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Abstract
This study reflects on the probability of observing an extreme event of interest within a finite dataset, whether derived from 
observations or model simulations, to inform risk assessment or climate adaptation efforts. To do so, we adopt the concept 
of engineering reliability, which is defined as the probability that a system remains in a satisfactory state, to assess the 
reliability of extreme events inferred from a dataset, whether this is from observations or model simulations. This assess-
ment links the number of available observations or simulations to the low frequency of the event, providing a quantitative 
measure of confidence in our ability to observe or simulate such events over a given time horizon. This approach offers a 
fresh perspective on the interpretation of an extreme event, where the rarity of an event is considered not only in terms of its 
frequency but also relative to the length of the dataset used. Our reflections aim to guide preparedness for future extremes 
and highlight the scientific challenges inherent in their prediction and projection. We emphasize that while large ensembles 
are essential to overcome the limitations of historical observations, they should be used with caution to avoid overconfidence 
arising from underlying modeling assumptions. Finally, we stress that statistical extrapolation, whether it is parametric or 
non-parametric, is unavoidable, as the link between event frequency and the definition of extremes cannot be eliminated.
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1  Introduction

Urban areas remain vulnerable to climate extremes due to a 
combination of more frequent and severe hazards, for exam-
ple, flooding, storms, droughts (IPCC 2023), and greater 
exposure, that is, population growth and infrastructure 
expansion (McPhillips et al. 2018; Raju et al. 2022).

The conflict between climate and human settlements 
is not new. Already in 1976, after the UN Conference on 
Human Settlements (Habitat), the World Meteorological 
Organization (WMO) released a report describing the role 
of houses, for example, in protecting people against adverse 
weather and the use of weather statistics to determine design 
values enhancing security and minimizing human disasters 
(Landsberg 1976).

The traditional use of weather statistics hinges on the 
natural variability of the climate (Salas and Obeysekera 
2014). For this, the occurrence of an extreme event, such 
as a flood event, is treated as a random variable (Beven 
2013) described by a probability distribution function fit-
ted to available observations of the phenomenon of interest. 
In engineering design and risk assessment, buildings and 
critical infrastructure are designed to withstand the expected 
magnitude of one or more extreme weather events, that is, 
the expected magnitude of an event that, if it were to occur, 
might cause the failure of a structure. The magnitude of such 
an event is often extrapolated from the tail of a probability 
distribution function, that is, it has a low probability of being 
exceeded, and often it has not been observed in the past. The 
inferred event is often referred to as a T-year event, expected 
(but not necessarily) to occur, on average, and over a long 
period, once every T-years. For example, a 100-year event, 
or an event with a return period of 100 years, is an event that 
is expected to occur on average once every 100 years or has 
a 0.01 annual probability of being exceeded (see Volpi et al. 
(2015) and references therein).

Recent studies have suggested the use of large ensem-
bles to not only investigate the properties of weather 
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extremes in current and future climate but also to obtain 
the magnitude of extreme events for design and risk assess-
ment purposes (Leander et al. 2005; Gitau et al. 2018; van 
der Wiel et al. 2019; Kelder et al. 2020; Raynaud et al. 
2020; Bevacqua et  al. 2023). Large ensembles consist 
of multiple simulations under the same climate forcing, 
generating diverse physically plausible realizations that 
allow assessment of stochastic internal climate variabil-
ity and provide data beyond climate model simulations 
like CIMP6 (Maher et al. 2021; Lehner and Deser 2023). 
Hence, large ensembles overcome the limited availabil-
ity of observations while providing physically plausible 
weather events (Thompson et  al. 2017). For example, 
Fischer et al. (2023) showed that an ensemble boosting 
approach can generate physically plausible storylines of 
a heatwave hotter than the one observed in the Pacific 
Northwest in late June 2021, which was not predictable 
based on observations only. This approach is still diffi-
cult to use in practice, for example, it is challenging to 
assign a frequency to extreme events of this magnitude. 
However, the use of conditional probability seems prom-
ising when quantifying the return period of such extreme 
events (Bloin-Wibe et al. 2025). Generally speaking, there 
is no accepted blueprint on how large ensembles can be 
used to evaluate current and future climate (Vavrus et al. 
2015), even though effort has been made in identifying the 
most suitable ensemble size for a representative ensem-
ble, which is often purpose-specific (Milinski et al. 2020; 
Tebaldi et al. 2021).

In this study, we want to reflect on the probability of 
observing an extreme event of interest within the available 
dataset, be it derived from observations or model simula-
tions, to help guide climate adaptation actions. Here, we 
use the concept of engineering reliability, that is, the prob-
ability of the system to remain in a satisfactory state (Hashi-
moto et al. 1982), to assess the reliability of extreme events 
inferred from a dataset, regardless of whether this inference 
is done from a parametric or non-parametric distribution, 
by linking the number of observations used and the (low) 
frequency of the event of interest. In doing so, we quantify a 
level of confidence regarding the ability to observe or simu-
late the event of interest (for example, an event with low 
frequency) over the observation or simulation horizon (Read 
and Vogel 2015), leading to a fresh perspective on the mean-
ing of “extreme event.” In this context, the extreme character 
of the event is determined not only by its frequency but also 
in relation to the length of observations/simulations used.

In the remainder of the article, we introduce the concept 
of reliability. We then use it to determine the reliability of 
the event of interest obtained from a dataset (observed or 
simulated). We then reflect on how this different perspec-
tive can prevent overconfidence when using large model 
ensembles.

2 � Reliability of Extremes via Poisson 
Distribution

In engineering, reliability is defined as the probability that 
a system will remain in a satisfactory state over its lifetime 
(Hashimoto et al. 1982). The reliability, RN , of a system, for 
example, infrastructure or water project, over its lifespan 
( N in years), assuming a T-year design event, is written as

where 1∕T  is the yearly probability that an event with the 
same or greater magnitude can occur. Equation 1 is valid 
under the assumption that the loads in each year are inde-
pendent and identically distributed, see Vogel and Castella-
rin (2017) and references therein. In other words, RN quanti-
fies the confidence that the system is safe over its lifespan, 
which is the probability that an event equal or greater than 
the design event will not occur, under the assumption that 
system failure is determined solely by the hazard. However, 
this equation does not indicate whether the infrastructure or 
system would physically fail if an extreme event exceeds the 
design threshold.

Equation 1 can also be interpreted as the probability that 
the T-year event will not be observed over a period of N - 
years. If we take the complement, RO , of the engineering 
reliability, we obtain the probability of observing the event 
of interest at least once.

In other words, RO tells us how confident we are that the T
-year event is included in our dataset of observations/simula-
tions. To relate the T-year (extreme) event of interest to the 
dataset size N , we define the event as a function of N where 
α is the ratio between the return period T in years and dataset 
size N in years ( T = �N).

By taking the limit of Eq. 3 for N → ∞ , we can express 
the reliability of the estimate via a Poisson distribution (Yen 
1970).

The main assumption behind the metric RO is that the 
probability of having observed the event of interest in the 
available dataset is well described by the Poisson distribu-
tion, Eq. 4. The Poisson distribution is the limiting case of 
a Binomial distribution Bin(n, p) for N → ∞ where n = N 
is the number of years of observations/simulations and 

(1)RN =
(

1 −
1

T

)N

(2)RO = 1 −
(

1 −
1

T

)N

(3)RO = 1 −
(

1 −
1

�N

)N

(4)RO ∼ lim
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1 −
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1 −
1

�N

)N
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p = 1∕T  is the frequency of the event of interest (Dekking 
et al. 2005). The advantage of assuming the Poisson dis-
tribution resides in RO being independent of the underly-
ing distribution function used to model the phenomenon of 
interest. However, this approximation does not hold for small 
dataset sizes ( N < 30 ) and large return periods (for example, 
T >> N).

Following RO , if we are interested in a 30-year event 
( T = 30 ) and we have 100 years of data (N = 100), we can 
confidently say that the event of interest was included in 
the observations/simulations available (Fig. 1 green panel). 
On the other hand, if we would like to infer the 500-year 
event (T = 500) from only 50 years of observation or simu-
lations (N = 50), we will have very little confidence of hav-
ing observed/simulated this event in the dataset (Fig. 1 red 
panel). In those cases where the event of interest is very 
similar to the number of observations, it is more difficult 
to say whether the event has been observed or generated 
(Fig. 1 yellow panel). More specifically, when N = T  and 
so � = T∕N = 1 , the probability of observing or simulating 
the event of interest is always equal to 0.63 (Yen 1970). This 
implies that the probability of observing a 30-year event 
(T = 30) over a 30-year period (N = 30) is the same as the 
probability of observing a 1000-year (T = 1000) event over 
a 1000-year period (N = 1000). Moreover, this clearly shows 
that, from the perspective of the reliability of extremes, the 
extreme character of the event of interest should be intended 
in relation to the observations or simulations used to derive 
it and not merely in its absolute terms.

3 � Reflecting on the Reliability of Extremes

From a risk management perspective, past experiences 
strongly influence future actions and policy plans. For 
example, the 1953 storm surge flood in the Netherlands 
serves as an example since it shaped current flood man-
agement practices in the country. However, preparedness 
against future extremes means going beyond historical 
events to prevent future human disasters and high-impact 
events. It is important to accept the fact that the past might 
not be a good guide to the future, especially with the evi-
dence of more frequent and severe extremes. Moreover, 
unexpected events are intrinsic to nonlinear and dynamic 
systems, and/or can be caused by unusual or unexpected 
boundary forcing (Beven 2013). The length of recorded 
observations is on average around 30 to 50 years (with 
some exceptions). This implies that the inference, for 
example, the 100-year event, is often outside the range 
of observations and heavily relies on the selected statis-
tical model. Following the concept of the reliability of 
extremes proposed here, the probability of observing a 
100-year event in 50 years of observations is about 0.40 
and reduces to 0.26 in the case of 30 years of observations. 
In this context, the advances in the use of global climate 
models to simulate physically plausible but previously 
unobserved events are particularly important, as shown 
by Fischer et al. (2023) and Bloin-Wibe et al. (2025) in the 
case of the Pacific Northwest heatwave in late June 2021. 

Fig. 1   Probability of having observed the event of interest via the 
Poisson distribution as a function of the dataset size (observed 
or simulated). More specifically, the figure maps the probability 
of observing the event with a return period T (x-axis) to the ratio 
between the number of observations/simulations available (N) and the 

return period (T) (y-axis). The relationship between T and N assumed 
is T = αN to explicitly link the severity of an event with the length of 
the data used. The background colors range from red, meaning low 
probability of observing the event of interest in the sample available, 
to green, high probability of observing the event
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It is worth noticing that capturing internal variability in 
climate models is more difficult compared to the models’ 
response to external forcings (Milinski et al. 2020; Tebaldi 
et al. 2021). Moreover, the computational demand required 
to produce a large ensemble, as well as the validation of its 
representativeness, make this approach not always viable.

Large ensembles do solve the issue of limited data avail-
ability, assuming that these ensembles are representative 
of the climate and its evolution. At the same time, though, 
ensemble members are generated from climate models that 
have been validated against observations. That is why we 
trust them. Model validation consists of checking that the 
statistical properties of the simulated climate match those 
of the observations, as seen, for example, in the cases of 
Thompson et al. (2017) and van der Wiel et al. (2019). The 
reduction in uncertainty therefore arises from the larger 
number of events available in the model simulations com-
pared to the observational record. This might lead to over-
confidence in the results obtained and does not necessarily 
provide better estimates. Indeed, the concept of reliability 
of extremes for large ensembles becomes even more inter-
esting because the probability of observing/simulating the 
event with a return period equal to the length of the dataset 
is always 0.63 and does not increase with the dataset size. 
For this, extremes should be considered in relation to the 
observations or simulations used to derive them and not in 
their absolute terms.

Moreover, at first glance, the use of large ensembles 
suggests the possibility of avoiding statistical extrapola-
tion. However, this is not the case because the severity of 
an event is expressed in terms of its return period, that is, 
the frequency of being exceeded. A nonparametric option is 
to make use of plotting positions, which, however, implies 
empirical interpolation of the frequency of the events, in this 
case, simulated. However, depending on which approach is 
selected, a different return period (or probability of occur-
rence) is assigned to it, implying a sort of empirical extrapo-
lation (Makkonen 2006). An alternative option is to employ 
order statistics. However, in such a case it has been shown 
that the return period Tr,N associated to the rth order sta-
tistics, where r = 1 represents the largest observations in 
a dataset of length N  is equal to N∕(r − 1) and it is only 
defined for r ≥ 2 (Vogel and Castellarin 2017). This implies 
that the return period of the highest event cannot be obtained 
since it reaches infinity.

The considerations made so far assume that the events 
investigated are stationary. In the presence of nonstationar-
ity, Eq. 4 does not hold any longer because each year the 
probability associated with an event with fixed magnitude 
changes. Generally speaking, inferences are challenging 
because the statistical properties of the event of interest are 
not constant. Some authors suggested ways to determine 
return periods under the nonstationary assumptions, for 

example, Salas and Obeysekera (2014); while others, such as 
Read and Vogel (2015), suggested avoiding the use of return 
periods in favor of the concept of reliability. Read and Vogel 
(2015) proposed to fix a desired level of reliability within the 
horizon of the design project and determine numerically the 
design values. Following this idea, in the context of the reli-
ability of extremes, RO can be obtained similarly, allowing 
the exceedance probability of an event of fixed magnitude 
to vary. Hence, the inferred event will have a reliability level 
attached to it to inform the decision-making process.

4 � Conclusion

The reflection made here is an attempt to guide preparedness 
for future extremes and to shed light on scientific challenges 
associated with the inference of future extreme events. We 
argue that information on the reliability of extreme events, 
which are often perceived as certain estimates, can help 
guide towards the use of large ensembles, or better, towards 
a critical use of the available resources, whether they come 
from observations or model simulations. Large ensembles 
are extremely valuable to compensate for the limited availa-
bility of observations. At the same time, they should be used 
with caution, as they can induce a false sense of confidence 
in our estimates, which may stem primarily from underly-
ing modeling assumptions and biases. Moreover, we argue 
that (parametric or nonparametric) statistical extrapolation 
is unavoidable, as the connection between event frequency 
cannot be eliminated from the definition of extreme event.
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