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Abstract

Robustly quantifying climate extremes is crucial for understanding their occurrence, reliable

impact assessments, and efficient adaptation planning. To allow objective and comparable assess-
ments of various climate extremes across regions, time periods, and datasets, standardized indices
like those from the Expert Team on Climate Change Detection and Indices (ETCCDI) have been
developed. These indices are routinely used for climate impact assessment. However, the occur-
rence of extremes depends not only on the climate state but also on the manifestation of internal
climate variability, which is often not explicitly considered in such impact assessments. Here, we
complement existing work on climate extremes by isolating the effect of internal climate variabil-
ity on the estimation of extremes and raise awareness of potential implications for the community.
We use a 50-member ensemble from the MPI-ESM global climate model to comprehensively map
the effect of internal variability on various climate extremes as captured by the temperature- and
precipitation-based ETCCDI indices in the period 1995-2014. We investigate the extent to which
the assessment of extremes is affected by internal variability and discuss implications for users.
These implications depend on many case-specific priorities, including the indices used, the region
considered, and the focus on expected state versus worst-case scenario or single observed manifes-
tation. To provide practical guidance, we introduce the Variability Atlas, an interactive online inter-

face that allows for the investigation of the effect of internal variability for flexible user-defined

cases and without coding experience.

1. Introduction

Climate extremes, such as heat or heavy precipitation,
have devastating effects on human society and the
environment alike and are expected to increase in fre-
quency and severity due to continuing anthropogenic
climate change. To objectively quantify and moni-
tor their occurrence, standardized indices, like those
from the Expert Team on Climate Change Detection
and Indices (ETCCDI; Alexander et al 2006) have
been established in the last decades. Such indices
provide a widely used benchmark for the analysis
of various climate extremes and inform many use
cases and impact assessments. However, the effect
of internal climate variability on their estimation is
rarely considered in such impact assessments, limit-
ing a comprehensive treatment of uncertainty. Here,
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we use a 50-member ensemble from the state-of-the-
art global climate model MPI-ESM (Olonscheck et al
2023) to quantify the effect of internal variability on
the frequency and severity of various climate extremes
as estimated by the ETCCDI indices and to discuss
implications for users.

Our work is based on the 26 core indices sug-
gested by the ETCCDI and as described, e.g. in Zhang
et al (2011). These indices aim to provide a compre-
hensive quantification of various temperature- and
precipitation-based extremes using daily data. While
the original indices have been developed for use
on point measurements and many studies calculate
them from station data (e.g. Keggenhoff et al 2014,
Menang 2017, Dunn et al 2020), others also apply
them directly to gridded observations (e.g. Rehana
et al 2022, Nazrul et al 2025, Yate and Ren 2025),
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and climate model output (e.g. Sillmann et al 2013,
Squintu et al 2021, Ebedi-Nding et al 2024). The
indices have been used to investigate extremes at dif-
ferent scales from global (Wang et al 2017, Fan et al
2020, Kim et al 2020, Ajjur and Al-Ghamdi 2021,
Ma et al 2025) and continental (Peterson et al 2008,
Squintu et al 2021, Collazo et al 2022), to country
level (Keggenhoff et al 2014, Menang 2017, Xu et al
2019, Rehana et al 2022, Getachew et al 2025, Nazrul
etal 2025) and even for individual counties and catch-
ments (Bohat et al 2025, Pyarali et al 2025, Sa’adi
etal 2025).

For purely observation-based studies, the treat-
ment of internal variability is fundamentally lim-
ited by data availability as (1) only one realization
of past climate exists, (2) high-quality data are typi-
cally available only for the recent past, and (3) many
regions do not provide dense observation networks.
This limitation has been partially overcome by the
use of climate models, though their representation
of internal climate variability varies, depending on
the spatiotemporal scale and climate variable, and
might be biased against observations (Lee et al 2020,
von Trentini et al 2020). Climate model ensembles
can provide simulations spanning many thousands
of years, with constant data quality, global cover-
age, and no missing values due to technical measure-
ment faults. A typical approach in the literature is
to draw on a range of different models provided in
multi-model ensembles such as CMIP6 (Eyring et al
2016), or to use large ensembles of individual models
(e.g. Maher et al 2025).

Yet, while large ensembles are frequently used to
isolate the effect of internal variability and to sam-
ple extremes (e.g. Schaller et al 2018, Lehner et al
2020, Maher et al 2020, Milinski et al 2020, Gessner
et al 2021, Blanusa et al 2023), their application in
the more impact- and application-focused literature
drawing on the ETCCDI indices is very limited (e.g.
Iles et al 2024). Impact-focused studies, rather, draw
on the CMIP6 multi-model ensemble and its pre-
decessors (Seo et al 2014, Xu et al 2019, Fan et al
2020, Kim et al 2020, Lee et al 2020, Squintu et al
2021, Ebedi-Nding et al 2024, Mousavi et al 2024,
Nazrul et al 2025), or bias-corrected and downscaled
climate model output, like from the ISIMIP frame-
work (Hempel et al 2013, Lange 2019). Crucially,
such multi-model ensembles do not allow isolating
the effect of internal variability, which is interwoven
with structural model differences (Lehner et al 2020).
The uncertainty ranges given in many of these studies
are, hence, a combination of model uncertainty and
internal variability.

To address this, we use a 50-member large ensem-
ble from the CMIP6 version of the MPI-ESM model
(Mauritsen et al 2019, Olonscheck et al 2023), to
quantify the effect of internal variability on the
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climatology of the ETCCDI indices. While earlier
work has already pointed to the dominant role inter-
nal variability can play for estimates of change in sev-
eral ETCCDI indices (Tebaldi et al 2021, Blanusa et al
2023), we focus on the average over the historical
20 year period 1995-2014 here. We contrast the mean
and spread across the 50 members for global, gridded
maps, highlighting regions and indices that are par-
ticularly sensitive to internal variability. Using a sin-
gle large ensemble ensures a robust estimation of the
expected climate state and its uncertainty due to the
remaining internal variability even in 20 year aver-
ages (Lehner et al 2020, Tebaldi et al 2021) and, at
the same time, avoids convoluting model uncertainty
and internal variability as detailed in section 3.1. We
discuss selected results in this manuscript and pro-
vide the full set of indices in an easy-to-use web appli-
cation, the Variability Atlas (https://lukasbrunner.
github.io/variability_atlas). With this Atlas, we aim to
raise awareness of the potential implications of inter-
nal variability on estimates of the ETCCDI indices in
the community and to provide guidance to users of
such extreme indices.

2. Data and methods

2.1. The MPI-ESM grand ensemble

To sample the effect of internal variability, we draw
on the Max Planck Institute Earth System Model in
its CMIP6 configuration (MPI-ESM1.2; Mauritsen
et al 2019). We use daily minimum, mean, and
maximum temperature as well as daily precipita-
tion in the historical period 1961-2014 from the 50-
member initial-condition large ensemble detailed in
Olonscheck et al (2023).

We use MPI-ESM from a growing number of large
ensembles (Maher et al 2025) as it provides a large
number of members and can be considered fairly
”middle of the road” in its representation of inter-
nal variability, compared to 15 other large ensembles.
For precipitation, where the representation of vari-
ability is very heterogeneous in general, variability in
MPI-ESM is mostly below average, and our results are
hence rather a lower bound (see figures S2 and S3 in
the supplement).

The use of a rather extensive 50-member ensem-
ble further ensures that we comprehensively capture
internal variability even for climate extremes at a grid-
cell level (Milinski et al 2020, Tebaldi et al 2021).
Using a subset of six extreme indices also used in this
study, Tebaldi et al (2021) conclude that 20 members
are sufficient to ensure accurate sampling of internal
variability (less for temperature-based indices). Yet,
their work does not consider the full set of available
ETCCDI indices and approaches the issue from a
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model center perspective, while we, here, focus on a
user-based view.

2.2. ETCCDI indices

In the main manuscript, we present a subset of the
26 core indices recommended by the ETCCDI, while
the Variability Atlas covers the full set of indices. The
ETCCDI indices are based on daily minimum, mean,
and maximum temperature as well as on daily pre-
cipitation and mostly capture two types of extremes:
block extrema and threshold exceedances Tebaldi et al
(2021), see also. For the latter, an additional separa-
tion can be made into the sub-types of absolute and
relative threshold-based indices, using a single fixed
threshold and a spatially (and in some cases also sea-
sonally) varying threshold, respectively. Fach index
type has specific properties that also determine how
it is affected by internal variability (Sillmann et al
2014), as discussed in the results section. The indices
presented in the manuscript are, hence, selected to
cover both base variables and all three index types and
their specific behavior in connection with internal
variability:

e TXx (°C) — annual maximum of daily maximum
temperature (block maximum)

e TX90p (%) — annual percentage of days where
daily maximum temperature exceeds the local
and daily 90th percentile temperature (relative
threshold)

e WSDI (days) — annual count of days where daily
maximum temperature exceeds the daily 90th per-
centile for at least six consecutive days (relative
threshold)

e SU (days) — annual count of days where daily
maximum temperature exceeds 25 °C (absolute
threshold)

e Rxlday (mm) — annual maximum of daily precip-
itation (block maximum)

e R95p (mm) — annual sum of precipitation where
daily precipitation exceeds the local 95th per-
centile (relative threshold)

e CWD (days) — maximum number of consecutive
wet days (daily precipitation >1 mm) in the entire
period (absolute threshold)

e RI10mm (days) — annual sum of days where daily
precipitation exceeds 10 mm (absolute threshold)

The relative threshold-based indices use the default
30 year base-period of 1961-1990. A full list of all
indices can be found, e.g. in table 1 of Sillmann
et al (2013). To practically calculate the ETCCDI
indices, a range of options exists depending on spe-
cific user needs. These include software packages such
as Climdex (Campalani et al (2025); https://www.
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climdex.org/), xclim ((Bourgault et al 2023); https://
xclim.readthedocs.io/), or ESMValTool ((Weigel et al
2021); https://docs.esmvaltool.org/) as well as the
use of pre-calculated indices from the Climate Data
Store (2022) or the World Data Center for Climate
(Brunner 2025).

Here we calculate the ETCCDI indices using the
climate data operators (CDO) command line tool
(Schulzweida 2023). CDO is a domain-specific lan-
guage specialized for Earth system-related calcula-
tions, and provides very fast processing and easy
input-output operations. This allows efficient and
straightforward processing of 4 variables (daily min-
imum, mean, and maximum temperature as well as
daily precipitation), the 50-member ensemble, and
the 26 ETCCDI indices. A generalized collection of
the corresponding scripts can be found at https://
github.com/lukasbrunner/etccdi_cdo.

2.3. Estimating the contribution of internal
variability

We focus our analysis on the 20 year out-of-base
period 1995-2014 to completely avoid any poten-
tial in-base / out-of-base inhomogeneities (Zhang
et al 2005) and differences in treatment of rela-
tive threshold-based indices and indices that do not
require a base period. The end of the analysis period
matches the end of the historical forcing period of
CMIPé6. For each index and member, the 20 annual
values are averaged to represent a possible climate
state.

Then, mean, standard deviation, and coefficient
of variation (CV) are calculated across the 50 ensem-
ble members for each index. The CV is defined as
the ratio of standard deviation to mean and is, hence,
dimensionless. Here, we provide it in the unit of a
fraction rather than in percent to avoid any confu-
sion with frequency indices, such as TX90p, which
are given in percent. We note that for temperature-
based block extrema we provide the mean and stan-
dard deviation in °C rather than in K as it is the more
intuitive unit, while we exclusively use K as the base
unit for the CV (see section 3.2 for a discussion).

3. Results

3.1. Showcasing the effect of internal variability on
the example of TX90p

We start by showcasing possible effects of inter-
nal variability for the example of TX90p in Europe
(figure 1). As the simplest possible case, figure 1(a)
shows the TX90p frequency from a single realiza-
tion of the MPI model (selected to be the mem-
ber with median area mean frequency for demon-
stration purposes). This case still contains consider-
able (but a priori unknown) internal variability that
is statistically similar to the single manifestation
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(a) Single member (%)

and (h) coefficient of variation (CV).

(b) Members mean (%)
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Figure 1. Effect of internal variability on TX90p for the example of Europe. TX90p from (a) a single member (picked here as the
member with median region mean frequency for demonstration purposes) and the 50-member (b) mean, (c) minimum, and (d)
maximum as well as from the member with (e) lowest and (f) highest region mean frequency. 50-member (g) standard deviation
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of observed climate, notwithstanding model biases
(see supplement figure S1). In contrast to the single
ensemble member case, figure 1(b) shows the mean
TX90p frequency over all 50 members. This can be
considered a robust estimate of the climatological
mean of TX90p where internal variability has been
averaged out (Milinski e al 2020, Tebaldi er al 2021).
Different from the single realization, it is spatially very
homogeneous at about 15%, with slightly higher val-
ues in southern Europe. At the same time, single grid
cells still show higher peaks due to a high ocean frac-
tion modulating the temperature.

In the first case (figure 1(a)), uncertainty from
internal variability is implicitly not considered, as
only a single (arbitrary) realization is used. As
such, this case can be seen as analogous to an

observation-based analysis without explicit consid-
eration of internal variability. The second case, in
contrast, explicitly excludes internal variability uncer-
tainty (figure 1(b)). Yet, internal variability can have
a considerable effect on the estimation of the TX90p
frequency, even in the 20 year mean that we examine
here, with the difference between the member min-
imum (figure 1(c)) and maximum (figure 1(d)) fre-
quency exceeding 10%. This amounts to up to half
of the single-member and mean frequencies, illus-
trating the potential influence that internal variability
can play in shaping climate extreme index occurrence.
Taking the minimum or maximum over 50 mem-
bers at each grid cell serves illustration purposes here,
but breaks spatial consistency and may therefore be
inappropriate for some use cases: no single ensemble

4
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member shows a 20 year mean TX90p frequency pat-
tern for Europe comparable to figures 1(c) and (d) as
neighboring grid cells are not physically independent
from each other in a single ensemble member. Still,
such an approach might still be useful for an investi-
gation of the full range of possibilities in a grid cell-
by-grid cell view.

To address a context where the spatial pattern
is relevant, we also show the two members with
the lowest and highest regional mean frequency in
figures 1(e) and (f), respectively. For the region of
Europe shown here, their differences are smaller but
comparable to the grid cell minimum and maxi-
mum in figures 1(c) and (d). While this approach
is somewhat more targeted and depends strongly on
the region (size), its clear advantage is the preser-
vation of spatial patterns in the estimate of uncer-
tainty. This is particularly relevant in contexts where
multiple regions are analyzed, and physical coherence
between these regions must be considered.

In the rest of the manuscript, we focus on the
standard deviation rather than the minima and max-
ima, as it provides a simple, robust, and well-known
metric to quantify variability. Yet, a range of other
metrics, including the grid-cell and regional max-
ima and minima, is provided in the interactive online
Variability Atlas as discussed in section 4. Figure 1(g)
shows the standard deviation pattern of TX90p in
Europe exemplarily. This view has several desirable
properties as it (1) is very straightforward to calcu-
late, (2) quantifies member differences in the unit of
the index itself, hence making it easily comparable
to the mean, and (3) shows an undistorted pattern,
which highlights regions of low and high effect. Yet,
there are contexts in which there are also several dis-
advantages of this approach as (1) understanding the
relative importance of variability for the index calcu-
lation requires manual comparison to the mean, (2)
the effect of internal variability between indices with
different units is not directly comparable, and (3) for
indices with large regional differences, the value of
the standard deviation is dominated by the member
mean rather than member differences.

Addressing these shortcomings, we also discuss
the CV as a second metric to summarize internal
variability uncertainty attached to ETCCDI indices
(figure 1(h). The CV more directly quantifies the rel-
ative contribution of internal variability, accounting
for regional differences in the climatological mean
and for differences in the index units. For the example
of TX90p, the resulting pattern looks very similar to
the standard deviation, while providing a more direct
comparison to the mean. For other indices, how-
ever, the CV has specific properties, which require
careful interpretation, as we will discuss in the next
section.

L Brunner et al

3.2. The effect of internal variability on selected
temperature-based ETCCDI indices

Overall, the importance of internal variability
strongly depends on the specific extreme index and
region considered. Here, we show a subset of four
temperature-based extreme indices and discuss the
effect of internal variability based on the member
standard deviation (figure 2) and CV (figure 3). Our
aim is to highlight relevant examples, not to provide
an extensive description of internal variability for all
regions and indices. We cover the latter in the inter-
active Variability Atlas that allows visualization of
flexible user-defined cases and is detailed in section 4.

For TXx, standard deviations are mostly below
5 °C (figure 2(a)), which could be considered small
compared to the highest means of over 40 °C
(figure 2(b)). However, from an impact viewpoint,
such rather small values might still be crucial as the
effects of heat can be highly non-linear (e.g. Dunne
et al 2013, Matthews et al 2025). In particular, for
high absolute temperature (potentially in combina-
tion with humidity), an additional degree can have
huge impacts on human well-being. Basing the esti-
mation of the TXx amplitude purely on the member
mean (or, conceptually similar, only a multi-model
mean), hence ignores the roughly 15% and 2.5%
probabilities of exceeding the mean by more than one
or two standard deviations, respectively, just due to
internal variability.

From a climate-system perspective, the variabil-
ity maps, such as the standard deviation map of TXx
presented in figure 2, can also provide a first-order
check on whether regions might be sensitive to pro-
cesses that drive downstream variability in extremes
and hence warrant closer investigation. For the spe-
cific example of TXXx, strong standard deviation sig-
nals emerge in the Northern Hemisphere over the
Great Plains in the US and in a band ranging from
the Mediterranean Sea eastward through central Asia.
These regions of high TXx variability closely coincide
with those highlighted in recent work by Maraun et al
(2025) as exhibiting particularly strong event-specific
soil moisture-temperature coupling (measured as the
correlation of latent heat flux and temperature on the
days of TXx occurrence). The complex interplay of
soil moisture availability (which, among other things,
depends on the exact timing of TXx as soil moisture
typically depletes during a heatwave) and coupling
strength (which, in turn, depends on the climatologi-
cal soil moisture state) might provide an explanation
for the high variability values in these regions. While
a more detailed analysis of this phenomenon is out-
side the scope of our work here, it still serves as a tan-
gible example of the type of analysis that might be
prompted and/or supported by the information the
Variability Atlas can provide.
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(a) TXx mean (°C)

Figure 2. 50-member (left) mean and (right) standard deviation for four selected temperature-based ETCCDI indices: (a), (b)
TXx, (c), (d) TX90p, (e), (f) WSDI, and (g), (h) SU. Indices with different units are indicated by different colormaps.
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For the percentile-based TX90p index, the poten-
tial contribution of internal variability is about 3%-—
5% across the globe (figure 2(d)), which is consid-
erable compared to the mean frequency of about
15%-20% (figure 2(c)). For the WSDI, which is a
more complex metric derived from TX90p, the effect
of internal variability becomes even more impor-
tant with member standard deviations of up to 12 d
(figure 2(f)). TX90p hotspot regions such as South
America, parts of South Africa, and South-East Asia,
but also parts of Louisiana in the US, are further
amplified for the WSDI (figures 2(d) and (f)). While
the mean WSDI values also tend to be higher than
elsewhere for these hotspot regions, there is no one-
to-one correspondence between mean and standard
deviation, leading to regionally very high CVs for the
WSDI (figure 3(c)).

The summer day index (SU), finally, has quite
a different behavior compared to the other three

indices, as shown in figure 2. This is due to its prop-
erty as a fixed threshold-based index: at high lat-
itudes in both hemispheres, the threshold is never
crossed, leading to zero summer days in both mean
(figure 2(g)) and standard deviation (figure 2(h)).
Similarly, there are no summer days at high eleva-
tions, such as in the Himalayas or the Andes. At low
latitudes, in turn, all days of the year exceed 25 °C,
also leading to low variability.

To also provide the effect of the standard devi-
ation relative to the mean severity or frequency of
extremes, we show the CV in figure 3. While this
might be considered a more comprehensive metric
than the standard deviation, we warn against using
it as a measure for internal variability in isolation in
several cases, as detailed in the following.

For severity-based temperature indices such as
TXx (i.e. indices based on the total amplitude of tem-
perature), the issue of units arises: if the index is used
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Figure 3. 50-member coefficient of variation (CV) for four selected temperature-based ETCCDI indices: (a) TXx, (b) TX90p,
(c) WSDI, and (d) SU. Regions where the standard deviation accounts for more than half of the mean value are highlighted in
red and blue. Note that for TXx the CV value is multiplied by 100 to be of the same order of magnitude as the other indices (see

discussion in the text for details).

in units of °C (which is often more intuitive for com-
munication and corresponds to many of the impact
thresholds), the arbitrary zero-point of the Celsius
scale leads to largely inflated CV values for regions
with mean temperatures close to 0 °C. To circumvent
this problem, we, here, converted TXx from °C to K
before calculating the CV in figure 3(a). However, this
leads to very small CV values as the standard devi-
ation is in the order of magnitude of 1K while the
mean is of magnitude 100 K. As a result, the Celsius-
as well as the Kelvin-based CV for severity-based tem-
perature indices hide some of the potential impact
of internal variability, and we show it here to raise
awareness of this fact.

For fixed threshold indices such as the summer
days, the CV strongly highlights transition regions
(figure 3(d)), where the mean is close to zero
(figure 2(g)) but internal variability can still lead to
some occurrences (figure 2(h)). In Scandinavia and
Alaska, for example, this combination leads to CV val-
ues exceeding 1, indicating that the standard devia-
tion is higher than the mean, yet in absolute terms,
both are well below 1 d per year. In such cases, the
use of standard deviation or CV as a metric to pro-
vide the most informative assessment of internal vari-
ability strongly depends on the application. For cases
where the physical extreme threshold is directly con-
nected to physiological or economic impacts, the CV
might be more appropriate as it highlights the risk
for extreme occurrence, even in a climate where we
would not expect it based purely on the mean. An

example of such a case might be the potentially detri-
mental impact of even a single frost day (FD; min-
imum temperature below 0 °C) on apple tree blos-
som (Unterberger et al 2018). For other cases, such as
the summer days shown in figures 2(g), (h) and 3(d),
the threshold is less directly connected to impacts and
small fluctuations around a near-zero mean might
be less important, making the standard deviation the
preferable variability metric.

Finally, for TX90p and the WSDI, the two
percentile-based indices (figures 3(b) and (c)), the
CV is well-defined and reveals relative contributions
of internal variability of about 10%—20% and 20%-—
40%, respectively. The effect of variability on the
WSDI is highest at low latitudes, with hotspot regions
exceeding CV values of 0.5.

3.3. The effect of internal variability on selected
precipitation-based ETCCDI indices

For precipitation-based indices, the amplitude of the
standard deviation relatively closely follows the cli-
matology for all three index types: block maxima
and relative and absolute threshold-based indices
(figure 4). This leads to rather uniform CV values
globally (figure 5), except for desert regions, where
the low climatological mean precipitation can lead to
very high values exceeding 1.

For the two indices capturing precipitation sever-
ity (in mm), Rxlday and R95p, the standard devi-
ations show substantial spatial variations, driven
by regional topographical features such as the
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Figure 4. 50-member (left) mean and (right) standard deviation for four selected precipitation-based ETCCDI indices: (a), (b)
Rxlday, (c), (d) R95p, (e), (f) CWD, and (g), (h) RI0mm. Indices with different units are indicated by different colormaps.

Himalayan mountain range, which leads to high
internal variability as well as high climatological val-
ues (figures 4(a)—(d)). The Variability Atlas allows
the user to zoom into their regions of interest, reveal-
ing more tangible examples of the effect of internal
variability on precipitation extremes. For instance,
the R95p shows a standard deviation of 20 mm over
Germany, equal to a CV of 0.1 (figure 6(a)) and sub-
stantial differences between the wettest and driest
member (figure 6(b)), illustrating the notable contri-
bution of climate variability for this case.

Both absolute threshold indices (CWD, R10mm)
are, in turn, dominated by latitudinal differences,
with the highest values in standard deviation and
mean being found in the tropics. The CWD index,
in particular, measures whether sequences of days
consistently cross the threshold and is, therefore,
quite sensitive to individual days dropping below the
threshold and interrupting an otherwise connected
wet-spell. This, in turn, makes it somewhat sensitive
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to model resolution, as coarser-resolved models (like
the MPI-ESM used here) tend to have a higher ‘drizzle
bias’ that leads to lower but more persistent precipita-
tion (Trenberth and Zhang 2018). In contrast, recent
work has shown that novel km-scale global mod-
els, in particular those allowing explicit convection,
have a considerably lower precipitation persistence,
more in line with observations (Spit et al 2024, Wille
et al 2025, Takasuka et al 2026). For large regions of
the low latitudes, (Brunner et al 2025) have shown
vast differences in CWD between explicit and param-
eterized convection schemes, hinting at the limita-
tion of the model used here and coarser CMIP6-like
models in general. At the same time, the imprint of
large-scale topographical features such as the Andes
on CWD duration is consistent between coarse and
km-scale models and across convection treatments,
so that the Variability Atlas can still be informative
for the investigation of internal variability of precipi-
tation depending on the case.
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Figure 5. 50-member coefficient of variation (CV) for four selected precipitation-based ETCCDI indices: (a) Rx1day, (b) R95p,
(c) CWD, and (d) R10mm. Regions where the standard deviation accounts for more than a quarter of the mean value are high-

Variability Atlas for ETCCDI climate extreme indices

For more information, see Data and Methods in the side bar.
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from core.io functions import load data
from core.core functions import mask domain, cut region, get representative member
from core.mapplot_functions import plot map base

da = load data('r95p')
da = cut region(da, lon bounds=(-15, 30, lat bounds=[40, 70])
da = mask_domain(da, mask='ocean')

tmp = get_representative_member(da, select_by='max') # member with highest regional mean
plot_map base(tmp, levels=range(75, 301, 15));

RO5p (mm)

twp = get_representative member(da, select by='min') # member with Lowest regional mean
plot_map base(tmp, levels=range(75, 301, 15});

RI5p (mm)

(b)

Figure 6. Example usage of the interactive tools provided to analyze the effect of internal variability by the Variability Atlas
(https://lukasbrunner.github.io/variability_atlas/). (a) Shiny app and (b) example script as Jupyter notebook.

4. Introducing the interactive variability
atlas

In the previous sections, we provided an overview of
the effect of internal variability on selected ETCCDI
indices for an example region and on a global scale.
Yet, to estimate the importance of internal variability
for a given case, a multitude of case-specific choices
need to be considered, including the region and

indices, as well as the potential emphasis on rather
central estimates versus outliers, and whether spatial
consistency is important. Itis, therefore, impossible to
provide the best possible information for all of these
cases based on static plots.

To address this issue, we provide a layered
Variability  Atlas  (https://lukasbrunner.github.io/
variability_atlas) with increasing complexity in each
layer to account for different user needs and levels
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of expertise. The first, most accessible, high-level
overview is provided by a fully browser-based app
with a graphical user interface. As shown in the
screenshot in figure 6(a), variables and metrics can
be selected via simple drop-down menus, and rect-
angular regions can be specified. As the resulting
calculations are fairly simple, they can be done on
the fly in the background, and the resulting visual-
izations can be inspected online or downloaded for
further comparison.

This approach is necessarily limited to fairly sim-
ple cases, as restrictions apply due to the complex-
ity of the interface and the available computing time.
Therefore, the second option is to clone the git repos-
itory containing the high-level Python scripts used
for the analysis in this study from https://github.com/
lukasbrunner/etcedi_internal_variability. This repos-
itory also contains all pre-calculated 20 year mean
ETCCDI indices in the period 1995-2014, allowing
easy data handling while also enabling the full flexi-
bility provided by a general-purpose language. Simple
Python functions and Jupyter notebook examples
are provided, allowing users to easily cut regions,
mask ocean grid cells, and calculate member statis-
tics, including selecting individual members repre-
senting extreme realizations of variability in a region,
as shown in figures 1(e) and (f).

Finally, the full extreme index time-series 1850—
2014 is also provided to users who might require spe-
cific time periods or seasonal results and can han-
dle larger datasets: https://doi.org/10.26050/WDCC/
ETCCDI-MPIGE (Brunner et al 2026b).

As a tangible example, bringing all pieces
together, consider TX90p over Europe (figures 1
and S1). A practitioner interested in extreme heat
in the Mediterranean might use observations (e.g.
from ERAS; figure S1(a)) to assess recent changes
and plan adaptation measures. Doing so would pro-
vide no information on the uncertainty stemming
from internal climate variability in the extreme heat
estimates based on which adaptation measures might
be planned. Further, the single realization of obser-
vations might fail to capture plausible extreme cases,
which could be of particular importance for decision-
makers. A quick check of the Variability Atlas app
might convince them that internal variability can
play an important role for such analyses, particularly
in the Mediterranean (compared to other regions in
Europe). To follow up on the initial results provided
by the app, they could analyze the entire ensemble
or individual members depending on their specific
use case by cloning the Git repository. Still, the 1995—
2014 period we used for our pre-calculated clima-
tologies might not quite fit their needs, so, in a final
step, they could download the full time series and
adjust it to match their case exactly for a detailed
assessment.
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5. Discussion and conclusions

We have quantified the effect of internal variability on
the estimation of various climate extreme indices rec-
ommended by the ETCCDI with the aim of inform-
ing impact studies and users about internal vari-
ability uncertainty attached to those indices. Our
main analysis focused on global patterns of mean,
standard deviation, and CV across a 50-member
large ensemble from a state-of-the-art coupled cli-
mate model. In addition, we also provide an inter-
active online Variability Atlas that allows users to
estimate a range of internal variability measures on
a case-by-case basis (https://lukasbrunner.github.io/
variability_atlas).

As we show in detail in figure 1, this focus on
the application is crucial as the specific user con-
text helps to set priorities for the investigation of the
variability contribution: For a simple documentation
of the status quo based on historical observations,
using the single manifestation of observed climate
(see figure S1; equivalent to the single model run in
figure 1(a) might be sufficient. Similarly, for a user
only interested in the expected value from a climate
perspective, the mean over a large ensemble (as in
figure 1(b) or, equivalently, a multi-model ensemble,
is adequate. Yet, in the face of the substantial rela-
tive contributions of internal variability to different
ETCCDI indices showcased in this paper, we argue
that even for such cases, it is important to clearly
acknowledge the potential contribution of internal
variability and to discuss its implications.

For applications where covering a possible ‘worst
case’ due to specific realizations of internal variability
is important, considering the full range (figures 1(c)
and (d)) could be appropriate. Still, while the
minimum-maximum differences across 50 members
allow to assess the full range of possibilities, it is
also sensitive to outliers. Therefore, more robust esti-
mates of variability may be preferable in most cases.
In our manuscript we base our estimate on the mem-
ber standard deviation (e.g. figures 1(g) and (h)), but
other options might be the likely (66%) or very likely
(90%) ranges as defined by the Intergovernmental
Panel on Climate Change (IPCC), which are possible
metrics in the expert version of the Variability Atlas
provided as part of this study as detailed in section 4
(Brunner et al 2026a) .

The toolbox provided by the Variability Atlas,
hence, allows for investigating variability effects on
the ETCCDI indices for specific, user-defined cases.
These cases could include, for example, a simple
quantification of uncertainty in the estimation of cli-
mate extreme indices attributable to internal climate
variability. Other applications could include inves-
tigating the effect of internal variability for evaluat-
ing the representation of extremes in models against
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observations, as e.g. streamlined in the ESMValTool
(Weigel et al 2021), or building spatially consistent
regional extreme storylines based on selected individ-
ual members (see figures 1(e) and (f)).

At the same time, it is important to keep in
mind that our model-based approach can only esti-
mate real-world variability to the degree it is well-
represented in the MPI-ESM model we use. To build
confidence in our results based on MPI-ESM, we
compare them to 15 other large ensembles in the
supplement, finding that, at least in model space, its
representation of variability is quite reasonable. The
high TXx standard deviations in the Great Plains and
across parts of Asia discussed above, for example,
are reproduced by the ACCESS and GFDL ensem-
bles and, to some degree, also by CESM1, E3SM,
EC-Earth3, and MIROCS, lending confidence for
temperature-based results. For precipitation, (model)
uncertainty in general is higher, and MPI-ESM falls
on the low end of variability compared to the other
models, in particular in the tropics. Information from
the Variability Atlas should, hence, be treated (1) as
a first guess, with case-specific analysis and interpre-
tation required for a reliable and holistic assessment
and (2) as a lower bound, since higher-resolution
datasets generally show greater variability as dis-
cussed in Brunner et al (2025). Due to its global
scope, the Variability Atlas allows targeted analysis
across different scales from global to regional, while
the investigation of local details is limited by the
rather coarse model resolution of about 150 km. At
such scales, processes like deep convection cannot
be resolved and, hence, are represented by statisti-
cal parameterizations, which introduce biases into the
model (e.g. Trenberth and Zhang 2018, Spit et al
2024; section 3.3). Similarly, the resolution also limits
the representation of topographical features such as
mountain ranges and coastlines both within the mod-
els and in the output fields (Iles et al 2020, Poschlod
and Koh 2024, Brunner et al 2025).

The Variability Atlas is, hence, well-suited for
comparing variability across different extreme indices
or regions and for providing a first estimate of
internal variability while being mindful of these
caveats. It highlights the effect of internal climate
variability on extreme occurrence as estimated by
a range of temperature- and precipitation-based
indices, which is not considered in many stud-
ies, through a unique user lens. Depending on
the extreme index and region, internal variabil-
ity can account for a considerable part of the
severity, frequency, or duration of extreme indices
with implications for impact-relevant threshold
exceedances and their interpretation for derived cli-
mate risk assessments and planning of adaptation
measures.
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