazard models, while an engineer can focus on analyzing the
building's response. The approach is well suited for probabilistic heat-risk modelling because it provides a consistent modular
framework that: (i) enables the explicit representation and propagation of multi-domain uncertainties; (ii) maintains a clear separation
of analysis stages, allowing individual modules to be refined independently without requiring simultaneous consideration of the
others; and (iii) ensures compatibility with other risk models (e.g. seismic, flood, wind), facilitating the integration of heat vulnera-
bility with physical vulnerability.

The complete PBEE approach is valuable for rigorous analyses, as it allows propagation of component uncertainties, such as en-
velope properties or occupant behavior, to identify localized impacts in specific rooms or zones. This detailed representation supports
prioritization of interventions within a building and enables more informed targeted decision-making, especially when complex assets
are analyzed. For broader building-scale assessments, a simplified three-step approach is also proposed (Fig. 2). This approach defines
fragility functions directly in terms of the IM, bypassing the use of EDPs functions. Although the EDP stage is not modelled explicitly,
this is inherently captured within the building simulation. In this case, the model links the IM (e.g., dry bulb temperature) directly to
performance outcomes (e.g., thermal discomfort), enabling efficient yet rigorous probabilistic vulnerability assessment. Furthermore,
fragility modelling can be omitted when evaluating continuous operational or aggregate consequences (such as annual energy costs or
operational carbon emissions) which can be probabilistically quantified based on continuous performance metrics rather than discrete
degradation thresholds, as demonstrated in Section 3.3.2.

Building 5 . Decision
information: | Hazard Fragility Loss o lsnadio
Locationand ! analysis analysis analysis and Besi n (ILD)
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------------------------------------------ Hazard model Fragility model Loss model
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Fig. 2. Building-level probabilistic heat loss estimation.
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2.1.1. Hazard analysis

Hazard analysis is conducted to characterize heat stress in a probabilistic framework. In this step, IMs are defined to quantify the
severity of heat events. An IM represents a metric describing the hazard, such as extreme dry-bulb temperature or Heat Index (HI),
which directly impacts building performance and occupant exposure. Hazard curves are then derived, showing the variation of a
selected IM versus its Mean Annual Frequency (MAF) or annual frequency of exceedance, representing how often a given intensity is
expected to occur. The choice of IM is linked to the building assets and functions it affects (for example, envelope thermal performance,
cooling systems or indoor comfort) so that the hazard characterization is relevant to the probabilistic assessment of heat-related
consequences.

Hazard analysis involves defining a set of weather data for the specific building location, requiring a sufficient number of weather
values to generate meaningful statistical data for building analysis. These data include multiple variables (such as dry-bulb temper-
ature, dew-point temperature, relative humidity, wind direction and speed, solar radiation) and can be obtained from historical re-
cords, where variability in these factors contributes to discrepancies in building simulation outcomes. The data can also be defined
using climate projections, which are probabilistic in nature, as equally probable climate years can be generated to represent a single
scenario, further contributing to variability in the hazard definition.

When focusing on current climate, historical data from weather stations can be used, with uncertainties arising from data sources,
availability and the weather file generation process. For instance, Typical Meteorological Year (TMY) [37] is typically employed in
simulations to account for inter-annual record variability (i.e. differences in year-to-year weather records) through condensing data
from multiple sequential years into one characteristic weather file. When considering future weather, several uncertainties are also
involved: climate model, emission scenario and downscaling technique. Future weather is generated using a global climate model at a
large spatial resolution that captures large-scale circulation patterns, with spatial and temporal downscaling applied to reflect local
climatic conditions and define hourly data [38]. Further uncertainties arise from the pathway scenarios, which are based on the
expected rates of change in atmospheric concentrations and greenhouse gas emissions as defined by the Intergovernmental Panel on
Climate Change, considering distinct socio-economic projections [39]. Each scenario includes projections for 30-year climatological
averages centered around 2050, 2100 and 2150, and is linked to the time at which specific warming levels are expected to be reached,
making it model-dependent.

Once the weather data is collected, hazard curves can be derived to express the annual frequency or probability of exceedance of the
IM over a specific period (Fig. 3). An empirical cumulative distribution function can be first derived from the observed annual data
over multiple years, calculating for each IM value how many data points are less or equal to that value and by dividing for the total
number of data points (Eq. (1)):

Mm<im

P(IM<im)= €h)

P represents the cumulative probability, i.e., the probability that the IM is less than or equal to a given value im, based on the
observed data. The exceedance probability is the complement of the cumulative distribution, and represents the probability that the
intensity measure will exceed a given value im in a given year. It is commonly referred to as the annual probability of exceedance for
that IM (Eq. (2)).

P(IM >im) =1 — P(IM < im) @)

By plotting the IM on the x-axis and the annual probability of exceedance on the y-axis, a hazard curve and the likelihood of
exceeding different temperature thresholds can be derived. This exceedance probability can be used to derive the probability that an
intensity measure (IM) will exceed a given value during a reference period of N years, by assuming that all annual maxima are in-
dependent and considering the compounding effect of probabilities over multiple years (Eq. (3)):

Py(IM>im)=1 — (1 — P(IM > im))" 3

Calculation of IMs falls within the realm of climatologists, and the selection of the most appropriate IM for probabilistic assessment

Weather data Empirical Annual Probability of
collection cumulative frequency of exceedance in
(historical, future) distribution exceedance N years

Temperature
Cumulative
Probability
Annual Frequency
of Exceedance
Exceedance
Probability

/ Time

e.g., IM = extreme temp P(IM < im) P(IM > im) Py(IM > im)

Fig. 3. Derivation of hazard curve.
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should strike a balance between simplicity and accuracy, as this choice can influence the EDP vs IM distributions. Additionally, in
urban environments, the Urban Heat Island (UHI) effect, i.e., the temperature difference between urban areas and surrounding rural
areas [40], should be considered when defining hazard curves. This is crucial, as different urban zones can exhibit different hazard
profiles.

2.1.2. Building analysis

Building energy simulations are conducted to probabilistically quantify the building response to heat hazards (Fig. 4). A numerical
model of the building is developed, explicitly accounting for uncertainties in its definition that influence both indoor heat exposure and
heat exchange with the surrounding environment. The main sources of uncertainty considered are.

Material properties, particularly the thermal characteristics of the building envelope, which govern heat transfer, thermal inertia and
radiative heat exchange. Uncertainty in thermal conductivity, density, specific heat capacity and thermal and solar absorptivity
affects indoor overheating, surface temperatures and diurnal temperature dynamics.

Construction details, including the composition and condition of opaque and glazed walls, roofs and floors. Variability in layer
configuration influences thermal resistance and airtightness, while material ageing or deterioration can alter heat gains and
ventilation effectiveness.

Occupant behavior, encompassing daily occupancy patterns and the use of equipment, ventilation and air-conditioning systems.
These behaviors introduce uncertainty in internal heat gains, cooling demand and waste heat rejection to the outdoor environment,
which in turn affects both indoor exposure and local thermal conditions.

Design variations, such as access to air conditioning, cooling set-point temperatures, shading strategies and ventilation capacity.
These parameters directly influence occupants' heat exposure and are strongly associated with heat-related health outcomes, while
also affecting building energy use during extreme heat events.

An additional source of modelling uncertainty arises from the quality of the building definition, particularly with respect to
geometric properties. For existing buildings, this uncertainty is linked to the completeness and reliability of available documentation
(e.g. architectural drawings describing the as-built condition) and the extent of field investigations conducted to verify construction
details. For new buildings, uncertainty reflects assumptions regarding construction quality control and the degree to which the
completed building matches the design intent.

For each hazard intensity level, building energy simulations estimate responses using selected EDPs, defined by the performance
target and analysis focus (e.g., energy demand, overheating), with peak EDP values computed. Different weather files are generated to
represent various IMs, using historical or future climate data derived through techniques such as morphing [41], stochastic weather
generators [42] or dynamical downscaling of climate models [43]. These weather files serve as inputs to building simulation tools (e.g.,
EnergyPlus [44]), enabling the estimation of building responses and the generation of a wide range of EDPs. A random sampling
technique can be then used to propagate the input uncertainty to the output and draw a range of possible occurrences, with the number
of data points for each of the selected EDPs at an intensity level (IM = im) equal to the number of analyses conducted for that intensity
level multiplied by the number of variations in the computational model. A suitable probability distribution is fitted to each EDP based
on simulation data, with distribution parameters derived accordingly. Statistical methods are then used to define the relationship
between EDPs and IMs (Fig. 4). It is highlighted that for a building engineer, the demanding part is the construction of different
variations of a model. This effort can be reduced by conducting sensitivity analysis or referring to existing studies in literature e.g. Ref.
[45] to select the uncertain parameters mostly affecting the energy simulation results. The combined uncertainties in the weather
hazard and the variability in the IM to EDP response are quantified by integration of the hazard curve d\(IM) over the conditional
probabilities of G(EDP|IM) for the relevant range of IMs. This leads to the following mathematical expression of the Mean Annual
Probability of exceeding a specified EDP, Agpp(y) (Eq. (4)):

Generate Conduct energy Probability density Definition of
weather files for > simulations for function EDPvs IM
different IMs sample buildings of an EDP relationship
Glass -
5 AN £ & |
< 2 “
o Q |
E - ° £
5 |
Time L e EDP M

P(EDP|IM = im)

Fig. 4. Probabilistic building energy modelling.
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2.1.3. Fragility analysis

The probabilities of EDPs in the building analysis are used to determine the probability of exceedance of expected DV values. To do
so, first fragility models should be derived, describing the probability of reaching or exceeding a specific response threshold level (R;)
for different values of EDP. Fragility functions typically take the form of lognormal cumulative distribution functions [46], having a
median value, 0, and logarithmic standard deviation, or dispersion, § (Eq. (5)):

o)

B

P(R>R,|EDP) =& )

where P(R > R,|EDP) is the conditional probability that the system will exceed a certain value as a function of an engineering demand
parameter; @ denotes the standard normal (Gaussian) cumulative distribution function; 6; denotes the median value of the probability
distribution; and p; denotes the logarithmic standard deviation.

Uncertainty in the assessment stems from the threshold levels applied. In the context of thermal comfort, there is no universally
accepted definition of overheating or acceptable indoor temperature limits. Further research is needed to establish health-based
thresholds, particularly those that account for physiological risk. These thresholds may vary across different climates and de-
mographic groups. For example, older adults often prefer warmer environments but may not perceive temperatures that are already
physiologically harmful [47]. During heatwave periods, age, gender, income and also housing insulation are significantly associated
with the heat perception [48]. Factors as occupants’ social and health profiles, personal preferences, and acclimatization are chal-
lenging to obtain and model, introducing additional uncertainty into the assessment. Moreover, comfort thresholds can vary
depending on environmental conditions, such as the combination of heat and humidity, which are difficult to predict, particularly
under extreme or fluctuating scenarios.

2.1.4. Loss analysis

The quantification of the expected losses represents the last stage of the framework. The fragility information from the previous step
is used to compute the final DVs, which can directly inform the design process and support stakeholder decision-making. The DVs can
be represented in terms of social loss, associated with thermal discomfort and risk of casualties; economic loss due to energy con-
sumptions and downtime during which the facility is not functioning for energy supply failures or decreased productivity due to not
comfortable working conditions; environmental loss associated with the operation energy and air quality degradation. The probability
of loss exceedance is assessed for individual thermal zones or the entire building, and the corresponding vulnerability curves (rep-
resenting the variability of loss as a function of the IM) are quantified (see Section 3.2.4). The loss quantification is affected by different
uncertainties, related to economic values such as fluctuation in the market prices and, especially, to the variation of human response to
temperature levels, which is dependent on behavioral responses, human tolerance and physiological impacts, geographical and cul-
tural differences. Efforts are currently underway to develop models for heat-related illnesses and deaths based on observed data from
recent heatwaves e.g.Refs [49,50]. These uncertainties are propagated through the vulnerability model to generate the final loss curve,
enabling quantification of the total expected probable losses.

DVs can be expressed in terms of annual frequencies of exceedance, A(DV), which is a probabilistic description of the DV, such as the
mean annual frequency of the DV exceeding a specified value. For example, A(DV) might be the mean annual frequency of the energy
cost exceeding 50% of a threshold value. Following the total probability theorem, where uncertainties in each aspect of the solution are
described in terms of independent conditional probabilities, the A(DV) can be derived using probabilistic integrals as follows (Eq. (6)):

AMDV) = // G(DV|RM) | dG(RM|EDP) | dG(EDP|IM) dA(IM) (6)

Where G(EDP|IM), G(RM|EDP) and G(DV|DM), or their derivatives, are conditional probabilities relating one quantity to another,
while dA(IM), is the derivative of the hazard curve, relating the weather intensity measure to its mean annual frequency of exceedance.
The equation implies for example, that given the demand described by EDP, the RMs are conditionally independent of the IM, i.e., the
effects of weather are reflected in the calculated EDPs. If the continuous variables IM, EDP and RM are discretized into small intervals,
the continuous integral can be approximated as (Eq. (7)):

P(DV)=) > > " P(DV|RMy) p(RM|EDP’) p(EDP'|IM;) p(IM;) @
i j ok

Where p(IM;) is the probability of occurrence of the ith value of IM (hazard analysis outcome), p(EDP/ |IMi) is the probability of the jth
value of EDP for the ith value of IM, p(RMy|EDP) is the probability of the kth RM level when subjected to the jth value of the EDP used
for the fragility function, P(DV|RM) is the probability of exceedance of the DV value when the kth RM occurs.

This approach enables to derive expected annual losses for life-cycle economic planning, e.g., to evaluate the cost-benefits of
designing a facility with higher performance targets versus opting for a lower performance target and purchasing insurance to cover
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the added risk. However, another possibility is to use scenario-based expressions of DVs. In such cases, the probabilistic description of
the loss DV might be described as having a confidence percentage that the losses would not exceed a certain value, assuming a certain
predicted weather (a specific IM value). The framework therefore tracks the DV outcomes in a rigorous probabilistic way (Egs. (6) and
(7)), but also allows for translating this information into alternative forms (such as scenario-based analysis) that are more accessible to
decision making of different stakeholders [51].

2.2. Framework application

The framework introduced in the previous section, adapted from the well-established PBEE methodology, represents a robust tool
for building assessment and design, applicable to as-built, new construction and retrofit solutions. By quantifying expected probable
losses, the framework integrates these metrics as key design and decision criteria. For instance, design objective matrices can be
developed to define and target loss-based objectives for different building types, enabling discrete risk quantification as outlined in
Section 2.2.1. Furthermore, loss estimates can be integrated into multi-criteria decision-making to define optimal building technol-
ogies at the early design stage, and the risk values derived from the probabilistic approach can be leveraged to guide decisions, as
discussed in Section 2.2.2.

2.2.1. Loss-based matrices

In engineering disciplines, performance-based design establishes how buildings would ideally perform under potential hazard
events to achieve a target performance. The process considers uncertainties in hazard frequency and magnitude, as well as in the actual
building response and potential impacts on building functionality. Performance-based design begins with the selection of design
criteria, defined through performance objectives that represent acceptable building performance and the corresponding risk of losses
due to building response; these objectives can be translated into design matrices (Fig. 5a). A key aspect in performance-based design is
to validate the appropriateness of the selected performance (loss) levels, the parameters used to define their minimum performance
and the hazard definitions [52]. Loss-based matrices that integrate hazard and consequences serve as valuable tools for guiding
building design and retrofit against weather-related hazards. To ensure buildings meet specific performance standards, design criteria
could be defined based on comfort, energy and environmental aspects [53]. Comfort focuses on creating healthy and comfortable
indoor environments for occupants by ensuring adequate daylight, access to fresh air, maintenance of comfortable indoor tempera-
tures and the absence of disturbing noise. Energy performance emphasizes the need for efficient energy use through optimized heating,
cooling and lighting systems, as well as the adoption of renewable energy sources to reduce reliance on fossil fuels. Additionally,
environmental impact plays a crucial role, requiring efforts to minimize negative consequences throughout the building lifecycle,
including reduced resource consumption, waste generation and greenhouse gas emissions. Loss-based matrices can therefore be
developed for all these dimensions, establishing specific quantitative thresholds informed by policy measures, technical guidelines or
experimental data. For example, energy efficiency and operational energy thresholds can be defined based on energy performance
standards for both new constructions and retrofit projects. These thresholds should account for local climate conditions, the avail-
ability of renewable energy sources and the involvement of local stakeholders [54]. Thermal comfort criteria can be drawn from
literature studies or existing guidelines, such as ASHRAE Standard 55 [55] which provide benchmarks for acceptable thermal con-
ditions based on factors like thermal sensation and stress levels. However, variability introduced by individual preferences, health
conditions and acclimatization adds uncertainty to the design process.

By developing multi-dimension matrices (as shown in Section 3), designers can ensure that buildings are healthy, energy-efficient
and environmentally sustainable based on expected hazard intensity levels. The resulting loss values (DV) can be also integrated into a
weighted sum (Eq. (8)) to define a holistic risk value for the building, where the weights (w) can be defined based on the specific project
and stakeholder preferences [56].
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Fig. 5. (a) Loss-based matrix. (b) Loss curve.
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This risk value can then be used as a basis for comparing alternative building configurations, facilitating more informed and
effective decision-making. It is noted that this paper does not aim to provide generalized design or risk matrices for buildings, as doing
so would require specific investigations tailored to the climate and country under consideration. When analyzing a particular building
configuration, once specific performance criteria are established and threshold levels defined, the framework herein outlined can be
employed to quantify the expected probable losses and determine whether the performance meets acceptable standards or risk levels.

2.2.2. Quantitative risk assessment

The proposed probabilistic approach allows the characterization of building heat vulnerability (expected loss vs. heat hazard) and
the quantification of associated risk. Risk is calculated by multiplying the probability of hazard, vulnerability and exposure, with the
latter related to e.g. the number of impacted people and the urban context properties. This calculation yields a dimensionless value for
the risk level, which is often used for scenario comparisons and sensitivity analyses. However, this value lacks a specific physical
meaning, making it challenging to effectively communicate to stakeholders. To address this, catastrophe modelling typically express
risk through exceedance probability curves (derived from the proposed framework, and more commonly called loss curves) and
associated risk metrics, which are more tangible and can inform risk management decisions. An exceedance probability curve provides
detailed insights into the potential impacts caused by extreme events for a specific building. A key risk metric is the EAL value (Eq. (9),
Fig. 5b), representing the area under the loss curve.

ov(y) = / PIDV >y [IM = im] dipg(im) ©

This metric forms the basis for assessing financial risk for disasters (e.g. seismic, flood, windstorms) and is crucial for determining
appropriate mitigation strategies, such as insurance premiums or adaptation measures. The PBEE therefore enables to quantify EAL
through a careful evaluation of building performance, a critical step through which hazards are translated into “loss” (such as fatalities,
typically used in disaster impact assessment). Another important metric is the value at risk, which corresponds to a quantile of the loss
distribution at a chosen confidence level (e.g. 90%), and the probability of exceeding a particular loss level to help assess the likelihood
of severe impacts on the building [57].

3. Practical implementation
3.1. Case study definition

3.1.1. Building data

A case study building is used to demonstrate the application of the probabilistic framework introduced in the previous section. The
case study involves a multi-story residential building representative of a typical pre-1970 reinforced concrete building in Italy.
Buildings from this construction period account for a substantial share of the Italian residential stock (approximately 51% [58]),
mostly built prior to the introduction of thermal insulation regulations. As a result, this building typology is characterized by poor
thermal performance and high vulnerability to heat stress, making it a relevant and representative case for demonstrating the proposed
framework.

The building consists of reinforced concrete frames with infilled brick masonry walls and has a total floor area of 794 m2. Detailed
construction characteristics and thermal properties (transmittance, U-values), summarized in Table 1, are derived from the TABULA

Table 1
Building properties from TABULA project [59].
Building class Construction Floor area Component Type U-value [W/ Services
period [m?] (m’K)]

1961-1975 794 Wall Hollow wall brick masonry 1.15 no ventilation
system;

% E gas central heating
- £ E

Multi-family Window Single glass, wood frame 4.90
house

Floor Reinforced brick-concrete 0.94
=5 slab
Reinforced brick-concrete 1.10
slab
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project [59], ensuring consistency with standardized European residential building archetypes. The building comprises six mid-rise
apartments and shared corridors on each floor, occupied by a diverse age range of residents from 25 to over 80 years old. It is
located in a typical urban neighborhood of Messina, surrounded by 3-5 story residential and mixed-use buildings with moderate street
widths. Small green areas, such as courtyards and street-side vegetation, are present in the vicinity, while prevailing coastal breezes
from the Strait of Messina support natural ventilation. Due to this configuration, the surrounding urban context exerts a limited impact
on the building's thermal performance and exposure to heat. The energy demand for space heating and domestic hot water is
approximately 115 kWh/m?year, while the total primary energy demand is 220 kWh/m?year, based on climatic conditions in a
temperate zone (Zone E, as defined by DPR 26-8-1993 n. 412 [60]). This information is used for validating the building energy results,
as discussed in Section 3.2.2.

3.1.2. Weather data

The building is assumed to be located in Messina, which has a warm temperate Mediterranean climate characterized by hot, dry
summers and mild, wet winters. According to the Koppen-Geiger Climate Classification, this corresponds to the “Csa” category. The
Mediterranean region is particularly vulnerable to climate change and is already experiencing a noticeable increase in the demand for
cooling in residential buildings [61]. A preliminary analysis of historical weather data was conducted using records from NOAA's
online database [62], based on observations from the Messina weather station (IWEC 164200), which is representative of the local
climatic conditions for this building-scale heat risk study. These datasets include multiple weather parameters relevant for energy
simulations, such as outdoor temperature, relative humidity, solar radiation. Data were processed to generate EPW files (EnergyPlus
[44] Weather Files) for dynamic energy simulations, using the Dragonfly plugin in Grasshopper environment (running within the
Rhinoceros application [63]) to adjust raw climate data by reconstructing horizontal infrared radiation and sky illuminance for ac-
curate thermal simulation inputs. The historical data were compared with a Typical Meteorological Year (TMY) file, which consist of
one year of hourly data representing median weather conditions over a multiyear period [64]. Analysis revealed an average annual dry
bulb temperature of 19 °C for Messina. An increasing trend in Cooling Degree Days (CDD) was observed, which represent the number
of degrees by which a day's mean temperature exceeds a base temperature of 18 °C, suggesting rising cooling demand. In contrast,
Heating Degree Days (HDD), defined as the number of degrees below the same base temperature, are decreasing (Fig. 6a). The dataset
also showed interannual variability by computing coefficient of variation (CoV), i.e. the ratio of the standard deviation to the mean, for
key parameters: (1) temperature, relative humidity and global solar radiation are all characterized by CoV values less than or equal to
0.05, indicating low variability; (2) in contrast, direct normal radiation and wind speed show higher variability, with CoV values of
0.13 and 0.18, respectively.

In addition to historical weather records, future climate projections were also incorporated into the analysis. Specifically, future
weather scenarios were generated using the Future Weather Generator tool [65], which morphs the historical TMY EPW file to reflect
projected changes due to climate change and the UHI effect. This tool employs outputs from 20 Global Circulation Models (GCMs) and
considers three Shared Socioeconomic Pathways (SSPs) - SSP2-4.5, SSP3-7.0, SSP5-8.5 - across two future timeframes: mid-century
(2050: 2036-2065) and late-century (2080: 2066-2095) [66]. The morphing process adjusts present-day hourly EPW files used in
dynamic simulations to match the projected climate conditions, including UHI effects. While this method effectively incorporates
long-term climatic trends and inter-model uncertainty, it may underestimate the intensity and frequency of extreme heatwave events,
meaning actual future risks could be more severe. To address the uncertainty associated with climate projections, all 20 GCMs across
the three SSPs and two timeframes were considered (e.g., Fig. 6b for dry bulb temperature projections), resulting in a total of 120
future weather files (20 GCMs for each SSP and future timeframes). When analyzing the variability in annual mean values across these
future files, results showed similar CoV to those observed in historical data, with wind speed only exhibiting lower CoV values,
approximately 0.05-0.06, indicating relatively consistent trends across models.
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Fig. 6. (a) Trend in historical data for the city of Messina, Italy.(b) Annual dry bulb temperature data, including future projections across all SSP
scenarios and timeframes (2050, 2080).
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3.2. Probabilistic loss estimation

3.2.1. Hazard analysis

To build site-specific hazard curves, historical data were processed by computing the empirical cumulative distribution function
and deriving the corresponding annual probability of exceedance, as described in Section 2.1.1. Using extreme dry-bulb temperature as
the IM, a Gumbel extreme value distribution (consistent with ASHRAE guidelines [67]) can be fitted to the annual maximum data. The
mean and standard deviation of the dataset are used to define a continuous probability function describing the exceedance of tem-
perature extremes. Fig. 7a presents the resulting hazard curve validated against ASHRAE [67] temperature values for Extreme Annual
Design Conditions (EADC), showing a close agreement. A hazard curve based on this IM can be used by designers and engineers to
identify the maximum temperatures expected at a site, informing the design of critical mechanical equipment in buildings. It is
noteworthy that the hazard curve derived from historical data yields a temperature of 40 °C associated with an annual probability of
exceedance of 0.02 (i.e., a value exceeded on average once every 50 years). This value is consistent with the characteristic temperature
specified in the Italian national code [68], which is also equal to 40 °C for buildings assumed to be located at sea level (0 m a.s.l.) and is
based on long-term climatic records. Although such temperature values are primarily used as design parameters for structural thermal
actions, they represent extreme design conditions corresponding to rare exceedances, which are consistent with the hazard curve
definition adopted in this paper.

Hazard curves for different climate scenarios are also derived (Fig. 7b), with the SSP3-7.0 scenario for 2050 showing lower values
than SSP2-4.5 due to inter-model variability across the ensemble of GCMs used. These hazard curves are generated by shifting the
mean of the Gumbel distribution according to projected future maximum temperatures, while keeping the historical standard devi-
ation unchanged. This approach isolates the effect of mean temperature shifts and is adopted due to the unavailability of multi-year
EPW datasets for the analyzed location. As discusses above, the projected datasets are derived from the TMY file, which may un-
derestimate extreme heatwaves. When multi-year datasets that include heatwave events are available for future timeframes, such as
those derived for certain locations by the Annex 80 working group [69], the same empirical approach used for the historical data can
be applied to capture the evolving hazard profile under climate change.

The same approach for hazard-curve derivation can be extended to other IMs, with the choice of IM guided by the specific loss
outcome and problem under investigation. It is not a fixed predefined parameter; rather, its selection is an integral part of the risk
assessment procedure. For example, the HI, which combines air temperature and relative humidity to reflect perceived temperature
[70], can be adopted as an IM and used as a rapid screening tool for assessing heat-related risks associated with indoor thermal comfort
and occupant health. The National Weather Service (NWS) [71] provides a chart linking HI values to the likelihood of heat-related
illnesses under prolonged exposure or intense activity. Applying this methodology to the current location, enables an initial assess-
ment of climate change impacts, as illustrated in Fig. 8. The results indicate that, according to the design return periods defined by
ASHRAE [65], the current climate reaches the "extreme danger" threshold for a return period of 50 years. Under higher and more
extreme emission scenarios, this threshold is projected to be reached as frequently as every 10 years.

In this study, CDDs were selected as the IM because they capture both the intensity and duration of outdoor temperatures relative to
a base threshold, providing a cumulative indicator of prolonged thermal stress experienced by buildings and HVAC systems. CDDs are
therefore directly linked to building energy demand and thermal-related losses, making them particularly suitable for the estimation of
annualized losses (i.e., EAL), for aggregation over time and for the definition of fragility functions (e.g., Ref. [28]).

3.2.2. Building analysis

To probabilistically quantify the building response to heat hazards (Section 2.1.2), a model was developed in EnergyPlus [44] to
conduct dynamic energy simulations, incorporating the physical and operational characteristics summarized in Table 1. The building
envelope, comprising walls, roofs, floors and windows, was explicitly modelled by assigning thermal properties such as conductivity,
specific heat, density and emissivity. The building was divided into thermal zones based on residential occupancy patterns and thermal
behavior. This zoning strategy allows the simulation to capture dynamic interactions between building components and the HVAC

10 10
—— Historical e §
.| ——— Gumbel Extreme Value L7 ks 3
10°3 o  2021ASHRAE 3 o
. 8 RN
o] e X 1074 N
2 10" ~ = NS
& e ; —— Historical
c = 2050 - SSP2-4.5
g1 4 ] —— 2050 - SSP3-7.0
v . a 2] - -l \
x s © 1077 —— 2050 - SSP5-8.5 )
10 ) = 2080 - SSP2-4.5
2 --= 2080 - SSP3-7.0 X
ol . Z === 2080 - SSP5-8.5 :
10 0 . .
25 30 35 40 45 50 55 60 30 35 40 45 50 55
Dry Bulb Temperature [°C] Dry Bulb Temperature [°C]
(a) (b)

Fig. 7. (a) Cumulative distribution from historical data. (b) Hazard curves considering all SSPs scenarios.
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Fig. 8. (a) Empirical cumulative distribution for Heat Index from historical data. (b) Heat Index values for the current vs future weather (extreme
scenario: SSP5-8.5), considering the classification provided by NWS [71].

system. The HVAC system was modelled using the Ideal Loads Air System in EnergyPlus, which assumes perfect efficiency and excludes
system losses (air-conditioning system is assumed to have a COP of 2.9). The maximum cooling capacity was defined by the peak
cooling load calculated for the design day at the specific location. Thermal comfort was maintained using fixed setpoint temperatures:
26 °C for cooling and 20 °C for heating. Internal heat gains were defined as 2 W/m? for equipment, 10 W/m? for lighting and an
occupant density of 0.02 persons/m?. In addition to air infiltration (0.0003 m>/s per m? of floor area), natural ventilation through
operable windows was included in the model. These airflow mechanisms were accounted for in energy simulations to estimate their
impact on cooling demand and thermal comfort. To validate the simulation results, energy performance was compared against the
primary energy consumption of 115 kWh/m?year (and associated energy costs and carbon emissions) reported for the archetype
building in the TABULA database for climatic zone E [59]. Using TMY files for Italian cities in Zone E (e.g., Perugia), the comparison
showed very good agreement, with the model yielding a primary energy consumption of 117-120 kWh/m? year, corresponding to a
difference of approximately 1-2% under the same climate conditions.

Following model validation, simulations were further pre-processed to incorporate climate variability and automate batch runs
using Python. This initial study does not account for uncertainties in building properties or occupant behavior; but instead isolates the
impact of climate variability on building performance. Moreover, two complementary design configurations were considered for the
building: (i) a model with mechanical cooling to quantify energy demand, and (ii) a model relying solely on natural ventilation (via
operable windows) to assess indoor thermal conditions and passive survivability during heat events. This dual approach highlights the
importance of considering both active cooling strategies and passive building resilience when evaluating heat risk and occupant
exposure. Simulation outputs were used to derive Energy Use Intensity (EUI) and Standard Effective Temperature (SET), that are key
indicators for energy efficiency and thermal comfort and are considered as RMs in this study (following the approach illustrated in
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Fig. 2).

EUI measures a building's total energy consumption relative to its floor area, encompassing heating, cooling, lighting and
equipment loads. SET, on the other hand, is calculated based on indoor air temperature and mean radiant temperature and is defined as
the dry-bulb temperature in an environment with 50% relative humidity, where the human body would experience the same thermal
stress as in the actual environment [55]. Results show that projected climate conditions lead to a marked increase in both indicators,
particularly evident in the increased cooling energy demand driven by the rise in CDD over time for the analyzed location (Fig. 9).

3.2.3. Fragility analysis

To generate fragility curves for the building (Section 2.1.3), the Cloud Method [72] was employed following the approach for
thermal fragility functions proposed by Kim et al. [73]. This method applies a linear regression on a logarithmic scale between
Demand-to-Capacity Ratios (DCRs) and the selected IM, which in this study is CDD for building-level analysis (and/or the relevant EDP
when analyzing individual thermal zones or floor levels; Fig. 1). For energy performance, DCRs are calculated as the ratio of the EUI
results to a predefined threshold. The threshold corresponds to the Class D energy labelling limit (130 kWh/m?, based on data from
Calvi et al. [74]) for residential buildings, corresponding to the lower bound of acceptable energy efficiency for residential buildings in
Italy. For thermal comfort, thresholds are defined based on human thermal sensation and physiological responses. A SET of 30 °C is
considered a threshold for warm, uncomfortable and potentially unsafe conditions inducing sweating, according to Wenjie et al. [75].
The resulting DCRs vs. CDD curves (Fig. 10a and c) show that the EUI exhibits about 30% greater dispersion, indicating higher
variability in this performance metric compared with the SET values.

The linear regression models are used to derive the median and logarithmic standard deviation, which are then applied in Eq. (5) to
generate the building-level fragility curves (Fig. 10b and d), representing the probability of reaching or exceeding the defined
thresholds. These curves reflect the dispersion observed across multiple simulation runs, and include an additional uncertainty to
account for physics-based numerical modelling and underlying assumptions. Following existing PBEE frameworks (e.g. FEMA P-58
[571), lognormal standard deviations in the range 0.1-0.3 are commonly used to represent such uncertainty. Accordingly, a value of
0.15 was adopted to derive the combined standard deviation (square root of the sum of the squares of the individual standard de-
viations, simulation variability and modelling) of the fragility curves.

3.2.4. Loss analysis
Heat-related consequences (loss functions) are estimated by propagating uncertainty from the fragility and consequence models
through a Monte Carlo simulation framework (Fig. 11). The procedure consists of four main steps.
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Fig. 10. IM-DCR relationships and corresponding fragility curves for (a, c) unacceptable energy efficiency degradation (under mechanical cooling)
and (b, d) thermal comfort conditions (under natural ventilation).
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Fig. 11. Propagation of uncertainties to derive loss curve.

e Step 1. For each IM value, random numbers between 0 and 1 are generated using the Latin Hypercube Sampling method. These
values are interpreted as exceedance probabilities and are mapped onto the fragility curve to determine whether the corresponding
threshold is exceeded. In this application, a single fragility function representing a severe condition is considered (Fig. 10). If
multiple thresholds are available, each random value is evaluated against all corresponding fragility curves.

e Step 2. When a sampled value lies on or below the fragility curve, a second random value is drawn from the assumed consequence
distribution (as defined in Table 2) to represent a realization of heat-related loss.

e Step 3. The vulnerability relationship is constructed by linking the IM values from Step 1 to the corresponding loss realizations from
Step 2. For each IM, the ensemble of simulated losses defines a probabilistic distribution (represented by the vertical slices of the
vulnerability curve). The mean of these distributions defines the vulnerability curve, while the spread represents uncertainty.

e Step 4. The final loss curve is obtained by combining the vulnerability model with the hazard curve using a discretized form of Eq.
(7) adapted for building-level assessment (Fig. 2). The hazard exceedance curve (annual probability of exceedance vs CDDs) is first
converted into probability bins, p(IM;), representing the likelihood that the hazard falls within successive intensity intervals. For
each IM (CDD), the conditional probability that losses exceed a given threshold (1 value in the vulnerability curve of Fig. 11) is
computed and weighted by the corresponding hazard probability. Applying the total probability law (Eq. (7), Section 2.1.4), this
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Fig. 12. Loss curves showing mean and uncertainty bounds (16th and 84th percentiles) for (a) energy cost and (b) operational carbon (under
mechanical cooling); (c) vulnerability and (d) loss curve for heat-related deaths (under natural ventilation).
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convolution yields the loss exceedance curve, which expresses the annual probability that heat-related consequences exceed any
given level. The expected annual loss value (EAL) is then obtained as the area under this curve.

In this application, the EUI-based fragility curve is used to derive both economic and environmental loss curves. However, if a
specific operational carbon threshold is of interest, a fragility curve corresponding to that limit can instead be employed for the
environmental impact assessment. Social losses are assessed through the fragility curve derived from the SET indicator. In particular,
SET is used to identify Monte Carlo realizations in which indoor thermal conditions reach potentially unsafe levels. Once such re-
alizations are identified, excess mortality is estimated using the functions proposed by Masselot et al. [50], which provide the range of
excess death rates based on historical temperature data and future projections. In this study, functions for all age groups (20-85+) are
used, assuming no adaptation and therefore no risk attenuation.

Consequence uncertainties (Step 2) are modelled using the probability distributions summarized in Table 2. For energy costs, the
distribution is defined following the work by Sun et al. [12], with the mean based on current prices provided by Eurostat for Italy. For
the total natural gas emission factor, both methane combustion and supply-chain leakage are considered. The combustion component
is only marginally variable and is therefore treated as deterministic (0.198 kg CO2/kWh). Variability in upstream emissions is modelled
using a lognormal distribution to capture uncertainty across supply-chain stages. The mean of this distribution is set to 0.10 kg
CO2/kWh, based on the upper range reported by Balcombe et al. [76] for typical facilities. The two contributions are then summed to
obtain the total emission factor. This approach ensures that the lower bound of total emissions converges toward the combustion-only
value, while the right-skewed distribution appropriately reflects the asymmetric risk of higher emissions under less optimal
supply-chain conditions. Using these distributions, the final cost and emission curves enable quantification of the expected economic
(expressed as a percentage of the building's total value - assumed here as 1600 EUR/m? [30]) and environmental annual losses,
represented by the area under the loss curves (Figs. 12a and 10b). For the excess death rate, random values are generated at each
iteration between the minimum and maximum rates reported by Masselot et al. [50] and summarized in Table 3. The table shows a
negative value for the heat excess death rate in 2050 and a slightly higher estimated rate in 2050 compared to 2080. These outcomes
reflect statistical and demographic modelling effects, since the estimates are based on age-specific vulnerability functions applied to
projected population distributions, which can produce small aggregate fluctuations over time. These sampled values are then used to
construct the vulnerability curve (Fig. 12c; excess death rates vs. CDD values), from which the corresponding loss curve and the
expected annual loss of life are derived (Fig. 12d).

3.3. Performance evaluation

3.3.1. Loss-based matrices

The vulnerability analysis results enable the quantification of weather-related impacts to inform building decision-making. Spe-
cifically, the approach described in the previous section allows for assessing how a building's performance deteriorates in terms of
energy efficiency, by computing expected energy costs and operational carbon emissions. The analysis also captures how the building
may become unsafe over time, potentially leading to health-related issues. This can be assessed using the Relative Risk (RR) associated
with heat-related mortality. RR is calculated based on the excess death rate (Dgyc.ss) compared to the baseline death rate (Dpggejine),
which represents mortality during a reference period without heat exposure:

RR=1 — e (10)
‘Baseline

Following a risk matrix approach, this information can be used to compare the impact of climate change for the building under
consideration. Multi-domain matrices can be structured around the return periods for extreme temperatures defined by ASHRAE [67],
which correspond to the annual extreme design conditions. For each impact domain, specific performance thresholds are established.
For energy cost, classification follows the energy labelling system proposed by Calvi et al. [74], which uses the so-called Green In-
dicator. The classification aligns with thresholds for Classes A, B and C, reflecting increasing levels of energy-related financial burden.
For the operational Global Warming Potential (GWP), threshold values are derived from the primary energy levels by applying
appropriate emission factors for grid electricity (0.35 kg CO2-eq/kWh) and natural gas (0.202 kg CO2-eq/kWh) specific to Italy.
Regarding the RR thresholds, no universally accepted classification exists; however, the following values are used to indicate escalating
levels of health risk: 1.2 for operational threshold - heat likely contributing to excess mortality; 1.5 for high increase - often linked to
heatstroke or prolonged heat exposure; 2.0 for severe risk - mortality rate doubles compared to baseline. After constructing these
matrices, the loss values obtained for all return periods using the PBBE-based framework (as shown in Table 4) can be used to position

Table 2
Cost and emission probabilistic distributions.
Consequence Distribution Mean Coefficient of Variation Reference
Energy cost Log-normal 0.33 EUR/kWh 0.18 Eurostat,
Sun et al. [12]
Gas cost Log-normal 0.10 EUR/kWh 0.09 Eurostat,
Sun et al. [12]
Emission factor (supply chain) Log-normal 0.10 kg CO/kWh 0.44 Balcombe et al. [76]
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Table 3

Heat excess deaths rates for selected years derived from Masselot et al. [50] (for Italy, SSP2-4.5, all age groups, no

adaptation).
Year Low rate High rate Estimated rate
2020 2.71E-05 0.000436 0.000200982
2050 —2.77E-06 0.001166 0.00054509
2080 8.42E-05 0.001217 0.000523185

Table 4
Loss values (mean, 16th and 84th percentiles) for the current climate (1980-2025).
Return Period Energy cost [as a % of Building Value] Operational GWP [kg CO,e/m? year] Relative Risk
mean 16th pct 84th pct mean 16th pct 84th pct mean 16th pct 84th pct
5 years 1.43 1.02 1.82 30.60 26.01 35.04 0.49 0.21 0.76
10 years 1.45 1.04 1.84 30.92 26.29 35.41 0.60 0.26 0.93
20 years 1.46 1.05 1.86 31.23 26.55 35.76 0.70 0.30 1.09
50 years 1.48 1.06 1.89 31.63 26.89 36.22 0.83 0.36 1.30

the building's performance within the risk matrices, enabling verification of whether thresholds of interest are exceeded.

By estimating losses (e.g. mean values) across all climate scenarios, a progressive increase in impacts can be observed (Fig. 13),
leading to relative shifts in performance levels when represented within the proposed risk matrices (intended to support comparative
assessment across scenarios for the case study building). For instance, the RR associated with heat-related mortality shifts toward
higher impact for events with a 5-year return period, indicating that this consequence metric is more sensitive to increasing heat
hazard compared to others within the adopted classification scheme. However, it should be noted that the RR computed values are
conservative, as they are based on a baseline mortality rate corresponding to the maximum demographic death rate projected by
Masselot et al. [50]. This baseline reflects national-level data for all age groups across Italy, rather than region-specific figures or the
demographics of the actual building occupants.

For the selected case study, analysis across all scenarios, summarized in Tables 5-7, reveals the following trends.

e Energy degradation costs increase steadily across all return periods and scenarios relative to historical baselines. By 2050, values

clearly exceed the 1.5% building-value threshold under every SSP pathway, implying a downgrade from Class B. Extending the

return period from 5 to 50 years produces an additional 2-3% relative increase, related to 200-300 additional CDDs. Compared with
historical baselines, costs reach up to 13% higher by 2080 SSP5-8.5.

Carbon intensity increases across all return periods and scenarios. By 2050, operational GWP is roughly 7% higher than historical

levels, and by 2080 it reaches up to 13% under SSP5-8.5. The influence of the return period is consistent but relatively modest,

highlighting that long-term climate change, rather than the frequency of extreme events, is the primary driver of higher operational
carbon intensity.

e Death rates increase substantially across all return periods and scenarios. By 2080, under SSP5-8.5, the RR rises from 0.49 to 1.67,
representing an increase of over 200% across the selected return periods. Even under the moderate SSP2-4.5 pathway, RR nearly
doubles or triples, indicating that heat-related health impacts remain significant. Extending the return period from 5 to 50 years
adds an additional ~20% increase within each scenario.

Finally, it is observed that the 2050 SSP3-7.0 scenario shows slightly lower values than SSP2-4.5 in some indicators. As discussed in
the previous section, this is due to inter-model variability across the ensemble of GCMs used. Such differences, especially in near-term

Energy Cost [% Building Value] Operational GWP [kg CO2-eq/m?] Relative Risk [-]
<0.75 <15 <25 >25 <10 <22 =35 >35 <1.2 <15 <20 >2.0
. .
Historical Historical
10 years
20 years

e - - -

Fig. 13. Multi-dimensional risk matrices and performance change of the analyzed building for a 5-year return period under current vs future climate
(2080 SSP5-8.5).
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Table 5
Energy cost (mean value, as a % of Building Value) (under mechanical cooling).
Return Historical 2050 2050 2050 2080 2080 2080
Period (1980-2025) (2036-2065) (2036-2065) (2036-2065) (2066-2095) (2066-2095) (2066-2095)
SSP2-4.5 SSP3-7.0 SSP5-8.5 SSP2-4.5 SSP3-7.0 SSP5-8.5
5 years 1.43 1.53 1.52 1.54 1.57 1.59 1.63
10 years 1.45 1.54 1.54 1.56 1.59 1.61 1.64
20 years 1.46 1.56 1.55 1.57 1.60 1.62 1.66
50 years 1.48 1.57 1.57 1.59 1.62 1.64 1.68
Table 6
Operational Global Warming Potential (mean value, in kg CO2e/m? year) (under mechanical cooling).
Return Historical 2050 2050 2050 2080 2080 2080
Period (1980-2025) (2036-2065) (2036-2065) (2036-2065) (2066-2095) (2066-2095) (2066-2095)
SSP2-4.5 SSP3-7.0 SSP5-8.5 SSP2-4.5 SSP3-7.0 SSP5-8.5
5 years 30.60 32.65 32.51 32.96 33.59 34.12 34.88
10 years 30.92 32.97 32.83 33.28 33.91 34.45 35.20
20 years 31.23 33.27 33.14 33.59 34.22 34.75 35.51
50 years 31.63 33.67 33.54 33.99 34.62 35.15 35.91
Table 7
Relative risk values (mean value) (under natural ventilation).
Return Historical 2050 2050 2050 2080 2080 2080
Period (1980-2025) (2036-2065) (2036-2065) (2036-2065) (2066-2095) (2066-2095) (2066-2095)
SSP2-4.5 SSP3-7.0 SSP5-8.5 SSP2-4.5 SSP3-7.0 SSP5-8.5
5 years 0.49 1.02 0.98 1.11 1.30 1.45 1.67
10 years 0.60 1.12 1.08 1.21 1.39 1.55 1.77
20 years 0.70 1.21 1.17 1.30 1.48 1.64 1.85
50 years 0.83 1.32 1.28 1.41 1.60 1.75 1.97

projections, underscore the need for using multiple models to account for uncertainty.

3.3.2. Expected annual loss

For energy costs and operational energy, besides considering exceedance of a specific energy efficiency degradation level, the total
annual energy consumption can be computed to reflect the building's continuous performance. This approach moves beyond the
traditional reliance on fragility functions and directly uses the established relationship between the EDP (energy demand) and IM
(CDD) (Fig. 14a). Using a Monte Carlo approach, for each realization of the IM an EDP is randomly sampled from a lognormal dis-
tribution, representing the uncertainty in energy demand for a given hazard intensity. The sampled EDP is then translated into energy
use (EUI) and combined with a randomly sampled unit energy cost, also modelled as a lognormal distribution (Section 3.2.4), to
estimate the total economic loss (Fig. 14b).

The final loss curve can be derived for all hazard scenarios (e.g., Fig. 15a), enabling the estimation of total annual economic losses
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Fig. 14. (a) Energy demand - Cooling Degree Days relationship, (b) Loss curve for total energy cost, including uncertainty bounds (16th and 84th
percentiles) (under mechanical cooling).
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Fig. 15. (a) Economic loss curves (under mechanical cooling) for 2050 and 2080 (SSP5-8.5). (b) Radar chart comparing the consequences of climate
scenarios (where the social loss values have been scaled by a factor of 500 for visualization purposes).

and operational carbon emissions as the area under each curve. Combined with the annual loss of life from heat hazards, these out-
comes enable a comprehensive assessment of the building vulnerability and projected climate change impacts. For the case study, the
results reveal that (Table 8): (i) annual economic losses are projected to increase by approximately 40% by 2050, and by up to 80% by
2080, particularly under high-emission scenarios (SSP5-8.5), emphasizing the escalating financial burden of climate inaction; (ii) the
operational carbon footprint follows a similar trajectory, with values projected to double by 2080, reinforcing the conclusion that
climate-induced performance degradation poses a significant threat to achieving decarbonization targets; (iii) a sharp rise in mortality
risk, indicating that health-related impacts (those from overheating or unsafe indoor conditions) could become a major concern. These
annualized losses, calculated as the area under the mean loss curves from the Monte Carlo approach, account for uncertainties in the
vulnerability assessment and can be visualized in a single radar chart (Fig. 15b), allowing for a direct comparison of expected risks
across different impact metrics. The shape and extent along each axis provide an intuitive representation of the relative magnitude of
each loss component, offering a visual overview of the building's vulnerability to heat hazards.

To validate the estimated losses, results were compared with values reported in the literature. For economic impacts, the expected
annual losses (given that carbon emissions are directly related to energy consumption) are consistent with the empirical data reported
by Ruggieri et al. [77] for multifamily residential buildings in Southern Italy and the Islands. Specifically, the observed average
primary energy consumption of 138 kWh/m? corresponds to an annual cost range of 15.1-20.7 EUR/m? when using electricity and gas
price data from Eurostat for the period 2000-2019 (analyzed by the authors). The estimated value falls within this range and tends
toward the upper bound, reflecting the energy price higher than those observed during the reference period. For excess mortality, the
estimated values were compared with those reported by Garcia-Ledn et al. [78]. That study projects between 28,285 and 45,683
heat-related deaths for the year 2050, which corresponds to an excess mortality rate of 0.052-0.084 per 100 persons, when normalized
by the 2050 population projected by the Italian National Institute of Statistics. This range is consistent with the order of magnitude of
the estimates obtained in the present study.

4. Discussion
4.1. Probabilistic framework and its applicability

The proposed PBEE-based framework provides a probabilistic method to quantify the expected consequences of heat events. It
employs Monte Carlo simulations within a modular structure, clearly separating analysis stages (hazard, building, fragility, loss). This

modularity allows explicit propagation of multiple sources of uncertainty, including climate variability, building characteristics and
human response. The methodology begins with hazard analysis, defining hazard curves through a selected IM. Building simulations

Table 8

Expected annual losses.
Annual Historical 2050 SSP2-4.5 2050 SSP3-7.0 2050 SSP5-8.5 2080 SSP2-4.5 2080 SSP3-7.0 2080 SSP5-8.5
Loss
Economic [EUR/m?] 20.34 27.33 26.75 28.67 31.39 33.66 36.89
Emission [kg C02e/m2] 24.40 35.76 35.00 37.49 41.03 43.98 48.17
Excess deaths [x 100 person] 0.003 0.055 0.051 0.064 0.074 0.075 0.079
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generate EDPs, such as energy and thermal demand under specific heat events. Fragility curves are then derived to estimate the
probability of exceeding defined response metrics, here represented as energy efficiency degradation (via EUI) and unacceptable
thermal comfort levels (via SET). Monte Carlo simulations propagate uncertainties across all modules, enabling estimation of expected
annual losses or other decision-relevant metrics. The framework is illustrated through a representative multi-story case study, designed
to demonstrate capabilities rather than provide location-specific benchmarks. Results highlight the framework's practical utility: it can
compute both probable losses for specific climate events and annualized expected losses from loss curves, with outcomes represented
in risk matrices to evaluate building performance against design thresholds and various hazard return periods.

Although its flexible structure allows refinement of individual analysis modules as new data or models become available, the
application of the PBEE-based framework depends on the availability and quality of input data. In the hazard module, unlike tradi-
tional assessments that rely on a limited set of representative scenarios, the probabilistic approach benefits from a larger ensemble of
weather data to capture the variability of current and future conditions. While compiling multiple datasets may seem resource-
intensive, it is a one-time effort that significantly enhances result accuracy. The reliability of the building analysis relies on proper
characterization of uncertainties in building characteristics and operational usage, which can be informed by existing research on
sensitivity analysis and uncertainty quantification [e.g. Refs [79,80] Another critical element is the definition of fragility thresholds,
which may vary across countries and climate zones - for example, due to differences in human thermal adaptability in thermal fragility
models. Such thresholds can also be guided by local standards and guidelines for energy-efficient buildings, as illustrated in the case
study application.

Overall, the PBEE-based framework is a versatile tool for designers, planners and insurers, enabling the integration of probabilistic
heat risk into operational and strategic decision-making. At the building level, it can guide design and retrofitting strategies by using
loss-based matrices or direct loss-based design approaches [81] to define holistic interventions and inform technology selection
aligned with specific performance objectives, allowing target loss levels (e.g. energy cost value) to be achieved from the early design
stages. This approach enables designers to evaluate alternatives not only based on initial costs or local code compliance, but also on
expected economic, environmental and social losses. Beyond individual buildings, the framework can support more reliable neigh-
borhood- or district-scale planning, for example by generating heat loss curves for building archetypes providing average probable
losses and associated uncertainty bounds. However, extending the framework's applicability from individual buildings to urban or
regional planning requires careful consideration of transferability. This entails incorporating multiple building typologies, diverse
climatic contexts and validation against additional datasets (e.g., energy consumption records, demographic data) to ensure proba-
bilistic heat risk estimates remain robust across conditions. Such an approach also enables insurers to implement risk-based pricing,
conduct portfolio analysis and integrate heat risk with other hazard models.

The proposed PBEE-based framework provides building-level probabilistic loss estimates, consistent with the catastrophe
modelling interpretation of risk. While it does not directly capture societal vulnerability or governance, these estimates can still
support multi-level decision-making (from individual building retrofits to broader urban planning interventions) enabling more tar-
geted evidence-based risk management. By modelling single-property characteristics, the PBEE framework allows reliable estimation
of asset-level risk, which can subsequently be aggregated to generate large-scale indicators, for example using ‘standard’ buildings or
archetypes. These loss values can be incorporated into resilience assessment frameworks to quantify the response (e.g., number of
deaths, hospitalization) and recovery (e.g., cooling energy cost, downtime) capacity of buildings, translating them into equivalent
resilience scores, such as Resilience Readiness Levels (e.g., Ref. [82]). The framework's outputs can guide policymakers in prioritizing
interventions and allocating adaptation investments based on total expected losses, and designing early warning systems or sensor
placement strategies informed by uncertainty levels. The methodology is also able to integrate social dimensions of vulnerability,
including advanced models in the loss module that consider human thermal adaptability and population sensitivity, alongside
propagating uncertainties in behavioral responses (e.g., occupancy patterns, use of cooling systems, coping strategies). In particular, a
key advantage of the methodology is its alignment with established hazard frameworks, such as seismic, wind and flood. By using a
consistent structure and comparable impact metrics (e.g., cost, carbon emissions, deaths), the framework supports multi-hazard risk
assessments and integration into existing vulnerability frameworks, improving communication of heat-related risks and providing
insights for holistic resilience planning.

4.2. Limitations

The study focuses on developing and demonstrating the methodology, using a single building typology in one city for validation,
and is not intended to produce generalizable conclusions about heat resilience across broader building stocks or regions. Nonetheless,
certain limitations should be considered when interpreting the case study results.

Hazard characterization relies on an IM captured through probabilistic hazard curves based on annual maxima (CDD) and employs
a downscaled EPW morphing approach to incorporate climate change impacts. While this method is commonly used in practice, it may
underestimate heatwave extremes, which in turn affects the absolute magnitude of the estimated losses and, consequently, the policy
relevance of the numerical results. Moreover, the approach captures long-term climate variability and occurrence uncertainty, but
does not explicitly represent individual heatwave episodes or adopt a specific heatwave definition, which can vary in thresholds and
duration across countries and contexts.

In the building energy model, an ideal HVAC system was assumed to meet cooling demand, with electricity consumption directly
proportional to the cooling load, without accounting for real-world system efficiencies or correlations with external temperature.
Ventilation and infiltration were included to quantify their impact on energy costs, but indoor air quality degradation was not
considered as a health outcome, and only mortality rates were modelled. Variations in grid electricity emission factors under different
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climate scenarios were also not explicitly included. While the study propagates uncertainties related to hazard and consequences (e.g.,
costs, emissions, excess deaths), additional sources of uncertainty, such as operational usage, material properties or cooling setpoints,
could also be incorporated.

The study focuses on probabilistic heat risk in terms of health and well-being, using energy efficiency and indoor thermal comfort as
representative performance metrics, while physical heat-related damage to buildings was not assessed. Broader social dimensions,
such as equity and lived exposure, were also not explicitly modelled. In the mortality analysis, the study assumes that health outcomes
occur once the SET value exceeds a predefined unsafe threshold, and excess deaths were computed assuming no adaptive capacity
across different age groups (20-85+). However, multi-factor exposure pathways (e.g., age, pre-existing health conditions, socioeco-
nomic status) should be considered to improve this calculation, and local calibration is essential to ensure that the resulting loss
functions accurately reflect the vulnerabilities of population and building stock.

4.3. Future work

The modular design of the PBEE-based framework allows flexibility for future improvements. The hazard module could be replaced
with higher-resolution or alternative climate projections, including datasets that better capture extreme heat events, which is
particularly relevant for policy-oriented applications. The methodology could also explicitly incorporate heatwave events, for example
by using Heat Wave Intensity-Duration-Frequency probabilistic curves [83] or national heatwave definitions to define exceedance
probabilities, thereby refining heat exposure and vulnerability assessments for specific extreme event scenarios of interest. Future
analyses could further explore defining hazard curves based on different IMs and evaluating their relevance for specific building assets,
consequence quantification or problem contexts.

In building modeling, HVAC simulations could be refined to include the efficiency of cooling systems and climate scenario-
dependent electricity emission factors could be incorporated to improve estimates of carbon impacts. The framework allows the
integration of additional fragility curves, such as those related to heat-induced physical damage (e.g., roof deformations, cracking of
facades), to estimate probable repair costs and combine them with energy costs to derive total economic losses. Indoor air quality
impacts could also be included, translating reductions in ambient emissions into avoided health effects using health damage functions.
This is particularly relevant because building interventions without adequate ventilation may worsen indoor air quality, potentially
leading to adverse health outcomes and costs that offset the expected economic benefits.

This paper considers energy performance and thermal discomfort as representative decision variables to demonstrate the appli-
cation of the framework. However, the framework can also accommodate detailed social-health profiles, population-specific vul-
nerabilities and behavioral responses, which could be used to refine the definition of fragility curves (e.g., threshold levels or different
RM indicator) and the conversion into probable consequences in the loss module (e.g., propagating uncertainty in behavioral re-
sponses, selected consequence metrics). Incorporating broader social aspects and environmental dimensions (such as local heat-island
effects or building-level microclimate conditions impacting hazard definition), the framework can provide a more comprehensive
estimation of final multi-domain risk values.

In addition to further validating the approach at the building level - such as assessing thermal zoning or floor-specific risk - the
methodology could be extended to different building typologies and adapted to local policy requirements, for example to define
context-specific fragility thresholds (e.g. for energy efficiency degradation). Such extensions would enable scaling from individual
buildings to urban or district levels, allowing the derivation of probabilistic loss curves for building archetypes. These curves could
support urban intervention planning and loss-based policy decisions, as well as facilitate integrated multi-risk assessments.

5. Conclusions

This paper presents a probabilistic framework, grounded in Performance-Based Engineering principles, for assessing building
vulnerability and risk under heat stress. The approach is structured into modular analysis components (hazard, building, fragility, loss)
linked through conditional probabilities, such that each stage depends only on the outcome of the preceding one. Monte Carlo sim-
ulations are employed to propagate uncertainties across modules and quantify key decision variables, including monetary losses,
operational carbon emissions and health impacts, through probabilistic loss functions. The framework's step-by-step implementation is
demonstrated through application to a multi-story building, illustrating its ability to integrate climate variability and consequence
uncertainty, and to evaluate their effects on expected losses. The results highlight the framework's potential to support informed
retrofit and design decisions, either by using loss-based design matrices to verify performance against predefined consequence
thresholds or by employing loss curves to estimate holistic annualized losses in terms of energy costs, carbon emissions and heat-
related mortality. By adopting a probabilistic formulation analogous to that used for other hazards, such as earthquakes, the frame-
work facilitates the integration of heat vulnerability into quantitative multi-hazard risk assessment processes.

The proposed approach is demonstrated using a single building typology in one city and is not intended to produce generalizable
conclusions about heat risk. Nonetheless, while limitations related to the modeling assumptions in individual modules should be
considered when interpreting the results, the case study demonstrates the framework's capability to consistently propagate un-
certainties within a unified probabilistic framework. In particular, further development of fragility and vulnerability models that
incorporate local population sensitivities would enhance the assessment, enabling more comprehensive characterization of risk to
support both design and policy applications. Sensitivity analyses could also help identify the most influential parameters affecting
outcomes and should be considered to improve the loss estimate robustness. Future developments will focus on refining the charac-
terization of climate hazards and building performance through the identification of suitable Intensity Measures and Engineering
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Demand Parameters. While this study focused on building-level assessments, the framework could be extended to component-level
analyses (individual rooms or thermal zones) to investigate how system-level performance propagates across the building. In addi-
tion, urban-scale applications could be supported by applying and validating the framework across different building archetypes,
enabling the derivation of archetype-based loss functions to inform resilience planning and holistic loss mitigation strategies.
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